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Summary

This project proposes the development of an automated system for extract-
ing data from tables of energy companies in order to calculate the intensity
metric and evaluate companies in a standardized manner. The main ob-
jective is to provide an effective methodology for assessing energy efficiency
and sustainability of energy companies, enabling homogeneous comparisons
among them.
In the initial phase of the project, the focus will be on extracting data from
company tables. These tables may contain crucial information such as sales
figures, emission values, and other relevant metrics. The system will employ
advanced data extraction techniques, utilizing algorithms and machine learn-
ing models to accurately identify and extract the required data from diverse
table formats and structures. Once the data has been successfully extracted,
the next step is to calculate the intensity metric. The metric will be designed
to quantify the relationship between energy consumption and sales for each
company. By dividing the emissions by the sales figures, the intensity metric
will provide a standardized measure of the energy efficiency of the company’s
operations. This calculation will enable a fair and comparable assessment of
companies’ sustainability performance.
The final objective of the project is to establish a standardized evaluation
framework for energy companies based on the intensity metric. The cal-
culated metrics will be compared across different companies within the in-
dustry, allowing for benchmarking and identification of leaders in energy effi-
ciency. This standardized evaluation will facilitate decision-making processes
for stakeholders, including investors, regulators, and consumers, by providing
them with an objective and transparent method to assess the sustainability
performance of energy companies.
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Chapter 1

Information retrevial

1.1 General principles
Information Retrieval[1] (IR) plays a fundamental role in our information-
driven society, serving as the backbone for accessing and retrieving vast
amounts of data efficiently and effectively. With the exponential growth
of digital content, the ability to retrieve relevant information has become
crucial in various domains, including academia, industry, and everyday life.
This thesis aims to delve into the multifaceted field of Information Retrieval,
unraveling its underlying principles, techniques, and advancements.
The use of IR for extracting data from PDF covers a key role since the
rapid digitization of documents has resulted in a significant increase in the
availability of information in PDF format. However, extracting structured
data, such as tables, from PDF files remains a complex and challenging task.
Tables contain valuable information that is vital for various applications, in-
cluding data analysis, knowledge discovery, and decision-making processes.
This master’s thesis aims to explore the utilization of Information Retrieval
(IR) techniques for the extraction of information contained in tables from
PDF documents, addressing the underlying challenges and proposing novel
solutions.
Table extraction from PDFs involves the identification and extraction of tab-
ular structures and their corresponding content accurately. The unstructured
nature of PDF files, combined with the variability in table layouts and for-
matting, makes this task particularly difficult. Traditional approaches rely-
ing solely on rule-based methods or template matching struggle to handle the
vast diversity and complexity of tables present in real-world PDF documents.
This thesis aims to leverage the principles of Information Retrieval to tackle
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1 – Information retrevial

the table extraction problem. By treating table extraction as an IR task,
we can exploit the inherent characteristics of PDF documents and leverage
indexing, querying, and ranking techniques to improve the accuracy and ef-
ficiency of table extraction methods.
By focusing on the utilization of Information Retrieval techniques for table
extraction from PDFs, this master’s thesis aims to contribute to the advance-
ment of information extraction methods. The findings of this research will
provide valuable insights into the challenges associated with table extraction
from PDF documents and offer innovative approaches for improving accu-
racy and efficiency in this domain. Ultimately, the results of this study can
have significant implications for a wide range of applications, enabling effec-
tive utilization of tabular data locked within PDF files for decision-making,
research, and data analysis purposes.

1.2 Project description
The purpose of this thesis, carried out together with Management Solution,
is to be able to calculate a metric, called intensity, which is used to express
the emissions intensity of a particular process or industry and help normalize
emissions due to changes in organizational activity, such as the total growth
of a business unit.
The importance and use of this metric is to be able to normalize and stan-
dardize the companies that are analyzed, in fact this metric returns a value
that is proportional to the emissions of a certain company and the number
of sales per year. The purpose of this thesis then is to assess how green a
company is behaving.
To be able to calculate this metric, the most objective way is to extract from
a company’s sustainability report the values for scopes 1,2, and 3 of emis-
sions, and to extract from the profit and loss account the information about
the company’s annual sales.
The equation 1.1 represents the intensity metric from a mathematical point
of view:

Intesity = Scope1 + Scope2 + Scope3
Sales

(1.1)

In order to compute this metric, we will use data recognition and extraction
techniques from tables so that we can extract the values related to scopes
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1,2, and 3 and the value associated with sales.
Scopes 1, 2, and 3 in the Sustainability Reports of energy companies refer
to the classification of greenhouse gas (GHG) emissions based on their origin
and responsibility. This classification is defined by the GHG Protocol[2], an
international standard for measuring and managing GHG emissions:

• Scope 1: Direct greenhouse gas emissions
Scope 1 includes direct GHG emissions produced from sources owned or
controlled directly by the energy company. These emissions may result
from the combustion of fossil fuels in industrial processes, electricity
generation, or internal transportation, for example. Scope 1 emissions
represent the company’s direct responsibility.

• Scope 2: Indirect greenhouse gas emissions from energy
Scope 2 includes indirect GHG emissions resulting from the production
of purchased electricity used by the energy company. These emissions are
considered indirect because they are generated outside of the company’s
direct control but are linked to its electricity consumption. Examples
include emissions from the combustion of fossil fuels in power plants that
supply the company with electricity.

• Scope 3: Other indirect greenhouse gas emissions
Scope 3 encompasses all other indirect GHG emissions that occur in the
value chain of the energy company, including both upstream and down-
stream activities. These emissions are a consequence of the company’s
operations but occur from sources not owned or controlled by the com-
pany. Scope 3 emissions can include emissions from purchased goods and
services, transportation and distribution, employee commuting, and the
use of sold products. Assessing and managing Scope 3 emissions often
requires collaboration with suppliers, customers, and other stakeholders.

By considering Scopes 1, 2, and 3 in their Sustainability Reports, energy
companies can provide a comprehensive overview of their greenhouse gas
emissions, highlighting their direct and indirect impact on climate change.
This enables stakeholders to evaluate the company’s efforts in reducing its
carbon footprint and transitioning to a more sustainable energy future.
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Chapter 2

Related work

2.1 Approaches in the literature

In the literature, the extraction of scopes 1,2 and 3 from the sustainability
report tables, is not a topic analyzed and studied, being a very laborious and
complex task since the different format and layout of the tables make this
work very complex and time-consuming.
However, a more general approach of extracting data from tables is an area
of study addressed in the literature. The challenge in this work is that tables
do not have a persistent structure over time, and even within the same PDF
the structures and layouts of the tables are changed as the data needs to be
inserted within.
Precisely, table extraction from PDF documents is a challenging task that has
garnered significant attention in the field of information extraction and docu-
ment processing. Several studies have focused on developing techniques and
methodologies to extract tables accurately and efficiently. The related work
in this master’s thesis encompasses various research efforts and approaches
that have been explored in the context of table extraction from PDFs.

