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Abstract

As the rapid growth of PDF document in digital li-
braries, recognizing the document structure and detecting
specific document components are useful for document stor-
age, classification and retrieval. Tables, as a specific doc-
ument component, are ubiquitous everywhere. Accurately
detecting the table boundary plays a crucial role for the
later table structure decomposition and table data collec-
tion. In this paper, we propose an easy but effective table
boundary detection method. Our method has two unique
advantages comparing with other works in this field: 1) Be-
cause most tables are text-based, we claim that the text ob-
ject of PDF itself is good enough for table detection. In ad-
dition, we believe that the font information is not so reliable
as other works stated. 2) Based on the nature of the table
cells, we notice thesparse-lineproperty of table rows. By
filtering out the non-sparse lines initially, the table bound-
ary detection problem can be simplified into the sparse line
analysis problem easily. The experimental results not only
confirm the importance of the coordinate information, but
also demonstrate the effectiveness of sparse lines in the ta-
ble boundary detection. Combining with other keywords,
our method is even applicable to detect other document
components (e.g., mathematical formula or the references).

1 Introduction

Portable document format PDF is a widely used docu-
ment format in digital libraries because it can preserve the
appearance of the original document. Although a good
number of research has been done to discover the docu-
ment layout by converting the PDFs to other types of files
(e.g., image, html, text) in the past two decades, automat-
ically identifying the document logical structures informa-
tion (e.g., words, text lines, paragraphs, etc) and extract-

ing the document components (e.g., figures, tables, math-
ematical formulas, etc) as well as the content [2] are still
a challenging problem. The main reasons includes: 1) the
structural information is not explicitly marked up because
of the untagged nature of PDF format; 2) the text sequences
are often messily generated by the existing text extraction
tools; 3) some new noises are incurred by some necessary
tools (e.g., OCR), if converting the PDFs into other media
(e.g., image).

Table, as a specific document component, is ubiquitous
everywhere. For the further table content analysis, locat-
ing the boundary of a table in a document is the first and
a crucial step (e.g., the table data extraction and the table
search). By observing diverse tables, we notice that all the
table boundaries share an important feature: almost all the
lines belonging to the table areas are sparse in the perspec-
tive of the text density. In this paper, we propose a novel
but effective method to quickly locate the boundary of a ta-
ble in a document by taking advantage of this property. In
comparison with other existing approaches that take much
effort to study most of the document information, our ap-
proach solely uses the text objects in PDF instead of an-
alyzing all the objects as other researchers advocated. In
stead of considering other text style information, we only
adopt the coordinate information in the text object to detect
the table boundaries by analyzing the labeled sparse lines.
This method is also applicable to the boundary detection of
other document components that share the same sparse-line
property, such as the formula and the reference.

Our approach has the following advantages: 1) We only
need to check the text objects without having to worry about
the object segmentation performance in PDF documents; 2)
Text is easy to obtained, with many text extractor tools (e.g.,
Xpdf1, PDF2Text2, PDFBOX3, The PDFlib Text Extraction

1http://www.foolabs.com/xpdf
2http://www.pdf2text.com/
3http://www.pdfbox.org/



Toolkit (TET)4, PDFTextStream5, etc); 3) We can easily
get rid of the non-sparse lines from a PDF document page,
which saves much effort for the further works; Moreover,
the non-sparse lines usually incur errors at the document
resorting work and the later table structure decomposition
phase; 4) Because almost all the table body lines are cov-
ered by the sparse lines, we can easily get more details about
the tables by zooming in the sparse lines. Keywords can
be adopted to facilitate the identification of the table start-
ing and ending places;5) This method is applicable to other
document components, such as the mathematical formula
and reference; 6)The performance is competitive compar-
ing with the works considering all the objects in PDF docu-
ments and other factors such as the font size;

The rest of the paper is organized as follows. Section
2 is the related work. Section 2 introduces the sparse-line
property of the table lines based on the observations. Sec-
tion 3 explains why the text object listed by the PDF docu-
ment content stream and the coordinate information provide
enough information for the table boundary detection. Sec-
tion 4 elaborates the identification of the sparse lines. Sec-
tion 5 demonstrates the experimental results. Section 6 is
the related work. Conclusion and future work are included
in section 7.

