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Abstract

The advent of Industry 4.0 phenomenon has been transforming the information man-
agement regarding the specifications of electronic components. This change affects many
organizations, including global supply chains that optimizes many product chains, such as
raw materials or electronic components. Supply chains consist of thousands of manufac-
turers and connect them to other organizations and end user, and they include billions of
distinct components. The digitization of critical information has to be carried out auto-
matically since there are millions of documents. Although the documents vary greatly in
shape and style, the essential information is usually presented in the tables in a condensed
format. Extracting the structured information from tables are done by human opera-
tors, which costs human effort, time and corporate resources. Based on the motivation
that AI-based solutions are automating many processes, this thesis proposes to use deep
learning-based solutions for three main problems: (i) table detection, (ii) table internal
structure detection and (iii) End-to-End (E2E) tabular structure detection. To this end,
deep learning models are trained mostly with public datasets, and a private dataset (after
labelling 2000+ documents) which was provided to us by our industry partner. To achieve
accurate table detection, we propose a method based on the successful Mask-Region-Based
Convolutional Neural Network (Mask-RCNN) instance segmentation model. With some
modifications to the training set labels, we have achieved state-of-the-art detection rates
with 99% AP and 100% recall. We use the PASCAL Visual Object Classes (VOC) 11-point
Average Precision (AP) metric to compare the evaluated deep learning-based methods. De-
tecting tables is the initial step towards semantic modeling of e-components. Therefore,
structure should also be detected in order to extract information. With this in mind, we
introduce another method based on the Mask-RCNN model, which is able to detect struc-
ture at a with around 96% AP. Combining these two networks, or developing a new model
is a necessity. To this end, inspired by the success of Mask-RCNN models, we introduce the
following Mask-RCNN based models to realize E2E tabular structure detection: Stitched
E2E model achieved by bridging the output of table detection model into the structure
detection model, attained more than 77% AP on the difficult public UNLV dataset with
various post-processing steps applied when bridging the two network. Single-pass E2E de-
tection networks were able to attain a higher AP of 86% but with lower recall. This thesis
concludes that deep learning-based object detection and instance segmentation networks
can accomplish state-of-the-art performance.
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Chapter 1

Introduction

1.1 Motivation

The world bank estimated that there were more than 3.4 billion internet users through-
out the world in 2016 [1]. The wide acceptance of internet opened new possibilities; Cloud
computing matured, Internet of Devices (IoT) systems have been accepted and started to
be used, new Industrial revolutions are started to happen. Industry 3.0 began with the use
of computers, automation and information technologies (IT) in general. It was aimed at
automating manufacturing processes with simple computers such as Programmable Logic
Controllers (PLC) and required human input. Shortly after, Industry 4.0 is surfaced. The
new industrial revolution includes smart devices in which they communicate with each
other, send information, and the end goal is to automatize all the processes with no human
intervention what so ever. The new revolution and IoT devices are now becoming pervasive
and applied everywhere which enables large-scale sensing to improve various processes and
operations. The information generated by these inventions is mostly digitally structured
since no human intervention is wanted. However, even though some operations are dig-
itized, digitization of every process is still far ahead. Until the digitization of the world
is complete, the industry will continue to benefit from traditional formats such as printed
papers or visual documents which are designed to be read, inspected and reviewed by hu-
mans. These data formats are mostly in PDF, DOC(x) or scanned documents format and
can be said to be designed for human use and computers cannot comprehend them easily.
Therefore, even though the data in an industrial process is automated and benefits from
the ubiquity of the Internet, cloud computing, AI and IoT; inter-organizational processes
still rely on conventional methods and is needed to be converted.
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The data generated by the industry is available online and since the internet came
into our houses and became the heart of many organizations, organizing manufacturing
processes and connecting retailers with manufacturers became harder to manage. To solve
this issue, a concept called supply chains emerged. Supply chains are defined as a group of
organizations communicating with each other to make the flow of services and information
between different entities easier [2]. Management of the supply chains, called Supply
Chains Management (SCM), is poised to benefit from the ubiquity of the IoT, Internet
and Artificial Intelligence (AI). The main goal of an SCM is to create value, leverage
logistics and synchronize the demand with supply. An SCM has to be innovative to support
and grow the commerce market that they support and to achieve this goal they have to
establish intelligent methods and cater innovative insights about the processes to provide
the necessary assistance for rapid growth [3]. Since the analysis of the data flowing through
the supply chains is essential and SCMs are information-intensive, the data should be
available and structured to be analyzed. A typical SCM includes a flow of products and
data from raw materials until to the product which is sent to the end user. In the middle
parts of this chain, manufacturers, retailers and other organizations have to share data and
find suitable suppliers for themselves. Considering Industry 5.0, which planned to bring
full automation in the process, is not here yet, human operations is still a significant player
in the chain and therefore, the formatted data is usually prepared with humans in mind.
Human operators are still significant members of an organizational process but optimizing
the supply chain and extracting the maximum value can only be achieved with data-driven
solutions.

We focus on the optimization of the aforementioned SCM operations. Much of the
information used in an SCM is shared with mostly digital-born documents where the doc-
ument is created and read in computers. However, PDF files are not created to be used
by computers, but they are formatted with visual considerations. In addition, the same
problem can be extended beyond the supply chains. For example, government offices (i.e.
hospitals) still use conventional papers where the document is printed, filled by a person
and then usually a human operator registers the information. Scanning the printed doc-
uments, extracting structured information and analysis of the historical documents is a
popular research topic [4, 5, 6] but not the main focus of this research. Instead, we primar-
ily focus on information extraction from digital-born documents, but since we use image
formats as input to our system, scanned documents work just as well. Since information
transfer is at the heart of SCM and a time-consuming task for almost every business and
organization, in this thesis and in our previous works [7, 8, 9] we focus and solve the in-
formation extraction from documents. We show that the most essential and important
information is given in tables in a document and this is based on the observations we
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made. Some examples of technical supply chain document can be seen in Figure 4.5. In
the electronic component datasheets tables contain information about the voltage values,
capacitors and more. Therefore, we believe that tables are the most critical elements in a
document in terms of ease of understandability and compactness.

In addition to tables, the main elements of documents are text blocks, formulas and
figures. These, although less than tables, provide critical information as well. Since these
documents are created to appeal to humans, they adopt distinct and unique styles differing
in between documents from various sources. Commercial tools that address this task only
operates on pre-set templates and cannot accurately detect tables with unique styles. To
solve all of the points mentioned, we are motivated to solve the problem of table discovery
and information extraction in almost all documents without previous knowledge on the
document while staying fast and accurate. Operating on non-image files (i.e. PDFs)
would allow us to use metadata, but then, we would be forced to operate on one kind
of documents only. Therefore, we chose document images as input and train deep object
detection networks as prior works have shown that they give viable solutions on table
detection task [7, 9, 10]. After the table detection, we detect smaller structures that are
semantically relevant to each other (rows and columns) from table crops. This is also a
challenging task. In table detection, the system should differentiate figures and tables, but
in structure detection, every structure possibly can have figures and tables inside them;
hence creating a nested table structure. In our previous works [8, 9] we have used Mask
Region-Based Convolutional Neural Network (Mask-RCNN) [11] and presented that a deep
learning based object detection or instance segmentation model is sufficient to provide
state-of-the-art performance with little to no pre and post-processing.

1.2 Objectives

When a simple SCM or a government is considered, we can see that possibly millions of
documents that contain valuable information is present in these ecosystems and great ben-
efits await upon analysis of the data. For instance, in an electronic component ecosystem,
there are many retailers, manufacturers of components and many more entities in the chain.
Assuming every new component is released with accompanying technical documents, there
will be millions of documents that contains vital information for many other manufacturers,
retailers and the end user. To optimize a supply chain and provide innovative insights to
the entities inside, converting these documents to viable formats which are suit-
able for further analysis is crucial. The analysis results will give matching products
for businesses and possibly with the lowest cost and improve the organizations in a chain

3
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Figure 1.1: Example document flow which exists throughout all industry.

as a whole. An overview of a use case of information extraction from documents can be
seen in Figure 1.1. Our objective is extracting information contained in tables in document
images. We formulate our solutions such that we accept any image as input. Therefore, if
the document is scanned and in pristine condition or if it is born-digital, we can utilize our
End-to-End (E2E) system. This thesis divides the information extraction into two stages;
(i) table detection and (ii) table structure detection. Tables are structured components
of a document and composed of rows and columns which determines the reading order of
the table and creates key-value pairs. Detecting these structures directly in a single-stage
is also possible. However, as we show in Chapter 5, rows are only a few pixels in height,
which makes them visually challenging to distinguish. Moreover, we employ deep learning
based solutions (specifically deep object detection networks), and since they rely on visual
saliency, the task of detecting structure directly from the document pages is challenging.
Therefore, we exercise a two-stage system wherein the first stage we detect and crop a
table region, and this crop is used in the second stage to detect rows and columns that
belong to the table to finalize the tabular structure detection. These detected structures
are then ready to undergo semantic meaning extraction phase, which is not a focus of this
thesis.

4



1.3 Contributions

After conducting a thorough literature review, we introduce improvements upon pre-
vious works, stated the limitations, found possible future directions with high possibility
to improve the information extraction from documents further. We propose a two-stage
deep object detection network based system to detect tables from arbitrary documents and
extract structures from the tables to achieve our objectives described in Section 1.2.

Our main contributions can be summarized as follows;

• The first contribution is that we propose to use object detection networks to detect
tables in document images and to prove that it works, we compare state-of-the-art
object detectors; Faster-RCNN [12], RetinaNet [13] and Mask-RCNN [11]. To train
these networks, we use public and private datasets and adapt pre-trained feature
extractors such as ResNet [14] to our domain with transfer learning. The most im-
portant contribution of this thesis is that we prove that an instance segmentation
network Mask-RCNN achieves the new state-of-the-art performance on table detec-
tion task and outperforms all other methods that we studied. We conclude that
this is largely due to the underlying architectures such as Feature Pyramid Networks
(FPNs) [15], Fully Convolutional Networks (FCNs) [16] and Group Normalization
(GroupNorm) [17]. We also observe that accepting larger input images allows the
model to learn better representations which leads to higher accuracy. However, since
GPU rams are limited, we cannot use large mini-batch sizes and Batch Normaliza-
tion (BatchNorm) [18] renders useless. In this case, Mask-RCNN with GroupNorm
performs better and allows the network to learn better.

• The second contribution of this thesis is that we propose a deep learning based
structure detection method powered with state-of-the-art object detectors and feature
extractors. Unlike the previous work, we do not detect the structures from the
document page. Instead, we crop the table regions first and apply structure detection
on top. To achieve accurate table detections, we test the same deep learning models
as well as a mathematical morphology based method with heuristics. We conclude
that Mask-RCNN based model performs best, in alignment with the table detection
stage.

• We propose various novel E2E detection system designs to detect tables as well as
rows and columns in the documents. The first proposal is called the Stitched E2E
system from now on and is based on Mask-RCNN instance segmentation method as
we show that it outperforms other object detection models. This system split the
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problem into two; (i) Table detection from document image and cropping the detected
region (ii) Using the crop from the first stage, detect rows and columns. While
bridging the two models, we also proposed different post-processing steps aimed at
eliminating false-positives and feeding better table crops to structure detection stage.
We show that they have a positive effect on precision. The second proposed E2E
system is the Pure E2E table structure system designed to detect rows and columns
only. We also propose the Pure E2E tabular structure system where the output
includes tables as well. We conclude that Pure E2E tabular structure model attains
the highest precision with lower recall than the Stitched E2E system and explain the
reasons.

1.4 Thesis Outline

The thesis is comprised of seven chapters. In Chapter 2 we present a thorough litera-
ture study and explain works that studied the same problem. In Section 2.1, we present
a summary of the methodology used in the previous work. We describe the hand-crafted
rules that are used in either this task or similar tasks (Subsection 2.1.1) and then describe
machine learning and deep learning based solutions used in previous work (Subsection
2.1.2). Then in Section 2.2, a thorough background on table detection task is presented
both in hand-crafted rule-based approaches (Subsection 2.2.1) and Machine/Deep learning
based solutions (Subsection 2.2.2). Apart from the table detection, we also present pre-
vious work on table structure detection task in Section 2.3 although there are not many.
Table structure detection models are again divided into two; hand-crafted heuristics based
solutions are summarized in Subsection 2.3.1 and machine learning based approaches in
Subsection 2.3.2.

In Chapter 3 we propose the methodology and explain the methods we are using
throughout the paper. The chapter starts by studying the deep learning based solutions
we benefit from in Section 3.1. Our deep learning models use other deep learning image
classifiers as feature extractors and Subsection 3.1.1 explains both of the networks we use.
Subsubsection 3.1.1 introduces the VGG [19] networks and Subsubsection 3.1.1 summarizes
the ResNet [14] networks. Subsection 3.1.2 introduces the background of our Mask-RCNN
object detector and introduces R-CNN [20] (Subsubsection 3.1.2), Fast-RCNN [21] (Sub-
subsection 3.1.2), Faster-RCNN [12] (Subsubsection 3.1.2) and Mask-RCNN [11] (Subsub-
section 3.1.2) incrementally. Then, we introduce two architectures that we use in Mask-
RCNN model with ResNet feature extractor. They are FPN, explained in Subsection 3.1.3
and FCN which is introduced in Subsection 3.1.4. Then we introduce our latest deep
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learning based model RetinaNet [13] in Subsection 3.1.5. Finally, this chapter concludes
with presenting the only heuristics-based model we use; Mathematical Morphology [22] in
Section 3.2.

In Chapter 4, we present our solution to the table detection problem from documents.
First, our datasets are defined in Section 4.1 followed by the detailing the methods we use
for this purpose in Section 4.2. Then, the training process is summarized in Section 4.3
and then we give our results (Section 4.4) and conclude the table detection model (Section
4.5), which forms the first stage of our Stitched E2E system design.

In Chapter 5, similar flow to the previous chapter is observed where we describe our
approach to the table structure detection problem. Section 5.1 gives information about the
structure dataset and Section 5.2 introduces the models we compare. Then, the training
processes of the deep learning based methods are described in Section 5.3 and then Section
5.4 displays our results and findings, and the approach is finalized in Section 5.5. This
chapter forms our second stage in the Stitched E2E system.

Chapter 6 is where we form the Stitched E2E system and propose Pure E2E systems.
Section 6.1 talks about the datasets we use and Section 6.2 introduces the methodology
concerning the proposed E2E systems and discusses the design choices. The training details
of the models are discussed in Section 6.3 and we present our findings in Section 6.4. Section
6.5 comes to a conclusion about the comparison of the proposed E2E systems.

Ultimately, Chapter 7 winds up the approaches discussed in the thesis, a final outcome
is conferred, and we review possible additions to be made and give future directions in
Section 7.1 and finalize the thesis.
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Chapter 2

Related Work

Nowadays many of the physical documents never see the light of the analog world.
They are created, filled, stored and processed in computers. Of course, we cannot ignore
the physical data, and they have to be converted to digital formats, and there is research
done focused explicitly on this problem [23, 24, 7, 8, 9]. However, the same problem
persists even when historical documents are scanned and converted to digital documents.
These documents hold essential information such as product specifications, availability
or hazardous warnings in the supply chains perspective and safety-critical information
regarding citizens or other organizations for the government perspective.

As our industry partner experiences, the most valuable information is mostly presented
in tables, figures and formulas. Tables contain key-value pairs where there is usually one
key paired with many values, and the information in the rows and columns are important to
understand the overall content. Therefore, discovery and the extraction of the information
from the tables is a crucial element to understand the document.

The methods developed for table detection range from hand-crafted rule-based methods
to deep learning-based methods which stem from object detection problem. Treating the
tables as objects in a document image or making use of alignments, tabs and white-spaces
or lines are the two most popular choice for this problem. Structure detection has the same
characteristics as tables, and the same ideas apply. In addition to other methods, prior
research also proposed a pixel-level classification for structure detection.
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2.1 Hand-crafted Heuristics and Machine Learning

Electronic documents can be separated into two main categories; documents as images
and documents in PDF. Electronic documents do not necessarily mean PDF files. Some
examples are; scanned documents (images), online documents (HTML) or documents in
other formats, such as docx or odt. Since these other types are not as popular as PDFs
when sharing the documents, the research focuses on these two types. Especially since we
can convert any of these document types to document images, concentrating on solving
the tabular data extraction on document images encapsulates all of these sub-problems.

Extracting unstructured information from the printed documents is a need and being
studied for a long time [7]. Prior work is mostly based on hand-crafted rules that are
extracted with a visual inspection by the human operators [25, 26, 27]. More recent works,
however, benefit from the image classification networks success in a wide range of problems
and often based on machine learning and deep learning.

2.1.1 Hand-crafted Rules

Before AlexNet [28] showed the power of the CNNs, object detection was usually per-
formed with more traditional methods where we extracted features and apply the k-Means
algorithm to the structures such as bag-of-features. However, since those methods were
not entirely compelling, creating heuristics to detect structured information resulted in a
better performance.

The most commonly used rules are based on detecting lines and white spaces to detect
tabular regions as in [29, 30, 31, 32]. These structures helped achieve state-of-the-art
results since many tables have bounding lines and spaces to separate rows and columns
which makes the table detection task easier. One other common method is to segment
words into blocks and then use alignment and neighbouring relations with other words or
space around them [33, 29]. Finding bounding boxes for words is straightforward for PDF
documents, but when the document is in image format, another layer of processing to find
words from the pixels is needed.

Mathematical morphology [22] has two methods that can be used in combination to
extract text blocks as connected components. Morphological dilation of the pixels followed
by morphological erosion fills in the small gaps between characters in an image and ideally,
all the characters in a word will now be connected. Following the morphological closing,
a connected component finding algorithm (Union-Find) is applied. Resulting connected
components are then classified as words or lines, according to their size. The outcome is
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used as word bounding boxes which form the basis of many research on tabular structure
detection [34, 31, 8].

2.1.2 Machine Learning

Although hand-crafted heuristics are widely adopted, more recent research explored the
machine learning-based approaches [7, 9]. Support Vector Machines (SVMs) is a supervised
learning method which finds a linear (or non-linear) separator to classify data [35]. In
machine learning approaches, line or word bounding box detection is still necessary, and
after the extraction phase, extracted features are inputted to an SVM classifier to detect
tables. [36, 37, 38] demonstrate that this process yields good performance.

In addition to SVMs, others have also tested out machine learning approaches like De-
cision Trees [39], Hidden Markov Models (HMMs) [40] and Conditional Random Fields
(CRFs) [41]. Decision Trees are a machine learning algorithm which produces a tree-like
structure from the training set to create a tree which classifies the input. Since decision
trees require a structured input, they are mostly used to detect tables in the context of
HTML documents. Hidden Markov Models are probabilistic Markov models with un-
observed states. With information like the appearance of images and certain words or
hyperlinks, derived from the document metadata, HMMs can be used to locate the ta-
bles. CRFs are generally used for pattern detection and in the tabular structure detection
context, they are used to model the dependencies within the data.

Deep Learning

Deep learning name is attributed to a small subset of the machine learning algorithms.
Where learning with multi-layer perceptrons or more specialized architectures such as
LSTMs, or CNNs are involved. This thesis solely focuses on the widely accepted deep
learning framework for computer vision problems, CNNs. Since we focus on tabular struc-
ture detection on document images, CNNs are best suited for this task.

CNNs are specialized deep neural networks based on the multilayer perceptrons and are
designed to match the visual processing of animals. First, Kunihiko Fukushima proposed
the neocognitron (1980) [42]. It was inspired by the prior research conducted on monkeys
that some neurons in visual cortexes of these animals only respond to specific regions of the
visual field [42]. During these times, backpropagation (the de facto optimization method
to use in neural networks) was not as developed as it is today. Hence these early networks
were trained with different optimization methods and were not successful. Yann LeCun
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(1989) [43] proposed a neural network where learning was fully automatic and trained with
backpropagation and gradient-descent. [43] can be said to be the first of todays CNNs
and afterwards, CNNs are used and developed for different problems, but the long-awaited
breakthrough did not happen until AlexNet [28].

Although the performance of SVMs was increasingly powerful with the kernel functions
[44], AlexNet [28] won the ImageNet competition [45] in 2012 and outdistanced the previous
winner with a considerably high-accuracy. Krizhevsky et al. (2012) [28] proved that CNNs
surpasses all other methods in image classification and merit further inspection. Their
CNN AlexNet’s success was possible due to the recent increase in computational power,
consequently, with the possibility of having many layers and parameters. Although AlexNet
seems to have reached a new peak, following CNN-based methods performed increasingly
better on similar tasks [46, 14, 47]. Simonyan and Zisserman proposed the VGG method
(2014) [19]. Authors observed the modifications made since the AlexNet and addressed
the depth parameter. They have tested different depths and concluded that 16 layer deep
CNN was the best performing model. In 2014, Szegedy et al. [46] introduced the Inception
Module which is several convolutional neural networks piled next to each other and then the
outputs are concatenated. They then stacked several inception modules and created the
GoogLeNet. Which, at the time, was the one of the deepest convolutional neural networks
with 22 layers.

VGG and GoogLeNet tried training CNNs with more layers, but the accuracy was
degrading. The main reason behind this phenomena is called vanishing gradient problem.
Since layers are equipped with convolution and max-pooling layers and activation functions
like sigmoid, which shrinks the values to 0-1 range, after subsequent multiplications, the
gradient is lost or not the same as in the last layer where it is calculated. He et al. (2015)
[14] proposed a novel method called Residual Learning and Skip Connections (ResNet) to
overcome this issue. They incorporated forward connections between convolutional layers
to backpropagate the gradient with less information loss on the way. This way, they were
able to train deeper CNNs and achieved 1202 layers [14].

These recent augmentations, allowed CNNs to be used in many computer vision tasks
involving visually salient objects/environments with more than adequate performance such
as pedestrian detection [48] and event detection [49]. They have even been tried on time-
series tasks and achieved good results and is used instead of LSTMs in some cases (LSTMs
are a particular type of neural networks designed for time-series problems) [50].

Although object detection is one of the anchor tasks of computer vision, sometimes
segmentation is preferred. There are two types of image segmentation; (i) semantic seg-
mentation and (ii) instance (instance-aware) segmentation. Semantic segmentation is when
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an image is segmented in a class-agnostic way where distinct instances of a class are not
important and not separated. When we only want to know the content of an image and
objects are not of the main goal, semantic segmentation methods are used. Contrarily, if
we care about objects and instances of classes as well, then instance segmentation methods
are used. Semantic segmentation is a crucial problem and a well-studied one. Research has
been done on semantic segmentation ranging from image retrieval to autonomous driving
[51, 52, 53]. Instance-aware segmentation can be achieved by giving classes to segmented
pixels and hence, only a small overhead. Li et al. [54] proposed a CNN based E2E instance
segmentation method which performs pixel level segmentation (mask) and classifies the
masks simultaneously. Mask-RCNN [11] uses the same idea in Faster-RCNN method.