2.1.1 Rule-based Methods

Rule-based methods[3], in the context of table extraction from PDFs, rely on
predefined rules, heuristics, and pattern matching techniques to identify and
extract tables based on visual cues and document structure. These meth-
ods analyze the layout, graphical elements, and textual characteristics of the
PDF documents to locate and extract tables accurately.
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The rule-based approach typically involves defining a set of rules that de-
scribe the visual patterns and structural features of tables. These rules may
include identifying horizontal and vertical lines, detecting cell borders, ana-
lyzing text alignments, and recognizing header rows or columns. By applying
these rules to the PDF document, the algorithm can determine the presence
and boundaries of tables. Template matching is a common technique used
in rule-based methods, where predefined templates representing table struc-
tures are compared with the PDF document to identify matching regions.
The templates can capture common table layouts, such as tables with spe-
cific numbers of rows and columns or tables with specific header formats.
When a match is found, the algorithm extracts the corresponding region as
a table.
Parsing algorithms[4] are also employed in rule-based methods to analyze the
document’s structure and hierarchy. These algorithms parse the PDF file,
extracting the textual and graphical elements, and then analyze the relation-
ships between these elements to identify table structures. For example, the
algorithm may identify rows and columns based on the presence of line seg-
ments or patterns in the document. Regular expression-based methods are
another approach used in rule-based table extraction. Regular expressions[5]
define patterns that match specific textual or structural properties of tables,
such as the presence of certain keywords or the arrangement of cell contents.
By applying regular expressions to the PDF document, the algorithm can
locate and extract tables based on these defined patterns.
One advantage of rule-based methods is their interpretability and control.
Since the rules are predefined, it is possible to fine-tune and customize them
based on specific requirements and document characteristics. However, rule-
based methods may struggle with handling diverse and complex table layouts
that deviate from predefined patterns. They may also be sensitive to vari-
ations in PDF document formats or lack robustness in handling noisy or
imperfect documents.
In recent years, rule-based methods have often been combined with machine
learning techniques or integrated into hybrid approaches to overcome their
limitations. By leveraging the strengths of both rule-based and data-driven
approaches, researchers aim to improve the accuracy and flexibility of table
extraction from PDF documents.

18
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2.1.2 Machine Learning Approaches

Machine learning approaches[6], in the context of table extraction from PDFs,
involve leveraging algorithms and models to automatically learn patterns and
characteristics of tables from annotated training data. These approaches aim
to classify and extract table regions based on features extracted from the PDF
documents.
Supervised learning algorithms[7] are commonly used in machine learning-
based table extraction. These algorithms require a labeled Dataset, where
each instance is annotated with the corresponding table region. Features
are extracted from the PDF documents to represent the tables, and the al-
gorithm learns to classify new instances based on these features. Support
Vector Machines[8] (SVM), Random Forests[9], and Neural Networks[10] are
commonly used supervised learning algorithms for table extraction.
The features used in machine learning approaches can encompass various as-
pects of tables, including textual attributes, structural properties, and visual
characteristics. Textual features may include the presence of specific key-
words or patterns within the table region. Structural properties can capture
the number of rows and columns, the presence of header rows or columns,
and the alignment of cells. Visual characteristics may involve features de-
rived from image processing techniques, such as edge detection or texture
analysis. To train the machine learning model, the labeled Dataset is split
into a training set and a validation set. The model learns to generalize from
the training examples and optimize its performance based on the validation
set. The trained model can then be used to predict and extract table regions
from unseen PDF documents.
Unsupervised learning methods can also be employed in table extraction to
identify tables without relying on predefined rules or annotations. Clustering
algorithms, such as K-means clustering[11] or DBSCAN[12], can group sim-
ilar regions together, and the clusters that exhibit table-like characteristics
are considered as tables. Topic modeling techniques, such as Latent Dirichlet
Allocation (LDA)[13], have also been explored to identify table-like regions
by modeling the latent topics within the PDF documents.
Machine learning approaches offer the advantage of adaptability and the
ability to handle diverse table layouts. However, they require a substantial
amount of labeled training data to achieve good performance, and the qual-
ity and representativeness of the training data can significantly impact the
results. Additionally, the feature engineering process plays a crucial role in
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the performance of machine learning approaches, and careful selection of rel-
evant features is essential for accurate table extraction.
Overall, machine learning approaches have shown promise in automating ta-
ble extraction from PDFs, and ongoing research focuses on improving the
performance, robustness, and scalability of these techniques.

2.1.3 Natural Language Processing (NLP) Techniques

Natural Language Processing[14] (NLP) techniques, in the context of table
extraction from PDFs, involve the use of computational methods to analyze
and understand the textual content of the PDF documents. NLP techniques
are employed to enhance the accuracy and interpretation of table headers,
column names, and content.
Named Entity Recognition[15] (NER) is a common NLP technique used in
table extraction. It aims to identify and classify specific entities within the
text, such as names of organizations, people, dates, or locations. In the con-
text of table extraction, NER can be utilized to recognize table headers or
specific entities within the table cells. By identifying and labeling these enti-
ties, NER contributes to the accurate extraction and interpretation of table
content.
Part-of-Speech[16] (POS) tagging is another NLP technique used in table
extraction. It involves assigning grammatical tags to each word in a sen-
tence, indicating its syntactic role and category (e.g., noun, verb, adjective).
POS tagging can assist in identifying and understanding the context of table
headers and content, allowing for more precise extraction of relevant informa-
tion. Semantic analysis techniques are employed to comprehend the meaning
and context of table content. Semantic analysis involves the use of linguistic
patterns, semantic relationships, and ontologies to extract meaningful infor-
mation from text. For example, semantic analysis can identify relationships
between table headers and corresponding content, enabling more accurate
extraction of structured data.
Linguistic patterns and rules can be applied to identify and extract table
structures and content. These patterns capture common linguistic con-
structs, such as the presence of specific words or phrases, specific grammatical
patterns, or numerical patterns within table cells. By leveraging linguistic
patterns, NLP techniques contribute to the identification and extraction of
tables with specific characteristics. Machine learning algorithms, commonly
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used in NLP, can be employed for table extraction tasks. For instance, su-
pervised learning algorithms can be trained on labeled Datasets to recog-
nize and classify table elements based on linguistic features. Unsupervised
learning techniques, such as clustering or topic modeling, can be applied to
identify table-like structures or group related table elements. By integrating
NLP techniques with other methods, such as rule-based or machine learn-
ing approaches, the accuracy and understanding of table extraction from
PDFs can be significantly improved. NLP techniques enable the interpre-
tation and extraction of meaningful information from the textual content of
tables, enhancing the overall quality and usability of the extracted data. On-
going research in NLP for table extraction focuses on developing advanced
algorithms, improving entity recognition and semantic understanding, and
exploring domain-specific language models to handle diverse types of PDF
documents and optimize the extraction process.

