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ABSTRACT

Increasing use of Portable Document Format (PDF) files has pro-
moted research in analysing its layout for text extraction purposes.
In this paper, we propose an algorithm for extracting text from PDF
documents while considering document layout. Using this algo-
rithm, we extract learning outcomes from academic course outlines.
This research is aimed at automating the process of assigning credits
to transfer students, which is currently done manually. The system
has shown promising results and has an accuracy of 81.8%. The
algorithm has a wide scope of application and takes a step towards
automating the task of text extraction from PDF documents.
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1 INTRODUCTION

The Portable Document Foment (PDF) format is portable, thus al-
lowing its users to open these documents without having to worry
about the underlying platform. PDF is the one of the most com-
monly used document formats for storing text based data. A PDF
document is visually an exact digital copy that displays text by
drawing characters on a specific location, so the extracted text will
contain the whole text from the document extracted in a left to right
and top to down flow ignoring any formatting details like multiple
columns or header/footer text. With the rising amount of electronic
documentation worldwide, the demand for text based analysis and
the extraction of meaningful and specific information from digi-
tal e-documents is also increasing. Software applications with the
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ability to automatically extract specific text from e-documents can
save a lot of time and human effort when dealing with hundreds
and thousands of documents. Extracting text from a PDF is straight-
forward if the intention is to extract the entirety of the text, with
the exception of text embedded in images or text present in an
unknown font. Extraction gets complex when only a certain part of
that text is needed. Decisions related to selecting the appropriate
section(s) of the whole text while maintaining the integrity and flow
of the information is challenging and is addressed in this research.

We propose an approach for extracting text from PDF documents
while considering document layout. Using this approach, we ex-
tract learning outcomes from academic course outlines. Learning
outcomes for a course define what a student will gain from taking
a specific class [8]. Specifically, learning outcomes detail the skills
and knowledge the instructor of the course expects the students
to gain from the course [18]. This makes learning outcomes a use-
ful means of comparing the objectives of multiple courses for the
purpose of credit transfer between institutions and also for mea-
suring an educational credential against accreditation or Quality
Assurance standards. Extracting learning outcomes is not a straight-
forward task because there is no standardized format for course
outlines across institutions and professors/instructors. The pur-
pose of extracting learning outcomes for this research is to support
the automation of university/college transfer credit agreements
using semantic similarity algorithm [12] to assess the similarities
in learning outcomes between post-secondary credentials’.

2 RELATED WORK

The are a few papers that propose methods for using headings to
detect the contents of document [5, 16]. These papers either depend
on table of contents or a known format to find this information. This
assumption can not be made when working with course outlines.
Analysing the layout of a document is an essential part of text
extraction as it ensures the consistency and flow of the text. Ramakr-
ishnan et al. [16] propose using contiguous text blocks to analyze
the layout and determine the text flow in scientific articles for text
extraction. The proposed method uses the GPL version of JPedal,
which is an open-source Java PDF library, to get bounding boxes of
words from the document and then performs aggregation to build
up bigger blocks while taking the document layout into account.
Once the blocks have been aggregated together, they are classi-
fied into predefined categories using a rule-based system. Some of
the attributes used for this rule-based classification are alignment,
page number, and last section. After classification, the blocks are
stitched together in the correct sequence using the section they are
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classified under. Stitching them together ensures that the text is
extracted in the correct sequence. Although the provided approach
shows good accuracy it only works with documents that have a
defined format and does not present a generic solution [16].

Gao et al. [6] use an approach originally presented by Lin et
al [10] for detecting the header and footer text of PDF documents.
The proposed approach uses page association and looks for re-
peating characters across different pages. Using the relationship
between header/footer text spread across multiple pages their sys-
tem compares one page with the other for detecting headers/footers.
The algorithm needs text and their bounding boxes to initialize the
process by which they directly extract from the PDF documents.
Even though their approach has a precision rate of 98% and recall
of 92.7%, it was not chosen for this research as it only presents
a solution for detecting header and footer text, not for detecting
multiple text columns.