In addition to CNNs’ general success, machine learning methods and specifically CNNs
have outstanding performance on tabular structure detection task, as it can be seen in the
Subsection 2.2.2 and Subsection 2.3.2. Hence, we make use of deep learning in the feature
extraction phase and benefit from the capabilities of the methods mentioned in the tabular
structure detection task.

2.2 Table Detection

Many businesses and government operations need data to be able to continue processing
as usual. The data is in the shape of inventory records, tax filings or product datasheets.
Collected data is collected for humans to process but, we tend to skip-read when reading a
long text; hence, we can observe that the most critical information is mostly given in the
tables. Therefore, it is clear to see why table detection is a significant step in the document
analysis problem, and many people work on this problem to find a better solution. This
section provides a brief overview of the previous work done on table detection problem. Two
main approaches to table detection are; (i) Rule-based approaches, (ii) Machine Learning-
based approaches.

2.2.1 Rule-Based Approaches

Document analysis has always been at the centre of the research since the task is
boringly easy for humans and people think that structures in the documents have seemingly
trivial delimiters that separate them from the document. In very early work in 1968 [23],
researches developed hardware explicitly designed for detection of text and other structures
as needed. Their hardware can operate with a human operator which gives input in the
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runtime for more sophisticated documents such as journal papers. It can also operate
under unsupervised mode. This work only, with exclusive hardware design, shows that
information extraction from documents is at utmost importance for many organizations.

Since the table detection task is critical to information extraction facilities, it has also
been worked on for a long time. Early works usually benefit from the heuristics extracted
by visual inspection and basic feature extraction. Wahl et al. (1982) [25] focuses on
digitized documents hence works on the document image domain. They design a binary
operation to run over the image to fill small gaps with black pixels. This operation is done
horizontally and vertically, and then the results are smoothed. As a result, the authors
divide the image into ’meaningful blocks’. To separate the discovered blocks, they employ
a rule which starts at the left-hand of the image and iterates to the right. Each adjacent
black pixel is appointed to the same label. Then with the features such as the height of the
block segment and ratio of the block pixels to the bounding line these blocks are classified
as one of many page objects.

Pyreddy and Croft (1997) [55] proposed a system called TINTIN, a heuristics based
table detection method that works on electronic documents. Table extraction phase is
developed by looking at the white spaces in the text. Whitespaces are checked against
alignment as well as the number of whitespaces between the text. The system first detects
columns with whitespaces. For example, to separate the columns, there should be at least
three whitespaces between the text. There are a couple of parameters that are set by visual
inspection. Following the extraction of table blocks, the second phase tags the different
components. TINTIN showed that such trivial heuristics are capable of detecting tables
and open to further development.

Jain and Yu (1998) [24] target the problem of converting papers to their electronic
version and is one of the earlier works. This work, like many other earlier works, focuses on
one specific type of documents and that is technical journal papers. The extraction process
is based on the geometric layout analysis and the extraction of the connected components
on binary images of the documents. Since all the papers have similar layouts, the authors
were able to incorporate domain knowledge to the solution. Connected components are
found with block adjacency algorithm and table, text and image regions are detected with
the help of ruling lines. Apart from other similar works, they also estimate and correct the
orientation of the document.

Kieninger and Dengel (1999) [56] introduced the T-Recs table recognition system which
is a widely accepted and successful method [29, 30]. The work focuses on document seg-
mentation on arbitrary documents and is based on four hierarchical parts; words, lines,
blocks and the document. T-Recs is not based on line detection but rather a bottom-up
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approach where blocks are detected from the words. The recognition of the tables starts
with a ’word’, which is a bounding box. This box then linked to the neighbouring boxes
if they are close to each other to form ’blocks’. If the resulting blocks are horizontally
neighbours, they are assumed to belong to the same table. As a next step, authors created
rules to detect internal structures (rows and columns) from these assumed table regions. In
a follow-up work, Kieninger and Strieder (1999) [33] improved the T-Recs detection model
soon after publishing the first version. In the original T-Recs method, tables are detected
by linking the blocks together. However, in [33], columns are detected by the vertical
alignment between the blocks and then the columns are aggregated to form tables. T-Recs
is an important step in achieving a robust table detection method that does not rely on
non-tabular structures like lines. That is, lines are not essential for a tabular region.

Tabfinder, proposed by Cesarini et al. (2003) [57], is another method to exploit the lines
surrounding the tables. Tabfinder separates from the earlier work mentioned by utilizing
a modified version of XY-trees on the page images. Every node in this tree represents a
part of the image that might contain a table and nodes are created when a new line is
detected in the sub-image. This tree is recursively created for probable table locations.
Again, as in others, tables are verified using either lines or appropriate spacing between
words which might form rows or columns. Tabfinder shows us that employing additional
data structures is possible to improve hand-crafted heuristics based solutions further.

Gatos et al. (2005) [58] proposed a table detector which is not dependent on any
heuristics and can work on any document images. The method starts with character size
estimation and line estimation based on black runs processing. Continuous black pixels
are connected (black runs) and labelled to create connected components. To finalize the
detection, the authors first detect the intersection of the detected lines and remove all
the lines. Then, intersection points are checked against the alignment to conclude the
table detection. This method heavily depends on lines in the tables (both horizontal and
vertical) as well as scan quality.

Lin and Xiong (2006) [59] take a different path to detect tabular regions. Unlike other
conventional works such as applying machine learning techniques or line detection with
heuristics, the authors study the text in the documents that may refer to the table regions.
However, they specifically focus on the table of contents region in this work. The process
is simple, choose pages that may be the table of contents page and then assign a score to
it. If it is higher than some threshold, this is a table of contents and entries in this table
linked to the corresponding pages. Scoring of the pages and the linking of the entries are
dependent on the OCR and text mining. [59] can be taken as a proof-of-concept that text
mining from the documents may help improve the table detection results and was one of
the first papers that did not use rules to locate the tables. The methods we propose in this
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thesis can detect the table of contents page as a table and requires no further training to
do so.

Detection of tables on the web (HTML) has two possible solutions; (i) look for table
tag, (ii) just like other table detection methods, check for visual cues. Although table
detection is essential for many domains and a well-studied research area, researches also
focused on later stages of the process. For example, Son et al. (2008) [60] focuses on
discriminating the web tables concerning their value. However, this work focuses on the
detection problem. Therefore, we do not go into more detail for these kinds of research.
Gatterbauer et al. (2007) [61] discuss the downsides of the detection with table tags and
concludes HTML tags are not stable and that it is not a trivial task with the total amount
of tables present are growing. In [61], the authors chose to form twenty rules to detect a
table. These rules are applied to frames of web pages. The interpretation phase follows
locating the tables. They again use visual rules to extract information from the tables.

TARTAR [26] is another method proposed to extract tables from arbitrary documents
including PDFs and HTML, but the only testing was done on HTML tables. Unlike [61],
TARTAR focuses on table detection based on HTML code represented in a Document Ob-
ject Model (DOM) tree. After a table is detected within the HTML, the table is processed
to surface underlying structural and functional organizations. They clean the HTML DOM
tree which outputs a table where multi-column spanning columns are separated into mul-
tiple columns, and the column header is repeated. TARTAR separates the table to logical
sub-units which then checked with common string patterns and neighbouring relations.
Although the authors claim that TARTAR works on any document, they heavily rely on
DOM tree and functional relations that are extracted.

The research is not just focused on table detection from images or HTML code; ex-
traction from PDF files is another path that previous work chose. Liu et al. (2009) [62]
makes an initial assumption that every table starts with a keyword such as; table or form.
The detection process starts by detecting sparse text lines. The authors say that sparse
lines are a candidate for a table row. After the classification of sparse lines using the rela-
tions between text sequences, table caption and these lines are combined and tested with a
hand-crafted heuristic to locate the tables. Although the results in [62] are promising, they
only focused on detection from PDF files with two-column documents and table captions
which narrows down the scope.

In [27], Shafait and Smith (2010) perform the detection by first detecting the column
layout of the document. The table detection is based on detecting column partitions, and
these partitions are detected with the connected components and tab-stops between them.
The algorithm relies on hand-crafted rules to identify these regions and would have a hard
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time to detect tables where there are unusual cases. Fang et al. (2011) [32] proposed a
table detection algorithm from PDF documents. Detection again depends on white spaces
and ruling lines from the document. Preliminary white space processing discriminates
columns of the page and the tables. Afterwards, the method finishes the process with the
table detection that heavily relies on hand-crafted rules crafted by visual inspection and
insights.

In another work, Dey et al. (2016) [63] use a consensus-based algorithm to extract
tables in document images. As in [27, 58, 64, 24], the main building block is the connected
components and is reliant to the hand-crafted heuristics. Then, from these components,
features that represent colour and stroke are extracted. Consensus-based clustering then
applied on every pair of features to statistically generate similarity and predict connections
between the connected components. As the last step, extracted graphs are labelled as
tables. Tran et al. (2016) [31] is another method stems from the connected component
extraction. The authors propose a morphology-based method [22] to extract connected
components which are then merged to form Region of Interests (RoIs) by using hand-
crafted rules and thresholds. After the RoI is created, the white gap between the connected
components is considered to decide if they are separate or not. Then, the extracted text
blocks are checked against vertical alignment to form columns. These columns form the
tables. Every step of the process is heavily engineered and dependent on the heuristics
which means when the document context is changed, the model may spawn unreliable
tables.

2.2.2 Machine Learning-Based Approaches

Wang et al. (2001) [65] proposes, not a detection method but zone classification solution
by using customized decision trees to classify zones into graphical regions such as text,
image and table. Classification uses vertical and horizontal white spaces, as well as inherent
rows and columns which are given as input. This work is not as relevant as others, but this
is one of the earlier applications of machine learning algorithms to the document analysis
problem. Wang and Hu (2004) [37] in a later work focused on the classification of web
tables. Tables are classified as genuine or non-genuine with decision trees and SVMs.
Features to train these methods include; statistical information about rows, columns and
cells. One other feature, which we found interesting is the average content type consistency
over rows and columns. [37] reveals promising results that attest that machine learning
techniques can master how a table is formed accurately.

Shetty et al. (2007) [66] try the CRF algorithm trained to maximize pseudo-likelihood
of the documents. First, the document images are divided into small patches which cover
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connected components and are determined by the foreground and background pixels. Then,
characteristics of these patches and the neighbouring relations are used to extract features.
CRF is used as the last stage to label these pages as hand-writing, machine or noise. [66]
is not proposing a machine learning approach but we think this work is a good showcase
where CRFs potential on document analysis has been shown.

Around the same time, Ng et al. (2007) [67] tried C4.5 decision tree algorithm and a
simple feed-forward neural network with backpropagation as classifiers. As in previously
introduced machine learning-based works, Ng et al. benefits from these methods at the last
step and domain expertise is still needed. Features are extracted from horizontal lines since
they might form the boundaries of the tables, rows and columns. The models are trained to
detect boundaries of a table and rows and columns. Therefore, it is a three-step algorithm
where first the boundaries are detected, and the vertical and horizontal lines inside this
boundary are classified for possible rows and columns. When the order of processing is
considered, this work has a similar idea as ours where table structure detection is preceded
by table detection.

In 2009, Silva proposed a table detection method [68] based on HMM and lines in
the document. The main idea is to group lines to detect table regions with data-driven
methods. They have also tested Decision Trees and different structures such as charts
or titles. HMMs are used to classify lines to a table line or non-table line. They propose
multiple models wherein some of them, charts, titles or texts are also classified using HMM.
Since HMMs model the neighbourhood relationships when classifying a node, the addition
of other classes was made to increase the accuracy of the HMM. The findings supported
that the additions increased the completeness and the purity of the table detections.

Kasar et al. (2013) [38] proposed another method with hand-crafted feature extraction
to be used to infer the tables with a machine learning algorithm. The proposed method
is not dependent on the text in tables or documents but is dependent on the ruling lines.
First, horizontal and vertical lines are detected, and their intersections are located which
then used to obtain twenty-six features. Features include the area of the encapsulated
convex region, the ratio of the length of a line with max-length line detected and so on.
[38] is one of the first occurences of SVM in table detection domain, and it confirmed that
machine learning methods promise a future on this problem and require more attention
from the researchers.

Fan and Kim (2015) [69] uses a method called Distant Supervision to form their dataset.
Distant Supervision is a method where a simpler heuristics-based unsupervised classifier is
used to label the unlabelled line data. Since the classifier used to label the data would not
be 100% accurate, there will be errors, but since machine learning methods are robust to
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noisy data [70], the ensemble learning used by the authors would learn to detect tables. The
ensemble method includes SVM, Logistic Regression and Naive Bayes algorithms. Along
with weakly labelled features, textual features are extracted to support the prediction
further. The authors employ prior knowledge in the feature extraction phase as well. For
example, they extract a feature on the basis of there will be more nouns in the table than
adjectives and adverbs. Another machine learning-based information extraction method
from the PDF documents is CERMINE, proposed by Tkaczyk et al. (2015) [71]. CERMINE
analyses the PDF file to label the raw PDF to lines, headers, zones, reading order and
similar hierarchical structures. CERMINE is a multi-step algorithm where the first step
is to examine the layout to determine zones. Layout examination phase benefits from
the traits like line-spacing, text orientation and neighbouring relations. Following the
discovery of the zones, they are classified to be one of the classes: metadata, content,
references or others. The classifier is a regular SVM trained with geometrical, lexical,
sequential and heuristical features. CERMINE proves that machine learning algorithms
are able to operate well on a wide range of tasks on document domain.

After the deep learning breakthrough in the computer vision field [28], the researches
that work on document analysis from the document images began to adopt deep learning
to their solutions. Hao et al. (2016) [72] proposes a table detection method that utilizes
heuristics-based proposals and CNNs. First, certain areas are detected and marked as
possible table areas. Locating these areas are done with heuristics-based search with the
horizontal and vertical lines detected from the document image. [72] uses CNN to approve
the located table with the heuristics. Consequently, deep learning is just used as a judge
at the end of a traditional table detection method. An intriguing property of this system
is that some information extracted from the original PDF is embedded either to the input
or the output of the CNN. The extracted information crops include coordinates of lines or
words. Authors show that, when the information is added to the CNN input, there can be
a significant increase in the precision on ICDAR 2013 [73] dataset.

Schreiber et al. (2017) [10] proposes an E2E table detection and table structure detec-
tion method. Previously these methods included hand-crafted rules in at least one phase
of the process. However, in DeepDeSRT [10], the detection process is E2E that means,
given the document image, the decision is made without any human intervention. To train
a deep learning model E2E requires enormous amounts of training data which in tabular
structure detection domain, is hard to come by. Therefore, the authors choose to apply
transfer learning. Transfer learning is to use a previously trained deep neural network on a
large database and use a smaller dataset to fine-tune the existent network and transfer the
learnt knowledge to the new domain. The proposed table detection method uses Faster-
RCNN [12] and outperforms many others. The test results on ICDAR 2013 [73] show that
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advanced CNN architectures are promising in this field and need further work and data to
train on.

Yang et al. (2017) [74] propose an E2E network design for extracting the semantic
structure from document images. The proposed network consists of an encoder and two
decoders. One of the decoders try to re-build the input with deconvolutions to make sure
the network does not forget information from the input image. The other decoder is to
segment the pixels to corresponding classes. Predicted classes include; lists, paragraphs,
tables and figures. Along with skip-connections, text embeddings from the document is also
fed to the network in the later stages of the flow. A significant contribution and the lesson
to take from [74] is, when the text from the document is extracted with OCR engines, the
segmentation becomes slightly better. However, if the real text extracted from the PDF
is given to the network instead of the OCR, one can see a significant increase in detection
performance when compared with the network with no text connection is present.

Pursuing the great success of the deep learning methods, many people continued exam-
ining new ways with these methods. Gilani et al. (2017) [75] proposed another E2E table
detection method based on document images with Faster-RCNN [12] architecture. Unlike
DeepDeSRT[10], they transform the input image to make it look more like natural images
(i.e. real-life, RGB images). Instead of RGB, they have applied three distance metrics for
each dimension of the image. The distance metrics represents the distance between text
regions and white spaces. This transformation means only the architectural remains will
be present in the image but not the figures, lines or text. [75] shows that transforming the
image may improve recall and precision.

Li et al. (2018) [76] propose a system to recognize multiple page objects including tables
and formulas. The input to the system is the binarized document image. After connected
components are found with the contour tracing method, the page image is segmented
into columns and then lines. Machine learning algorithm CRF is applied at this level to
classify each line region into one of the four classes. Apart from the classification, the
same model is also used to determine the link between the lines. As a post processing,
heuristics are applied to fix possible miss-classifications. In the end, a verification model
is also employed. The authors claim that since the CRF takes a fixed-size input, some line
regions may be misclassified due to the information loss caused by the resizing. Therefore, a
final deep learning method, CNN, is used to verify the previous classification. [76] achieves
a promising F1 value of 96% on ICDAR 2017 POD Dataset [77].

Oliviera et al. (2018) [78] propose a method called dhSegment with the historical
documents are a priority. dhSegment is a pixel-wise detector coupled with task dependent
enhancements. The first step is to infer probable segmentation fragments that might

19



belong to some classes via the dhSegment method. dhSegment is a fully-convolutional
neural network which is a modified version of pre-trained ResNet-50 [14] and includes
skip connections as well. Created segments are not complete rectangles. Therefore the
authors proceed with the post-processing methods. Post-processing in [78] focuses on
completing the segmentation and eliminate the fragments. Methods to accomplish that
goal are; thresholding between the class predictions, applying morphological closing to fill
in the small gaps, filter out small remainders after the morphological closing operation,
and finally, the region is translated to bounding box coordinates. [78] proves that a simple
fully convolutional neural network that is pre-trained on a natural image dataset can be
employed to segment document images into meaningful parts successfully.

After deep learning methods attracted enormous attention by the table detection com-
munity, Kerwat et al. (2018) [36] decided to compare several modern deep learning-based
CNN architectures using public ICDAR 2013 [73] test set. Compared methods are; Faster-
RCNN, Single Shot Detector (SSD), and You Only Look Once (YOLO) [12, 79, 80]. SSD
is a single-stage object detector with the idea of anchors. Anchors are rectangles with
pre-determined ratios placed at each grid location to predict bounding boxes. SSD [79]
predicts bounding boxes while performing bottom-up processing. That leads to predictions
performed at multiple scales; hence, many predictions are produced on a single image in
one pass. Whereas YOLO [80] concentrates more on the speed and performs only one
detection in a single pass. The comparison of these methods shows that Faster-RCNN has
a significant lead in the correctness of the table and figure predictions [36].

Siddiqui et al. (2018) [81] proposes a Faster-RCNN [12] based model with deformable
ResNet-101 [14] as the backbone feature extractor. In the conventional CNNs, features
are extracted from a rectangular area and towards the upper layers, these rectangles gets
bigger. However in deformable CNNs, feature extraction is not straightforward but, the
receptive field of the neurons in the network may be adjusted because it is dynamic and
learnable. The proposed method [81] shows the near-perfect result on ICDAR 2013 dataset
and exceptional performance on ICDAR 2017 dataset [73, 77]. Although the excellent per-
formance on ICDAR datasets, the model struggles on the UNLV dataset which includes
scanned documents and presents more difficulty. The experiments show that adding de-
formable layers to ResNet-101 increases the F1 score by 4% in ICDAR 2017 but has no
effect on ICDAR 2013. This might mean that deformable layers overfitted to the table
layouts and therefore when the style/purpose of the documents are changed, performance
degrades.

Kavasidis et al. (2018) [82] proposes a deep CNN to detect tables and charts in digital
document images. The detection network is based on VGG-16 [19] but to further tackle
the problem of the small/thin objects (lines, white spaces, rows and columns), filter sizes
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are modified. Following the convolutional layers, dilational convolution block takes the
resulting feature map (75x75) and outputs a new feature map with the same sizes. Dila-
tional convolutions extend the receptive field of the filters/kernels. It is reasonably similar
to the deformable CNN architecture with a difference; dilation size is not learnable. Binary
classifiers are connected to the output of the convolutional layers to empose class related
losses and benefit from it in the back-propagation. As a final post-processing method to
improve the noisy segmentation, the authors utilize a CRF model. It can be seen from [82]
that, addition of the binary classifiers to the CNN improved the precision by a lot. When
combined with CRFs too, it further improved the test set results on ICDAR 2013 [73].

Arif and Shafait (2018) [83] studies the previous deep learning-based table detection
methods and proposes improvements on top of them. The improvements stem from the
belief that tables include more numerical data than other parts of the document. The deep
learning method under study is Faster-RCNN [12] and it is tested on the public UNLV
dataset1. Pre-processing (improvements) steps can be divided into two: (i) colorization
where the text is coloured to green and numbers converted to red, (ii) image transformation
based on the distance on the blue pixels, similar to [75, 83]. The trained network is Faster-
RCNN [12] with ResNet-101 [14] backbone feature extractor. They, similar to us, labelled
their own training set and tested on the UNLV dataset. The results show around 90% F1
score. Hence, we can conclude that either Faster-RCNN has limits and cannot go higher,
or the transformations are not as effective as one would hope.

In recent years, with the advancement and popularity of deep learning, as we have
seen in [82, 7, 78] general focus of the research was on applying the state-of-the-art object
detectors to the table detection domain. However, there are still work under progress for
more focused information extraction. Milosevic et al. (2019) [84] focused on a specific task
of information extraction from biomedical literature. However, in [84], authors focus on
only one dataset where the tables are already annotated.

In our previous work [7], we have compared two state-of-the-art object detectors.
Namely, Faster-RCNN [12] and RetinaNet [13]. In this work, we have trained the Faster-
RCNN model with the popular and fast VGG-16 [19] backbone network and the RetinaNet
with ResNet-50 [14] and ResNeXt-101 [85] backbone networks. ResNeXt is an augmented
version of the regular ResNet networks where the blocks are repeated for better information
storage. More detail about the methodology and the networks will be given in Chapter 3.
In another previous work, we have implemented Mask-RCNN [11] model with the ResNet-
50 [14] feature extractor and we have achieved the state-of-the-art performance for the
table detection task on multiple public datasets (ICDAR 2013, ICDAR 2017, UNLV) [9].

1http://www.isri.unlv.edu/ISRI/OCRtk (currently not available)
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In [9], we tried several augmentations which we found to be very useful. The first proposal
we did was to implement a judge-like algorithm and by benefiting from both the table
and the structure detection models, eliminate false-positives. Then, we proposed the line-
agreement model where we have added a line and intersection detection algorithm followed
by fitting a tight bounding box to these intersecting lines. That bounding box then used
to further improve table detection. Even though the line-agreement model does not affect
recall and precision, due to the nature of our two-step approach, we observed an increase
in end-to-end precision [9] when judge and agreement models are used together.