2 The Sparse-Line Property of Tables

Tables present structural data and relational information
in a two-dimensional format and in a condensed fashion.
Scientific researchers always use tables to concisely display
their latest experimental results or statistical data. Other
researchers can quickly obtain valuable insights by exam-
ining and citing tables. Tables have become an important
information source for information retrieval. The demand
for locating such information (table search) is increasing.
To successfully get the table data from a PDF document,
detecting the boundary of the table is a crucial phase.

Based on the observation, we notice that different lines in
the same PDF document page have different internal space
sizes, text densities, and the lengths. A document page con-
tains at least one column and many journal/conference tem-
plates has two (e.g., ACM and IEEE template), or three even
four columns. In a document, some lines have the simi-
lar lengths as the width of the document column, some are
much longer (e.g., cross multiple document columns) and
others are much shorter (e.g., the heading “1. Introduction”
in our paper). From the internal space perspective, majority
of the lines contains normal size of the space between two
adjacent words but some lines have large spaces.

We define a line as asparseline if it satisfies at least one
of the following conditions:

4http://www.pdflib.com/products/tet/
5http://snowtide.com/PDFTextStream

• This line contains at least one large space gap between
a pair of two consecutive words;

• The length of this line is much shorter than the width
of the document column;

Non-sparselines refers to the lines that satisfy neither
condition. Non-sparselines usually cover the following
document components: the document title, the abstract, the
body content paragraphs, etc.Sparselines cover some other
specific document components: tables, mathematical for-
mulas, a part of texts in figures, most affiliations, refer-
ences, etc. Since the majority of the lines in a document
belongs to the non-sparse category, separating the document
lines into such two categories according to the text internal
space/density and filtering out the non-sparse lines become
a fruitful preprocessing step for the table boundary detec-
tion. Such method has two advantages: 1) the sparse lines
cover almost all the table content lines; 2) Narrowing down
the table boundary to the sparse lines as early as possible
can save large amount of time and effort that are spent on
processing the non-sparse lines.

Some tables contain long cells that cross several table
columns. In order to collect all the table cells, some re-
searchers6 make constraint on the number of such long
lines within a table boundary. However, it is difficult to set
a suitable value on it. If we set it too small, some parts of a
table will be missed. If it is too large, some noisy lines will
be included into the table boundary. In our method, such
long cells will be treated as sparse lines and removed at the
beginning. To decide whether merging the next sparse lines
with the previous one and include them into the same ta-
ble boundary, we only have to check the vertical space gaps
between these two sparse lines. Different definitions of the
“much shorter than” may generate different sparse line la-
beling results. We define the “much shorter than” as the half
of the document column width.

We show a snapshot of a PDF document page in Fig-
ure 1(a) as an example. In Figure 1(b), we highlight all the
sparse lines in red rectangles. Apparently, all the table body
content lines are labeled as sparse lines. In Figure 1(b),
there are four sparse lines that are not located within the
table boundary: the heading lines “Conclusions” and “con-
sumer products”, and the document content line “proposed
method” and “dilution used in the analyses.”. We label them
as sparse lines because they satisfy the second condition:
the length of this line is much shorter than the width of the
document column. Since such short-length lines also hap-
pen in some table rows with only one filled cell, we con-
sider them in case of omitting the potential table lines. Such
noisy non-table sparse lines are very few because they usu-
ally only exist at the headings or the last line of a paragraph.

6http://ieg.ifs.tuwien.ac.at/projects/pdf2table/



(a) (b)

Figure 1. The sparse lines in a PDF page

In addition, the short length restriction also reduce the fre-
quency heavily. We can easily get rid of them based on the
coordinate information later.

3 The Text Object in PDF

3.1 Text Tables vs. Image Tables

Each PDF document can be viewed as a sequence of
pages, which in turn can be recursively decomposed into
a series of components, such as text, graphics, and im-
ages. The corresponding objects to those components are
text objects, image objects, path objects, etc, which listed
by PDF document content stream. Path objects are referred
to as vector graphics objects or drawings and paintings com-
posed by lines, curves, and rectangles. They are the build-
ing blocks for the graphical illustrations, such as bar charts,
pie charts and logos are often just a fraction of the whole
figure illustrations e.g. one bar in a bar chart. Page objects
in PDF documents don’t reflect nor are related to the log-
ical structure or logical components of the document. The
text object provides information of characters in the text as
well as many important attributes, such as the X-Y coordi-
nates, the font size, the font type, the color, the spacing, the
orientation, etc.