2.1.4 Computer Vision and Image Processing
Computer vision and image processing techniques play a crucial role in ta-
ble extraction from PDFs by analyzing the visual elements and structures
present in the document. These techniques are employed to identify and
extract table boundaries, cell structures, and other visual cues necessary for
accurate table extraction.
Image segmentation[17] is a fundamental computer vision technique used in
table extraction. It involves dividing an image or document into distinct
regions based on visual properties such as color, texture, or intensity. In the
context of PDF documents, image segmentation can be applied to identify
and isolate table regions from the rest of the document. By separating tables
from other content, image segmentation facilitates subsequent processing and
analysis.
Edge detection[18] is another important technique used in table extraction.
It aims to identify and extract the boundaries of objects or regions within
an image. In the context of PDFs, edge detection can be utilized to identify
the lines and borders that define table structures. By detecting the edges of
table cells, rows, and columns, edge detection algorithms help in accurately
extracting table content.
Contour analysis[19] is employed to analyze the shape and structure of ob-
jects within an image. In table extraction, contour analysis techniques can
be applied to identify and extract the contours or outlines of tables and their
constituent cells. By analyzing the hierarchical relationships and connectivity
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between contours, the algorithm can accurately determine the boundaries of
tables and cells. Pre-processing techniques in image processing are essential
for enhancing the quality and readability of PDF documents prior to table
extraction. These techniques may involve image enhancement to improve
contrast, reduce noise, or sharpen edges. Pre-processing can also include
deskewing, which corrects any rotation or tilt in the scanned document, en-
suring that table boundaries are aligned properly.
Optical Character Recognition[20] (OCR) is a key component of image pro-
cessing for table extraction. OCR algorithms analyze scanned or digital
images to recognize and convert printed or handwritten text into machine-
readable characters. In the context of table extraction from PDFs, OCR tech-
niques can be employed to extract text content from table cells, enabling the
extraction of structured data. Computer vision and image processing tech-
niques are often combined with other methods, such as rule-based or machine
learning approaches, to improve the accuracy and efficiency of table extrac-
tion from PDFs. By analyzing the visual elements and structures within the
documents, these techniques provide valuable information for identifying and
extracting tables, resulting in more reliable and precise extraction outcomes.
Ongoing research in computer vision and image processing for table extrac-
tion focuses on developing robust algorithms that can handle various table
layouts, handle noisy or imperfect documents, and adapt to different scan-
ning or document capture conditions. The goal is to improve the accuracy,
scalability, and automation of table extraction from PDFs through advances
in computer vision and image processing techniques.

2.1.5 Hybrid Approaches
Hybrid approaches in table extraction from PDFs refer to the integration of
multiple techniques and methodologies to leverage their respective strengths
and overcome the limitations of individual approaches. These approaches
combine different techniques, such as rule-based methods, machine learning
algorithms, natural language processing (NLP) techniques, and computer vi-
sion/image processing, to achieve more accurate and robust table extraction.
The main idea behind hybrid approaches is to use complementary methods
in a synergistic manner to enhance the overall performance of table extrac-
tion. Here are a few examples of how different techniques can be combined
within hybrid approaches:

• Rule-Based Methods with Machine Learning: In this approach, rule-
based methods are combined with machine learning algorithms. The
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predefined rules capture specific patterns or layout constraints, while
machine learning models are trained to handle variations and adapt to
different table structures. Rule-based methods can provide initial table
region identification, and machine learning models can refine the extrac-
tion by learning from labeled training data.

• NLP Techniques with Computer Vision/Image Processing: Hybrid ap-
proaches combining NLP techniques and computer vision/image process-
ing focus on improving the accuracy and interpretation of table content.
NLP techniques, such as Named Entity Recognition (NER) and seman-
tic analysis, enhance the understanding of table headers, column names,
and content. Meanwhile, computer vision techniques analyze the visual
cues, such as table boundaries and cell structures, to assist in accurate
region identification and extraction.

• Machine Learning with Computer Vision/Image Processing: This ap-
proach combines machine learning algorithms with computer vision tech-
niques. Machine learning models can be trained on annotated Datasets
to classify and extract table regions, utilizing features extracted from
the visual elements of PDF documents. Computer vision techniques,
such as image segmentation or edge detection, can be employed to pre-
process the PDFs, enhance the visual quality, and improve subsequent
table extraction by the machine learning models.

By combining different techniques, hybrid approaches aim to overcome the
limitations of individual methods and achieve higher accuracy, adaptability,
and robustness in table extraction from PDFs. These approaches leverage
the strengths of each technique to handle diverse table layouts, variations in
document quality, and different types of PDF documents.
The selection and integration of techniques in hybrid approaches depend on
the specific requirements, characteristics of the PDF documents, and the
available resources. The goal is to create a cohesive framework that max-
imizes the benefits of different approaches and produces superior results in
table extraction tasks. Ongoing research in hybrid approaches focuses on ex-
ploring new combinations of techniques, optimizing the integration process,
and developing advanced algorithms to further enhance the accuracy and
efficiency of table extraction from PDFs.

By examining the existing literature and related works in table extraction
from PDFs, this master’s thesis seeks to build upon previous advancements
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and propose novel approaches that enhance the accuracy, efficiency, and scal-
ability of table extraction methods. The review of related works will provide
insights into the strengths, weaknesses, and limitations of existing techniques,
identify research gaps, and lay the foundation for further exploration and in-
novation in the field of table extraction from PDF documents.

2.2 Description of algorithms used
In this project, a hybrid approach was used, based on the use of different
techniques and libraries to achieve a maximized result in terms of accuracy
and time. A hybrid approach is well-suited for extracting tables of unknown
structure that can be structured, semi-structured, or unstructured. This is
because a hybrid approach combines the strengths of different techniques to
handle varying scenarios. When dealing with structured tables, the struc-
tured data extraction methods of the hybrid approach can accurately identify
and extract tabular data based on known patterns and defined structures.
For semi-structured tables, the combination of techniques like computer vi-
sion enables the system to analyze the visual cues and textual content to
identify and extract the tabular information. In the case of unstructured
tables, the hybrid approach using rule-based can help by looking for recog-
nizable patterns that can serve to recognize previously observed structures.
By combining these different approaches, a hybrid method can provide a
versatile and effective solution for extracting tables from documents with
unknown structures, as reported in the figure 2.1, regardless of whether they
are structured, semi-structured, or unstructured.
Given that we therefore have tables whose format and layout are unknown,
a hybrid approach was adopted in this project, which by combining two li-
braries, Tabula[21] and Camelot[22], and with the use of regex succeeds in
having good accuracy in the number of tables recognized and in the accuracy
of the contents within the tables. The combination of Camelot, regex, and
Tabula proves to be an efficient solution for extracting tables from PDF files.
Let’s delve into the detailed reasons why this combination is effective:

• Camelot is a Python library that facilitates table extraction from PDF
files using computer vision techniques. It offers an intuitive and user-
friendly interface to analyze the visual components of PDF documents
and extract tabular data. Camelot leverages the power of image process-
ing algorithms to detect and recognize table structures within PDFs.
One of the key features of Camelot is its ability to handle a wide range
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of table layouts, including those with complex structures or irregular
formats. By analyzing the visual cues present in the PDF, such as
lines, borders, and cell boundaries, Camelot can accurately identify table
boundaries. Camelot supports various table extraction methods, includ-
ing both lattice-based and stream-based approaches. The lattice-based
approach works well for tables with clearly defined grid lines, while the
stream-based approach is effective for tables without visible grid lines.
This flexibility allows Camelot to adapt to different types of table lay-
outs, ensuring accurate extraction regardless of the structure.
Another notable feature of Camelot is its support for multiple output
formats. Extracted tables can be saved in various formats, such as CSV,
Excel, HTML, or JSON, making it easy to integrate the extracted data
into different workflows or applications. Camelot also provides options
for specifying custom table areas to extract, handling headers and foot-
ers, and dealing with rotated or skewed tables. These features enhance
the versatility and adaptability of Camelot for extracting tables from
PDFs with diverse characteristics. Moreover, Camelot offers integration
with other popular Python libraries, such as Pandas[23], Numpy[24],
and Matplotlib[25], facilitating seamless data analysis and visualization
workflows after table extraction.
Overall, Camelot simplifies the process of extracting tabular data from
PDF files by leveraging computer vision techniques. Its ability to handle
various table structures, support multiple output formats, and provide
customization options makes it a powerful tool for extracting valuable

Figure 2.1. Different type of data
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information from PDF documents.

• Tabula is an open-source Java library and command-line tool that spe-
cializes in extracting tabular data from PDF documents. It provides a
user-friendly interface and a range of features that facilitate the extrac-
tion process.
One of the key features of Tabula is its ability to handle a wide vari-
ety of PDF layouts and table structures. It utilizes advanced document
analysis algorithms to analyze the PDF files and identify tables within
them. Tabula can detect lines and text within the tables, allowing for
accurate extraction of tabular data.
Tabula supports both interactive and batch extraction modes. In the
interactive mode, users can manually select the tables to extract by
drawing bounding boxes around them. This enables precise control over
the extraction process, especially in cases where there are multiple ta-
bles or complex layouts within a PDF. In the batch mode, Tabula can
automatically detect and extract tables from a set of PDF files, making
it suitable for large-scale data extraction tasks.
The extracted tabular data can be saved in various formats, including
CSV, JSON, and Excel. Tabula also provides options for customizing the
output, such as specifying the delimiter for CSV files or selecting specific
sheets from multi-sheet PDFs. This flexibility ensures that the extracted
data is presented in a format that is convenient for further analysis or
integration into other systems. Tabula offers a range of command-line
options, allowing users to customize the extraction process based on
their specific requirements. It provides features like specifying the area
to extract, handling complex table structures, and skipping headers or
footers. These options enhance the accuracy and efficiency of the ex-
traction process, especially when dealing with PDFs that have varying
layouts. Furthermore, Tabula has a friendly and active community of
developers who provide support, contribute to the improvement of the
library, and address user inquiries and issues.
Overall, Tabula is a powerful and versatile tool for extracting tabular
data from PDF files. Its ability to handle different table structures, sup-
port various output formats, and provide customization options makes
it a valuable resource for data extraction and analysis tasks

• Regular expression, commonly referred to as regex, are a powerful tool
for pattern matching and manipulation of text data. They are especially
useful for extracting tables due to their versatile matching capabilities.
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Regex allows for the definition of specific patterns or rules that match
a particular structure or format within the text. For table extraction,
regex patterns can be created to match the characteristics of table struc-
tures, such as row and column patterns, cell delimiters, or header/footer
markers.
Regex provides a flexible and expressive way to define patterns. It allows
you to specify precise rules for matching elements within the text, such
as row and column separators or cell content patterns. By crafting ap-
propriate regex patterns, you can accurately identify and extract table
components.
Tables can have various structures, including different numbers of rows
and columns, varying cell arrangements, and diverse header/footer for-
mats. Regex allows for dynamic adaptation to these variations. By
constructing flexible regex patterns, you can accommodate different ta-
ble layouts and extract data reliably across various documents.
In addition to matching patterns, regex offers powerful text manipu-
lation capabilities. You can use regex to clean and preprocess the text
before extracting the table. This can involve removing unwanted charac-
ters, handling line breaks, or replacing specific patterns with appropriate
separators. By manipulating the text with regex, you can enhance the
quality and accuracy of the extracted table data.
Regex can be automated to process large numbers of documents in a
scalable manner. Once you have defined the regex patterns for table
extraction, you can apply them to a batch of PDFs or text files. This
automation saves time and effort, especially when dealing with a large
Dataset or recurring extraction tasks.
In summary, regex is valuable for table extraction because of its pattern
matching capabilities, dynamic adaptability to diverse table structures,
text manipulation features, scalability, and integration with program-
ming languages. By harnessing the power of regex, you can effectively
extract tabular data from documents, including PDFs, and further ana-
lyze and utilize the extracted information.
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Problem specification
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Chapter 3

Solution description

3.1 Problem description

3.1.1 General description

In today’s business landscape, sustainable practices and financial perfor-
mance go hand in hand. To understand and measure the impact of a com-
pany’s operations, it is crucial to extract scope values and revenue values
from sustainability reports and profit and loss accounts in PDF format. Sus-
tainability reports provide comprehensive insights into a company’s environ-
mental performance, including direct and indirect emissions categorized into
different scopes. Extracting scope values allows for the calculation of emis-
sion intensity, which measures the environmental impact per unit of revenue
or other relevant metrics.
On the other hand, profit and loss accounts offer a financial snapshot of a
company’s revenues, expenses, and profitability. Extracting revenue values
from these accounts is essential for assessing a company’s financial perfor-
mance and understanding its revenue-generating capabilities. Revenue values
are key in calculating financial metrics such as revenue intensity, which evalu-
ates the revenue generated per unit of environmental impact or other relevant
metrics.
The process of extracting scope values and revenue values from PDF doc-
uments poses several challenges. PDFs are not inherently structured data
formats, making it necessary to employ various techniques to extract the de-
sired information accurately.
Once the scope values and revenue values are successfully extracted and val-
idated, they can be integrated into a unified Dataset for further analysis.
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This integration may involve combining data from multiple pages or sources
to create a comprehensive picture of a company’s environmental and financial
performance. With the integrated Dataset, calculations can be performed to
calculate metrics like emission intensity and revenue intensity, providing in-
sights into the relationship between a company’s environmental impact and
its financial success.
In conclusion, the extraction of scope values and revenue values from sus-
tainability reports and profit and loss accounts in PDF format is a critical
step in assessing a company’s environmental sustainability and financial per-
formance. By accurately extracting and analyzing this data, organizations
can make informed decisions, identify areas for improvement, and develop
sustainable strategies for a greener and financially sound future.