2.3 Table Structure Detection

We mentioned the importance of table detection and extraction; however, employing
only the table detection cannot eliminate human operators which inscribes the information
in the tables to the computer. Therefore, to have a fully autonomous information extraction
from the documents, individual cells should be extracted from the tables, but these cells
can inherently be inferred from the intersections of the columns and rows, thus require
no further processing. As we will explain in the upcoming sections, the conventional way
of detecting table structures is doing it E2E. That is, the columns and rows are detected
directly from the input file. Whereas, we propose a different two-step approach where
structures are detected from the tables that are previously detected by another method.
The details of our E2E system will be explained in Chapter 6

2.3.1 Rule-Based Approaches

The rule-based table detections as we have seen in the Section 2.2 usually follow the
bottom-up approach where the first step is to detect smaller structures such as words
or columns or rows [56, 38, 27]. Locating the columns and rows can be accomplished
with alignment or white space or ruling line heuristics whereas tables are more complex
structures and there are no alignment restrictions for the content in the tables, in general.
In this section, we remind those research that uses bottom-up processing or a different
approach and what heuristics they have used to detect table structures.

Pyreddy and Croft (1997) [55] proposed a system called TINTIN to extract structured
information from the documents. TINTIN’s first step is to extract the tables which fulfilled
with white space heuristics. After the table is extracted, the component extraction phase
starts. Heuristics are based on syntactic features of every table line and not semantic. That
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is, components are detected by how things look not what they possibly mean. Heuristics
range from the alignment of the words to the gap between them. Results have shown that
the visual of the table itself is enough to recognize the structure of the table.

Kieninger and Dengel proposed the T-Recs system (1999) [56] to detect tables. T-Recs
looks at the word bounding boxes and their neighbouring word bounding boxes to cluster
them with the white spaces in mind. As a result, columns are supposed to be structured
together and multi-column areas are said to be possible table areas. In [64], the author
is presenting a structure segmentation model that operates on table images domain. In
this work, tables are given to the system as input, and from the table images, a table grid
structure is extracted (rows and columns). A table grid is a layout that the table has
been built upon and assumed to be like a spreadsheet. The column detection is based on
separator lines or the inter-column gaps followed with the k-means algorithm to further
justify the choice. The row detection on the other hand, as the authors stated, an extra
detailed task [64]. To detect rows, [64] assumes several possible row divisions and then
heuristics and hand-crafted rules identify the rows. If there are no lines detected to separate
columns and rows, connected components checked against the alignment with hand-crafted
rules embedded in every phase of the process.

TARTAR [26] is a table extraction method based on DOM trees extracted from the
HTML code. TARTAR builds the physical structure of the documents by capturing the
relative positions of the cells. These cells are then examined by their functionality which is
the purpose of the cells and their semantic meaning which is the meaning of the text inside
the cells and their relationship between their orders. In short, TARTAR extracts structures
by their physical, functional and semantic characteristics unlike [55]. Shafait and Smith
(2010) [27] suggests a method that works on multi-column pages. How they proposed it
is they detect columns by predetermined heuristics and connected components. After the
columns are aggressively detected by tab-stops, white spaces and vertical alignment, they
are combined to form table regions. Although the rows are not considered, [27] shows that
such simple heuristics can be formed to discover structures on a minimal level. Tran et
al. (2016) [31] also presented a solution that performs bottom-up table prediction with
connected components. The mathematical morphology-based [22] closing operation is used
to find connected components to be used to form RoIs with hand-crafted heuristics. RoIs
are possible table locations and created with checking the existence of possible columns
formed by connected components. White space and alignment of the connected components
are checked to form the columns.
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2.3.2 Machine Learning-Based Approaches

Ng et al. (2007) [67] divides the tabular structure detection problem into three steps
that follow each other. First, a decision tree is trained to detect the tables by the classifi-
cation of the horizontal lines. Then, every vertical line inside the table region is classified
into one of the five classes to finalize column regions. The last step is to look at horizontal
lines inside the table region and classify the lines to one of the two classes. These classes
determine if the line is the start of a cell (row or column), the end or is the line inside the
cell. Either a decision tree or a feed-forward neural network is used to come up with a
classification based on the features are extracted from the lines.

Fang et al. (2012) [86] proposes a method based on SVM and Random Forest classifiers
that identify table headers from PDF documents. From the table, rows and columns
are detected with features such as; the number of cells, percentage of italic characters,
percentage of numeric characters and average overlap portion between cells. Preliminary
results show that Random Forest classifier outperforms other methods and columns are
detected better than the rows [86]. After deep learning dominated computer vision field,
table detection methods started to switch to use deep learning instead of the old-fashioned
heuristics, as we have seen in Subsection 2.2.2. One successful example is the method
proposed by Schreiber et al. (2017) [10]. In [10], both the table detection and the table
structure detection is solved in E2E fashion. Authors used Faster-RCNN [12] for table
detection whereas, for the table structure detection, an FCN was utilized to perform pixel-
level segmentation for rows and columns.

In our previous work [8], we have focused on the second stage of our two-stage method.
The second stage is when we have the table crop extracted, and we need to detect columns
and rows from the table. We have trained several deep learning methods where every one of
them had different advantages and disadvantages. We have concluded that FCN and FPN
architectures help massively and single-stage detectors have a harder time detecting the
structure mainly since they are tiny [8]. We have also tested connected components based
structure detection method and concluded that even though it includes no learning, the
column detections were more accurate than the row detections due to the nature of these
classes’ shape [8]. We have also observed that increasing the performance of the models
is possible by stretching the images vertically to 200% of their original size. In another
previous work, we have proposed two E2E structure detection systems where the input
was the whole document image [9]. We have compared two E2E structure extractors with
one model trained on detection rows and columns and where another model is trained to
detect tables, rows and columns. We concluded that including the table into the detections,
improves the overall performance of the deep learning model [9]. In [9] we have also
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proposed a two-stage tabular structure detector, and the details will be given in Chapter
6.

Table 2.1: Overview of table detection and table structure detection research. TD: Table
Detection, CD: Column Detection and RD: Row Detection

Image Born-Digital
ML and DL Rule-Based ML and DL Rule-Based

TD CD RD TD CD RD TD CD RD TD CD RD
[65, 66] [8, 9] [25, 57] [31, 27, 64] [64] [37, 67] [67, 86] [55, 24] [55] [55]
[38, 10] [10] [58, 63] [68, 69] [56, 33] [56, 32]
[74, 75] [31, 64, 27] [71, 72, 86] [59, 60]
[76, 78] [61, 26, 32]
[36, 81]
[82, 83]

[84][7, 9]
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Chapter 3

Methodologies

Tables can be found in many document types like technological reports, electronic
component datasheet, medical documents and more. Since many of these organizations
are driven by data, it became crucial to extract the structured data from the documents.
As we show in Chapter 2, starting from the 1980s and notably as years passed, many
researchers proposed methods to solve this issue. The most recent methods are based on
deep learning, and here in this chapter, we define and detail the methods that we study to
propose our table detection, table structure detection and finally, E2E detection system.

We propose a two-stage E2E tabular structure detection method based on deep learning-
based object detection networks. The first stage is to detect and crop the table regions.
In the first stage, we compare three deep learning networks; (i) Faster-RCNN [12], (ii)
Mask-RCNN [11] and (iii) RetinaNet [13]. We explain the architectures of these methods
and the reasoning behind these methods as well as discussing their pros and cons. The
second stage in our proposal is to detect rows and columns from these table crops. In
the second stage, our methodology does not only include deep learning methods, but
we use the mathematical morphology [22] method to test the idea of structure detection
based on connected component extraction and the heuristic-based checks as many of the
related works did. We also explain and detail the deep learning methods used in structure
detection which are; (i) Faster-RCNN [12], (ii) Mask-RCNN [11], (iii) RetinaNet [13] and
(iv) morphology based method. We start by defining the deep learning based methodologies
followed by the morphology method that we used.
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3.1 Deep Learning-Based Methods

This section starts by detailing the backbone feature extractors to be used in the deep
learning object detectors, followed by in depth analysis of the deep learning methods under
study and discusses their differences and advantages and disadvantages.

3.1.1 Base Networks

Computer vision enjoyed the benevolent success of the CNNs and deep learning in
recent years. At first, regular CNNs with Dropout [87] and BatchNorm [18] were enough
to make a breakthrough on computer vision competition datasets such as ImageNet Large
Scale Visual Recognition Competition (ILSVRC) [45] and so on. Therefore, many research
has devoted to these areas, and the results are fruitful. First successful deep learning-
based CNN methods that had an impact are; AlexNet [28], GoogLeNet/Inception Module
[46], VGG [19] and ResNet [14] of which previously detailed in Subsubsection 2.1.2. All
these different networks showed us the advantages of seeking different architectures. For
example, GoogLeNet gave insight into the advantages of stacking convolutions side-by-side
and then concatenating their outputs back and repeating it for layers after layers. VGG
showed us that even the networks with fewer layers and parameters are capable of achieving
excellent results although it only has 16 or 19 layers, and it is still used extensively because
of its size and speed. ResNet, on the other hand, introduced Skip Connections and went
deeper, up to more than 1200 layers. Their findings show that going deeper is not always
helpful, and we have to look for better architectures to improve computer vision algorithms
further.

Hidden layers of these networks are usually equipped with Rectified Linear units (ReLu)
[88] activation function. ReLu is a non-linearity function used commonly in deep learning
models [19, 14, 28]. The function is straightforward; returns 0 if the input to the function
is negative and for positive values, it returns the value without change. Hence, the formula
is;

ReLu(x) = max(0, x) (3.1)

Activation functions are introduced to deep learning models because the operations are
linear, and the resulting model would be similar to the linear regression model. Therefore,
to add non-linearity to the networks and to be able to represent complex non-linear ar-
bitrary mappings between input and output, non-linearity functions are added. Another
essential property of the activation functions is that they should be differentiable to be able
to optimize the model with the backpropagation. When one looks at the Eq. (3.1), we can
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see that the ReLu function is not differentiable at x = 0. However, it is still used because
gradient descent cannot arrive at a local minimum, easily. Also, if it arrives, implementa-
tions of the functions choose a derivative from one of the sides of the function. Another
point that should be cleared is that activation functions should be non-linear, whereas
ReLu is two linear units connected. Since models have many layers that are connected,
each layer changes the slope of the linear function at different spots and in the end, we
have a function with many different slopes. These back-to-back connections with ReLu
can be used to approximate smooth (non-linear) functions [89].

Historical activation functions such as tanh and sigmoid have S-shaped curves that
help them to retain the small changes in the input and change the output of the function.
However, when these activation functions are stacked, except for the minimal area (the
middle part of the S-shape), the derivative is close to zero. These flat derivatives make
it harder to update the weights of the layers and create the vanishing gradient problem.
When ReLu is used with a reasonably sized batch, some nodes will have non-zero activa-
tions, which would increase the average derivative. Although it is common to use ReLu,
activations may turn out to be zero layers after layers which would result in the problem
of dead neurons. A dead neuron is when a neuron is never activated (activation output
> 0) and to solve this issue a modification to the ReLu is proposed; Leaky-ReLu [90].
Leaky-ReLu can be described as;

LReLu(x) = max(αx, x) (3.2)

Where the α value is less than 1.0. When the input is negative, a slight activation is
preserved in order to keep the weight updates going and neurons alive.

Although pure CNN networks such as Resnet and VGG outperforms all previous meth-
ods on the image recognition/classification task, they have stuck in a plateau and could not
improve further. To escape from this plateau, researches have proposed advanced archi-
tectures. In a convolutional network, every layer encodes distinct features that represent
the input in some abstraction level, and as shown by [91], stacked convolutional layers
can encode hierarchical structures that represent the input. For example, first layers can
encode edges, lines and corners, and as we go up the layers, encoded information converts
to upper-level abstractions such as doors or wheels of a car. Ignoring the successes of the
previous methods is not a sound idea, and therefore, they are still used, as feature ex-
tractors and usually called backbone networks. Although these CNN models are originally
proposed to classify images, current object detectors only re-use them to extract features
from the internal layers. New generation object detectors are divided into two classes; (i)
single-stage detectors and (ii) two-stage detectors. Single-stage detectors use the features
extracted by the backbone network and place anchors to denote possible object locations.
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Anchors are pre-determined shapes (usually by k-means) that represent the most common
shapes of instances in the dataset. Then, the image is divided into grids and anchors
are placed onto these grids’ centers. These anchors are then classified to detect objects.
Two-stage detectors, on the other hand, have an additional neural network (or a search
algorithm in older methods) to propose possible object locations. Since two-stage detectors
have an additional overhead, they are usually slower but more accurate.

In this subsection, we give more detail on the feature extractors that we benefit from.
Namely, VGG-16, ResNet-50 and ResNeXt-101. These feature extractor backbone net-
works are used in our deep learning based methods to extract features.

VGG-16

Simonyan and Zisserman (2015) [19] observed the rise of the convolutional neural net-
works in the computer vision fields and developed their image recognition model. Their
models, named VGG, has a fixed-size RGB image (224x224x3) input. The model includes
a pre-processing, and that is calculating the mean over the entire training set and sub-
tracting it from the images. The convolution filters have sizes 3x3 and stride of 1, which
makes it suitable for our task because it will not skip over large chunks of information.
Although filters are small, max-pooling is applied with 2x2 size and a stride of 2 which
prone to information loss. In the original VGG architecture, three fully connected layers
stacked on top of the convolutional layers. These layers are used to classify images. The
first two have 4096 channels whereas the last one has 1000 channels because it was initially
developed for 1000-way ILSVRC classification.

In VGG models, hidden layers are equipped with ReLu non-linearity, and the fully
connected layers have dropout regularization [87]. Dropout is a regularization method
that used to avoid overfitting in large networks, and it approximates training architecturally
different neural networks in parallel. This is accomplished by randomly dropping a number
of nodes in a layer. Therefore, it is similar to training a different neural network in every
update. This modification to the layers makes the model robust to changes in the input
by giving every node responsibility that eliminates the possibility of a node having high
importance for the output [87]. Dropout randomly subsamples a layer which in turn
reduces the capacity of the network and in the case of the network is being more complex
than the problem required, the network size is thinned, which prevents overfitting. To
understand the dropout better, consider a neural network with L hidden layers and let W l

and bl denote the weights and the biases of a hidden layer l ∈ {1...L}. zl indicates the
input to the layer l and yl denotes the output of the hidden layer l. After this formulation,
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Figure 3.1: VGG-16 architecture used in the thesis
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a feed-forward calculations of a neural network can be described as (i stands for nodes in
hidden layer l);

zl+1
i = wl+1

i yl + bl+1
i , (3.3)

yl+1
i = f(zl+1

i ), (3.4)

before the dropout where f represents an activation function. After the addition of the
dropout regularisation, same operation becomes;

rlj = Bernoulli(p), (3.5)

ŷl = rl ∗ yl, (3.6)

zl+1
i = wl+1

i ŷl + bl+1
i , (3.7)

yl+1
i = f(zl+1

i ), (3.8)

Where rl is a vector of Bernoulli random variables with every entry having the probability
p of having 1, which is taken as a parameter to the training. ∗ denotes the element-
wise product between the vectors. The output of rl decides on which nodes to ’close’ by
multiplying the vector rl with the output of that layer and this operation is applied at each
layer. This is equivalent to training a different sub-network in a larger network space. At
test time, every node in the network is enabled and is used without dropout.

After giving all the details, the VGG network we are using in our models can be found
in Figure 3.1. We are using VGG-16, which originally had 13 convolution layers and 3
fully connected layers. However, for the feature extraction purposes, we do not need the
fully connected layers, and therefore, they are chopped off. The feature extraction block
is denoted as ’Feature Extraction’ in the Figure 3.1. After removing the fully connected
layers (which takes ∼120M parameters of the total of ∼138M), the network size is small
and faster than its larger counterparts.

ResNet

Upon the increase in models and various architectures published by the researchers,
many problems that have never been seen arose. One of them was vanishing gradient
problem or the degradation in the accuracy when the depth of the network increased. He
et al. (2015) [14] focuses on the degradation problem and proposed the residual learning
method. They achieve this by shortcut connections. Shortcut connections are the con-
nections that allow the feed-forward and back paths to skip over a couple of layers, where
the outputs of the previous layers are added to the outputs of the later layers. To better
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understand the problem ResNet tries to solve, look at this example. Assume we have a
shallow network which outputs f(x) when the input is x. When we add extra layers to this
neural network, we hope to have better accuracy than f(x). However, as observed in [14],
this is not always the case, and as it turns out, deeper networks might have lower accu-
racy. Therefore, forcing the network to explicitly learn an identity mapping by learning the
residual of input and output is the way ResNet chose. Assume the input to the network
(or a subnetwork) is x and the true output is H(x). The residual of this subnetwork is
then defined as;

f(x) = H(x)− x (3.9)

Since we are interested in finding the true output, the equation is reformed as;

H(x) = f(x) + x (3.10)

This difference makes the distinction between residual learning and traditional neural net-
works. Former networks tried to learn H(x) directly, whereas residual learning is interested
in learning the residual. Consequently, the network can learn to make f(x) = 0 in the Eq.
(3.10) and has the ability to ’skip’ some subnetworks. This property can also be seen in
the backpropagation phase where the network can choose to ignore the gradients in some
subnetworks and send it back without modifying. The nature of CNNs with hierarchical
feature encoding promised improvements with deeper networks. However, this was not
possible before. He et al. [14] showed that the deeper networks are possible with residual
learning and shortcut connections and confirmed that performance increases are possible
with deeper networks. They also observed a relative improvement of 28% over VGG16 net-
work with their ResNet-101 feature extractor when used in the Faster-RCNN [12] object
detector.

In our experiments, we use the 50-layer version of the ResNet architecture, namely
ResNet-50. The overall architecture can be seen in Figure 3.2. f(x) mentioned in the Eq.
(3.10) represents the outputs of the subnetworks i.e. building blocks. Each convolutional
blocks are connected with strides. Which results in the following strides to the input image
for each of the convolution blocks; 4,8,16,32 for conv2, conv3, conv4 and conv5 respectively.
As in VGG-16 network, we only use the convolution part as feature extraction network, as
it is denoted in Figure 3.2. We use a pre-trained ResNet-50 that is trained on ImageNet
[92]. Then chop-off the last fully-connected layers (this model is denoted as ResNet-50)
or we chop-off fully-connected layers as well as conv5 block, and we name that model as
ResNet-50-C4. Removing conv5 block reduces the network size, which makes it easier to
train when there is little data to train on. Also, when the stride of 32 with respect to the
input image is considered, conv5 loses low-level semantics of the input image. To overcome
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these issues, architectures like FPN are proposed as we explain the details in depth in the
upcoming subsections.

ResNeXt

The ResNeXt model is a modification to the original ResNet model. Xie et al. (2017)
[85] proposed a small change in the main building blocks of the ResNet and introduced
a new hyperparameter called cardinality. The change in the architecture reminds the
Inception module [46] with small differences. For example, in ResNeXt, the outputs from
different branches are merged by adding them together wherein [46] they are concatenated
depth-wise, and in Inception module, different branches of a block have different filter sizes,
but in ResNeXt they have the same topology. The new parameter cardinality is to decide
how many parallel blocks run in a single block. The authors conducted experiments that
showed us increasing the cardinality improves model performance.

In our experiments, we used ResNeXt-101 pre-trained on ImageNet [92] where the
overall architecture can be seen in Figure 3.3. To turn this network into a feature extractor,
we cut-off the fully connected layers. We choose the cardinality value 32 as it is the default
value and use ResNeXt-101 as the most complicated feature extractor in our table detection
experiments.

3.1.2 R-CNN Family

Object detection is a lot more complex problem than image classification. This com-
plexity arises from two problems; (i) object’s location has to be found, and (ii) the found
region should be classified. Image classification was the more straightforward method to
develop the methods on. A single image is classified into one of the given classes. However,
in real life, when observing our environment, we also see objects and infer the context from
the objects. Visual detection tasks were carried out with the use of computer vision algo-
rithms such as Histogram of Oriented Gradients (HOG) [93] and Scale-Invariant Feature
Transform (SIFT) [94]. SIFT and HOG are algorithms based on histograms of features
and is similar to that of V1 layer (where the input from the human retina is connected
in the brain) of the human visual recognition system, the first sensory areas in the visual
path of the primates [20, 95]. However, when we observe the human visual recognition
system, the visual system is divided into distinct visual areas where each one of these areas
are connected in a feed-forward manner and represents a structure in a hierarchical way
[95]. PASCAL VOC [96] is a popular and challenging object detection dataset, and the
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Figure 3.3: ResNeXt-101 architecture used in the thesis.
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methods are usually compared on this medium. Although SIFT and HOG were dominating
the PASCAL VOC competition, when one looks at the growth of the precision over time,
in recent years (around 2012), a plateau was observed. To leave this plateau, hierarchical
and deep learning based methods were also developed. As we discuss in the Subsubsec-
tion 2.1.2, Fukushima proposed ’neocognitron’, inspired by human biology. This model
was inspired by hierarchical and shift-invariant processing but lacked a suitable training
method. After some time, stochastic gradient descent with backpropagation is applied to
a similar network by LeCun et al. [43] to train CNNs, which extends the operations of the
neocognitron. In the following years, starting with AlexNet [28], very successful entries
to the ILSVRC [45] was made. However, these methods (and the ILSVRC) is oriented
towards the image recognition problem, and this knowledge should be transferred to the
object detection task.

In this subsection, we start by explaining the R-CNN network [20] in Subsection 3.1.2,
which forms the base to many object detection networks nowadays. After the introduction
of the R-CNN, we present modifications and updates and how they solved the prominent
problems in object detection in the upcoming subsubsections.

R-CNN

Girshichk et al. (2014) [20] developed a CNN-based method for object detection while
uniting the knowledge from the image recognition methods’ progress. Girshick et al. show
that CNN-based object detection methods outperform other systems that use HOG with
nearly 30% mean Average Precision (mAP) increase on VOC 2007. The CNN-way of
detecting objects was the sliding-window method. This method applies convolution to
a particular area of an image and then slides the image until all parts of the image are
searched and classified. However, having large CNNs perform this operation makes it
harder to decide on a precise location because of the long strides and filter sizes. Also, since
the regions are exhaustively checked for objects, this method was considerably slow. R-
CNN is a different approach than the sliding-window method where instead of exhaustively
searching, the method generates object proposals from the input image that are class
agnostic and classify those proposal areas with SVMs.