Rahman and Alam [15] use an approach that looks for the largest
rectangle made up of white space and converts the file into Hy-
pertext Markup Language (HTML) to perform their analysis. The
algorithm identifies the white and black space in the document and
creates boxes that only contain white spaces. This process is per-
formed both in vertical and horizontal directions to come up with
the rectangles which they refer to as White Space Rectangles (WSR).
After that, the algorithm detects columns by looking for maximal
WSR in the vertical direction. Rows are detected using the same
algorithm, but first, the document is rotated by 90 degrees. Once all
WSRs in vertical and horizontal directions have been detected, they
are recursively merged together into White Space Polygons (WSP)
until all of the WSRs have been merged together. WSPs are used
to define the document segment, which is then classified into dis-
tinct categories. Once classification is done, the next step involves
rendering (or re-ordering in the correct content flow) by using
the information from segmentation and recognition. Even though
they provide a novel approach for analysing document layout, no
testing results validating the approach are currently available and
the system is confined to detecting multiple text columns and not
header/footer text.

We found that there is currently no single algorithm or tool that
can extract specific components, in our case Learning Outcomes,
from a text based document. The current approaches rely on a
table of contents or a known structure to identify the headings
in the document and this limits their application. The approaches
discussed for analysing layout perform well, but use different tech-
niques for analysis; thus requiring more processing which can be
avoided if they use the same technique for both detecting multiple
text columns and header/footer region. Therefore, for specific text
extraction to be feasible, there is a need to improve and combine
the currently available algorithms.

3 OVERVIEW & THE FRAMEWORK

Extracting learning outcomes requires identifying which text to
extract from the outline of a post-secondary course description
document. The approach proposed here is similar to the steps a
human would take, which is to use headings to judge the context
of the text that follows. The assumption made here is that all the
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Figure 1: A Framework to extract learning outcomes from
PDF documents

content within the course outline PDF is appropriately divided
using descriptive headings.

The methodology to extract the learning outcomes from course
outlines is illustrated in Fig 1. The heading detection approach
presented by Budhiraja and Mago [17] is used to detect headings
in the document, which are consequently used to identify learning
objectives. Once the text is identified for extraction, analyzing the
layout of the document is imperative to ensure that the extraction
proceeds according to the flow of the text and the header/footer text
does not get extracted with the required text as it will disrupt its flow.
This is accomplished by performing White Space Analysis, in which
the system looks for patterns in the empty spaces around the text.
The original document acts as the input for the white space analysis.
This process enables the script to extract the learning outcomes
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while taking the layout of the document into consideration. The
extracted text is then formatted to get the final learning outcomes.

3.1 Selecting Relevant Headings - Supervised
Approach

This section discusses a supervised keyword based approach similar
to bag-of-words model for selecting relevant headings from a list of
headings. Bag of words is a representation used to model textual
data by describing the occurrences of words within a text [9]. The
approach proposed here uses relevant headings to select keywords
for identifying relevant headings in unseen documents.

3.1.1 Data Collection, Labeling & Keyword Selection. Our
dataset consists of 500 documents downloaded from Google using
Google Custom Search API [4]. The keywords used for sampling
the dataset were “Course Outlines", “Course Description” and “Syl-
labus". The Headings from these 500 documents were manually
tagged as relevant (1) or not (0) based on the text that is required to
be extracted. All relevant headings are tokenized and the frequency
of each token (word) is calculated. Most frequent words that are rel-
evant to what needs to be extracted are selected manually. The list
of keywords selected for locating learning outcomes is as follows:

Keywords = [‘Learning’, ‘Academic’, ‘Objectives’, ‘Description’,
‘Aims’, ‘Class’, ‘Course’, ‘Goals’, ‘Outcomes’]

3.1.2 Data Transformation . The text is transformed into fea-
tures which are as follows:

e Number of Words: The number of words in the heading.
e Relevance Score: Each heading is assigned a Relevance Score
(RL), calculated using Equation 1.

_ Number of relevant keywords in the heading

RL = (1)

Total number of words in the heading

o Keyword Flag: The value is 1 if that keyword is present in the
heading else 0. The total number of such features depends
on the number of keywords selected. For this research there
are nine such features one for each keyword.

Three instances of the data points generated are given in Fig 2.

3.1.3 Grid Search, Balancing Dataset & Training. Tuning a
classifier’s parameters for optimal performance is performed using
accuracy from cross validation as a measure. We use various com-
binations of classifier parameters and choose the combination with
the best cross validation accuracy [1, 3].

If number of relevant headings is very small when compared
to the total number of headings, there is a need to balance the
dataset before training. Sklearn’s implimentation [14] for Synthetic
Minority Over-sampling Technique (SMOTE) is used to balance
the dataset, which does so by creating synthetic data points for the
minority class to make it even [7, 19].

