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Abstract—A method is proposed for the detection of statistical tables that use metafiles as input data; the lat
ter fact allows one to apply this method to documents of different formats. In this method, the table detection
process is viewed as a bottomup segmentation of a document page, i.e., segmentation from simple elements
of a page to more complicated ones. The experimental evaluation of the method shows that it is efficient as
applied to a wide class of statistical tables.
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INTRODUCTION
When solving many scientific and practical prob
lems, one has to extract data from tables that are con
tained in various documents. Currently, many meth
ods and systems for extracting tables from documents
are developed that allow one to automate this process.
The surveys of papers on table extraction and process
ing that have appeared in recent years [1–4] show a
growing interest in this problem. The first step in table
extraction is the detection of tables in documents, i.e.,
a search, on document pages, for areas that are the
images of tables.
The available table detection methods use, as a
rule, bitmap images or ASCII texts as input data. At
the same time, it is interesting to apply a certain
exchange format such as PostScript [5], PDF [6], or
EMF [7] for presenting input data in table detection
methods. These formats are more informative com
pared with bitmap images and ASCII texts because, in
addition to texts and graphics, they contain font met
rics of the output text as well as information on the
print order of this text. This helpful information can be
used for more efficient and accurate table detection.
In [8], the authors suggest extracting tables from PDF
files and argue that they are not aware of other meth
ods for extracting tables from PDF files.
In the present paper, we propose a heuristic table
detection method that is oriented to EMF metafiles.
Unlike other exchange formats, EMF can be inter
preted by GDI API [7] (a part of Windows API). This
fact makes the processing of EMF a sufficiently simple
and feasible procedure. In this case, documents of dif
ferent formats, for example, DOC, XLS, PDF, ASCII
text, and HTML can be printed into EMF metafiles. It
is assumed that the tables in the documents printed
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into metafiles are not bitmap inclusions. Note that we
are not aware of the existence of table extraction sys
tems and methods oriented to metafiles.
1. SPECIFIC FEATURES
OF STATISTICAL TABLES
The complexity of table detection is largely attrib
uted to the great diversity of possible ways of table rep
resentation. Many of the existing table detection
methods are oriented to various features of tables that
are usually determined by the standards and conven
tions adopted in a certain domain. The method pro
posed in the present paper is oriented to the features of
the socalled statistical tables. These tables are used in
the state statistical reports of Russia, the United
States, the European Union, China, and Japan, as
well as in financial reports of various companies. Fig
ure 1 shows an example of a statistical table with the
description of its basic elements.
An ordinary statistical table has a head, a stub, a
body, and may have overcuttings (cutins) inside the
body. The headers of the columns of such a table may
form a hierarchy, the spanning headers always being
over the corresponding nested headers. Moreover,
such a table may have a full, partial, or no ruling. The
ruling of a table may be formed either by graphic prim
itives (lines, boxes) or by the characters of pseudo
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Fig. 1. Example of a statistical table.

Fig. 2. Example of a text element.

graphics and some other characters; in the latter case,
we will say that a table has a text ruling.