From the proposed areas, a fixed-size input is prepared to be used in a CNN hence the
name, Regions with CNN features. Another contribution of [20] is that they pre-trained
CNNs on ImageNet [92] and then fine-tuned on the smaller PASCAL dataset and showed
that transfer learning is an effective way of training large CNNs. The flow of the algorithm
is as follows. Firstly, the selective search [97] is used to detect possible regions. Then, the
AlexNet network is used to extract fixed-size features (4096 features) from each of those
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regions. Regions that do not meet the input criteria of the CNN network are warped to the
correct size (4096 in this case). Lastly, fixed-size features are sent to the SVMs to conclude
the object detection. The studies on the selective search algorithm show that around
2000 regions are selected for an image and selected regions have 91% recall on ILSVRC
and 98% on PASCAL which clearly shows that there is plenty of room for improvement
since the maximum recall attainable by the whole network cannot be higher than that of
region proposal stage’s. Class-specific SVMs give their scores to a region and afterwards,
bounding-box regression is applied to those regions to predict a new bounding box. Let
x, y, w, h be coordinates of a proposal bounding box and the width and height of it. Then,
let x∗, y∗, w∗, h∗ be coordinates and width and height for the ground-truth bounding box.
Superscript i is used whenever needed, to denote the ith proposal. The learning process
can be summed to learning wθ in:

wθ = argmax
ŵθ

N∑
i

(tiθ − ŵTθ φ5(P
i))2 + λ||ŵθ||2 (3.11)

Where θ is one of x,y,w,h and φ5(P ) defined as the features extracted from the fifth (and
final) convolution layer for the proposal P . To learn wθ, we need the ground truth targets
for the regression (tθ) which are defined as (for a single proposal and related ground truth):

tx = (x∗ − x)/w (3.12)

ty = (y∗ − y)/h (3.13)

tw = log(w∗/w) (3.14)

th = log(h∗/h) (3.15)

Finally, the network is trained as an optimization problem with the least square loss func-
tion and can be solved in closed form efficiently. R-CNN [20] method achieves 66% mAP
on PASCAL VOC 2007 test set [98] and 62.4% mAP on the PASCAL VOC 2012 test set
[99]. The overall architecture of an R-CNN is illustrated in Figure 3.4.

Fast-RCNN

Ross Girshick (2015) [21] proposed a series of innovations that build on top of their
previous work, R-CNN. These innovations increased the detection accuracy while improv-
ing the speed as well. In this paper, the author proposed a deep learning method with a
single-stage training process, i.e. E2E training of the whole system. The mentioned speed
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improvements are significant because R-CNN model with VGG16 takes about 47 seconds
to process an image whereas Fast-RCNN takes around 0.3 seconds without region proposal
time taken into account [21]. R-CNN, as we have mentioned, have several drawbacks. The
training process is not trivial; where first, a CNN is trained and fine-tuned, then separate
SVMs are trained for each class. Finally, bounding box regressors are trained. Moreover,
the slowness of R-CNN comes from the fact that the underlying CNN model is run for
every proposal, which there are about 2000 per image.

Fast-RCNN takes two inputs; image and proposals. Hence, the improvements are not at
the bounding box proposal stage but at the later stages where convolution and SVMs are.
First, the image is processed with the CNN feature extractor, which results in a feature
map. Then, from each proposal, a fixed-length feature vector is extracted from the feature
map via the RoI pooling layer. The change here is instead of running through CNN for
each proposal; the image is processed only once. The fixed-size feature vector then fed into
a fully-connected network which branches into two parts; a softmax layer for classification
and another layer to refine the proposal boxes. The mentioned RoI-pooling layer uses max
pooling to convert the features that are inside any regions of interest into fixed-size feature
vectors. This fixed-size is given to the network as hyper-parameters, and assume them to
be Y and Y’. Then the fixed-size small feature map would have the size Y xY ′. Each RoI
is defined with four coordinates (r, c, w, h) that denotes the top-left corner (r, c) and its
width and height (w, h). RoI max pooling layer divides this RoI into equal length spatial
sub-windows of the approximate size of h/Y and w/Y ′. Then, the regular max pooling
operation is applied. To make use of successful CNNs, Fast-RCNN also uses pre-trained
ImageNet [92] convolutional networks. The aforementioned RoI-pooling layer replaces the
last pooling layers of the feature extractor CNN’s.

Fast-RCNN takes the advantage that comes with architectural decisions. They share
the features extracted for each RoI while training to prevent recalculating the fixed-size
feature maps, which gave about 64 times faster training [21]. Also, R-CNN separately
trained SVMs, but Fast-RCNN combines the box regression and classification branches with
the CNN and RoI-pooling itself and trains the system as a whole. Therefore, Fast-RCNN
network has two output layers. One, softmax layer, outputs a probability distribution per
RoI, p = (p0, ..., pK) over K + 1 classes where K is the number of object classes in the
dataset and 1 comes from the background class which represents the negative class. The
second layer outputs offset for bounding boxes, tu = (tux, t

u
y , t

u
w, t

u
h) for u ∈ K. A ground

truth class k and a ground truth bounding box coordinate target v is associated with each
training RoI. A multi-task loss L is then jointly trained for bounding box regression and
RoI classification:

L(p, k, tk, v) = Lcls(p, k) + λ[k ≥ 1]Lreg(t
k, v), (3.16)
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in which Lcls and Lreg are defined as the following:

Lcls(p, k) = −log(pk) (3.17)

Lreg(t
k, v) =

∑
i∈{x,y,w,h}

smoothL1(t
k
i − vi), (3.18)

smoothL1(x) =

{
0.5x2, if |x| < 1

|x| − 0.5, otherwise
(3.19)

Girshick [21] chosen smooth L1 loss because it is less sensitive to changes and outliers
than the L2 loss used in R-CNN. In addition to this advantage, the classic L1 loss is not
differentiable around 0. Smooth L1 loss converts into L2 loss around zero to overcome this
issue. Since the targets for the regression are unbounded, hyperparameters like learning
rate have to be carefully tuned to prevent exploding gradients problem.

Fast-RCNN [21] method achieves 70% mAP on PASCAL VOC 2007 test set [98] and
68.4% mAP on the PASCAL VOC 2012 test set [99]. The overall architecture of an example
Fast-RCNN system can be found in Figure 3.5.

Faster-RCNN

Faster-RCNN is another improvement made on the R-CNN object detection networks
family by Ren et al. (2015) [12] further improving Fast-RCNN. This new method addresses
some of the critical issues that are present in the deep learning based object detection
methods. Selection search [97] was one of the many region proposal methods used by
the research community. However, it was slow, two images per second, and since it is
not learnable, we were missing out on learning domain-dependent features. Instead of the
selective search algorithm that runs on CPU, Faster-RCNN proposes a deep convolutional
neural network that shares convolutional layers with shared layers. The introduced network
is called Region Proposal Network (RPN). RPN consist of a few convolutional layers and
thus can be trained E2E. [12] also proposed the term ’anchor’ in object detection, which
allows it to detect objects at different scales and ratios.

The RPN is designed to take a feature map as input and output region proposal with
objectness scores assigned to each region. The RPN can simultaneously regress coordinates
of the possible regions and give an objectness score to the regions. Objectness score denotes
if the region belongs to the background class or one of the user classes. To speed up
the process, RPN shares layers with the Fast-RCNN’s convolutional network (backbone
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network). For example, if VGG-16 [19] backbone is used, a feature map from the last
shared convolutional layer (13th layer) is extracted, and then a small network is slid over
this feature map. This small network’s input is n×n. The output of RPN is then mapped
to 512 dimension vector.Ren et al. propose to use n = 3, and we use it as it is. The
extracted feature vector (512-d) is processed by the objectness layer and regression layer
of which are implemented as fully connected layers. The overall RPN architecture can
be found in Figure 3.6. The anchors, as mentioned earlier, allow the RPN to produce
a proposal on different scales and ratios. An input to the system is k, the maximum
number of proposals for each location. Therefore, regression layer has 4k outputs with the
coordinates and the classification layer outputs 2k objectness score. These k proposal are
made with anchors. Anchors have different scales (3 by default) and ratios (by default 2:1,
1:2 and 1:1) giving k = 9 anchors to be placed at each location. In every sliding window
slice, all these anchors are placed, and objectness scores are given. Hence, If the size of
the feature map is W × H, then there are W × H × k anchors in total. The scaling is
added to benefit from the feature pyramids structure, similar to the FPNs [15]. Resizing
the anchors adds smaller computational head when compared to scaling the image itself
and repeating the detection process. However, significant gains can be observed with this
trick where using anchors with different scales gives about 2% mAP on the PASCAL VOC
2007.

In training the network, anchors are assigned a score of 1 if they have IoU of 0.7
or higher with any ground truth box. 0 otherwise. Then, the loss function is just an
adaptation from the Fast-RCNN. Let i be an index for an anchor, in a mini-batch, with a
probability pi of being an object. Also, the ground truth label for the anchors is denoted as
p∗i . Lastly, ti represents the four coordinates that define a predicted bounding box and t∗i
is the coordinates for the corresponding ground truth bounding box. Then the multi-task
loss L is defined as:

L({pi}, {ti}) =
1

Ncls

∑
i

Lcls(pi, p
∗
i )

+ λ
1

Nreg

∑
i

p∗iLreg(ti, t
∗
i ).

(3.20)

The loss Lcls is same as Eq. (3.17) as defined in Fast-RCNN chapter. The regression loss
is smooth L1 loss (Eq. (3.19)), adapted from the Fast-RCNN [21] and defined as:

Lreg(ti, t
∗
i ) = smoothL1(ti − t∗i ) (3.21)

In Faster-RCNN’s multi-task loss function, classification loss is normalized by the batch
size (Ncls) and the regression loss is normalized by the number of anchor locations (Nreg).
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The regression loss (Lreg(ti, t
∗
i )) is borrowed from the parameterizations in the R-CNN

paper [20] and given as follows:

tx = (x− xa)/wa, ty = (y − ya)/ha,
tw = log(w/wa), th = log(h/ha),

t∗x = (x∗ − xa)/wa, t∗y = (y∗ − ya)/ha,
t∗w = (log(w∗/wa), t∗h = log(h∗/ha)

(3.22)

As usual, x,y,w,h represents the bounding box’s mid coordinates and the width and height
of the box. Three different notations; x, x∗ and xa are for the predicted bounding box,
ground truth box and the anchor box respectively.

The overall architecture of the Faster-RCNN method can be viewed at Figure 3.7. We
used the Faster-RCNN method with a backbone of VGG-16 and ResNet-50 that are pre-
trained on the MS COCO dataset [100]. The reasons behind this choice are because the
Faster-RCNN method is a popular and state-of-the-art method in terms of performance
as well as speed. Also, it is applied to many domains and helped achieve good results
such as; table and table structure detection [7, 8], pedestrian detection [101] and instance
retrieval [102]. The model achieves 78.8% mAP on the PASCAL VOC 2007 test set [98],
and 75.9% mAP on the PASCAL VOC 2012 test set [99] which surpassed previous methods
and claimed the throne in the object detection research while improving on the speed with
0.2 seconds per image including proposals with VGG-16 as the backbone network. The
Faster-RCNN architecture is adopted by previous researchers to the document analysis
domain [81, 10, 75, 36]. The findings show that this network architecture adopts well
to this domain and therefore, we include it in our comparisons with different backbone
networks.

Mask-RCNN

He et al. (2017) [11] proposed the Mask-RCNN model just after two years from the
release of the Faster-RCNN. Mask-RCNN is essentially an instance segmentation version
of the previous iteration, Faster-RCNN. Instance segmentation is just a particular case
of image segmentation problem. In regular image segmentation, an image is segmented
into classes. That is, distinct instances of a class are not separated, but only the classes
are segmented. However, in instance segmentation problem, we care about every instance
of a class and this problem can be considered as an instance-aware version of the image
segmentation problem. Mask-RCNN earns instance segmentation capabilities by adding a
new branch to the Faster-RCNN model; a fully convolutional network which is explained

45



        Mask Branch
(Fully Convolutional 

Network)

             Mask

         

Fixed-Size Feature Map

CNN - Backbone Network

Region 
Proposal 
Network

         

Feature Map

RoI-Pooling

FullyConnectedLayer

Softmax Regression

Refined Box CoordinatesClassification

CNN

Figure 3.8: Mask-RCNN method architecture used in the thesis.

46



in-depth in Subsection 3.1.4. He et al. [11] adopted the Faster-RCNN where the first stage
(RPN) is the same, but in the second stage in parallel to the classification and regression
branches, an FCN is added to perform classification on a pixel level. As in region proposals,
generated object masks are also binary with objectness scores. The classification of the
masks is inferred from the classification loss of the underlying Fast-RCNN model. The
overall architecture of the proposed Mask-RCNN model can be found in Figure 3.8.

Since the network extends the older methods, the multi-task loss used to train the
networks are also just an extension to the previous methods. The multi-task loss L is
defined as:

L = Lcls + Lreg + Lmask (3.23)

Lcls is the classification loss and Lreg is the bounding box loss and are exactly the same as
Eq. (3.17) and Eq. (3.18), respectively. Assume there are K classes and mask resolutions
are m ×m for each class and each RoI (in our case, m = 28). Therefore, there are Km2

outputs for a single RoI. An important thing to note here is that since the masks are
binary, there is no competition between classes, which makes the training easier for masks
and is one of the choices that shown to improve the performance by [11]. Then, sigmoid
is applied to outputs in a pixel level and Lmask is defined as average binary cross-entropy
loss where the binary cross entropy is:

CrossEntropy(p, y) =

{
−log(p), if y = 1

−log(1− p), otherwise
(3.24)

In the above y specifies the ground truth where p stands for the predicted probability for
the true class (y = 1). Then Lmask is:

− 1

m2

∑
1≤i,j≤m

[yijlog(ŷkij) + (1− yij)log(1− ŷkij)] (3.25)

Where ij denotes a cell in the m×m mask and yij represents the label of this cell in the
ground truth. ŷkij stands for the predicted value in the same position of the predicted mask
that belongs to the ground truth class k. Note that if an RoI is associated with the k-th
class, Lmask is only defined on the k-th mask.

The goal of the mask branch is to detect m × m mask for each RoI. This requires
to maintain the precise spatial layout of the features in the RoI. Using a fully connected
layer or other operations that do not preserve spatial information is hurtful in pixel level
classification, and thus, the rational choice is using fully convolutional networks. RoIPool
used in the heart of the Fast and Faster-RCNN models to process the RoIs. However,
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RoIPool algorithm is not suitable for the pixel-level segmentation task because, in RoIPool,
the proposed region coordinates are first quantized and converted to coordinates (which are
rounded to index the feature map) on the feature map which then quantized again to be
used as coordinates on the RoI features. These continuous operations found to introduce
misalignment when used for segmentation [11]. To eliminate this misalignment, He et
al. proposed a new algorithm called RoIAlign [11]. RoIAlign is an intuitive improvement
over RoIPool. The proposed algorithm does not quantize the coordinates but uses bilinear
interpolation inspired by the spatial transformer networks [103] instead. With this change,
relative mask accuracy is increased by 50% when compared to the older RoIPool method.

Another contribution of the Mask-RCNN model is that they have tested ResNet-101-
C4 [14] (feature map is extracted from the last convolutional layer of the conv4 block of
the ResNet backbone network) and ResNet-101 with FPN [14, 15] and they achieved 3-5%
increase in the precision for the MS COCO test set [100] which experimentally shows the
importance of the backbone network selection. Using sigmoid in the Lmask (class-agnostic
masks) increases the precision by 5-7% in the MS COCO compared to using softmax (class
dependent masks). In our previous works [8, 9], we have used Mask-RCNN model to detect
internal table structure detection and table detection, which we have obtained the state-
of-the-art results for the table detection task. In [9], we have concluded that FPNs and
FCNs are helping the model to learn low-level features and increases the robustness of the
method. In our experiments, our choice of a backbone network is the ResNet-50 because
the dataset sizes are limited for tabular structure detection task, and it is challenging to
train deeper networks with this amount of data. Since Faster-RCNN is widely adopted
in table detection with deep learning (see Subsection ??), we know that R-CNN based
object detectors works well on this domain. Mask-RCNN is an improvement made on
top of the Faster-RCNN architecture and inclusion of fully convolutional network into the
architecture will allow the model to learn details of the documents. The models need every
bit of detail especially for row detection purposes (as shown in Chapter 5). This is the
main motivation to try Mask-RCNN, for the first time in tabular structure detection, and
the results are satisfactory as we will discuss in the upcoming chapters.

3.1.3 Feature Pyramid Networks

Detecting objects at different scales has always been a problem in computer vision, and
many people proposed different solutions. One of them is scaling the images manually and
performing detection at different scales which is rooted from [104](Figure 3.9a) and is a
common practice as it can be seen in hand-crafted rule-based image processing methods
[105, 106]. This method allows the methods to be scale-invariant with a sacrifice of the
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speed since the detection is performed more than once. Convolutional networks have
shown to be more robust to the scale changes of objects [21, 12](Figure 3.9b) but more
in-depth inspection shows that more performance gains can be attainable with pyramid-
like structures [15]. Detection at different scales is beneficial when detecting objects at
a different scale. For example, tables can be detected on most scales, whereas smaller
objects like rows can only be detected on a grander scale, as [8] shows. Although it is the
intuitive way to make the models scale-invariant, image pyramids are not the only way
to achieve this goal. Since CNNs already calculate feature pyramids in their forward-pass
which inherently is a pyramid-like shape with hierarchical features at each level. SSD [79]
is a method that used CNN’s hierarchical features and performed detections at different
levels (Figure 3.9c), but they have added new layers to complete the pyramid and avoided
using lower layers. Lin et al. (2017) [15] proposed a new method called FPN that benefits
from the CNNs’ inherent feature pyramids and they have combined semantically low-level
features and semantically high-level features to imitate the image pyramids scheme and
form a top-down architecture to perform detections on every level as in Figure 3.9d.

The tests by Lin et al. [15] shows that FPNs significantly increases the recall on object
detection task. Numerically, FPN architecture increased the Average Recall (AR) by 8 and
Average Precision (AP) by 2.3 or 3.8 for COCO-style [100] or PASCAL-style [96] precision
calculation respectively. The FPN can be divided into two parts, the bottom-up path
and the top-down path. The bottom-up pathway is the regular feed-forward operations of
the convolutional networks. Since many convolutional layers are not changing the size of
the input (i.e. convolution layers of the conv4 block of the ResNet [14] model), they are
considered to belong to the same level in the bottom-up pathway. Then, bottom-up feature
pyramid is constructed with last convolutional layers of each of these levels. For example,
for the ResNet models, feature maps are extracted from the last layers of the conv2, conv3,
conv4 and conv5 blocks. The top-down pathway is being constructed starting from the later
layers of the convolutional network and going down in the network by extracting feature
maps at selected layers as stated. These feature maps are then laterally connected to the
top-down path and merged with the other feature maps. Every layer in the path is upscaled
using the nearest neighbour algorithm before sent to the lower layer and then merged with
the lower layer by simply adding the features. The process of the FPN architecture is
shown in Figure 3.9d. On the left of the figure, the bottom-up path is shown, and on the
right, the top-down path can be found.

Since in our problem, we have wide and short objects as well as tall and narrow objects
(rows and columns) performing detection at different scales should help us. As per the
experiments in [15], Faster-RCNN model with FPN performs marginally better on the
COCO test set [100]. We have also experimented with FPN, and according to our previous
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investigations in [8], the model with FPN (and FCN) improved the AP and AR by 4-6%
in the public UNLV table structure dataset.

3.1.4 Fully Convolutional Networks

Object detection benefited from the CNNs in the last years [20, 12, 79]. Following the
success in detection tasks, the next intuitive progression is the segmentation of objects.
Being able to segment objects might help us in some cases or strike as more natural rather
than a chunky rectangular bounding box for non-rectangular shaped objects (i.e. most of
the objects in the world). Convolutional layers are the de facto operation in image-related
methods and feature extraction from images [20, 15] but feeding these features to fully
connected neural networks would result in losing the spatial information and inaccurate
segmentation of objects [16]. Therefore, they should be handled with convolutional layers
as well. Long et al. (2015) [16] proposed the Fully Convolutional Networks (FCNs) by
adapting object detection networks. The adaptation process requires converting classifi-
cation branches of these networks (i.e. Faster-RCNN [12]) to deconvolutional layers to
upscale the feature map back to its original size and predict and define loss for each pixel.
[16] shows that from the features there are two options to upscale the image to the original
size with detections; (i) use bilinear upsampling (or similar) and (ii) use deconvolutional
layers which are convolution layers where the forward and backward passes are reversed.
The choice of upsampling for FCNs are usually with learnt deconvolutional layers [16, 11].
To reduce the dimensionality, 1 × 1 convolution is applied with channel dimension equal
to the number of classes to predict.

An example segmentation method is illustrated in Figure 3.10 as described in [16]. This
architecture is a modified version of VGG-16 [19] network with only a slight modification
where fully connected layers are converted into convolutional ones which also allows the
network to take arbitrarily sized input since there are no dense connections between layers.
The networks are named as FCN-32s or FCN-8s to denote the total stride amount of the
network with respect to the input image. Since FCN-32 is obtained by upsampling the
conv7 features (converted to convolutional layer from the fc7 of the VGG-16) through
deconvolution operations and the stride amount of conv7 layer to the original image is 32.
Also, FCN-8 (or FCN-16 or FCN-4, same idea) is upsampled from the output of the ’pool3’
layer which had eight strides on the original image. When connecting the output of pool4
layers to the output conv7, since they have a stride of 2 difference in between, first, conv7
is upsampled by 2 (shown as ’2x’ in Figure 3.10), and then the features are added together
and deconvoluted. Upsampling is initialized to bilinear interpolation, but the network is
allowed to refine the weights. 1 × 1 convolutions are used to acquire class predictions
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Input: Any Size

3x3 conv1, 64
3x3 conv1, 64

2x2 MaxPool1 /2

3x3 conv2, 128
3x3 conv2, 128

2x2 MaxPool2 /2

3x3 conv3, 256
3x3 conv3, 256
3x3 conv3, 256

2x2 MaxPool3 /2

3x3 conv4, 512
3x3 conv4, 512
3x3 conv4, 512

2x2 MaxPool4 /2

3x3 conv5, 512
3x3 conv5, 512
3x3 conv5, 512

2x2 MaxPool5 /2

Conv6 (from fc)

32x upsampled 
prediction (FCN-32s)

Conv7 (from fc)

2x2 MaxPool4 /2
2x Conv7 (from fc)

16x upsampled 
prediction (FCN-16s)

2x2 MaxPool3 /2

2x 2x2 MaxPool4 /2
4x Conv7 (from fc)

8x upsampled 
prediction (FCN-8s)

Figure 3.10: A fully convolutional architecture based on VGG-16 to classify pixels. FCN-
32s upsamples the predictions made with 32 stride back to pixels. FCN-16s combines the
output of both the last layer and the ’pool4’ layer which has stride of 16. FCN-8s is the
combination of information from pool3, pool4 and conv7. It provides further precision and
allow the network to keep the high-level semantics as well as providing finer details about
the input.
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and before the addition operation that merges layers to reduce the dimensionality. Best
results are attained with FCN-8 architecture on PASCAL VOC 2011 [107], but we believe
for our case, it might be useful to try lower stride amounts as well, and we leave it as
future work. The proposed FCN architecture achieved state-of-the-art on segmentation
tasks and now widely adopted as the de-facto segmentation method [11, 10, 108] In our
Mask-RCNN model, we also make use of FCNs to segment instances and help the model
to retain information from the lower levels better. Since the FCN has to classify each pixel
of an image, the network is forced to remember every detail of the input. This property is
expected to increase the accuracy of our models.