Most of the existing research to discover the logical com-
ponents of a document focus on analyzing most if not all
of these page objects. For example, regrouping all the ob-
jects to form the image is a traditional task for document
analysis system. However, the object overlapping problem
happens frequently in these researches and the researchers
have to make more effort to segment these objects from each
other first. In addition, even when such objects or structures
are identified, they are still too high level to fulfill specific
goals, such as the table detection.

For most table related applications (e.g., table data ex-
traction and table searching), the majority research interests

are focused on the text (the table content), instead of the
borderlines. We randomly examine thousands of the PDFs
in the computer science, chemistry, biology, and archeology
fields and notice that most table contents consist of texts
while only few tables contain images. Based on this obser-
vation, we classify all tables into two categories: thetext
tableand theimage table.

Text tables refer to those tables that all parts are com-
posed of texts. Image tables refer to those tables that are
image themselves or contain images in some cells. All the
three tables in Figure1 are text tables. Figure2(a) displays
an example of an image table that all the cells are filled with
images and Figure2(b) displays an example of an image ta-
ble that the image cells and the text cells mingle with each
other. Within randomly selected100 tables in each fields
spanning the period from 1980 to 2007, the number of the
image tables are 0, 3, 8, and 5 respectively.

(a) (b)

Figure 2. Two examples of the image tables

3.2 Text Extraction

In our work, we directly analyze PDF documents instead
of converting them to HTML or Image file because of the
following five reasons: 1) the existing text extracting tools
can help us to obtain the information of texts; 2) convert-
ing PDF to HTML does not provide any additional help in
detecting the tables than directly analyzing text information
from PDF because it is impossible to know where the tables
are in advance. 3) additional work is needed to process the
converted HTML or image files; 4) directly analyzing PDF
document can provide more accurate results than document
image analysis and OCR; 5) the results are not affected by
the contrast of the text, the background and the text overlay.

Because most tables are composed of texts, the text ex-
tracting tools, which only provide the very low level in-
formation (characters, words, coordinates, etc) without the
structure information, is enough for our goal. Many PDF
converters are available off the shelf (Xpdf, PDF2TEXT,
PDFBOX, Text Extracting tool, PDFTEXTSTREAM, etc).
The information obtained with the help of these text ex-
traction tools can be divided into two categories: thetext



contentand thetext style. The text content refers the text
strings; The text style includes the corresponding text at-
tributes: the font, the size, line spacing and color, etc;

The text streams extracted from PDF files can corre-
spond to various objects: a character, a partial word, a com-
plete word, a line, etc. In addition, the order of these text
streams does not always correspond to the reading order. A
word reconstruction and a reading order resorting steps are
necessary in order to correctly extract the text from a PDF
file. In the next section, we describe the word reconstruc-
tion component. The details of our text sequence resorting
algorithm is beyond the topic of this paper and will be elab-
orated in a subsequent paper. In this paper, after the word
reconstruction and the sparse line detection, it is assumed
that the text sequence is correct as a matter of course.

4 Sparse Line Detection

Before classifying a document line as a sparse/non-
sparse line, we have to construct the lines first. We adopt
a bottom-up approach to start the procession from the char-
acter level in PDF documents. The first step is still the ex-
traction of the native PDF text information. Then we group
the characters into words and lines based on the textual fea-
tures and the reading order.

Adobe’s Acrobat word-finder provides the coordinate of
the four corners of the quad(s) of the word. The PDFlib Text
Extraction Toolkit (TET) also provides the function to ex-
tract the text in the different levels (characters, words, para-
graphs, etc.). However, it only provides the content instead
of other style information in all the levels except the char-
acter level. If we want to do some further work, content
itself is usually not enough. We have to calculate the cor-
responding coordinates for the higher levels by merging the
characters.