3.1.2 Description of the implemented solution
The goal of this thesis, as explained earlier, is to calculate intensity metrics
so that a company can be evaluated with standardized values based on rev-
enue. In fact, a large company will have a higher number of emissions than
a smaller company, but that does not make the small company behave more
green than a large company. Therefore, using this metric helps to analyze
different companies in an objective and standardized way.
In order to calculate the metrics then, two information are needed: emissions
and sales. Information regarding emission scopes are found in sustainability
reports, while information regarding sales, are usually within the profit and
loss account. The purpose of the thesis then is to be able to extract the last
year’s numerical values associated with the three different scopes and to be
able to extract the numerical value associated with last year’s sales. The
complexity of this project is due to the fact that within the sustainability
reports, there are both values for the different scopes associated with past
years, in order to compare them with the values obtained in the current year,
and target values for the future. Similar situation arises for the value associ-
ated with sales. The other difficulty in developing this project is due to the
high variability and difference between tables, even within the same report.
As the figures 3.1, 3.2 and 3.3 below show, taking ENDESA’s sustainability
report as an example, within the PDFs are the values for scope 1 in three
different tabular formats.
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Figure 3.1. Example number 1 table for scope 1 from ENDESA

Figure 3.2. Example number 2 table for scope 1 from ENDESA
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Figure 3.3. Example number 3 table for scope 1 from ENDESA
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As for extracting sales values, it is easier, because the tables are in a more
standard format. In this case, however, the complexity lies in the keyword
search, in fact unlike scopes, which by convention are always written in the
same way, with regard to sales, they can be written as sales, turnover or
revenue.

Here are some additional details regarding the challenges and techniques
involved in extracting scope values and revenue values from sustainability
reports and profit and loss accounts in PDF format:

• Text Extraction: PDF files store text as a collection of characters po-
sitioned at specific coordinates on the page. Extracting text from a PDF
requires utilizing libraries or tools that can interpret the underlying text
structure. PyPDF2[26] is a commonly used library for extracting text
from PDF documents. However, text extraction may not always cap-
ture the desired formatting or structure, making it necessary to further
process and analyze the extracted text.

• Table Extraction: Sustainability reports and profit and loss accounts
often contain tabular data, where scope values and revenue values may
be organized. Extracting data from tables in PDFs can be challenging
due to variations in table formatting, merged cells, and complex layouts.
Tools like tabula and Camelot offer functionalities for extracting tables
from PDFs. Tabula uses a technique called "extraction by area" to locate
and extract tables, while Camelot employs algorithms to identify table
structures. After table extraction, the data can be processed to identify
and extract the relevant values.

• Pattern Matching: Once the text or tables are extracted, pattern
matching techniques can be used to identify the desired values. Regular
expressions (regex) are powerful tools for pattern matching and can help
identify specific keywords or patterns associated with scope values (e.g.,
"scope 1," "scope 2," "scope 3") and revenue values (e.g., "revenue," "rev-
enues," "sales"). By searching for these patterns within the extracted text
or table data, the corresponding values can be identified and extracted.

• Data Validation and Cleaning: Extracted data may contain noise,
inconsistencies, or errors. It is essential to validate and clean the ex-
tracted values to ensure accuracy. This process may involve removing
unnecessary characters, converting data types, handling missing values,
and addressing data inconsistencies.
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• Integration and Calculation: Once the scope values and revenue val-
ues are extracted and validated, they can be integrated into a unified
Dataset for further analysis. Integration may involve combining data
from multiple pages or sources. With the integrated Dataset, calcula-
tions can be performed to calculate intensity metrics such as emission
intensity or revenue intensity. These calculations help evaluate the rela-
tionship between environmental impact and financial performance.

As explained before, the combination of Camelot, regex, and Tabula offers a
comprehensive and effective approach for extracting tables from PDF files.
Camelot provides visual analysis of images, regex identifies table structures
within the text, and Tabula extracts the data in a structured format. This
combination successfully handles different table structures present in PDFs,
ensuring accurate extraction of tabular data. The synergy between these
three components provides a powerful method for efficiently and reliably
extracting and manipulating tables from PDF files.
The figure 3.4 below shows a schematic of how the three approaches used work
in parallel, and then are combined for preprocessing and later Dataframe
creation. The algorithm 1 shown on the next page, on the other hand, shows
at the pseudocode level the steps followed to extract the tables; starting with
the Pdf and parsing the Pdf and using the three different approaches.

PDF TABLES

CAMELOT

TABULA

REGEX

PROCESSING DATAFRAME

Figure 3.4. Schema of how Camelot, Tabula and regex are used
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Algorithm 1 Table Extraction
Input: PDF file path
Output: Extracted tables as a DataFrame
Procedure ExtractTables(pdf_file)

extracted_tables ← {} pdf_text ←
ConvertPDFtotextusingPDFextractor

// Table extraction using one of the three methods
method_tables ← Tablextractor(pdf_file) foreach table in
method_tables do

extracted_tables← AddTableToDictionary(extracted_tables, table)
end
return extracted_tables

Function AddTableToDictionary(dict, table)
df ← ConvertTableToDataFrame(table) dict ←
AddToDictionary(dict, df) return dict

3.2 Designed solution

In this section, the solution implemented at the logic and sequence level is
explained in detail.
First, the project is divided into two separate parts, one for extracting in-
formation from the sustainability report, and one for extracting data from
the profit and loss account. Since we do not know the exact location of the
important data within PDFs, we adopted as a strategy to extract all the
text within the PDF using a library already implemented in python called
PyPDF2.
PyPDF2 is a Python library that provides functionalities for working with
PDF documents. It allows developers to extract text, manipulate pages,
merge and split PDFs, encrypt and decrypt files, and perform various other
operations on PDFs. The library is built on top of the original PyPDF library
but offers additional features and improvements. One of the main features
of PyPDF2 is text extraction. It enables users to extract text content from
PDF documents, including both plain text and formatted text. This func-
tionality is particularly useful when analyzing PDFs for specific information
or performing text-based searches within the documents. PyPDF2 also al-
lows for the manipulation of PDF pages. Developers can merge multiple
PDF files into a single document, extract specific pages or ranges of pages,
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rotate pages, and reorder them as needed. These operations provide flex-
ibility in handling PDF files and customizing their structure. The library
supports encryption and decryption of PDF files, enabling users to protect
sensitive information within the documents. It provides methods for setting
passwords and permissions, as well as decrypting encrypted PDFs with the
appropriate credentials.
While PyPDF2 is a powerful library for basic PDF manipulation and extrac-
tion tasks, it has some limitations. It does not support all PDF features, such
as interactive forms or advanced encryption methods. Additionally, PyPDF2
is not designed for direct content editing within the PDF documents, as it
focuses primarily on extraction and manipulation of existing content.
Overall, PyPDF2 provides a convenient and user-friendly interface for work-
ing with PDF documents in Python. It simplifies common PDF operations
and enables developers to extract text, manipulate pages, encrypt files, and
perform various tasks required for PDF processing in a straightforward man-
ner.