3.1.5 RetinaNet

Up to now, all the previously mentioned detection models were two-stage detection
methods where the first stage is the region proposal (selective search [97] or RPN [12])
and the second stage is the refinement and classification of these proposals. If we were to
examine the weaknesses of these architectures, we would see that there are around 2000
bounding box proposals where there is only one box to predict. The time is wasted on
generating these proposals as well as classifying them. Single-stage object detectors (which
eliminate the first, proposal, stage) are inherently faster but less accurate. Lin et al. (2017)
[13] studied this weakness of the single-stage methods and tried to eliminate what causes
the weakness. Since single-stage methods do not eliminate the massive size of possible
object regions in an image to couple thousands, the number of correct boxes are near to
zero next to the total amount of possible bounding boxes. Even though at the time there
were fast and single-stage detectors like YOLO [80] and SSD [79], they were not competent
enough against two-stage networks on public test sets such as MS COCO [100].

Class imbalance problem is mostly present in the single-stage methods in object de-
tection problem. In two-stage methods, a method like RPN decreases the search space
immensely, which results in a sparse search on the input image where only 2000 bounding
boxes are looked at. Although the search is sparse, this operation is time-costly due to the
nature of the process, for example, the selective search takes almost 2 seconds [20] per im-
age. In the single-stage methods, dense sampling is performed from the image to search for
objects. In the end, these methods evaluate many more boxes than the two-stage methods
in which most of them turn out to be negatives. This imbalance causes several problems
where one of them is being the harmful effects of many detections because they are easy
to classify and do not provide valuable loss to backpropagate. To overcome the class im-
balance problem, [13] proposes a novel loss function called focal loss, which down-weights
the easy examples to prevent the network from being overwhelmed by negative examples.
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Figure 3.11: The RetinaNet architecture used in the thesis. Purple boxes represent the
input image and white boxes stand for feature maps.
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The focal loss is based on the cross-entropy function (Eq. (3.24)) with an addition:

pt =

{
p, if y = 1

1− p, otherwise
(3.26)

Which simplifies the CrossEntropy function to:

CrossEntropy(pt) = −log(pt) (3.27)

The cross-entropy could be multiplied with a value (for example class frequency) to ad-
dress the imbalance problem in the dataset (positive/negative data imbalance), but the
inherent problem that comes with the single-stage methods require a distinguishing factor
between easy and difficult examples. Lin et al. [13] proposed a modification to the vanilla
cross-entropy, which gives less importance to the correctly classified examples. They have
achieved that by proposing a factor (1 − pt)γ with focusing parameter γ ≥ 0. The focal
loss is then defined as:

FocalLoss(pt) = −βt(1− pt)γlog(pt) (3.28)

with β being the scaling factor and focusing parameter is denoted as γ. From these
formulations, it is clear that even though the easy examples are classified with near-perfect
precision, when their quantity is considered, they do not contribute to the loss and cannot
overwhelm the training. When an example is correctly classified and pt is close to 1, the
loss for that example drops dramatically. [13] shows that their proposed method RetinaNet
with ResNet-101 [14] with FPN [15] outperforms the Faster-RCNN model with the same
backbone network on the MS COCO [100] test set. The architecture of a RetinaNet model
can be seen in Figure 3.11. RetinaNet uses a backbone feature extractor connected with
FPN to extract features with different semantic levels. Anchors are then applied at each
level; to the feature maps extracted from the backbone network as in [15]. Moreover, as
in Mask-RCNN [11], there is a regression subnetwork to calculate the offset from each
of these anchors placed. Calculating the offset from the anchors but not predicting the
location of the box altogether without anchors limits the capabilities of the network. The
box regression subnetwork is a fully connected network as the classification subnet. The
classification subnet classifies each anchor for each class in parallel to the regression subnet.
We also test the RetinaNet model to see the performance of the single-stage detectors on
our task. We found it to be outperformed by the Faster-RCNN and Mask-RCNN.
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Figure 3.12: The morphological method examples. All operations are shown with a simple
5× 5 square kernel.

3.2 Rule-Based Mathematical Morphology Method

Deep learning methods, especially the object detection methods, excelled on a wide
variety of tasks including table and table structure detection tasks [7, 8, 9, 101]. Although
deep learning methods are good at this, there are also heuristics based solutions to these
problems, and they are still studied [109, 110, 76]. One popular method is to use the
concept of connected components [109, 8, 111] and to form the connected components
we need to connect words to create a component. To do this, we used the mathematical
morphology method as defined in [22]. The morphology method is used to process digital
images and analyze geometrical compositions. It has several sub-methods, but the two
fundamental methods are; morphological erosion and morphological dilation. Erosion is
an operation that is applied to a binary image with a kernel which then the image gets
eroded according to the kernel applied. Dilation is the inverse of the erosion operation
with a kernel as well. The effects of these methods can be simplified as; erosion decreases
the intensity of the white pixels where dilation increases the intensity. When these two
methods are applied back-to-back (first dilating then eroding), the small gaps between the
structures are closed, and hence, forms ’connected components’.

We test the mathematical morphology method because the connected components are
widely used, and morphological closing method is an effective and established way to
form connected components. Moreover, since they are developed to analyze geometrical
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structures [22], it makes a compelling case to extend this method to contemporary problems
as well. These methods have been previously applied to the table detection problem [31],
and we also have proposed it to be used to detect column and rows [8]. Table detection by
using the connected components strategy is less challenging because there are many rows
and columns to supplement the preliminary table detection proposal with alignment and
white space checks. However, structure detection is a more laborious task as sometimes
the structural elements include other structures (i.e. smaller tables or figures) inside them.
The effects of the erosion (Figure 3.12, middle-right), dilation (Figure 3.12, middle-left)
and closing (Figure 3.12, right) is shown in Figure 3.12.
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Chapter 4

Table Detection

We propose deep learning based solutions to find tables in arbitrarily styled documents
be it research papers, magazines, journals, newspapers, web pages and more. Our previous
findings on table detection can be found in [7]. The document format is in digital image
format because every other document format can be converted into an image which allows
our system to take any document as input. The proposed table detection model also works
on scanned and possible tilted images that result from scanning progress, and we achieve
state-of-the-art results on a number of public datasets. We also present a comparison
of state-of-the-art object detector networks on our domain under public datasets. We
conclude that our Mask-RCNN [11] based method is the best among the other methods we
study. The detections by this model are accurate, and speed-wise it competes with other
methods we present. Since the annotated dataset for the table detection task is lacking,
the research community use existing public datasets and benefit from transfer learning
capabilities of the deep learning methods to adapt the models to table detection domain.
We propose that unlike how public datasets and their training sets annotated, annotating
all table-like areas, which we call tabular areas, increases the overall recall and precision
with a trade-off of an increased number of false-positives. Tabular regions include the table
of content pages, some form of lists that has several columns and rows, actual tables or
sometimes figures as well or in other words, everything that looks like tables. With this
addition, we had achieved a perfect recall (1.0) with Mask-RCNN model.

In training the deep learning models, even though we use transfer learning to adapt
pre-trained backbone networks in our models to the document domain, we still require
more data. To enlarge the available dataset, we combine several public datasets and hand-
label a private dataset which is aggregated by Lytica Inc and provided to us Due to the
privacy reasons, this private dataset is not shared with the public. In the end, the datasets
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are Marmot1, ICDAR 2013 [73], ICDAR 2017 Page Object Detection (POD) Dataset [77],
UNLV2 and our private dataset provided to us by Lytica Inc3. The tested methods are
Faster-RCNN [12], RetinaNet [13], Mask-RCNN [11] with the backbone networks of VGG-
16 [19], ResNet [14] and ResNeXt [85] variants. This chapter starts by examining the
datasets we use in Section 4.1 and then followed by the methods we use and our choice
of parameters and additions if any in Section 4.2. After the methods and datasets are
detailed, Section 4.3 explains our training process and we concludes the table detection
approach of ours by presenting our results and comparing it to others in Section 4.4. We
reach to a final conclusion in Section 4.5.

4.1 Datasets

Table 4.1: Datasets and distribution of the images.

Dataset Total Images Training and Validation Test

ICDAR 2013 238 - 238
ICDAR 2017 2417 2217 200

Marmot 2000 829 -
UNLV 424 350 50
Private 2323 2123 200

In this study, we primarily focus on a specific domain that is tabular information
extraction from the electronic component datasheets. However, when the examples from
the provided private dataset are examined (Figure 4.5), one can observe a diverse set of
table styles. Hence, along labelling more than 2000 pages from this dataset which includes
millions of documents with many pages, we also use public datasets because the deep
learning methods are data-driven methods. With this wide range of datasets from different
sources, our models can detect tables from documents from many domains. The datasets
used are Marmot, ICDAR 2013, ICDAR 2017 POD, UNLV and our private dataset. The
overview of all the instances of the datasets and their distribution to the training (and
validation) and the test set is shown in Table 4.1. We experimented with increasing the
number of test images by including some images from the training set to be used in the test

1http://www.icst.pku.edu.cn/cpdp/data/marmot data bak.htm (currently not available)
2http://www.isri.unlv.edu/ISRI/OCRtk (currently not available)
3https://www.lytica.com/
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sets. Since the models are only trained for a few epochs, it seems that they did not overfit
to the training set and increasing the test set size with data points from the training set
did not improve our results and instead, we acquired slightly worse results in some cases.
In the end, we use a collection of all the datasets to train our networks and we have 171
images seperated for validating the trained snapshots of our models and 5348 images for
training. Test sets are not combined and we provide testing performances for each dataset
separately to compare our results with the previous work.

ICDAR 2013

The International Conference on Document Analysis and Recognition (ICDAR) is a
flagship conference on document analysis and holds competitions on this field every other
year. At 2013 ICDAR published a dataset, ICDAR 2013 table detection dataset [73], that
had tables and structures annotated in them; hence, the popularity and why this dataset
quickly adopted by many research and now a benchmark dataset to compare works to each
other [36, 10, 7]. The dataset includes documents from the European Union (EU) and the
US Government websites. Since these sources are highly regulated, we expect the tables
do not differ much between them; however, it is used to simulate the real-life performance
of the models. Therefore, we use this dataset to only test our results. The dataset in its
original form is composed of born-digital PDF files which we convert it to images to be
used in our systems. The dataset consists of 238 images when converted. Two sample
images from the ICDAR 2013 dataset can be found in Figure 4.1. When evaluating this
dataset, we use Intersection over Union (IoU) of 0.5 to be compatible with the previous
research.

ICDAR 2017

In a later iteration of the ICDAR competitions, at 2017 POD [77] competition is held
with a new table detection dataset included. This dataset also have formulas and figures
annotated, which we do not consider and believe that it causes some problems, but we
leave the detection of those page objects to the future work. This dataset is considerably
larger than the previous counterpart and has 2417 images in it. This dataset is comprised
of research papers from academic venues which are still largely regulated and has a similar
structure between the instances of the data. However, the nature of the research papers
considered, there are formulas and figures which can be misclassified as tables in large
quantities which makes it harder to predict tables accurately as we have observed it in
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(a) (b)

Figure 4.1: Example images from the ICDAR 2013 dataset.
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[7]. The ICDAR 2017 POD dataset has 817 test images and 1600 training images pre-
separated. However, we use only a partial small subset of the dataset (200 images)4 for
testing and add the remaining 617 images to the training set. Two sample images from
the ICDAR 2017 dataset can be found in Figure 4.2. In the evaluation phase, we use IoU
of 0.5 to be compatible with the previous research and since it is a common threshold [96].

(a) (b)

Figure 4.2: Example images from the ICDAR 2017 dataset.

4Our Faster-RCNN and RetinaNet models are tested on the full test set and trained only on the original
training partition.
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Marmot

One of the big public datasets on table detection is the Marmot dataset published by
the Institute of Computer Science and Technology (Peking University). There are 2000
images with about half of them containing table regions. The annotations in this dataset
are not clear and have some errors as stated by Schreiber et al. [10] as well. Moreover,
since we aim for tabular regions instead of more strict table areas, we re-annotated some
and did not use most of the dataset. In the end, we only use 829 data points from this
dataset to be included only in the training set. Two sample images from the Marmot
dataset can be found in Figure 4.3.

UNLV

The UNLV dataset is published by the University of Nevada, Las Vegas and consists of
2889 documents from sources like reports, business letters, magazines and so on. Only 424
of those data points included table regions; therefore, we can only use those. The UNLV
dataset consists of scanned document images with possible tilt introduced by the scanning
process which ,we believe, introduces extra difficulty to the training since our end goal is
table detection in born-digital documents and all of our other datasets are composed of
born-digital documents. In this work, this dataset is not included in our Faster-RCNN and
RetinaNet training sets because scanned documents are not our primary focus. Hence, for
accurate detection and smooth training, we exclude some of the heavily tilted images that
left us with usable 400 images to be used in the Mask-RCNN model. We select random 50
images to be used in the testing since the UNLV dataset does not have a defined test and
training split. The importance of the UNLV dataset comes from the annotation which has
both table and structure annotations. Two sample images from the UNLV dataset can be
found in Figure 4.4.

Private

Our private dataset is provided to us by Lytica Inc. in the form of born-digital elec-
tronic component datasheets aggregated from many manufacturers. The dataset comprised
initially of millions of PDF datasheets which then we converted them to document images.
Since the range of sources are diverse, and the style of tables are different than observed
in public datasets we also hand annotated 2323 document images from this dataset and
used 2123 of them in training and the rest in the testing set. As it can be witnessed in
Figure 4.5, our private dataset includes complicated documents where many figures have
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(a) (b)

Figure 4.3: Example images from the Marmot dataset.
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(a) (b)

Figure 4.4: Example images from the UNLV dataset.
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table-shapes, and there are some cases where tables are located inside rows of tables. These
characteristics are hard to encounter in public datasets; therefore, our primary aim is to
achieve accurate information extraction from these documents in the end.

4.2 Methods

To solve the table detection from both born-digital and scanned document problems,
we propose and compare three deep learning methods to each other where each of them
accompanied by distinct architectures and features that lead us to a final decision on which
architecture to choose. Our work follows a step-by-step and incremental approach in the
selection of the methods. We build up to our latest model and clarify the reasons why that
model performs the best. In this section, we first start with describing the Faster-RCNN
[12] model under study, and then we test the RetinaNet [13] based method. The final
object detection model we use to detect tables is based on Mask-RCNN [11] and all these
models are compared with each other as well as to the literature. Architectural details of
all the methods that are described in this section are given in Chapter 3.

Faster-RCNN [12] is a state-of-the-art object detection model that is built on top of
an earlier iteration called R-CNN [20]. Faster-RCNN is a deep learning-based two-stage
object detection method. It uses a subnetwork called RPN to propose bounding boxes and
then classify each box separately. In the first stage, we set the threshold for the bounding
boxes to be 2000. These 2000 boxes are classified and regressed to form the final outputs
together. Due to the two-stage nature of the Faster-RCNN, we expect it to be slower than
single-stage networks even though it is one of the fastest state-of-the-art object detection
methods. The reasoning behind the choice of Faster-RCNN stems from the popularity of
the R-CNN and it’s iterations including Faster-RCNN in computer vision research [101].
Faster-RCNN has been used in many different domains for instance, to detect faces [112],
medical chart interpretation [113, 114], table detection as well [10, 7, 9] and many other
abstract object detection challenges as shown in [115]. Since the model has been used in
a wide range of domains, we trust the transfer learning capabilities of the model and use
the datasets mentioned above to adapt the pre-trained backbone networks to our domain.
As the backbone feature extractor, we use VGG-16 which has been proven to perform
well on established datasets such as ImageNet and PASCAL VOC [92, 96]. VGG-16 is
a convolutional neural network with 13 convolution layers as outlined in Figure 3.1. We
use the latest convolution output to be used as a feature map in Faster-RCNN model
(Figure 3.7). We chose the VGG-16 network to see if the task is easy enough and we do
not need an overly complex network to solve it and to benefit from the speed advantages
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of the VGG-16 network.

Our second model is RetinaNet (Figure 3.11) which is a single-stage object detector
proposed by Lin et al. [13]. RetinaNet is another method that is influenced by the in-
cremental breakthroughs by the R-CNN family. Instead of the first stage of R-CNN and
Faster-RCNN, ’RPN’, RetinaNet model borrows the idea of anchors from the Faster-RCNN
and eliminates the candidate bounding box selection phase. Instead, each anchor for each
class are classified and regressed, and then a novel focal loss (Eq. (3.28)) is applied to
solve a problem called class imbalance problem. The class imbalance problem is caused by
the lack of a subnetwork like RPN in single-stage detectors. RPN reduces the number of
possible locations for a box to a couple thousand which eliminates the imbalance between
classes greatly, whereas RetinaNet deals with possibly hundreds of thousands of possible
boxes. We use the backbone networks of ResNet-50 [14] and ResNeXt-101 [85] with FPN
[15] included in both of the backbone networks to strengthen the stance of our single-
stage detector compared to the Faster-RCNN model with VGG-16 backbone network. We
know that single-stage detectors lack in performance (recall and precision), but they have
a trade-off and gain a speed advantage over the two-stage networks [13]. RetinaNet is also
used widely in a range of topics; including table detection as we have shown in our previous
work [7] or road damage detection [116]. We also test ResNet-101, but the performance was
in between the two backbones we are using. Hence, we do not include it when presenting
our results.

The third and final table detection method is based on a Mask-RCNN [11] model.
Mask-RCNN method is merely an addition on top of the already successful Faster-RCNN
model. It is a two-stage object detection network where the first stage is same as Faster-
RCNN, with an RPN and the second stage is an extended version of the Faster-RCNN
method. This extension is an FCN branch which was not present in the original Faster-
RCNN model. The new FCN branch, allowed the Mask-RCNN model to predict bounding
boxes as usual and become an instance segmentation model in parallel by predicting pixel-
level classification. Pixel-level classification is done by deconvolutions where the features in
an RoI is upsampled with learned convolutional layers to represent the image and classify
each pixel accurately. Although the model has a new branch, the runtime is almost the
same as Faster-RCNN because new FCN branch is operating in parallel to the Faster-
RCNN branches (classification and regression). Mask-RCNN architecture can be seen in
Figure 3.8. RPN in our experiments proposes 2000 areas (RoI) and we have also attempted
to set the threshold at 3000 and 4000 proposals, but we did not see a contribution. This
phenomenon is also observed in [12]. The authors have observed that the lower number
of proposals prevents the class imbalance problem from occuring and large values hurt the
performance instead of improving it further. In the Mask-RCNN based model, we use
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large input images (maximum size of 2000x1200) and hence, due to the video memory
limitations, our mini-batch size is limited to 1. Every deep learning model we make use
of includes BatchNorm [18] which is used to solve the internal covariate shift problem
by regularizing each mini-batch. Naturally, if the mini-batch includes only one image,
there is nothing to regularize for. Hence, BatchNorm becomes ineffective in this case.
However, Yuxin et al. (2018) [17] proposed Group Normalization (GroupNorm) which
operates by regularizing the channels of the input. The channels of the input to a layer
are divided into a fixed number of groups (we use GroupNumber = 32) to be normalized.
Yuxin et al. [17] demonstrated that GroupNorm achieves higher precision than BatchNorm
under training with small mini-batch sizes. Mask-RCNN is a state-of-the-art method both
on instance segmentation, on object detection problems and keypoint detection problem.
Therefore, it is widely used and became one of the de-facto models to use in various
computer vision problems including nucleus segmentation [117], human pose estimation
[118] and augmenting object detection with instance segmentation [119]. From our previous
experience on Faster-RCNN and RetinaNet and their backbone networks which represents
a wide range of choices, we decide on ResNet-50 [14] as our backbone in this network instead
of VGG-16. This decision is based on our results we observe in Section 4.4: large ResNet
networks seem to attain better recall values. We also designed additional improvements on
top of the detections of the Mask-RCNN based table detection model, but they are focused
on in Chapter 6.

4.3 Training Details

Our implementation language is Python with deep learning libraries; Tensorflow and
PyTorch [120, 121]. Since our dataset size (5519) is not enough to train a deep neural
network from scratch, we benefit from transfer learning capabilities of these networks since
it is shown that deep learning solutions can transfer the knowledge to the domain of table
detection from documents [7, 9, 10]. The transfer learning is applied to the regression,
classification and FCN branches of our models as well as to the pre-trained VGG-16,
ResNet and ResNeXt backbone feature extractors that are trained on ImageNet [92] and
MS COCO [100]. We do not apply any preprocessing or postprocessing that might help
improve the performance since our primary focus is to find a suitable combination of
architectural decision that works well on this task and leave the rest to future work. All
the training is carried out with the initial learning rate of 0.001 and we gradually decrease
the learning rate throughout the training. Different learning rates as well as other simple
parameters such as FPN connection points are experimented but a more broad search
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(grid-search like approach) should be tried in the future work. Our training dataset (5348
images) is the merged version of all the datasets mentioned and is shuffled before training
to prevent the networks to overfit to dataset specific structures, if there are any. When
shuffled, every mini-batch is possibly fetched from a different dataset.

We utilize a Faster-RCNN model as described in [12]. Faster-RCNN model is powered
with a pre-trained backbone feature extractor, VGG-16. Input images to the network are
resized to make their maximum possible length of an edge to 1000 and their shortest side
to 600 (1000× 600 max. resolution). Faster-RCNN model is trained for eight epochs with
the batch size of 1 and 128 RoIs per batch. During training, we constantly monitored the
validation loss and cut the training when the validation loss stopped improving to prevent
overfitting problem. The initial learning rate of the model is 0.001, but we reduce it by a
factor of 10 after 30000 steps.

The RetinaNet architecture is described in [13]. We use the described architecture
as is with our two backbone networks to experiment with. Both the backbone networks
include an FPN attached to them. FPN is connected to the outputs of every convolutional
block of the underlying feature extractors. The input size is the same as our Faster-RCNN
model with a maximum possible length of a side is 1000 where their shortest side is 600
(1000× 600 max. resolution). The RetinaNet network with ResNet-50 backbone network
is trained with a mini-batch size of 6 and 64 RoIs per batch for nine epochs, and RetinNet
model with ResNeXt-101 backbone network is trained with a mini-batch size of 2 and 64
RoIs per batch for only five epochs. The validation loss is also observed for these methods,
and a suitable cut-off position is obtained.