Decision tree classifier [2, 11] is trained using the following
configuration:

e Gini impurity is used as a measure for the quality of a split,

which tells if the split made the dataset more pure. Using

Gini makes it computationally less expensive as compared
2018-11-29 11:07. Page 3 of 1-6.

to entropy which involves computation of logarithmic func-
tions.

e The “best" option for strategy chooses the best split at each
node.

e The minimum number of samples required to split an inter-
nal node is set to 2

e The minimum number of samples needed to be at a leaf node
is set to 1.

3.2 Selecting Beginning and End Markers

Once the relevant headings have been selected, the next step is
to only extract the text that follows the heading, as opposed to
extracting all of the text. To extract this specific text we need a
beginning point i.e., beginning marker and an ending point i.e. end
marker in the text. The text that makes up the relevant heading
is used as the beginning marker and the heading that follows the
relevant heading is used as the end marker. These two markers
serve as landmarks in the text and encapsulate the part of the text
required to be extracted.

The text between these two markers is extracted, and each rele-
vant heading generates its pair of beginning and end markers. In
case of multiple relevant headings, there will be multiple pairs of
beginning and end markers to enable extraction of multiple rele-
vant paragraphs. As shown in Fig 3, the relevant heading “Learning
Outcomes:" is chosen as the beginning marker and the heading that
follows “How to Contact Me:" is the ending marker. The algorithm
uses their location in the text to extract the text that falls between
these two markers.

3.3 Layout Analysis

Analysing the layout of the document is one the most important
steps of this process as it addresses the following two issues:

e Avoiding the inclusion of text from the header and footer
section in the final extracted text.

e Maintaining the integrity of the text when dealing with
multiple columns of text.

To accomplish these tasks, our approach analyses the white spaces
in the document to detect headers/footers and text column locations.
The PDF document is converted to set of images using Buffered-
Image class which is available in a basic Java library. A PDF with
N pages will generate N images. Each page is converted into a
2D matrix referred as PAGE MATRIX (PM), which represents each
page as a grid of pixels and each pixel is represented as a box in the
grid. This conversion is performed using the Equation 2.

0;  if pixel at (i, j) is white/background color
1; otherwise

PM;j = { )

3.4 Detecting Headers and Footers

Using PM, this approach generates a Row Sum Vector (R) which
contains i elements for a page matrix (i X j). The vector R stores the
sum of individual rows of the Page Matrix. To search for headers,
the algorithm checks the vector R of all pages and the point till
which the NET_SUM is the same is marked as header cut off point.
If the NET_SUM of vector R until the n‘" element (signifying row
n) is same on all pages , it marks all the content till row n as header
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Figure 2: Sample of Data Points for Relevant Heading Selection
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Figure 3: Defining the beginning and end markers

region. All text in the header region is considered as header text. The
same process is repeated to search for footers, the only difference
is that the NET_SUM is checked from bottom to top.

The example in Fig 4 shows how this works. The colored pixels
depict any text and blank ones depict the white or background color
pixels. The row sum is calculated for all rows and once that is done,
the NET _SUM is calculated which remains same until row 5 in this
example. So according to the algorithm, the header area is until row
5.1t is assumed that the maximum height of the header or footer
area is half of the page height. Therefore, the algorithm checks the
header and footer length until half the page height, as their height
can not be greater than half of the page length.

3.5 Locating Text Columns and Images

To detect multiple text columns, we use two variables White Rows
and White Columns that represent rows and columns that are com-
pletely blank and have no text in them. The RowSum gives us the
sum of all pixels in that row and if that sum is 0, then that row is
considered as a white row.

The white rows act as boundaries to detect columns of text
in between them. Same approach is used to check for the sum of
column pixels using white rows as boundaries and if the sum is zero
that column is considered as a white column. In Fig 5, the discussed
approach first detects the white rows by looking for complete rows
with white or background color pixels and find R1, R2, R3 and R4.
Once white rows have been located, it starts to choose white rows

in pairs as boundaries to detect any columns in between those rows.
First it chooses R1 and R2 and does not find any column in between
them. Then it chooses R2 and R3 and finds a column C1 between
those two white rows. At the end it checks between R3 and R4
and does not find a column in between them. Using these rows
and columns the algorithm figures out the layout of the document
for text extraction purposes. For the region with images, the text
extraction process discussed in the next section does not generate
any text, thus not effecting the final output.