3.2.1 Table extraction from PDFs

So, through the use of this library we are able to extract the textual content
of each page of the PDF. Having, for each PDF, a very variable number of
pages, which depends on the fact of how much information is reported within
the report, we use regular expressions, called regex, which search within the
page if keywords appear.
In the case of searching for numerical values within the sustainability report,
the words "scope 1" are used as keywords , "scope 2" and "scope 3". On the
other hand, in the case of searching for values within the profit and loss ac-
count, the words "revenues", "turnover" and "sales" are searched. Using this
method, and taking into consideration that thanks to the PyPDF2 library
even tables are decomposed into text, one is able to filter only those pages
where the information sought appears, without having to apply the table ex-
traction methods even on pages where the desired information is not present.
This implementation greatly helps to decrease program execution time, as it
dramatically reduces the number of times the table extraction functions are
called. Once only the pages containing the keywords have been extracted,
the three table extraction methods that were previously explained from a
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theoretical point of view are applied; for each page all three extraction meth-
ods, Camelot, Tabula, and a function constructed by regex, are applied. If at
least one of the three methods extracts at least one table, a new dictionary
is created within a list in which we find as the first key the text that is on
the current page of the PDF, and then a new key is created for each method
that finds at least one table within the page. Once all pages have been ex-
tracted from the PDF, this first program section returns a list of dictionaries,
in which the number of items within the list represents the number of pages
in the pdf in which the keywords appear. This algorithm is applied to the
sustainability report, to extract the tables containing purposes, and to the
profit and loss account, to extract the tables containing sales-related values.

Algorithm 2 Extracting tables from PDFs
Input : file - PDF name

pattern - Pattern’s regex
Output: filtered_page_contents - Pages containing tables
file ← "Filename" pattern ← Regex pattern
page_contents ← [] filtered_page_contents ← []

// Open the PDF in a read mode
with open(file) as pdf_file:
// Iterate on all pages of the PDF file
for page_num ← 0 to len(pdf.pages) do

// extract the text from the page
text ← pdf_page.extract_text()
// Checks whether the text contains the pattern
if pattern.search(text) then

// extract the table using one of the three method
method_tables ← extract_tables_method(text)
// Checks whether at least one of the methods has

extracted a table
if any(pattern(table.values) in (method_tables) then

filtered_page_contents.append({’page_num’: page_num+1,
’text’: text, ’tables_method’: method_tables})

The algorithm 2 shows the pseudo code used to implement the first part,
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which returns as output a list of dictionaries, where each dictionary within
the list represents a page of the original pdf in which at least one table was
found by at least one of the three methods.
In case tables from all methods are extracted from a page, the result is re-
ported as follows :

filtered_page_contents[{
’page_num’: page_num + 1, ’text’: text,
’tables_tabula’: tabula_tables, ’tables_camelot’: camelot_tables,
’tables_regex’: regex_tables }]

3.2.2 Creation of a regex function
At this point, we have two different dictionary lists: one for tables extracted
from the sustainability report, and one for tables extracted from the profit
and loss account. To get to this, as explained earlier, the three different
approaches are used. The first two, already previously exposed, use libraries
implemented in python, which makes their use easier and faster. Looking
initially at the behavior of these two libraries, it can be seen that just using
them does not lead to optimal results, since anyway being the pdf tables in
different formats, it can happen that both methods are not able to extract
the tables correctly. The idea of implementing a hand-developed function
comes from the need to have a triple check to get a better result. By having
a triple control, the accuracy and precision of table extraction increases con-
siderably, making this project more efficient in terms of accuracy.
In order to develop a function that uses regexes to extract tables from PDFs,
we need to find a pattern that identifies the header of the table, a pattern
that identifies which rows are inside the table, and a pattern that, to improve
the accuracy of table extraction, is able to remove rows that do not contain
the desired information. In developing the function that is used for header
recognition, use is made of the fact that the tables studied previously to
develop this project, being tables that present numerical values for each key
involved, present in the header the years to which the values refer. Therefore,
using the fact that the tables are converted to text format via PyPDF2, we
can search within each row, via regex, if a sequence of characters appears
that can represent a sequence of consecutive numbers, which theoretically
represent the years present in the header. Through the use of regex, the row
and its location within the PDF page is saved, so that we can then later start
from that point to parse and format the rows present within the table.
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Once the header is saved, it is formatted and saved in a list, so that each
year represents a value within the list, so that subsequently each row within
the table is formatted in the same way.
Once the header is formatted, the main function starts extracting text from
each line, which is transformed and formatted in the same way as the header.
During line formatting, some malfunctions may occur: It may happen that
some rows have fewer values than the header, or it may pick up that some
rows have special characters that are not recognized during extraction.
To overcome this problem, each row is inserted within a list, and the values
are inserted within the table starting at the end of the list, where there are
normally numeric values associated with the years. Once the numeric values
are finished, that is, once the same number of numbers are found as are in
the header in the list, a check is made via regex in which a search is made
to see if at least one of the keywords is contained within the row. If at least
one of the keywords is contained within the row, the only information saved
besides the numeric values is the keyword. Once this process is completed for
each row within the table, a final check function is applied, which removes
each row from the table if it does not contain one of the keywords.
This last control is used to decrease the number of rows within each table,
making the reading and analysis process faster and more efficient. The figure
3.5 shows how the function works.

The use of this algorithm, leads to excellent results at the level of table
extraction, as it is very fast in terms of time and very accurate in terms of
the accuracy of the data extracted from the table. One of the problems that
may arise while using this algorithm is that the tables within the PDF have
a strange layout that is extracted differently from the classical type on which
the created regex function is based. However, having a very good number of
tables extracted coin this method and, considering the fact that this method
is added to the other two existing ones so as to have a triple check, it repre-
sents a very good solution.
The image 3.6 and table 3.1 below represent an example of how a table con-
tained within a PDF page is extracted through the use of the regex function
just explained. As can be seen, all rows that, in this case we are dealing with
the sustainability report and therefore we are considering scopes 1,2 and 3 in
the search, do not contain one of the keywords or do not pass the imposed
filters, are saved and transformed within the Dataframe.
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Figure 3.5. Schema of how the regex function works
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Figure 3.6. Example of a possible table, extracted from Engie
Sustainability report
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2018 2019 2020
Scope 1 57.2 46.2 38.6
Scope 2 2.9 2.5 2.3
Scope 3 139.2 133.6 134.0

Table 3.1. Example of a dataframe extracted from a table

3.2.3 Data cleaning and data filtering
Once the tables have been extracted from the pages that contain at least one
of the keywords, the tables obtained from the three different methods are
transformed into Dataframes, through the use of Pandas, which allows the
extracted tables to be transformed in list format into Dataframe objects.
After having the tables in a Dataframe format, the process of filtering and
formatting the tables begins. As mentioned earlier, the tables are extracted
from the pages that contain at least one of the keywords, this implies that
some of the extracted tables may not contain the important information
and related to this or project. The filtering process involves eliminating ta-
bles in which numeric values do not appear in the header, since normally
as explained earlier in the last chapter,having to search for numeric values
associated with years, the header must be formed by the years to which the
values refer.
Another process of table transformation occurs because it may happen that
the extraction of tables through functions already implemented, thus through
the use of tabula and camelot, the formatting of the header is incorrect. In
fact, it may happen that new rows are added to the beginning of the table
containing null rows. By eliminating them, we can then have better precision
in extracting values once we have only the tables we need.
Once the tables have been filtered and transformed, we obtain a list of
Dataframes that will consist of the tables that are important for extract-
ing the numerical values of interest.