Finally, we train a Mask-RCNN model with pre-trained ResNet-50 backbone network
as described in [11]. Additionally, to make a comparison and show that pre-training is
necessary, we also train and test the same network (Mask-RCNN with ResNet-50) without
pre-trained weights. The Mask-RCNN model is an improvement on top of Faster-RCNN
and includes novel architectures such as GroupNorm, FPN and FCN as described earlier.
Segmentation, classification and regression branches are calculated at the same time in
parallel to prevent classes from competing from each other. Which means segmentation
and bounding boxes are detected on the basis of ’objectness’. Inputs to our model are
resized to make their shortest side equal to 1200 pixels, and their side can be 2000 pixels
long at most (1200 × 2000 max. resolution). Therefore, we have effectively doubled the
input size of our Faster-RCNN model. We also trained this model with lower resolutions
with larger mini-batches as we did with Faster-RCNN, but the performance gains at those
settings were minimal when compared to this resolution. In this model, we did not test
more complex backbone networks such as ResNet-101 because as we present in the next
section, the ResNet-50 network is capable of extracting meaningful features to allow the
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network to detect tables. The network with pre-trained backbone network is trained for
12 epochs while validation loss under supervision to prevent overfitting. The best weights
are observed at 7 epochs. The network which is trained from scratch is also trained for 12
epochs while validation loss under supervision to prevent overfitting. The best weights are
observed at 7 epochs as well. The selection of the final weights is as follows; The training
is conducted for 10 hours on 4 GPUs and the loss graph for both with pre-training and
without pre-training can be seen in Figure 4.6. Every thousandth step (every step is a
feed-forward processing of a mini-batch), validation set accuracy has been tested. The
snapshot of weights with the highest validation accuracy has been selected and used for
testing. As it can be seen in Figure 4.6, using the pre-trained weights for feature extractors
helps tremendously in reaching to a plausible solution faster while achieving also higher
performance as it will be shown in the next section. Although the loss values are close,
the figure shows that even after 50000 steps, the model that is trained from scratch has
a slightly higher loss on average (0.01) and fails to converge to the loss value pre-trained
network can achieve. The same phenomenon is also observed in structure detection system
where it shows the importance of pre-training on a larger dataset. Learning rate schedule
is also shown in the figure. We start with a learning rate of 0.01 (distributed over 4
GPUs), and scheduling is used to decrease the learning rate on steps 26000 and 40000. We
have tested different learning rates as well (including 0.0001 starting learning rate) and
found that higher learning rates work better. Further investigation can be conducted to
find optimal parameters. Learning rate is divided onto 4 GPUs we use for training. This
learning rate is set as described in [11] according to the GPU number.

Counting of true-positives, false-positives and others are accomplished by calculation of
Intersection over Union (IoU) and checking the overlap percentage of predicted bounding
boxes (P ) and the ground truth bounding boxes (Gt). Then, IoU can be described as;

IoU(P,Gt) =
P ∩Gt
P ∪Gt

(4.1)

IoU score denotes the correctness of the detected bounding box. Higher IoU score denotes a
better overlap with the actual bounding boxes (tables). We use IoU threshold of 0.5 which
means if the overlap of the predicted box and the ground truth annotation is less than 0.5,
the detection is considered wrong. After the calculation of true-positives, false-positives
and false-negatives, we calculate recall, precision and F1 scores. A true-positive detection
is a correct detection, a false-positive detection is a false detection and a false-negative is
when we cannot detect an object in the image. After these numbers are found, recall is
calculated as;

Recall =
truepositives

truepositives+ falsenegatives
(4.2)
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Figure 4.6: Training loss over time for the Mask-RCNN models.

72



Precision calculation is as follows;

Precision =
truepositives

truepositives+ falsepositives
(4.3)

After calculating these two values, F1 score is a function of these two and defined as;

F1 = 2× precision× recall
precision+ recall

(4.4)

VOC-style Average Precision (AP) computes the average precision value for recall value 0
to 1. AP is calculated by sorting the detections with their confidence scores and drawing
the precision-recall curve. The area under the curve is AP and is used by many researchers
to asses the effectiveness of the object detection networks [11, 12].

4.4 Results

The first thing to note is that an image takes 0.4 seconds for our Faster-RCNN method,
which only has 16 layers of convolution in the backbone feature extractor, the exact timing
depends on the size of the input image. The timing of RetinaNet networks, vary between 0.2
and 0.5 seconds for the models with ResNet-50 and ResNeXt-101 backbones respectively.
Lastly, the Mask-RCNN model with ResNet-50 backbone network takes around 0.5 seconds
for regular sized images (images that are smaller than the max. possible resolution, 1200×
2000), but can take up to 1.5 seconds per large images.

In Table 4.2 we present our results on public ICDAR 2013 and ICDAR 2017 POD
datasets and compare our models to the previous work in the literature. As it can be ob-
served in Table 4.2, ICDAR 2017 presents a higher difficulty than ICDAR 2013 especially
when looked at the Average Precision (AP, calculated with the 11-point average method
introduced by the PASCAL VOC [96]). We believe this is because ICDAR 2017 is a dataset
from mostly research papers which includes formulas and figures and they are easy for the
networks to misclassify. A brief look at the RetinaNet models shows that ResNeXt-101
backbone attains more AP than the model with ResNet-50 backbone. However, ResNet-
50 backbone achieves a higher recall value which may mean, ResNet-50 learned simpler
representations of tables whereas ResNeXt-101 learns to distinguish fine details and ac-
quires higher AP. Faster-RCNN achieves better F-Score than the RetinaNet models, and
as a two-stage method, it is again performing better while being slightly slower as ex-
pected. Mask-RCNN, on the other hand, achieves perfect recall on both of the datasets
with significantly higher AP (about 5% between the closest model in ICDAR 2017).
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Table 4.2: Table detection performance on public ICDAR datasets.

Methods ICDAR 2013 ICDAR 2017
Recall AP F1-Score Recall AP F1-Score

Proposed Faster-RCNN 0.9808 0.9738 0.9773 0.9685 0.9385 0.9535
Proposed RetinaNet w/ ResNet-50 0.9872 0.9440 0.9656 0.9937 0.9025 0.9481

Proposed RetinaNet w/ ResNeXt-101 0.9865 0.9617 0.9742 0.9748 0.9241 0.9495
Proposed Mask-RCNN 1.0000 0.9900 0.9950 1.0000 0.9868 0.9933

Proposed Mask-RCNN Scratch 1.0000 0.9662 0.9828 1.0000 0.9721 0.9858

Siddiqui [81] 0.9960 0.9960 0.9960 0.971 0.965 0.968
Kavasidis [82] 0.9810 0.9750 0.9780 - - -
Schreiber [10] 0.9615 0.9740 0.9677 - - -

Tran [31] 0.9636 0.9521 0.9578 - - -
Hao [72] 0.9215 0.9724 0.9463 - - -
Fan [69] 0.8957 0.7464 0.8142 - - -

Table 4.3: Table detection performance on public UNLV dataset and our private dataset.

Methods UNLV Private
Recall AP F1-Score Recall AP F1-Score

Proposed Faster-RCNN 0.6486 0.5227 0.5789 0.9528 0.9112 0.9320
Proposed RetinaNet w/ ResNet-50 0.8784 0.3751 0.5257 0.9442 0.7649 0.8546

Proposed RetinaNet w/ ResNeXt-101 0.9324 0.7257 0.8161 0.9099 0.7773 0.8436
Proposed Mask-RCNN 1.0000 0.9819 0.9909 1.0000 0.9980 0.9990

Proposed Mask-RCNN Scratch 1.0000 0.9797 0.9897 1.0000 0.9854 0.9926

Siddiqui [81] 0.7490 0.7860 0.7670 - - -
Gilani [75] 0.9067 0.8230 0.8629 - - -
Arif [83] 0.9321 0.8633 0.8964 - - -

Shafait [27] 0.7900 0.8600 0.8200 - - -
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In Table 4.3 the results on our private dataset and the public UNLV datasets obtained
from our models are shown. At this point, it is crucial to remind that our models, except
Mask-RCNN based model, are trained on the vanilla versions of our datasets. However,
before training the Mask-RCNN, we refactor and relabel the entire dataset to encapsulate
all tables and tabular regions. Moreover, our Faster-RCNN and RetinaNet models did not
have any images from the UNLV dataset in their training set. Therefore, the documents
from UNLV are brand new for these models and we can see that Faster-RCNN model with
a simpler VGG-16 backbone network could not generalize well to this new dataset. How-
ever, RetinaNet model with ResNeXt backbone has achieved exceptionally well AP when
compared to the RetinaNet model with ResNet backbone which confirms our deductions
as we said ResNeXt backbone allowed the network to have better understanding of what
a table is. As in other methods, our final Mask-RCNN model which trained on aggregated
data from all of our datasets achieves the state-of-the-art performance.

Results in Table 4.2 and Table 4.3 shows us that ResNet-50 is a acceptable choice as a
backbone for this task when speed and f-score is considered. Since the main focus is the
optimization of the supply chains, there are millions of documents that need to undergo
this operation, and this fact makes the speed as one of the key factors in the decision
process. The ’Scratch’ denotes when the network is trained from scratch (randomly initial-
ized weights) and it is apparent from the results that using pre-trained feature extractors
help achieve better detection results. However, the results are close, and with further im-
provements to the training dataset (such as increasing the number of data points), there
might be no need to use pre-trained weights. The experiments are conducted with ResNet-
50 backbone feature extractor in Mask-RCNN model. Example table detections from a
public dataset (left) and an example from our private dataset where there are more than
4 tables with table in table special case and where figures are also present (right) can be
found in; Figure 4.7 (Faster-RCNN with VGG-16), Figure 4.8 (RetinaNet with ResNet-50),
Figure 4.9 (RetinaNet with ResNeXt-101) and Figure 4.10 (Mask-RCNN with ResNet-50).

4.5 Conclusion

In this chapter, we compared three state-of-the-art object detectors on table detection
task from the documents acquired from a wide range of fields and domains. The table
extraction task can save thousands of valuable human hours which spent to extract infor-
mation from the tables. Even though we do not employ any pre or post-processing, our
models achieved state-of-the-art performance on many public datasets. The best perform-
ing model is the Mask-RCNN model with a successful performance on every table detection

75



(a) (b)

Figure 4.7: Example detection results by our Faster-RCNN based model with VGG-16
backbone network. Detections are not accurate, however it shows promise on these hard
examples and even though it has only 16 layers CNN, captures the idea of tables.
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(a) (b)

Figure 4.8: Example detection results by our RetinaNet based model with ResNet-50
backbone network.
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(a) (b)

Figure 4.9: Example detection results by our RetinaNet-based model with ResNeXt-101
backbone network. Detection is precise but not all tables are detected.
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(a) Successful detection results on a non-english doc-
ument

(b) Near perfect detection with one overlapping de-
tection. Nested table structure is detected.

Figure 4.10: Example detection results by our Mask-RCNN based model with ResNet-50
backbone feature extractor.
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dataset we have. We observe an incremental increase in f-score that is correlated with the
size of the backbone network and the architectural decisions made in building the model
itself. Since we can only use small mini-batches, GroupNorm aids us. FPN and FCN are
included in our model with a considerably deep neural network, ResNet-50 [14], as our
backbone feature extractor. Detections on ICDAR datasets are of higher quality and we
believe this is due to the difficulty of the tables inside the datasets. All our models achieve
satisfactory f-scores on ICDAR but on more challenging datasets such as UNLV and our
private dataset, the models start to give inconsistent results, except for our Mask-RCNN
model. UNLV dataset includes tilted examples and a unique composition of tables and the
results are the lowest in all the datasets for all the methods. RetinaNet models despite
their lower performance, promise a exceptional value if the speed is one of the main con-
siderations. However, Mask-RCNN based method is the clear winner for table extraction.
However, it is essential to note that except the ICDAR 2013 dataset, we use some portion
of the dataset for training. Also, some of the previous work uses a single dataset to train
and test [10], but we use many public and private dataset to train our networks. Hence,
although Mask-RCNN method achieves higher F1 score than the previous work with more
data [74], we conclude that the increase in precision and recall of ours is supported by
increased variety and quantity of the data. In the next chapter, we extract crops of tables
from the UNLV dataset and train a network to detect table structure from extracted table
crops while the final chapter bridges these two works together and form our E2E solution.
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Chapter 5

Table Structure Detection

In the previous chapter, we present our solutions for detecting tables from arbitrary
types of documents. However, the need is more than just extracting the tables. Supply
chains and other organizations require the information contained in the tables. To extract
the information from the tables, we have to identify and extract the structure of the table
since tables are a structured data format but only not suitable for computers to understand.
Detection of rows and columns is a crucial step to find the semantic meaning of the content
further. However, we leave the semantic meaning extraction to future work. We propose
both deep learning based and hand-crafted rule-based solutions to the table structure
detection problem. In the second phase of our E2E system design, we take an arbitrary
table as input (not the image of a document in full) and output the detected structural
elements, rows and columns. The text (or what is contained in the cells. i.e. text or figures
or formulas or tables) is located in the intersection of these structural elements which we
call cells. We aim to make our methods to operate on a variety of domains that include
but not limited to research papers, magazines, journals, newspapers, web pages. We have
published our findings on table structure detection task which can be found in [8]. In
this section when we propose our solutions, we make the assumption that the first stage
produces perfect table detection and those detection instances are cropped to be used in
this stage, the second stage. Therefore, inputs to our table structure detection systems
are table crops in an image format. Table structure detection solutions that we propose
can operate on both tables from born-digital (which we convert to an image format) and
scanned documents. We compare our methods to each other as well as to the literature,
but the general approach to this task is to detect structure directly from the full document
image as seen in [10, 64], and hence, our work cannot be directly compared. However,
we provide a comparison to be complete and conclude that out of the models that we
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proposed, Mask-RCNN based method outperforms other tested methods. In the table
detection problem, we mention that the dataset is lacking the numbers required to train
a deep learning model. That would be an understatement for the table structure dataset.
Most of the datasets (public and private) we benefit from in the table detection task, do
not have table structure annotations. Thus, the data is overwhelmingly limited, and a
possible future work should include labelling more data to achieve possibly more robust
solutions. Since every table generally has more than 10 rows and column structures, hand-
labelling a new dataset is a costly operation and in this thesis, we focus on training models
with a few data. Another point is that as Chapter 2 shows, this problem is not as much
studied as the table detection task. Since we propose deep learning methods, we have to
make use of transfer learning to accommodate the amount of data available. To increase
the amount of data in the training phase, we also add flipped (mirrored) images to the
training set which effectively doubles the training set size but with less variation. Since
the deep learning models are data hungry and learn better representations with more data
to give better outputs, incrementing the dataset size with augmentations are useful [122].
Different data augmentations include traditional augmentations (flipping, cropping), using
Generative Adversarial Networks (GANs) [123] or training a network to augment images
[122]. These methods can increase the classification accuracy up to 7% [122], and the future
extension to this work could also use different augmentations to increase the amount of
data.

We propose solutions with deep learning methods; Faster-RCNN [12], RetinaNet [13]
and Mask-RCNN [11] with the backbones VGG-16 [19], ResNet-50 [14] and ResNet-50-C4
[14] which means the conv4 output of ResNet-50 subnetwork used as the feature map.
We also propose a heuristics-based method called Mathematical Morphology. We study a
rule-based method to form a basis and see the behaviour of this method and compare it to
the deep learning based methods. We expected our rule-based model to perform equally
well on both column and row detection. However, similar to our deep learning models, it
performed substantially better on columns and had more difficulty detecting rows. Our
dataset for this task is limited due to the lack of public datasets , and we only use UNLV
dataset as it provides a reliable and precise set of structure annotations. This chapter
starts by examining the datasets we use in Section 5.1 and then followed by the methods
we use and our choice of parameters and additions if any in Section 5.2. After the methods
and datasets are detailed, Section 5.3 explains our training process and heuristics, and
we conclude the table structure detection approach of ours by presenting our results and
comparing it to others in Section 5.4. We reach to a final conclusion in Section 5.5.
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5.1 Datasets

As previously mentioned, our focus is on tabular structure detection from the electronic
component datasheets. However, no dataset specifically targets this domain or a similar
domain. Only datasets that provide annotations for the table structures we have is the
ICDAR 2013 [73] and UNLV datasets. We use publicly available UNLV dataset which is
one of the two public datasets that provide annotations for table structures. We only use
UNLV dataset because we believe the difficulty of this dataset is more similar to our end
goal, tabular structure detection from electronic component datasheets. Although we use
UNLV, an extension of this work must try ICDAR 2013 dataset in addition to labelling
more data, and we acknowledge that there are more improvements to this task in terms of
the dataset.

UNLV

The UNLV dataset initially included 2889 scanned documents from various sources.
Out of those, only 424 images include annotations, which we had further removed some
(24) of the images due to the extreme tilt introduced by scanning the documents. This first
elimination phase is the same as it is introduced in Chapter 4. The resulting 400 images
from the UNLV dataset included 537 tables and we crop them since this section focuses
on table structure detection on table crops only. Even with the eliminated set, we observe
tilt in some of the tables. The tilt is not as big of a problem in table detection as it is in
structure detection. The increased difficulty in this new task is because table structures
are smaller and narrower in size and our deep learning models require more precision on
the dataset to backpropagate meaningful errors. Therefore we conduct another run over
the entire dataset to eliminate extreme tilt and fix the annotations to minimize errors in
the labels. Finally, we have left with only 513 tables which are divided into only training
and test sets. We did not use a validation set to maximize the available training data;
instead, we train the models for a fixed number of epochs and selected one model after
training by using a small set of images (40 images) extracted from the training set itself.
Two sample images from our UNLV dataset can be found in Figure 5.1.

After we obtain the initial results from our models (Table 5.1), a pattern revealed
itself. A pattern that clearly showed that row detection is problematic and there is a need
for further adjustments to get better detections. We developed a pre-processing step to
overcome the issue. This step goes over each annotation and ensures that each side of
the labelled rectangles, be it either row or column, has at least Ω pixels in length. We
experimented with different values of Ω. Our findings denote that 50 is enough and when
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we make it 100, the stretching goes out of hand (we ended up with images with more
than 65536 pixels in height). When Ω is set to 50, we find and propose that a table crop
(and possible a full document image) should be vertically stretched by 2.1x to its original
size and should be horizontally scaled by 4% of its size. Hence, horizontal scaling is not
necessary and in fact when we try horizontally stretching the image to its double in size,
detections are observed to get worse. Beforehand, the network could not see the rows and
the detecting them were virtually impossible because of the rows’ small visual areas in the
image, but the models were still being punished for this. Consequently, column detection
performance had improved when we stretched the dataset vertically, and this is because
backpropagated loss started to be more meaningful for the row detection.

(a) (b)

Figure 5.1: Example images from the UNLV table structure dataset. As it can be seen,
some tables have dense rows and columns (left) and a table of content example (right).

5.2 Methods

In this work, the end goal is to extract information from both born-digital and scanned
documents through tabular structure detection with the proposed two-stage process. To
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solve the first stage, table detection stage, we proposed three different deep learning based
methods and concluded that Mask-RCNN is equipped with right setup and performs the
best. In this work, we follow the same incremental, step-by-step process to find the best
suitable set of deep learning architectures to detect structures. This section starts by
describing the Faster-RCNN model we employ, and for each deep learning method, we
explain exceptional cases (if any) as well as backbone networks under study. Then, we
give details on our version of RetinaNet and Mask-RCNN methods we use in solving table
structure detection task. The section ends by describing the mathematical morphology
method we employ and explain our hand-crafted heuristics to detect rows and columns.
Architectures of the deep learning models and the morphology-based method are explained
in Chapter 3.

Faster-RCNN [12] is a prominent two-stage object detection network of which still
competing to be state-of-the-art amongst newer models. The first of the two stages is
RPN where a number of proposals are made based on the feature map extracted from the
underlying feature extractor network called backbone network. Classification and regression
of the proposals mentioned above are completed in the second stage which classifies and
refines the bounding boxes for each input image. In the first stage, we generate 2000
proposals which is the default value proposed by [12]. They also showed that increasing
this number is not always improves the output of the model. We are testing Faster-RCNN
to be complete and provide a more sound comparison with our table detection methods
and to have base grounds to discuss the inherent differences of the two tasks. More detailed
explanation and different use cases to attest the reputation of the Faster-RCNN is shown
previously, and are not repeated here. Since our dataset for this task is severely limited,
transfer learning is a must, and we heavily rely on it. We use the redefined version of
our UNLV structure dataset to fine-tune the backbone networks of VGG-16 [19] and the
ResNet-50 [14]. We use the VGG-16 as our backbone as in table detection, and we add
the ResNet-50 network to our Faster-RCNN model as it is shown to be optimal in our
previous works [7, 8, 9]. Regularly, when we say ResNet-50, we mean that the feature map
is extracted from the final convolutional layer (at the end of conv5, refer to Figure 3.2).
However, in Faster-RCNN, we do not use ResNet-50 conv5 output since the Faster-RCNN
model is not benefiting from an FPN-like architecture [15], every layer of convolution is a
disadvantage that causes information loss. Therefore, we use the final convolutional layer
of the conv4 block of the ResNet-50 (Figure 3.2), namely ResNet-50-C4. As it can be seen
in Figure 5.1, rows and columns can be remarkably narrow, which makes them vulnerable
to the operations of convolution, specifically max pooling operation. Therefore, we train
our Faster-RCNN models on the stretched version of our dataset as well. In the end,
the Faster-RCNN based method with VGG-16 backbone feature extractor is demolished
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under the performance of the same network with ResNet-50-C4 backbone trained on the
stretched dataset. The model with ResNet-50-C4 backbone achieved an F-Score of 91%
on the stretched dataset whereas VGG-16 based model could only achieve F-Score of 25%
on the initial dataset. We observed lesser improvements on the column detection (67% to
96%), but this was expected since the main problem was with the row detection and our
solution addressed that problem.

The RetinaNet used in this task is summarized in Figure 3.11 and essentially the same
as the proposal in [13]. Instead of two different backbones as in table detection, here we
only use backbone network of ResNet-50 where feature maps extracted from the conv5
body output. The input to the system is table crops in maximum size of 800 × 1333 and
mini-batch size of 2 for nine epochs on the initial UNLV dataset. The epoch number is
high compared to our dataset size, but our experiments have shown that this training
leads to optimal results. After training for nine epochs, the UNLV dataset is stretched,
as mentioned, to make the rows visually more salient because initial models performed
horrifically. This degradation in performance on row detection can easily be explained by
the max pools and large filter sizes of backbone networks (i.e. ResNet Figure 3.2). Hence,
stretching the images vertically allowed us to improve the Average Precision (AP) of our
methods by up to 60%. However, when one investigates the results, we see that RetinaNet
gains recall with the stretched training, but AP degrades. Which we believe caused by the
absence of an RPN-like structure to limit the search space. That means stretched data
help the model find rows and columns better, but it is overwhelmed by large images and
the increasing amount of anchor boxes; thus, cannot make accurate predictions. After we
obtain the stretched dataset, we fine-tuned the RetinaNet network for one more epoch. We
observed that training this dataset from scratch with the stretched version of our dataset
prevents the network from converging onto an equivalent AP. This is due to the sizes of
the images. Since the image sizes grow, the network starts to has a hard time detecting
objects.