Initially, for each PDF document, the text extraction
tools strip out the text information from the original PDF
source file character by character through analyzing thetext
operators7 and the related glyph information. Similar to
Xpdf library, we reconstruct these characters into words
then lines with the aid of their position information and
saves the results into a Document Content File in the TXT
format. To convert characters/words into words/lines, we
adopt some heuristics based on the distance between char-
acters/words. For each document page, we analyzes the text
information and label each line as a sparse/non-sparse line
according to their internal word relative position informa-
tion and width. The main unique place of our method is
that we only analyze the coordinate information. Font in-
formation, the frequently adopted parameter, is abandoned
here because it is not reliable.

7PDF Reference Fifth Edition, Version 1.6

Table 1. The thresholds we adopted for word
reconstruction

Parameters Definition
α the vertical distance between two top Y-axis values:

alpha = Yi+1 − Yi

β the vertical distance between two bottom Y-axis values:
beta = Y

,

i+1 − Y
,

i

γ the horizontal distance between these two characters:
γ = Xi+1 − X

,

i

δ the vertical distance of two characters
θ the maximal width of the space with a word
η the maximum vertical distance between

two characters in a same line

4.1 Characters → words

Formally, we define a document as a set of pages D
= ∪n

k=1
(Pk), where n is the total page number. Each

pagePk, can be denoted as an aggregation of characters
C ∈ {Character}. ci and ci+1 are a pair adjacent (no
other character exists between them) characters. Initially,
we get the coordinate of the first characterc0 in a docu-
ment page. All the characters inC share a common set of
attributes{([X, X ,], [Y, Y ,], W, H, F, T )}, where[X, Y ] is
the pair of coordinators of the upper-left corner of the char-
acter while[X ,, Y ,] is the coordinates of the bottom-right
corner of the character. The original point of the X-Y axes
is the left-bottom corner of a document page.W/H de-
notes the width/height of the component,F is the font size,
andT is the text. Figure 3 shows the coordinates of an ex-
ample character. In this paper, we do not use the font size
because in many journals and archives, the font information
(the font type and the font size) is not so standard as we
imaged. Considering such disordered information will in-
cur error to the final results. Therefore, we only analyze the
coordinates becauseW andH are also implicated in it.

char

i

char

i+1

X

Y
char

i-1

y
y`

x x`

Figure 3. The coordinates of a character in a
PDF document page.

Since the characterC is the fundamental component of
a document, other components can be constructed recur-
sively from it. For example, a documentpage Pk can
be denoted as an aggregation ofwords W = {wj |wj =
([Xwj

, Ywj
]), ([X ,

wj
, Y ,

wj
]), Wwj

, Hwj
, Fwj

, Twj
}. A doc-

ument wordwj is equal to∪m
i=1ci, wherem is the total

number of characters in the wordwj .



Figure 4 enumerates all the relative positions of a pair
of adjacent charactersci and ci+1. Their coordinates are
([Xi, X ,

i], [Yi, Y ,
i ]) and([Xi+1, X ,

i+1
], [Yi+1, Y ,

i+1
) respec-

tively. For the word reconstruction, we define several pa-
rameters and thresholds, which are listed in Table 2:
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Figure 4. The coordinates of the example
cases of the character pairs

Figure 4 (a) presents a common character pair in the
same line.Yi+1 = Yi(α = 0) andY ,

i+1
= Y ,

i (β = 0).
If γ is smaller than a given thresholdθ, the second charac-
terci+1 can merge withci into a same word. Otherwise, we
treatci as the last character of the current word andci+1 as
the starting character of a new word.

Figure 4 (b) – (e) display several examples of the same-
line character neighbors with partial vertical overlaps. Su-
perscript is a typical case of Figure 4 (b) while subscript is
a typical case of Figure 4 (c). Figure 4 (d) and (e) show the
font size changing within a document line. All these char-
acter pairs are also same-line characters. Every case has
to satisfy some fixed conditions as follows:Yi+1 ≥ Yi ≥
Y ,

i+1
≥ Y ,

i (Figure 4 (b)),Yi ≥ Yi+1 ≥ Y ,
i ≥ Y ,

i+1
(Fig-

ure 4 (c)),Yi+1 ≥ Yi ≥ Y ,
i ≥ Y ,

i+1
(Figure 4 (d)), and

Yi ≥ Yi+1 ≥ Y ,
i+1

≥ Y ,
i (Figure 4 (e)). For these cases, we

decide whetherci andci+1 go into the same word or not, by
comparingγ with the same thresholdθ;

To analyze the character pairs in Figure 4 (f) – (h), we
introduce another thresholdη: the maximum vertical dis-
tance between two characters in a same document line. In
4(f), the fixed constraint isδ = (Y ,

i+1
−Yi) > 0. In Figure

4(g) and (h), the fixed constraint isδ = (Y ,
i − Yi+1) > 0.