3.2.4 Extracting values from tables
Once the tables are ready, we proceed with the search and extraction of the
values of interest. For this part, the searches for purposes and for sales work
in parallel, keeping the same method but changing only a few details, such
as the keywords to be searched and the units of measurement.
The main idea for this part of the project is to analyze each Dataset and
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create a dictionary of dictionaries, where each principal dictionary repre-
sents one of the analyzed PDFs, which is composed of a dictionary where
each key represents one of the searched keywords. If that word was found
within the Dataframe and a numeric value associated with the last desired
year was found, the numeric value is entered into the dictionary created. In
this part of the project we filter one last time on the content of the rows
of the dictionary; in fact, it may happen that more information related to
a specific purpose is reported within a table, such as information related to
CO2 emissions, or or information related to the emission ratio. Since the
purpose of this project is the extraction of the values of the scopes, some
keywords are sought that can help in the extraction of only the desired and
necessary values. Having then extracted the desired values, all that remains
is to save them in the correct unit of measurement; In the case of values
for emissions, we create a function that searches within the row for one of
the keywords associated with that unit of measurement, i.e., searching for
words such as "thousands" or"millions," and successively, based on the word
found, we multiply the value obtained by the reference value for the unit
of measurement keyword. In the case associated with extracting values for
sales, the keywords in this case are "million" and "billion." Again, once the
unit of measurement is extracted, the numerical value is multiplied by the
associated value.
At this point, having two dictionaries of dictionaries, only one value per
keyword needs to be extracted. It may happen that, in some cases, non-
numeric values or numeric values not related to our project are extracted
from Dataframes that have passed filtering but are not important. To ex-
tract only the necessary values, we use a majority method, in which the more
times a numeric value is found within the dictionary, the more important it is.
To give greater weight to theoretically correct values, we give greater weight
to the Dataframes from which we extract the values associated with all key-
words. In fact, as can be imagined, it is quite normal to think of connected
values referenced to similar topics as being included in the same table within
the PDF. At this point, a final dictionary is created in which are the key-
words and the numerical value found repeatedly related to it. At this point,
you are able to calculate the metric of interest, intensity, in the following way:

Intesity = Scope1 + Scope2 + Scope3
Sales

(3.1)
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Experimental evaluation

This section brings and analyzes the results obtained from this project. Since
the goal of this project is the extraction of information found within the ta-
bles of PDFs, classical metrics for evaluating the functionality of a project
cannot be used, since the goal is to extract a relatively small number of ta-
bles, but that must be very precise. For the creation of this project, a large
number of PDFs were not used, given the high difficulty in being able to
find a large number of companies’ sustainability and profit and loss account
PDFs.
Since it was not possible to find a large number of PDFs, the focus was on
correctly extracting emission and sales information for each company.
Some examples of the results obtained are given in this section to make the
process carried out clearer. As explained earlier, as this is a very complicated
project, the accuracy in extraction is not absolute, in fact the type of format-
ting of the tables, the arrangement in space, color, shading and gradation
can be disturbing elements in extracting information from the tables.
Having premised that the difficulty of the task is considerable, given the com-
plicated structure of the tables, another problem encountered in this task is
that of the execution time to get to the solution of the problem. In fact, as
you can imagine, the execution time of the project, depends solely on two
factors:

• length of PDF: the length of the PDF is a very important factor to
consider if you want to study the time it takes the program to analyze
and extract the PDF. In fact, taking into consideration 5 different sus-
tainability reports from companies we can observe that the extraction
time is proportional to the length of the PDF; in fact, increasing the
number of pages in the PDF, the extraction time of it also increases.

47



4 – Experimental evaluation

As can be seen from the table 4.1 below, when the number of pages in-
creases, the table extraction time also increases. And proportional, since
usually the greater the number of pages, the longer it takes to extract
the information, but not directly, since the time depends not only on
the number of pages, but also on another factor that we will analyze in
the second point.

Trials N of pages Time mean Time std
Engie 5 60 70.12 s 12.35s

Holmen 5 100 134.22 s 29.23 s
Eni 5 452 1092 s 121.78 s

Endesa 5 354 396.34 s 43.77 s
Chevron 5 84 124.14 s 22.10 s

Table 4.1. Example of some pdfs and their extraction times in relation
to the number of pages

• PDF complexity: Another factor to consider regarding the time taken
to extract information in tables within PDFs concerns the structure and
complexity of the PDF. In fact, as explained earlier, tables are extracted
only from pages where the regex function finds at least one keyword
within the page. If no table appears within that page that contains the
information regarding purposes or issues, the table will still be extracted
and only then, before inserting it within the list of useful tables will a
check be made on the contents of the table. Therefore, the number of
tables within the pages and the structure and complexity of the tables are
also an important factor regarding the execution time. It may happen
that some tables have strange layout, nuances or complex structures,
which increase the extraction time.
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4.1 Results
In this section, examples of the results obtained will be brought so that we
can better visualize the purpose of the project and be able to understand its
use. Four different companies for which the algorithm was applied will be
brought as examples, and the results obtained will also be displayed.

4.1.1 EDF

Figure 4.1. Emissions values from EDF sustainability report (2021)

Figure 4.2. Sales value from EDF Management report (2021)
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2019 2020 2021
Scope 1 33 28 27
Scope 2 0.3 0.3 0.3
Scope 3 119 107 102
Sales(m) \ 69031 84461
Intensity \ 0.00195 0.0053

Table 4.2. Values extracted from the EDF PDFs and the intensity
metric calculated with them

n N of pages Time mean Time std
Sustainability report 5 572 122.84 s 24.43 s
Management report 5 33 36.64 4.76 s

Table 4.3. Mean time and std time for extracting tables from EDF PDFs
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4.1.2 EDP

Figure 4.3. Sale values from EDP result report (2021)

2019 2020 2021
Scope 1 14.363 9.304 9.805
Scope 2 0.846 0.593 0.792
Scope 3 11.730 11.572 10.304
Sales(m) \ 12448 14983
Intensity \ 0.00173 0.00140