Our final deep learning method under study is Mask-RCNN [11]. In essence, Mask-
RCNN (Figure 3.8) is a two-stage instance segmentation network based on the previous
iteration of the R-CNN family, Faster-RCNN [12]. Mask-RCNN utilizes the Faster-RCNN
architecture as it is, the only addition made is the FCN branch added in parallel to the
classification and regression branches. Where regression and classification branches predict
refined bounding boxes and associated classes from the object area proposals, the newly im-
plemented FCN branch generates pixel-level class-agnostic classification outputs in parallel
to these branches. Pixel-level classifications are realized with the deconvolutional layers
where the forward and backward processes of convolutional layers reversed to upsample
the features inputted by the previous layer. Upsampling through convolutional layers in-
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stead of fully connected layers allows the network to retain spatial information extracted
through the backbone feature extractor and is able to reconstruct the image correctly and
classify each pixel [9]. Another improvement that helped for accurate reconstruction is
RoIAlign algorithm which allowed the network to separate RoIs from the extracted feature
map correctly. Our backbone in Mask-RCNN model is the ResNet-50 as in RetinaNet
and Faster-RCNN. However, in Faster-RCNN, ResNet-50 is not constructed with an FPN
to use both low-level and semantically strong high-level features, and the best results are
attained with when we extracted features from the conv4 block. In Mask-RCNN, ResNet-
50 is constructed with FPN, where each convolutional block output (conv1, ..., conv5) is
connected to the top-down pathway of FPN (Figure 3.9). We, again, generate 2000 pro-
posals in the first stage with RPN. In this set of experiments, the input size is set to be
the same as RetinaNet, and input images are resized (if needed) to fit our maximum input
size constraint, 800× 1333. We use a ResNet-50 backbone network that is pre-trained on
the ImageNet [92] dataset. Then, mini-batch size is set to 2, and the network is trained
(fine-tuned) for 30 epochs on the non-stretched UNLV dataset with GroupNorm layer. Fol-
lowing the initial training, we train for 2 more epochs with the stretched UNLV dataset.
We observ more than 19% increase in the F-Score of row detection and more than 10%
increase in the F-Score of column detection performance contributed by the extra training
with stretched dataset. These observations are in alignment with what we have seen in
RetinaNet, and this is due to the loss to the network being more meaningful with the
stretched dataset. When trained only on the stretched dataset from scratch, the model
could not achieve the same performance. We believe large input sizes (images are at least
doubled in size) turns the problem into more difficult one that the network cannot learn
with little data.

Our final tested method, Mathematical Morphology is developed to analyze the geo-
metrical structures based on strong mathematical foundations [22]. Moreover, in the past,
it is used to detect tables in a bottom-up manner by detecting columns first [31]. In-
spired by this work and the success of the heuristics based solutions used to detect tabular
structures (Subsection 2.1.1), it is explicit that tabular structures are either aligned or can
be inferred with the white space checks without the need for complex operations such as
object detection methods backed with deep learning which suffers from the long training
times. We employ mathematical morphology method with a set of basic heuristics to detect
table structure. We previously presented that rows and columns are harder to detect than
tables because many subtle details need to be addressed such as when there are nested
tables as shown in Figure 4.5c. The method to find structures operate on the concept
of the connected components as many other previous works did [109, 8, 111]. Finding
connected components has to be carried out carefully because if a mistake is made when

87



obtaining them, there is no easy way to fix it afterwards. To find connected components,
we first apply morphological closing (Figure 3.12). The closing operation first dilates the
white pixels in the image and then erodes which connects white pixels even if there are
black spots in between if they are close to each other. We choose a rectangular filter of
1s of size 2 × 8 because letters are usually longer than they are wider. Closing operation
connects the words into single connected components, but with minor errors. Therefore, we
are obligated to conduct post-processing step to check IoU of these connected components
and then merge the connected components that may belong to the same word. Another
problem was that in the left-alignment case, where some words are connected with the
lines of the tables which creates a problem. Therefore, we limited the maximum size of
the connected components and applied line deletion operation before finding connected
components to prevent this issue. First, we detect the lines by first finding the edges with
the Canny Edge Detector [124] followed with Probabilistic Hough Transform [125]. Ex-
periments are conducted to find the best parameters. After straight and continuous lines
are found, they are replaced with black pixels (image is black-and-white where the text is
white).

When the connected components are finalized, they are checked only against the align-
ments between them, and we acknowledge that this method can be further improved with
additional checks. The threshold for horizontal alignments is set to be the average height
of all connected components which turns out to be a value that is close to the font size of
the document. The vertical alignment threshold is set to be the average width of all con-
nected components. Which gives the average length of a word and therefore, every column
is expected to have similar widths for perfect results. Extracted connected components
are checked against horizontal alignment with the alignment threshold to be potentially
classified as rows. If any two connected components align vertically on the left, right or in
the middle, we mark these connected components to possibly belong to the same columns.
These operations are done on every pair of connected components which then concludes
the structure detection by finally eliminating wrong detections with IoU checks.

5.3 Training Details

Since the data is limited, whenever we refer to a backbone network, we refer to a
pre-trained network that is either initially trained on MS COCO [100] or ImageNet [92]
natural image datasets. On top of these networks, we apply transfer learning to fine-tune
the feature extraction layers of the CNNs. Mathematical morphology based heuristics ap-
proach do not require training and creation of the heuristics to detect rows and columns
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are conducted based on a couple of images sampled from the training set with distinct
characteristics. Although it is not a trainable approach, constructing accurate and mean-
ingful heuristics are troublesome and time-consuming, and we observed that for images
with many connected components, it takes longer than deep learning based models (up
to 30 seconds). After the prediction are made, non-maximum suppression is applied to
eliminate overlapping classifications. Training the backbone networks and object detec-
tion models includes training of the backbone network, RPN (if included) and detection
branches; classification, regression and FCN, where applicable. During training, we did
not use a dedicated validation set to maximize the available training set. Hence, we val-
idate the models by performing detections on other datasets where we do not have the
annotations. Therefore, validation is done by visually observing the outputs of the trained
models on the data they have never seen before.

The Faster-RCNN model with VGG-16 backbone subnetwork is trained with a mini-
batch size of 1 image with maximum 128 RoIs for 15 epochs with the maximum input size
to model is set to 800× 1333. All the training is carried out with the initial learning rate
of 0.001, and we gradually decrease the learning rate throughout the training. Training
the same network with the stretched dataset more than doubled the recall and tripled the
AP of the network. Since we already know the non-stretched version of the dataset is not
worth trying in default settings, the Faster-RCNN model with ResNet-50-C4 backbone is
trained on the stretched dataset with the same input size but with the mini-batch size of
2 images with 128 RoIs per image for 20 epochs. ResNet based model is trained with an
initial learning rate of 0.01, and the learning rate is gradually decreased as others. Both
modules scale the shortest side of the image to be 800 pixels long.

RetinaNet model is trained with ResNet-50 backbone with an initial learning rate of
0.001 with the scheduled decrease on specific points in training. We used 3 of the conv body
outputs of the ResNet model and connect them to form the FPN. The inputs are scaled to
make their smallest side 800 pixels in length whereas maximum allowed input resolution is
800× 1333. The training of the network is conducted with the mini-batch size of 2 images
for nine epochs on the non-stretched version of the UNLV dataset. The performance of the
model in this stage was competitive for column detection. However, two-stage networks
compare better for row detection. Following the initial training, instead of re-training the
network from the same pre-trained foundations, we continued training for one more epoch
on the stretched version of the UNLV dataset with the learning rate of 0.001 as we found
that this process trains the model better.

Our last deep learning method Mask-RCNN is equipped with the pre-trained ResNet-
50 backbone with FPN as in the RetinaNet model. Although it has similar foundations,
Mask-RCNN employs an RPN and FCN in addition to the RetinaNet model. The input
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constraints for Mask-RCNN based model is the same as our previous models; where the
maximum input image size is 800× 1333. The initial learning rate of the model was 0.01,
and a scheduled decrease is applied during training. FPN is created with the underlying
ResNet-50 network from the convolutional building blocks. Mini-batch size was set to
2 images but with GroupNorm layer in the ResNet network instead of BatchNorm This
model is also trained first on the non-stretched UNLV dataset for 30 epochs, which is then
followed by training on the stretched dataset for two more epochs. Another interesting
note here that when we stretched the dataset, even before training the model on this new
dataset, we observed 13% improvement on the F-Score for rows. Further training increased
the F-Score further which totalled to 20% improvement from the non-stretched score. Our
experiments show that, for all our models, fine-tuning the pre-trained backbone networks
on the stretched dataset prevents the models from converging to acceptable detections
(empirically and F-Score wise). Also, it is noteworthy to mention that when the images
are stretched, they take significantly longer to test. For example, although Mask-RCNN
model takes 0.4 seconds per image whereas for some stretched images, it takes more than
1.5 seconds. We conclude that since they take longer and the image is more distorted
as we stretch, the dataset becomes harder to learn for models when they are complete
strangers to the domain. However, when they are fine-tuned to the document detection
domain, this extra training means that we perform another transfer learning and fine-tune
these networks to the stretched document domain. The selection of the final weights is as
follows; Every thousandth step during the training (every step is a feed-forward processing
of a mini-batch), validation set accuracy has been tested and the most successful weights
are selected to have the final model. To make a comparison and show that pre-training is
necessary, we also train and test the same network (Mask-RCNN with ResNet-50) without
pre-trained weights. Training times for Mask-RCNN models are 11 hours and 30 minutes
for both pre-trained and not pre-trained models on the non-stretched version of our dataset.
Then, the best weights are selected as described above and the training continued with
them for 6 more hours on the stretched dataset. Final weights of the model is then selected
by validating them again with our validation set. The model with randomly initialized
weights (trained from scratch) achieves an optimal validation accuracy on the 20th epoch.
Although it reaches its maximum capacity earlier (after the 20th epoch the model did not
improve itself and started overfitting), we show in the next section that, it cannot perform
as good as the pre-trained version of the same model.
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Table 5.1: Comparison of considered methods.

Models
UNLV[126]

Row Column

Recall AP F1 Recall AP F1

Faster-RCNN-VGG16 0.3517 0.1976 0.2530 0.6891 0.6630 0.6758

Mask-RCNN 0.7840 0.7750 0.7794 0.8571 0.8324 0.8446

RetinaNet 0.6975 0.5856 0.6367 0.9221 0.8701 0.8953

Faster-RCNN-VGG16-S 0.8191 0.7642 0.7907 0.8480 0.8047 0.8258

Faster-RCNN-R50-C4-S 0.9422 0.8903 0.9156 0.9657 0.9569 0.9613

Mask-RCNN-S 0.9802 0.9573 0.9686 0.9853 0.9828 0.9840

Mask-RCNN-S-Scratch 0.9573 0.9393 0.9482 0.9498 0.9447 0.9472

RetinaNet-S 0.8359 0.4498 0.5848 0.9216 0.7117 0.8031

Morphology 0.4650 0.2389 0.3157 0.7059 0.5086 0.5912
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5.4 Results

In Table 5.1 we show the recall, AP and the F1-Scores of our methods on our test
split of the UNLV dataset. The results are formatted in order of method name, backbone
network name and S denotes that the network is trained on the stretched dataset.

However, before getting into the results, speed comparisons of the methods are pre-
sented. Tables include critical pieces of information for supply chains and to many other
organizations and optimizing and digitizing the operations require the information extrac-
tion from the tables to be accurate as well as fast too. Because tables can be in terms
of millions or even billions or sometimes processing the documents may be required to be
completed in near real time (i.e. hospitals). The deep learning models are tested on a single
GPU whereas the morphological method runs on a modern CPU with no hardware acceler-
ation. The Faster-RCNN model with VGG-16 backbone takes 0.3 seconds on average and
the Faster-RCNN with ResNet-50-C4 feature extractor averages to 0.4 seconds per image.
The Mask-RCNN model with ResNet-50 backbone sometimes hits the memory limit of our
GPU and triggers the re-caching and averages to 0.6 seconds per image. However, some of
the stretched images can take up to two seconds. While Mask-RCNN is comparably slower
than the Faster-RCNN and RetinaNet, it outperforms these models. RetinaNet model, on
the other hand, averages out to 0.2 seconds per image which is the lowest average time
per image amongst our proposals. However, the metrics are not on par with the two-stage
networks. Finally, our morphology based heuristical method averages to 4.2 seconds per
image but it is important to note that it does not require training. Training of the deep
learning methods took about 12 hours each.

As we can observe in Table 5.1, before stretching the datasets the performance of all the
models were mediocre. Exceptionally, Mask-RCNN performed remarkably even without
the stretching is performed and we conclude that this is not strictly due to FPN architecture
but FCN because FCN reconstructs the input image by upsampling the extracted features
with the deconvolution layers. To reconstruct the image and classify each pixel, FCN
should possess features that have semantically strong information to retain the details
in the image. Therefore, the features that represent the rows are getting stronger signals
hence the detection performance and we conclude that lower-level information is needed for
better detection of rows. The same phenomenon is seen in Mask-RCNN model even when
it is trained from scratch. When the Mask-RCNN is trained from randomly initialized
weights, it is denoted as ’Scratch’ in the table. Even when it is trained from scratch
instead of using pre-trained weights, it outperforms all other methods in terms of row
detection performance. It is behind the pre-trained version of the network but still achieves
a competitive performance. The reason behind the good performance of the scratch training
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proves that actual benefit of the Mask-RCNN method is the architectures that makes it
stand out such as FPN and FCN. Both Mask-RCNN models use ResNet-50 backbone
architecture. When the models that are trained on non-stretched UNLV dataset and
the stretched dataset (denoted by ’S’) are compared, we observe that stretching helps
immensely and is proposed as a quick fix for this issue. A more robust and intrinsic
fix would be re-training the ResNet networks by changing (or eliminating) max pooling
layers and altering the filter sizes. However, it is not possible to train these networks from
scratch with the amount of data for this task and processing power available. An interesting
attempt at this would be increasing the amount of data by using weakly supervised learning
which is a method of training where the training data is growing as the classifiers improve
[127]. Labelling structures of the tables are labour intensive task due to the number of
objects in a single table. However, weakly supervised learning can be initiated with the
amount of data we have and it would hypothetically boost the dataset on the go. We leave
further investigation on this for future work.

As we observe in Table 5.1, stretching the dataset and fine-tuning on this dataset no-
ticebly improved the detection metrics, specifically for the rows. Column detection metrics
is also improved, and this is due to the signals becoming more meaningful to the networks.
When the data is not stretched, the networks are clueless as to why they are being punished
since feature map do not hold enough information regarding the rows. Whereas when the
images are stretched, they retain more information on rows since they encapsulate more
pixels in the image. We observed that F-Score for row detection improved by 19% for Mask-
RCNN, 54% for Faster-RCNN with VGG-16 but it decreased by about 5% for RetinaNet.
The RetinaNet model attained a lower F-Score, except a higher recall value is observed
with lesser AP. This phenomenon may mean that RetinaNet model became braver and
predicted more rows with less accuracy. Predictions made by the RetinaNet model can
be observed in Figure 5.4. Moreover, we can observe that the Faster-RCNN model with
simple ResNet-50-C4 backbone with no FPN, FCN or GroupNorm layer performs almost
as good as the Mask-RCNN model where the difference is only 5% in F-Score. It is shown
by our experiments that lower-level features are useful in detecting rows because in some
tables there are many rows (up to 40) and they are narrow in height in an image (less than
20 pixels). Adding to this, ResNet networks have 7x7 convolutional filter followed by 3x3
max-pooling layer as their first 2 layers. In turn, at the second layer, 21 pixels of the raw
image is shrinked to only 1. This shrinking is further continued on every following layer
and semantic information regarding rows are lost. This is why FPNs are useful. Example
predictions for both of the Faster-RCNN based models can be seen in Figure 5.2 and Fig-
ure 5.3. However, Mask-RCNN is the clear winner, and some example predictions can be
viewed in Figure 5.5. Lastly, we find it intriguing that handcrafted rule-based morphology

93



method, although inaccurate, have the same phenomenon where columns have higher AP
which supports the claim that rows are harder to detect. Moreover, it shows how innately
deep learning methods behave in deciding on a prediction and are parallel to our heuristics
based method. Example predictions from our morphology-based method can be found in
Figure 5.6.

It is worth noting that we do not benefit from the metadata extracted from either the
image or the PDF as in [74]. However, adding the extracted metadata (i.e. text from
the detected table locations) to one of the later CNN layers is compelling and may worth
investigating.

5.5 Conclusion

In this chapter, three state-of-the-art object detectors are compared on the table struc-
ture detection task; Faster-RCNN, RetinaNet and Mask-RCNN. We train and test our
methods with the public UNLV dataset with some heavily tilted examples removed, and
remaining ones are stretched. Our selection includes two-stage networks as well as a single-
stage deep learning method. Our findings are matching with our expectations where the
single-stage method, RetinaNet, performed worse than the others but while being consid-
erably faster (three times faster than the Mask-RCNN model). Another tested method,
which is not a deep learning method, was the mathematical morphology and connected
component based method which detected rows and columns based on the handcrafted
heuristics. We tried this method because as it can be seen in Chapter 2, the concept
of connected components and heuristics are popular in table detection problem although
there are not many works focused on table structure detection. This is one of the novel
contributions of ours. The best performing model is Mask-RCNN with better detections
for both rows and columns. Mask-RCNN model was also the best model on table detec-
tion, which was the first stage of our proposed E2E system. The primary focus of this
work is to systematically extract structured information from structured analog data such
as tables from arbitrary documents. Related works chapter is enough to show the pop-
ularity of the task in the research community. Moreover, tech giants1 are also proposing
methods to extract information from tables. However, their operation is mostly limited to
simple forms and documents and is expensive in the long run. Now that we have the first
stage (table detection with Mask-RCNN) and the second stage (table structure detection
with Mask-RCNN) ready, the next chapter, bridges them together and creates the Stitched

1https://aws.amazon.com/textract/
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(a) (b)

Figure 5.2: Example detection results by our Faster-RCNN based model with VGG-1
backbone network.
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(a) (b)

Figure 5.3: Example detection results by our Faster-RCNN based model with ResNet-50-
C4 backbone network.
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(a) (b)

Figure 5.4: Example detection results by our RetinaNet based model with ResNet-50
backbone network.
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(a) (b)

Figure 5.5: Example detection results by our Mask-RCNN based model with ResNet-50
backbone feature extractor.
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(a) (b)

Figure 5.6: Example detection results by our heuristics-based method. Multi-line rows are
merged into a single row which shows the effectiveness of the connected components.
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E2E system. Alongside our Stitched E2E system, we propose two additional networks to
detect everything at once, unlike the two-stage approach and we present the details and
comparisons for the proposed E2E systems in the next chapter.
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Chapter 6

End-to-End Tabular Structure
Detection

In this thesis, we focus on the digitization of documents and detection of structured
areas where information is stored densely. Structured areas include formulas, tables, figures
and can be extended even more. We focus on information extraction from the tables and
table-like areas and propose a two-stage method. The first-stage is table detection Chapter
(4) where we propose to use state-of-the-art object detectors and conclude that the Mask-
RCNN [11] based model performs best on this task. The first-stage did not include any
pre-processing or post-processing. The second-stage was table structure detection (Chapter
5) where we propose solutions with deep learning based methods and a morphology-based
method. In the second stage, we apply a pre-processing to the dataset which is calculated
from the training set itself. We stretch the dataset vertically according to our calculations
to make rows visually more salient. Although the same calculations presented that we
should stretch columns by 4%, we did not apply this, and we think this is insignificant and
would not affect the results. The second stage showed us that the Mask-RCNN based model
is also suitable for table structure detection task. Now, what is left is we need to combine
these two stages and form our E2E solution for the table, row and column detection from
the document, which we call Stitched E2E system. The Stitched E2E system includes some
post-processing to the output of the first-stage, unlike the previous chapters. In addition
to the Stitched version, this chapter proposes additional E2E methods to detect rows and
columns E2E.

The Stitched E2E system makes use of two previous Mask-RCNN models; table detec-
tion model and table structure detection model as shown in Figure 6.1a. We introduce three
post-processing steps; (i) Agreement module, (ii) Judge module and (iii) Table classifier.
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Agreement module has two components where tables from the first-stage are compared to
each other and the lines of in the document that may belong to the table. The flow of our
table agreement module can be seen in Figure 6.3. A table is compared with other tables
from the same image to check for IoU between them. As a result of this check, either
some tables are eliminated (false-positives), or they are merged or extended to cover the
region better. Then, a line detection algorithm is applied (similar to the one we applied in
the morphology method), and a tight bounding box is formed to encapsulate intersecting
lines. These lines are then used to amend the tables, where the overall algorithm can be
seen in Figure 6.4. Another module we introduce in this chapter is a table classifier. This
module is a binary classifier which is applied to the outputs of the agreement module to
approve the tables and differentiate the false-positives. It is a CNN and is similar to the
backbone networks mentioned previously. One difference is that we do not cut the fully
connected layers, but we replace them. We also propose two Pure E2E Mask-RCNN based
methods to either detect tables, columns and rows in a single pass or rows and columns.
The two E2E models perform similarly whereas the full detection model with tables and
structures performed better and achieved the best Mean Average Precision (mAP) for E2E
detection. mAP is calculated with 11-point average algorithm as proposed by PASCAL
VOC [96]. The purpose of this algorithm is to draw precision-recall curve and calculate
the AP from this curve which gives a better idea about the performance of the model.
Then the AP is averaged over all classes to acquire mAP. We conclude that this difference
in performance stems from the additional table class which allows the model to learn bet-
ter representations and hierarchical features. The new models are trained on the UNLV
dataset. Summary of the flow of the Pure E2E model can be seen in Figure 6.1b. The
judge model takes one of the Pure E2E trained models and follows a procedure that is
similar to that of agreement module, and the formula can be seen in Eq. 6.2. In short, if
a table has not enough IoU with detected structures, it is rejected in this stage. Since our
E2E structure detection networks are not entirely accurate and are prone to errors, judge
module can only eliminate a few false-positives. Even a single false-positive could possibly
mean more than 15 false-positive table structure detections which is why we developed
this step. We start this chapter by first examining the dataset in Section 6.1 followed by
the introduction to the deep learning models and post-processing methods in Section 6.2.
Then, briefly, we explain the training steps in Section 6.3 and we present our results in
section 6.4 and conclude this chapter Section 6.5.
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6.1 Dataset

We proposed three different approaches to achieve the E2E detection of structures and
tables. The proposed Stitched E2E system relies on previously developed models. Hence,
for the table detection model (Model A) and table structure detection model (Model B),
no further training is required, and therefore, we do not require additional datasets. The
used datasets were; Marmot, ICDAR 2013, ICDAR 2017, UNLV and our private dataset.
Where the table detection methods trained on all of these datasets, but the table structure
detection model only trained with UNLV dataset, and we acknowledge this problem and
leave the rest for the future work (Chapter 5). Since the UNLV is such a small dataset
(less than 500 data points), our proposed structure detection model which predicts rows
and columns from the table crops is susceptible to variations and can result in predictions
even though there is nothing in the image as in Figure 6.10d where many false-positive
detections are generated. This being the cause, we propose a binary classifier on top of
the table detection model to eliminate easy false-positives. In our Pure E2E detection
models of which we trained from scratch in this chapter, we used UNLV dataset only.
The annotations for rows and columns are used from the stretched UNLV dataset to train
the first Pure E2E Mask-RCNN model (Model C) which outputs only row and column
detections from the full document images.In another round, we use the annotations for
both tables and table structures from the stretched UNLV dataset to train the second
Pure E2E Mask-RCNN model (Model D). Model D output includes table structures as
well as tables, and this addition has increased the prediction capabilities (7% increase in
mAP) of the model.