If δ > η, Ci andCi+1 will belong to different lines. Oth-
erwise, we treat them as the character neighbors in a same
line and decide whether they go to the a same word. Start-
ing a new document column in a page is a typical examples
with largeγ for casef , and starting the next line is a typical
examples with large but minusγ for caseh. Using the Table
1 in Figure1 as the example, we show the merged words in
Figure 5. Each red rectangle refers an independent word.

Figure 5. The merged words in a table after
the character → word phase

4.2 Sparse line detection

Now a document pagepk can be denoted as an aggrega-
tion of wordsW . Each word is composed of a set of char-
acter sequences∪B

k=1
(ck), whereB > 0 is the word length

in terms of characters.wi andwi+1 are a pair of adjacent
(no other object exists between them) words. Initially, we
get the coordinate of the first wordw0 in a document page.
All the characters inW share the same coordinate attributes
as that of the character level([X, X ,], [Y, Y ,]). Similar to
the characters, we can also treat words as rectangle objects
in a document page. The coordinate nature of characters in
the previous section is also applicable to the words. For a
pair of word neighbors,wi andwi+1, the possible relative
locations are same of the cases listed in Figure 4.

To detect the sparse lines, we use the same combining
method in Section 5.1. We believe that in the non-sparse
lines, all the words can be merged together into one piece.
Sparse lines refer those lines that contain more than one text
pieces with the same Y-axis after the combination. Using
the concept in Section 5.1, we should treat theword here as
thecharacterthere and treat thetext piecehere as theword
there. The parameters and the thresholds in Table 2 can be
reused with only the value resets ofγ andθ. Because of the
space limitation, we do not repeat the process here.

After the combination, we check the number of text
pieces in each Y-axis along the sequence generated by the
text extraction tools, if the number is larger than one, we
label this line as the sparse line. If the number is one but
there are only one word in this line, we also treat it as a
sparse line. Still using the Table 1 in Figure1 as the exam-
ple, we show the merged lines in Figure 6. For all the eight
lines, the number of text pieces are1, 1, 1, 1, 5, 5, 4,and
1 respectively. We treat line 5, 6, and 7 are sparse lines be-
cause they contain more than one text piece. We also treat
the line 3 and 4 as sparse lines because of their small width.

4.3 The effect of the Font information

Some researchers also use the font information. How-
ever, we think it is not so reliable as stated. In many PDF



Figure 6. The merged lines in a table

documents, from the human eye view, it seems that the texts
in a same line have unified font types and sizes (For ex-
ample, many CS conferences). However, when we process
them using the text extraction tools, we find that the font
size may have minor inconsistence. Such inconsistence may
incur troubles in the word/line merging step. Even though
the font changing is large enough to be observed, the solely
font information is not enough. The coordinate information
is still needed to judge the relative position of different text
pieces. Considering the additional font information can not
generate significant improvement. Our experimental results
confirm this point of view.

Some researchers may argue that the changing of the
font information can facilitate the detection of the document
component switch. For example, the font size of a table
is smaller than the font size of the document body content
texts. The font size of the document title is usually larger
than the font size of the affiliation component. We call this
phenomenon as the“document component font changing”
property. We agree that such font information may have a
positive impact on the table boundary detection, if such text
inconsistence exists and we know them in advance. In this
paper, we do not consider the font information because of
two reasons:

• the “document component font changing”property is
not strictly adopted. Many journal/conference pro-
ceedings do not follow this property. For example,
DAS conference has a table type difference between
the document main text and the figure/table captions
(both are 10-point), but the font sizes are same: the
main text should be in 10-point times and the figure
and table captions should be 1o-point boldface Hel-
vetica. However, some conferences adopt the consis-
tant font for main text, figure, and tables.

• Even though the“document component font chang-
ing” property exists, in order to use such specific font
information to detect the table boundary, we have to
know the details in advance. However, it is impossible
in many cases with the only input of the PDF docu-
ment.