3. TABLE DETECTION
ON A DOCUMENT PAGE

2. DATA OBTAINING FROM METAFILES
To print documents into metafiles, one can use a vir
tual EMF printer. Each metafile obtained by printing a
document corresponds to one page of the document. In
metafiles, text output instructions correspond to
records of the types EMR_EXTTEXTOUTW and
EMR_SMALLTEXTOUT [7]. Rule output instruc
tions often correspond to records of the type
EMR_BITBLT [7]. Using the context of a given meta
file, the data of these records are interpreted according
to the coordinate spaces and the mapping modes of
the metafile: one determines the positions of the text
output, intercharacter spaces, and some font metrics.
In this case, the records corresponding to the instruc
tions that print a text outside a page area or print a text
in the same color as the background color of the area
that bounds this text are ignored.
Using the metafile processing technique described,
for each record one can obtain one or several struc
tures, called text elements, which determine individ
ual sequences of nonblank characters of this text. Fig
ure 2 shows an example of a text element.
Each text element contains three sets: (1) charac
ters, (2) intercharacter spaces, and (3) font metrics
(external and internal leadings, ascent and descent,
font pitch, and width of space character), as well as a
bounding box. In addition, as a result of metafile pro
cessing, one obtains rules (ruling lines) from the
records corresponding to graphic output instructions.
The data obtained are subject to preprocessing; as a
result, a text ruling is eliminated from the text and is
combined with the remaining ruling. Moreover, words
are recovered (by a word is meant a sequence of con
secutive nonblank characters) because different parts
of the same word may correspond to different text ele
ments, and, conversely, several words may occur in the
same text element. After preprocessing, most text ele
ments correspond to individual complete words.

In [9], the authors suggest a table detection method
oriented to bitmap images that employs structures
similar to the text elements considered in the present
paper. These structures, called connected compo
nents, correspond to individual words and, just like
text elements, have bounding boxes. The authors of [9]
suggest that connected components should be com
bined into structures, called word blobs, provided that
these components are situated in the same line of a text
and the spacing between these components does not
exceed a certain threshold. As a result, a text line will
most likely contain a single word blob structure, while
a row of a table will most likely contain a few such
structures. This assumption is used in order to identify
rows of a table and to distinguish them from the text
lines.
This idea underlies the method proposed here.
Note that, in the method of [9], the detection process
uses too simplified assumptions on the arrangement of
several tables on a page; for example, it is assumed that
there should be empty lines or text lines between the
tables; otherwise the detection will be inaccurate.
In the method proposed here, we construct the
table detection process as a bottomup segmentation
of a page: from simpler elements of the page to more
complicated ones. First of all, closely spaced text ele
ments that are not separated by rules are grouped into
larger structures, called text blocks, which are a certain
analog of the word blob structures in the method of [9].
Figure 3 illustrates the formation of text blocks from
text elements on a page.
Further, text blocks are grouped into lines so that
the text blocks belonging to the same line are in the
transitive closure of the relation “the intersection of
the projections of two text blocks is nonempty.” Thus,
the bounding boxes of the lines do not intersect.
Then, a white space (i.e., an area free of text
blocks) inside a bounding box of each line is seg
mented; in this process, vertical gaps between text
blocks are distinguished among the segments, for
example, as is shown in Fig. 4. Moreover, the algo
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exceed a predetermined threshold, and (c) the lower
boundary of any vertical gap between the lines must
coincide with the lower boundary of its bounding box.
Figure 5 illustrates how the lines satisfying the condi
tions listed above are marked out on a page.

(c)

Fig. 3. Example illustrating the formation of text blocks;
(a) original page, (b) bounding boxes of text elements, and
(c) bounding boxes of text blocks.

Fig. 4. Example illustrating the segmentation of the row
space; dashed boxes are vertical gaps.
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rithm tries to reconstruct empty lines using the font
metrics of the text elements.
Then, structures called tabular regions are formed.
Each tabular region includes a sequence of consecu
tive text lines. A line belonging to a tabular region must
satisfy the following conditions: (a) it must contain at
least two text blocks, (b) the width of the white space
of the line with respect to its total width must not
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When searching for sequences of lines that consti
tute tabular regions, the lines of a page are passed top
down. As soon as such a sequence is detected, its lines
are removed from further searching; thus, the tabular
regions obtained do not have common lines. Then, for
each tabular region, a set of its own vertical gaps is
formed from the vertical gaps of its lines.
The tabular regions obtained may be either tables
or parts of tables; they also may be a text with tabular
layout. Tabular regions that constitute the same table
correlate with each other with respect to the positions
of the projections of their vertical gaps onto the axis X,
as, for example, the tabular regions shown in Fig. 7.