3.6 Text Extraction

3.6.1 Targeted Text Extraction. The width of the footer and
header region tells the system not to extract the text from that
region. The detected columns and rows help it to divide the pages
into boxes of text and extract text from them individually. Now, for
this information to be useful, the system will also need to be able
to extract text from specific regions of a PDF instead of the whole
document. To accomplish this the algorithm uses the PDFTextStrip-
perByArea() method from the PDFBox library available in Java [13].
This method takes a rectangle object as input for the area from
where the text needs to be extracted. Once the text extraction is
done, the algorithm finds the indices at which these markers are in
the text. Now the text in between these indices is extracted. In case
of multiple relevant headings, this process will use their individual
markers to get the relevant text from each of the relevant headings.

3.6.2 Formatting Output. Once we have the text from each of
the relevant headings, the extracted text is still in the form of a
continuous string that needs to be divided into points in accordance
with how the author has formatted the document. This step takes
the text extracted from the previous step as input and outputs a
list. At the end, each element of this list will store a sentence or
a paragraph depending on the text. To achieve this the algorithm
looks for elements such as new lines, periods and bullet points.

4 TEST RESULTS & DISCUSSION

Testing was performed on all the 500 documents for layout analysis
and selecting beginning/end markers. Tests on all other aspects was
conducted using 10 fold cross validation was used. Table 1 shows
the performance of the relevant heading selection classifier. Other
classifiers (like SVM and Neural Networks) were not compared for
this task as the first one gave near perfect results.

Table 2 shows the individual performance of the sub processes that
use all 500 documents for testing. The text markers are correctly de-
tected for 478 of 500 documents. Layout Analysis is divided into two
parts: Header/Footer Detection and Multiple Text Column Detec-
tion. Header/Footer detection worked for 459 out of 500 documents.
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Figure 4: Header Detection Example

R1
Lorem ipsum dolor sit amet, consectetur adipiscing
elit. Suspendisse et dolor urna. Pellentesque vel nisl
vehicula, tincidunt justo vitae, pulvinar sem. Phasellus
gravida consectetur libero, at pulvinar ante aliquam
vitae. Suspendisse consectetur nisl sed leo venenatis
varius. Integer facilisis dapibus elit sed sagittis.
Suspendisse et magna
tincidunt, rutrum ipsum
cursus, dignissim arcu.
Duis et efficitur lorem, at
egestas nisi. Vestibulum
consequat, massa eget
feugiat faucibus, turpis
augue aliquam velit, non I
sodales sapien eros eu
quam. Integer convallis
tellus faucibus ipsum
convallis accumsan.

R3
Class aptent taciti sociosqu ad litora torquent per
conubia nostra, per inceptos himenaeos. Cras ultricies
metus vel erat facilisis faucibus. Pellentesque luctus
sapien pharetra, accumsan ipsum quis, consequat
arcu. Suspendisse ex urna, molestie non egestas et,
vestibulum ut libero.

R4

Figure 5: Layout Example

For Multiple Text Column and/or Images 491 out of 500 documents
performed correctly.
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Table 1: Test Results For Relevant Heading Selection

Category | Value
Sensitivity | 0.999
Specificity | 0.100
Precision 0.100
F1 SCORE | 0.999

Accuracy | 99.96 %
AUC 0.99

Table 3 shows the overall performance of the approach which
uses 10 fold cross validation. Learning outcomes are correctly ex-
tracted from 81.8% documents. There are 9.6% documents which
partially extracted learning outcomes because the current algorithm
does not have the mechanisms to address them completely. The
documents referred to as partially extracted are the ones in which
one or two of the sub processes fail, leading to partially correct
output.

Table 3: Overall Test Results

CATEGORY Accuracy
Working 81.8%
Partially Working 9.6 %
Not Supported 8.6 %

5 CONCLUSION

In this paper, we propose a robust approach consisting of multiple
sub tasks to extract specific text from a document based on the
application area, which in this case is extraction of learning out-
comes from course outlines. Since keywords decide what is getting
extracted from the documents, they need to be chosen specifically
for the application area. We implemented this algorithm to extract
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Table 2: Individual Test results

MODULE Total documents For | Properly Working
This Category

Selecting Beginning & End Markers 500 447

Layout Analysis - Header Footer Detection 500 459

Layout Analysis - Multiple Text Column and/or Images | 500 491

learning outcomes from course outlines, which are further used to
automate the process of assigning credits for previous course work
to students transferring from one institute to another. It can be
used to extract other information from all kinds of supported docu-
ments. Text under those relevant headings is extracted using the
information gathered from layout analysis for the header/ footer
and text column location. The extracted text is then segmented
into sentences and paragraphs according to how the author of the
document intended for the information to be conveyed.The test
results revealed that the accuracy of the system is currently 81.8%
with a scope of improvement in a few areas.
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