4.4 Detecting the table boundary

After the sparse line detection, we can easily detect the
table boundary by combining the sparse lines with the table
keywords. Here we define the main table content rows as
the table boundary, which does not have to include the table
caption and the footnote. In order to enhance the perfor-
mance of the table starting location detection, we consider
the keyword information. Of course, we can directly detect
the table boundary by detecting the tabular structure within
the sparse line areas.

In our method, we define a keyword list, which lists all
the possible starting keywords of table captions, such as
“Table, TABLE, Form, FORM,” etc. Most tables have one
of these keywords in their captions. If more than one tables
are displayed together, the keyword is very useful to sepa-
rate the tables from each other. Once we detect a line (not
only the sparse line) starting with a keyword, we treat it as a
table caption candidate. Then we check the sparse lines af-
ter the caption and merge them into a sparse area according
to the vertical distance of the line gaps. Such sparse-line
areas are the detected table boundary. Because the texts
within the detected table boundary will be analyzed care-
fully in the later table structure decomposition phase, we
treat recall more importantly than precision here.

5 Experiments and Results

In this section, we demonstrate the experimental results
of evaluating our table boundary detection. Our experi-
ments can be divided into two parts: the evaluation of the
sparse line detection algorithm based on the coordinate in-
formation, and the evaluation of the table boundary detec-
tion, with/without font information. Before describing the
experimental details, we first discuss document collection.

We focus on tables in scientific documents in PDF. the
PDF document collection comes from three sources: 1) sci-
entific digital libraries (Royal Chemistry Society8), Cite-
seer9), and archeology10 in three fields: chemistry, com-
puter science and archeology. The size of each PDF repos-
itory exceeds100, 000, 1, 000 and8, 000 respectively. All
the documents span the years 1950 to 2007.

5.1 Experimental Results of sparse line
detection

We perform a five-user study to evaluate the quality of
the sparse line detection, according to the coordinates. Each
user checks the detected sparse lines in 20 randomly se-
lected PDF document pages. The evaluation metrics are

8http://www.rsc.org/
9http://citeseer.ist.psu.edu/

10http://www.saa.org/publications/AmAntiq/AmAntiq.html



precision and recall. The total number of the testing PDF
pages is300. Given the number of true sparse lines ex-
tracted by our methodA, the number of true positive sparse
lines but overlookedB, and the number of true negative
non-sparse lines that is misidentified as sparse linesC, the
Precisionis A

A+C
, and theRecallis A

A+B
.

Table 2. The performance evaluation of the
sparse line detection

Field Chemistry Archeology CS
The Number of PDF pages 100 100 100
Recall of sparse line detection 99.9 100 100
Precision of sparse line detection 99.6 99.2 98.7

We misidentify some non-sparse lines as sparse lines be-
cause some document lines have large internal spaces. Sev-
eral factors cause the large spaces: 1) the setting of the
thresholdγ; 2) the text missing problem of the text extrac-
tion tool.

Some tables have long cells. Because of the limited
space, such tables have crowd columns with very small
spaces between the adjacent table columns. Such small col-
umn space is the main reason for the missed sparse lines in
the chemistry PDF documents.

Within a same word, different characters have the same
font properties. Within a same line, although there may
exist some font diversity among different words (e.g., the
superscript, the subscript, or mathematical symbols), such
font difference is not used in our method as the rule to de-
cide whether merge the next word into the same text piece
or not. Therefore, the font information does not affect the
performance of the sparse line detection.

5.2 Experimental Results of the table
boundary detection based on the
sparse lines

Table 4 displays our experimental results of the table
boundary detection based on the detected sparse lines in the
same300 PDF document pages. In this part, we still use
the precision and recall as the evaluation metrics. Given the
number of true table boundaries extracted by our methodA,
the number of true positive table boundaries but overlooked
B, and the number of non-table areas misidentified as table
areasC.

In order to prove the importance of the coordinates and
the effect of the font information, we also implemented the
same evaluation by combining the font information. If the
next lines have different font type or font size, we think that
the current document component stops at the previous line
and the next line starts a new component. After checking
the 300 PDF pages, we notice that only 66% pages have
font changes when a table begins.