(c)

Fig. 5. Example illustrating the marking of tabular regions
on a page; (a) original page, (b) lines that are not rows of
tabular regions, and (c) rows of tabular regions.
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In addition, any two lines from the same tabular
region must jointly satisfy the condition under which
each vertical gap from the upper line should corre
spond to at least one vertical gap from the lower line,
such that the upper boundary of this gap coincides
with the upper boundary of the lower line, while the
intersection of the projections of these two vertical
gaps onto the axis X exceeds a predetermined thresh
old. Figure 6 shows a fragment of the page with lines
belonging to the same tabular region.
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This feature is used in the method proposed for
combining tabular regions into tables and determining
the table boundaries. Here the width of the white space
of any line situated between the text regions of the
same table should not exceed a predetermined thresh
old. Moreover, the number of consecutive empty lines
that may be situated between the tabular regions of the
same table is also bounded by a predetermined value.
Figure 8 illustrates the results of detecting tables by our
method.
In some rare cases, the boundaries of several tables
detected by the method described may intersect (i.e.,
the tables may have common rows). Note that a suffi
ciently efficient automatic separation of common
rows between intersecting tables requires the analysis
and interpretation of the text contents of these tables.
In the method proposed here, we assume that the
boundaries of intersecting tables must be determined
by a user.
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Fig. 6. Example of rows that belong to the same tabular region; the rows are framed by rectangles; vertical gaps of the rows are
crosshatched.
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Fig. 7. Example illustrating the arrangement of tabular regions on a page; tabular regions are framed by rectangles; vertical gaps
in tabular regions are crosshatched.

4. EXPERIMENTAL EVALUATION
The experimental evaluation of the method was
carried out according to the criteria proposed in [10].
A table is assumed to be correctly detected if at least its
body is correctly detected; i.e., each row in the body of
the table is identified as a part of this table, while each
row that does not belong to this table is not errone
ously identified as a row of its body. We used two crite
ria to evaluate the efficiency of the detection method:
precision, which is the percentage ratio of the number
of correctly detected tables to the total number of
detected tables, and recall, which is the percentage
ratio of the number of correctly detected tables to the
total number of available tables.
As experimental data, we used the state statistical
reports of Russia (“Regions of Russia: Socioeconomic
Indices 2002”; “Agriculture of the Irkutsk Region in
1993–1998,” etc.), the United States (“Tobacco:
World Markets and Trade 2005,” etc.), the European
Union (“Eurostat Yearbook 2006–2007”), Japan
(“Statistical Handbook of Japan 2007”), as well as the
financial reports of various companies (“Boeing Co.,
Annual Report 2006”; “OJSC Aeroflot–Russian Air
lines, Consolidated Financial Statements for the Year
Ended December 31, 2006”; “OAO AK Transneft’,
Consolidated Financial Statements for the Year
(a)

(b)

(c)

Ended December 31, 2006”; etc.). These documents
were represented in PDF, DOC, XLS, and HTML for
mats.
Altogether, we processed 345 pages, which con
tained 440 tables. These pages also contained texts in
tabular form and figures with text captions. The table
shows the measured precision and recall for each for
mat.
The experimental evaluation shows that this
method can be applied to detecting statistical tables in
documents in different formats. Note that the preci
sion of the method can be improved by carrying out
table segmentation (partition of a table into individual
cells) and a functional analysis of the tables (i.e., the
determination of the role of cells in a table).
CONCLUSIONS
Statistical tables have essential similarity in the
arrangement of their components. This similarity has
allowed us to make some assumptions on these tables
and formulate the heuristics used by the table detec
tion method proposed. The use of metafiles as data
sources allows one to apply this method to documents
represented in different formats (for example, PDF,
DOC, XLS, HTML, etc.).
Based on the method proposed, we developed a
system for table extraction from documents of differ
ent formats that detects and segments tables in docu
ments represented as metafiles. The method can be
used for constructing a table extraction system aimed
at automatic transformation of tables from documents
into a relational view.
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