Table 4.4. Values extracted from the EDP PDFs and the intensity
metric calculated with them
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Figure 4.4. Emissions values from EDP sustainability report (2021)

n N of pages Time mean Time std
Sustainability report 5 331 471.34 s 47.21 s

Profit and Loss report 5 29 34.45 s 3,87 s

Table 4.5. Mean time and std time for extracting tables from EDP PDFs
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4.1.3 Holmen

Figure 4.5. Emissions values from Holmen sustainability report (2021)

Figure 4.6. Sale values from Holmen year-end report (2021)
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2019 2020 2021
Scope 1 \ 0.79 0.97
Scope 2 \ 0.38 0.60
Scope 3 \ 4.60 5.50
Sales(m) \ 16327 19479
Intensity \ 0.0004 0.0005

Table 4.6. Values extracted from the Holmen PDFs and the intensity
metric calculated with them

n N of pages Time mean Time std
Sustainability report 5 100 28.34 s 6.65 s

Profit and Loss report 5 20 24.56 s 3.26 s

Table 4.7. Mean time and std time for extracting tables from Holmen PDFs
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4.1.4 ENI

Figure 4.7. Emissions values from ENI sustainability report (2022)

2020 2021 2022
Scope 1 37.76 40.08 39.39
Scope 2 0.73 0.81 0.79
Scope 3 185 176 164
Sales(m) 43987 76575 132512
Intensity 0.005 0.003 0.002

Table 4.8. Values extracted from the ENI PDFs and the intensity
metric calculated with them
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Figure 4.8. Sale values from ENI year-end report (2022)

n N of pages Time mean Time std
Sustainability report 5 452 1092 s 121.78 s

Annual report 5 76 74.34 s 18.36 s

Table 4.9. Mean time and std time for extracting tables from ENI PDFs
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The figures 4.1 , 4.3 ,4.5 and 4.7 show the values of scopes inside the
Sustainability report within three possible energy companies, EDF, EDP ,
Holmen and ENI.
Instead, the figures 4.2, 4.4 ,4.6 and 4.8 show sales values within the same
companies, but in the Profit and Loss account pdfs.
The tables of the different pdfs are very different from each other and how a
cross-solution that can use different types of algorithms is the best solution.
Different shades, different setting of columns and information present for each
row pose a problem for a solution that follows a linear trend. The developed
approach allows the development of different implementation methodologies,
which greatly improve the results obtained from the different approaches used
explained above.
It must be remembered, however, that the tables in the pdfs, although from
different companies, still have a constant basic structure, namely the name
of the purpose in the first column, the years as column names, and numerical
values representing the values of the scopes.
The tables 4.2 , 4.4 ,4.6 and 4.8 show the values extracted from the tables
for the three purposes and for sales. As can be seen, the extracted values
refer to the number of year in the columns, tables with less year will extract
fewer values from the tables. In addition, the tables also show the values for
the intensity metric, calculated later using the formula explained earlier.
Instead, the tables 4.3, 4.5 ,4.7 and 4.9 show the number of attempts, number
of pages of pdfs , mean and standard deviation to analyze the pages and
extract the contents from the tables.
As can be seen and as analyzed above, the number of pages affects the average
time to extract the information. In addition, the complexity of the pages and
tables also affects the difficulty and timing of analysis and extraction.
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Chapter 5

Final consideration

After showing some examples of how it is possible to use the created algo-
rithm, we can therefore conclude that the project has many positive and
interesting aspects, however, as could be seen, it also has some weaknesses.
The program’s adaptability in extracting tables of different types, with very
differently structured data, is one of the strengths of this project; moreover,
the ability to extract the desired tables is due to a good accuracy in the
extraction. The total accuracy, which consists of the number of information
extracted correctly from the PDFs is 79%.
The value obtained represents an excellent goal considering the difficulty in
the work done, given by the difficulty of finding a pattern that was usable
on several different types of tables.
The use of this work therefore can be useful in searching for key values within
tables, which is still to date a very time-consuming task. This project may
represent an initial solution for a more advanced project, through the use of
computer vision algorithms adapted to the needs and perhaps in a future use
of transformers.
Having considered the good points of this project, let us now consider the
weaknesses that were observed during the construction and testing of the
project. One of the most critical aspects is that related to the table extrac-
tion time, which depends on the length and complexity of the PDFs. On
average, the longer a PDF is, the longer the extraction term, so using this
work may not be optimal for large PDFs, for which the extraction work may
even take up to an hour. An initial optimization was applied to it, however,
by extracting only the tables from pages that contain at least one keyword,
instead of parsing every table within the PDF. This optimization reduced
the extraction time dramatically, reducing it to 1/5 of the time.
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5 – Final consideration

The last problem encountered is that of the inability to extract from tables
that differ too much from the structure of the recognition method or the
automatic methods adopted in this project. As mentioned earlier, the accu-
racy is not complete, as the extraction of tables is not 100% guaranteed, but
still remains high given the use of three different methods to optimize the
extraction. Having these strengths and some weaker points, it represents a
good starting point for the development of a method that can recognize the
highest number of layouts and data structures in table format.
In conclusion, the use of this thesis may be more successful within the next
two years, as companies are trying to structure the data and information in
the tables in a standard way that is congruent with the established guide-
lines. The new law will come into effect at the beginning of 2024, so the use
of this algorithm can definitely increase, and its accuracy in extraction will
also increase significantly, also reducing the extraction time due to the fact
of the complexity of the tables.
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Chapter 6

Future work

In this last section, I would like to discuss some possible future work re-
lated to information extraction from tabular data. This area of research
holds tremendous potential for unlocking valuable insights and enabling data-
driven decision-making. As we look ahead, there are several exciting avenues
to explore and enhance the extraction process.
Firstly, we can focus on improving the extraction of relationships within
tables. Given the diverse formats and structures of data, developing more
sophisticated algorithms and techniques to accurately identify and extract
relationships between table columns would significantly enhance the quality
of extracted data.
Secondly, we can delve into the management of table semantics. Tables often
contain implicit information and semantic relationships that can be challeng-
ing to extract using pattern recognition algorithms alone. By integrating se-
mantic understanding into information extraction techniques, we can achieve
a deeper interpretation of table context and extract more meaningful insights.
Additionally, expanding information extraction to support multiple languages
is an important endeavor. With the globalization of data applications, the
ability to handle multilingual data becomes crucial. Developing algorithms
and models that can extract information from tables in different languages
would help tackle the challenge of language diversity.
Complex tables present another intriguing area for future work. Tables can
become intricate, with merged cells, nested structures, and complex informa-
tion within individual cells. Developing algorithms capable of handling such
complexity and extracting information from these intricate structures would
be a significant research direction.
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6 – Future work

In conclusion, the future of information extraction from tables holds im-
mense potential for advancements. By focusing on improving relationship ex-
traction, incorporating semantic understanding, handling multilingual data,
tackling complex table structures, establishing evaluation standards, and
considering unstructured text, we can push the boundaries of information
extraction and unlock deeper insights from tabular data.
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