It is not surprising to find that the font information can
not improve the performance of the table boundary detec-
tion. In some cases, the performance is even worse. The
first reason is that the font changing is also applicable to
other document components, e.g., figures and references.
Considering this factor may not only facilitate the detection
of the table beginning places, but also incur more works and
noisy results by examining other components. The second
reason is that in many old documents, the font information
is not standard and minor changes happen everywhere.

We may include some external sparse lines if they are
close to a table boundary. Such noisy lines can be easily re-
moved in later table structure decomposition step. If a table
has a long single-cell row, such row is usually be filtered out
because we label it as a non-sparse line. However, because
we treat all the texts (not only the sparse lines) within the
detected table boundary as table contents, such missed lines
can be easily retrieved back.

Table 3. The performance evaluation of the
table boundary detection based on the de-
tected sparse lines

Chemistry Archeology CS
Recall (without font) 97.6 96.3 95.5
Recall (with font) 97.1 90.8 95.5
Precision (without font) 98.9 98.2 98.8
Precision (with font) 99.1 98.2 98.8

Some tables are labeled using other keywords, especially
the documents in computer science field, which name the ta-
bles as “Figure,” which are confusing with real figures. To
avoid real figures and to keep high efficiency, we overlooks
such “wrongly” labeled tables in current stage. However,
this problem can be overcame by heuristics that identify
the grid-structure cells among the sparse line set. More-
over, the performance of the text extraction tools directly
affects the table extraction results. Currently,PDFBOXand
TET are used to fetch all the text information in the doc-
uments. Characters missing and space insertions are two
typical inherited errors, which may tamper with the perfor-
mance. This problem is orthogonal to our work and we hope
that these problems will be addressed independently by the
designers of the text extraction tools.

6 Related Work

Researchers in the automatic table extraction field
largely focus on analyzing the table structure in a specific
document media. Zanibbi [11] provides a survey with de-
tailed description of each method. All the methods can be
divided into three categories: pre-defined layout based [9],
heuristics based [6][8][10][12], and statistical based. Pre-
defined layout based algorithms usually work well for one



domain, but is difficult to extend. Heuristics based methods
need a complex post-processing and the performance relies
largely on the choice of features and the quality of train-
ing data. Most approaches described so far utilize purely
geometric features (e.g. pixel distribution, line-art, white
streams) to determine the logical structure of the table,
and different document mediums require different process
methodologies: OCR [4], X-Y cut [7], tag classification and
keyword searching [1][3][13] etc. In the past two decades,
a good number of researches have been done to discover
the document layout by converting the PDFs to image files.
However, the image analysis step can introduce noise (e.g.,
some text may not be recognized or some images may not
be correctly recognized). In addition,because of the limited
information in the bitmap images, most of them only work
on some specific document types with minimal object over-
lap: e.g., business letters, technical journals, and newspa-
pers. Some researchers combine the traditional layout anal-
ysis on images with low-level content extracted from the
PDF file.

Chao et.al. reported their work on extract the layout and
content from PDF documents. Hadjar et al. have developed
a tool for extracting the structures from PDF documents.
They believe that to discover the logical components of a
document, we need to analyze all/most of the page objects
such as text objects, image objects, path objects, etc, which
are listed by PDF document content stream. However, the
object overlapping problem happens frequently, if we ana-
lyze all the objects, We have to spend more effort to seg-
ment these objects from each other first. In addition, even
we identified such objects/structures, they are still too high-
level to fulfill many special goals, e.g., detecting the tables,
figures, mathematical formulas, footnotes, references, etc.

Instead of converting the PDF documents into other
types of media (e.g., image or HTML) and then applying
the existing techniques, we process PDF documents directly
from the text level. In this paper, we propose a method that
relies solely on the PDF extracted content, not longer re-
quiring the conversion to any other document medium and
apply any further processing methods.

7. Conclusions

In this paper, we propose a novel method to detect the ta-
ble boundary. Because most tables are text-based, we claim
that the text object of PDF provides enough information for
table detection. Within the text object, we believe that the
font size is not so reliable as other work stated. Based on
the sparse-line nature of tables, we propose a fast but effec-
tive method to detect the table boundary by only processing
the sparse lines in a document page. Processing the sparse
lines solely can also improve the performance of the text se-
quence resorting problem. Combining different keywords,

this method is applicable tror o detect other document com-
ponents, e.g., figures.
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