In our first experiments with the stitched E2E system, we achieved high recall values
where we observed more than 96% recall. Since the aggregated recall for the structure
detection system is 98% with 100% recall on the table detection, this results mean that
with the current table detection outputs, the structure detection model performs nearly up
to its limitations. However, there is undoubtedly room for improvement in precision. The
precision is inadequate as a result of false-positives generated by the structure detection
model. The false-positives mostly stems from partially correct table detections and the
incapability of the structure detection model to notice false-positive tables which correlate
to the limitations in the dataset. Example false-positive table detections that could lead
to false-positive structure detections are demonstrated in Figure 6.9. Motivated by this
observation, we introduced a binary classifier which is applied after the table detection
model to eliminate some of the false-positive table crops. Proposed binary classifier needed
a table dataset to learn to classify tables, and for this reason, we use the proposed table
detection model (Model A). The datasets were used as is from Chapter 4 without any
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pre-processing applied. Using the table detection model, true and false data points are
generated and labelled, then used to train the classifiers. The dataset for this task is
created from scratch. First, we analyzed the detections performed on the table detection
training set. After performing table detection on all the images in the training set, we
observed that the true-positive tables have the confidence score of more than 0.9997 on
average and the false-positive detections averages to 0.54 confidence score. Therefore, to
keep as much true-positive as possible, we do not perform the classification operation if the
table detection has the confidence of 0.99 or higher. To create the dataset, the detections
that have 0.8 or more IoU with ground truths are labelled as table and if they have a lower
IoU, they are labelled as not table. The IoU threshold is set to 0.8 to allow the classifiers
to grasp the idea of the tables more accurately when compared with the 0.5 which we use
in our final models. That being said, setting the IoU threshold to a high value such as
80% did not hurt our vanilla results dramatically, and we still obtained a recall of 99.5%
and AP of 95.2% which shows the strength of our table detection model. One downside
of setting the threshold to a value as high as 0.8 is that it creates a class imbalance in the
dataset. To solve this problem, similar to the RetinaNet, we employed the Focal Loss [13]
function and trained both our models with this loss function. The focal loss allowed us to
acquire additional 2% accuracy. In addition to training VGG-16 and our custom model, we
also tested the ResNet-50 [14] and Inception [46]. However, they are excessively complex
for this problem and could not converge to acceptable accuracy levels.

6.2 Methods

In this thesis, we propose three E2E tabular structure systems; (i) Stitched E2E system,
(ii) Pure E2E table structure detection model and (iii) Pure E2E tabular structure detection
model. The Stitched E2E system is based on the Mask-RCNN models proposed in Chapter
4 and Chapter 5. Both networks achieve state-of-the-art in their respective fields. However,
as mentioned before, the structure detection network has limitations that resulted from the
limited size of the dataset and the way the problem is formulated. This limitation is the
false-positive detections from this model when the table detection is not accurate. Table
structure detection dataset includes only perfect table crops where every table has a row
or column class for each pixel. Hence, even when the table detection is entirely wrong,
structures are detected, as demonstrated in Figure 6.10d. This problem is the downside of
the first, Stitched E2E system.

The first model we propose solely for E2E structure detection purposes is Pure E2E
table structure detection model, denoted as Model C. This model is a single Mask-RCNN
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Figure 6.1: System flow diagrams for proposed E2E systems.

model that is trained on the UNLV dataset to detect rows and columns. The main problem
in this system was that rows are usually thin, less than 50 pixels in width and therefore,
the detection results had severely impacted by this. To handle this problem, we applied
the same stretching operation to make each row taller than 50 pixels and concluded that
stretching to 250% of the original size, solve this problem on average and gave us around
20% increase in both recall and AP. The false-positive problem we mentioned above does
not affect this model since this method relies on only one model and has no distinct
components. The detection examples of the Model C can be found in Figure 6.6a.

Apart from the table structure detection, we trained the same model to detect all
tabular structures which is similar to the Model C but includes table detections as well
which we call Model D. The same width problem of the rows applies to this method as
well, and the same stretching is applied. Model D achieved better F-Score over Model
C which is caused by the inclusion of table annotations. This outcome shows that the
addition of table detection improves the detection performance because learning what a
table also improves the detection of rows and columns. Moreover, considering the design
of this system, the method performs only a single pass over an image and therefore, is
faster than the stitched model. The detection examples of the Model D can be found in
Figure 6.2.

Although the systems that we call Pure E2E systems are faster and do not get influenced
by any other model than themselves like the Stitched E2E system, the recall and mAP
values attained by those models are not as high as we desire. Because, as we have discussed
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(a) Rows are hard to detect since they are narrow. (b) Thicker rows are successfully detected.

Figure 6.2: Pure E2E Tabular Structure detection examples from Model D.
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in previous chapters, our primary aim is to detect and extract information from the tables
with high accuracy and speed is not our main concern. The stitched E2E system consists
of two-stages each of which is a Mask-RCNN model where the output of the first stage is
fed into the second stage as input and is aimed to increase the detection recall. As can
be seen in Figure 6.1a, first a PDF is converted to an image which is then inputted to the
Model A to detect tables. Detected table areas are then cropped from the image, and these
crops are fed into the Model B where the table structures are detected. The main concern
with this method is that errors propagate and increase throughout the system. Hence, we
also propose different post-processing techniques to solve the limitations of the proposed
Stitched E2E system design. The limitation was the false-positive table structure detections
originating from the faulty table detections. Our first proposal that targets this weakness
is the Agreement module. The agreement module has two parts; (i) line agreement and
(ii) table agreement. Line agreement aims to refine the edges of the bounding box to
obtain better detections and since nothing is added or removed, this improvement is not
aimed to increase precision of the table detection but to send better tables to the later
stages. The table agreement algorithm looks at the tables in pairs and eliminates or refines
tables according to empirically set thresholds. The second proposal is the judge model.
Judge model takes the table detections from Model A and tabular structure detections
from Model D which then compares them to decide if to keep the table or eliminate it.
Lastly, we propose a table classifier on top of these to finalize our post-processing steps.
The classifier aims to eliminate false-positive table detections before feeding them into the
structure detection model.

Agreement Module

The Stitched E2E system works best when optimal table detections are fed into the table
structure detection component. Heuristics are developed based on empirical observations
which make up the agreement module to address the elimination, merging or expansion of
detected tables. The agreement module takes in table coordinates and confidence scores
as input to evaluate a final refined location. Based on our observations on the outputs of
the table detection model, we found that the network seldom generated overlapping table
predictions with varying confidence levels. The agreement module operates based on the
IoU scores between tables and either tables or line bounding boxes. Line bounding boxes
are defined as rectangular areas formed to cover intersecting lines tightly. The first module,
table agreement module, checks the IoU of any two tables and if it is higher than 80% (an
empirical value) and the larger table has lower confidence than the smaller one, we delete
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the larger table and the new coordinates for the smaller table is determined by:

Ci = Ci + Cij(1− (Confi − Confj)) (6.1)

where i is the smaller table and j is the larger table and Cij denotes the difference of coor-
dinates, and Ci is the coordinates of the smaller table. This formula takes the confidence
levels of these boxes into account when expanding the smaller table. For instance, if the
confidence difference between the smaller and the larger table is 50% (in favour of the
smaller table), the small table will be expanded by 50% of the difference in coordinates.
If the IoU is less than 80% but higher than 50% (an empirical value), there is no change.
However, if the IoU is between 50% and 80% and the confidence of both of the tables are
higher than 80%, the two table detections are merged into a single one. Hence, as Fig-
ure6.3 shows, we never shrink a table, and they are always either vertically or horizontally
expanded, aimed at solving partial detections.
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Figure 6.3: Agreement module - table agreement algorithm flow

An additional module to the table agreement module is called line agreement model
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which is aimed at expanding (refining) table bounding boxes. First, tight bounding boxes
that encapsulates intersecting lines are found which is created following the detection of
continuous lines and the discovery of the intersections of these lines. Figure 6.4 shows the
flow of this algorithm. Although not every table has lines that either on the table bound-
aries or inside the table area, we include the line agreement module to benefit from the
information we can deduct from the lines which highlights where the tables are, whenever
they are present. We set the IoU threshold between line boxes and table boxes to 80%
which means when a table is correctly classified, but there are minor errors in coordi-
nates we use the line agreement module to align the detection with the lines correctly. In
Figure 6.5 we present an example that shows the line agreement module refining a table
detection. Since in this method nothing is eliminated and there is no reduction in the
number of false-positives, the effects are not easily measured by our metrics in the first
stage. However, the second stage of our Stitched E2E system relies on accurate table
detections from the first stage. Therefore, this module could be useful in some cases to
eliminate false-positives in the second stage. The line detection algorithm is the same as we
use in the mathematical morphology method. First, Canny Edge Detection [124] is used
which is followed by the Probabilistic Hough Transform [125] with the parameters set to
detect lines of tables and found empirically and by visual inspection. After the revelation
of the lines, intersection points are found, if any, with Depth First Search (DFS) algorithm.
Afterwards, the coordinates at the edges of the chunks of the intersecting lines are used
to form bounding boxes from those lines. Then, these boxes are compared against the
detections from the first stage and checked for IoU of 80% or higher. If that is the case,
the table extended (but not moved) to cover the line bounding box and this concludes the
agreement module. If IoU is less than 80%, no change is made. The thresholds are found
empirically and open to improvements with careful investigation.
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(a) Table Detection (b) Line Bounding Box

Figure 6.5: Example case for the Line Agreement module steps.
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Judge Module

We mentioned the shortcoming of our Stitched E2E system which is caused by the
nature of our approach and presented one correction, agreement module. Similar to the
agreement module, the judge module is developed to address the false-positives introduced
by the table detection model and to prevent the snowballing with the table structure
detection model. It is developed to eliminate some of the remaining misclassifications to
improve the overall performance of our E2E system. As presented in Figure 6.8a, images
of documents are sent into both Model A (table detection) and Model D (or Model C, Pure
E2E models) to assess the tables by the table detector whereas, previously we had only used
table detection output as is. Both Model A and Model D takes whole page images as input
and Model A outputs only table detections where Model D predicts only the structure of
tables. What exactly the Judge System sees is illustrated in Figure 6.6a and Figure 6.6b.
Upon these predictions, the judge compares the IoU and checks if a detected table overlaps
for more than a threshold with any of the rows and columns. IoU is previously defined in
Eq. 4.1. The operations of the judge system can be summarized as:

JudgeApprovei =

{
True, IoUi,j > 1− Confi
False, otherwise

(6.2)

Where the algorithm compares the overlapping areas (IoU) to the threshold 1 − Confi
where i denotes the i-th table detection in the image and j is the j-th table structure
detection, either row or column. Confi denotes the confidence of the model for the table
i. This threshold means that if the table confidence is 100%, that is the Model A is 100%
sure that bounding box is a table, we do not have to work through the judging mechanism.
However, as the confidence score drops, more and more overlaps might be required, or
else, the table is rejected and deleted. Surviving tables proceeds to the second stage, table
structure detection. The most significant problem with the judge system is that it needs
to perform three detections for a single image and helper models (Model C or Model D)
are not as accurate as Model A (table detection). Hence, it slows down the E2E system,
and it might not be stable in some cases.

Binary Table Classifier

Previously mentioned post-processing steps applied to table detection output could
only remove a few false-positives. The numerical results show that each false detected ta-
ble region (false-positive) results in 15 false-positive structure detection on average. Hence,
even though we achieve state-of-the-art metrics on table detection, E2E structure detection
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(a) Pure E2E Table Structure Detection
(Model C)

(b) Table Detection

Figure 6.6: Example cases for the Judge mechanism . Different colors stand for segmenta-
tion of different instances of the same class.
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(a) VGG-16 based model
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Figure 6.7: The architectures of the proposed binary table classifiers.

lacks in AP metric due to the false-positives. To further remove false-positives without
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dropping many true-positives, we developed a binary table classifier based on deep learn-
ing. Overall flow of the Stitched E2E model can be seen in Figure 6.8c. Since this is a
classification task and not an object detection task, the approaches were different. We
propose two different binary classifiers based on CNNs. First is pre-trained VGG-16 [19]
based classifier as shown in Figure 6.7a. We use the feature extraction layers and replace
the fully connected layers at the end to add our layers to smaller ones. Our empirical
tests show that adding layers with many nodes as in original VGG-16 model (1000 nodes
per fully connected layer) hurts the performance since we only classify images to one class
and not thousand. The second proposal is our custom CNN-based classifier, which the
architecture is shown in Figure 6.7b where /(3, 5) denotes the respective strides on width
and height on the input. This custom model cannot benefit from pre-trained weights in
the network, but it also does not have a fully-connected layer. Instead, the detection is
performed by a 1 × 1 convolution at the end, which reduces the dimensionality into only
one node. Fully-convolutional classification approach gives the benefit of having fewer pa-
rameters wherein the custom model we have 1.7 million parameters with 7 layers; however,
the VGG-16 based model contains more than 14 million weights with 15 layers in total.
Inner layers in both networks are equipped with ReLu activation function and the final
layer with 1× 1 convolution is accompanied by the Sigmoid activation function to perform
the binary classification.

The dataset for this task is created from scratch. First, we analyzed the detections
performed on the table detection training set. After performing table detection on all the
images in the training set, we observed that the true-positive tables have the confidence
score of more than 0.9997 on average and the false-positive detections averages to 0.54
confidence score. Therefore, to keep as much true-positive as possible, we do not perform
the classification operation if a table detection has the confidence of 0.99 or higher. To
create the dataset, the detections that have 0.8 or more IoU with ground truths are labelled
as table and if they have a lower IoU, they are labelled as not table. The IoU threshold
is set to 0.8 to allow the classifiers to grasp the idea of the tables more accurately when
compared with the 0.5 which we use in our final models. One downside of setting the
threshold to a value as high as 0.8 creates an imbalance in the dataset. To solve this
problem, similar to the RetinaNet, we employed the Focal Loss [13] function and trained
both our models with this loss function. The focal loss allowed us to acquire additional
2% accuracy. In addition to training VGG-16 and our custom model, we also tested the
ResNet-50 [14] and Inception [46]. However, they are excessively complex for this problem
and could not converge to acceptable accuracy levels.

The validation set is split from the original training set, and we did not use the test set in
developing the table classification model to avoid being influenced by them in the selection
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of the thresholds and design of the models. When we employ the 0.99 confidence score
threshold instead of classifying every detection, the VGG-16 based model can classify 650
false-positive table detection with only 1 misclassified true-positive. On the other hand, the
custom model with the confidence threshold can only classify 458 false-positives as not table
but with no sacrifice in the true-positives. The results show that both models are successful,
and even further improvements can be made. When we studied the classification results,
we have seen that figures and table-like structures (i.e. matrices or formulas) are accurately
classified as not table. Previously, we mention that the lack of figure annotations in the
table detection model causes misdetections. However, the introduced table classifier have
solved this issue with a minimal overhead since the classification takes less than 0.2 seconds
on a GPU. We leave the experimentation with different architectures to future work. CNNs
are designed with vision and image tasks are in mind. However, there are previous findings
that show SVMs work fine in some binary classification tasks [128]. Besides, ResNet-like
architectures and many other creative things can be used to experiment and eliminate more
false-positives. In designing this module, some architectural and performance decisions
should be made. Images are simple documents, but if the requirements are precision, more
complicated networks can eliminate better. However, if the speed of the overall E2E system
is favoured, current models or maybe even simpler models (such as SVMs) should be used.

6.3 Training Details

The dataset used to train the introduced Pure E2E models is UNLV as in structure
detection chapter. Hence, the same limitations and conditions apply; we have a minimal
number of data points, there is tilt in the images, and the same stretching strategy (with
the threshold Ω) is applied. The stretching algorithm had concluded that we should stretch
to 210% whereas, in this chapter, we found that stretching to 250% of the original size
is better. This is due to the type of images we have. Pure E2E models are based on
Mask-RCNN [11] architecture and are trained on full document pages to detect structures,
but in table structure detection (second stage of our proposed solution) the input was only
table crops. Consequently, we, again, get help from the transfer learning capabilities of
the deep learning based feature extractors such as ResNet [14] pre-trained on MS COCO
[100]. The Mask-RCNN model is similar to the previous models where it includes an RPN
and three branches; classification, regression and FCN.

Pure E2E table structure detection model takes in the full document image and out-
puts rows and columns based on the features extracted from the input image. Our other
proposal, Pure E2E tabular structure detection model takes in the full document image as
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(a) False-positives - Figures detected (b) Missed parts of the table

Figure 6.9: False-positive detection examples from the proposed table detection approach.

well but outputs rows, columns and tables. We claim that the inclusion of tables in the
model should improve the performance since learning what makes an area a table would
help what makes it a row or a column as well. Pure E2E models are Mask-RCNN based
deep learning models with pre-trained ResNet-50 backbone network where we fine-tune the
network and apply domain adaptation. Mask-RCNN architecture includes sophisticated
additions such as FPN, GroupNorm and FCN on top of a Faster-RCNN [12] architecture.
In its essence, Mask-RCNN is an instance segmentation method, but since it is Faster-
RCNN with an additional segmentation branch, it can also detect objects with bounding
boxes. The semantic segmentation branch and the object detection branch is computed
in parallel, and it becomes an instance segmentation method. Our Mask-RCNN model
takes inputs of size up to 1200 × 2000 with a batch size of 1 image and 256 RoIs per
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batch. Increasing the batch size and using BatchNorm or switching to the ResNet-101 or
ResNeXt-101 [85] can be tried with a better GPU. The E2E models are trained for 20
epochs on the stretched UNLV dataset with an initial learning rate is 0.001. Scheduling is
applied to reduce the learning rate after a certain number of epochs.

Another proposal of ours is the Stitched E2E method where we use previously trained
table detection model and table structure detection model with no further training. Addi-
tionally, we propose improvements, in the form of post-processing steps. These improve-
ments are applied after the table detections are made since we believe the connection
between the two networks is the weakest point in this design. The proposed agreement
module compares the tables and lines adversarially fronting each other and tables are either
refined or rejected. Another proposed post-processing method, judge system compares the
tables and structure detections from one of the Pure E2E models and adversarial process-
ing is applied here as well. A group consensus is assessed, and then, tables are either kept
or rejected. Our final post-processing proposal is the binary table classifier where we input
the remaining tables after the initial eliminations by the agreement and judge models, and
the classifier either accepts or rejects the table.

The table classifier is, in fact, a fine-tuned VGG-16 network, the same as in Mask-
RCNN models, but in this case, we do not remove the classification branches. Instead,
the classification layers are replaced with new ones and learned from scratch, whereas the
feature extraction layers are only fine-tuned with focal loss from the RetinaNet is borrowed.
The fully connected layers are trained for 2 epochs where the pre-trained feature extraction
layers were frozen. Then, all layers in the network is trained for an additional 10 more
epochs. The validation accuracy was 86.6% after all the training is complete. On the other
hand, we trained our custom model from scratch for 50 epochs and the final validation
accuracy was stuck at around 79%. The input image size is set to 600× 1000 for both of
the networks. At first, we trained with 224 × 224 as the original VGG models use [19].
However, we observed better results by increasing the input image. Batch sizes are set to
8 in both of the networks. In our custom model, we use BatchNorm and ReLu activation
functions between the layers and large strides are employed to downsize the input image
from 600× 1000× 3 to 1× 1× 1 and use sigmoid loss function to calculate the loss.

6.4 Results

In this section, we present our results and conduct a comparison of proposed E2E
systems as well as post-processing techniques. We start by presenting and comparing
outputs of our base table detection model from Chapter 4 and the table detection model
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Table 6.1: Table detection performance on public ICDAR datasets.

Methods ICDAR 2013 ICDAR 2017
Recall AP F1-Score Recall AP F1-Score

Proposed (A) 1.0000 0.9900 0.9950 1.0000 0.9868 0.9933
Proposed (A) + Judge & Agreement 1.0000 0.9905 0.9952 1.0000 0.9876 0.9938

Proposed (A) + ALL 1.0000 0.9915 0.9957 1.0000 0.9878 0.9939

Table 6.2: Table detection on private dataset and on public UNLV dataset.

Methods Private UNLV
Recall AP F1-Score Recall AP F1-Score

Proposed (A) 1.0000 0.9980 0.9990 1.0000 0.9819 0.9909

Proposed (A) 1.0000 0.9980 0.9990 1.0000 0.9820 0.9909
+ Judge & Agreement
Proposed (A) + ALL 1.0000 0.9989 0.9994 1.0000 0.9852 0.9925

Table 6.3: E2E performance of the proposed methods

Methods UNLV
Recall mAP F1-Score

Pure E2E(C) 0.8675 0.7913 0.8276
Pure E2E(D) 0.9224 0.8660 0.8933

Stitched E2E (A+B) 0.9615 0.7001 0.8101
Stitched E2E (A+B) + Judge & Agreement 0.9615 0.7140 0.8195

Stitched E2E (A+B) + ALL 0.9650 0.7732 0.8585
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output after post-processing is applied in Table 6.1 and in Table 6.2. The comparison is
made on our table datasets; ICDAR 2013 [73], ICDAR 2017 [77], UNLV and our private
dataset. In all the tables, given metrics denotes the mean average calculations such as
mean Average Precision (mAP). In all our experiments, the IoU threshold of detections
with the ground truth is set to 50% to be compliant with the previous research and since
it is a common choice [100, 96]. If detection has higher IoU than this threshold, it is
considered a correct prediction, else a false detection.

Model A denotes the table detection model proposed in Chapter 4, Model B represents
the table structure detection model from Chapter 5, and Model A+B represent the Stitched
E2E system we propose here. If in the results, a post-processing method is mentioned, it
means it is applied to the output of the Model A. The proposed Pure E2E table structure
detection model which detects only rows and columns from the full document image is called
Model C in the tables, and Pure E2E tabular structure detection model that gives all the
detections is denoted as Model D. Since all the Models (A to D) are based on the Mask-
RCNN [11] architecture with ResNet-50 [14] backbone, it is understandable that they use
the same decision paths and hence, agreement and judge post-processing steps have only
minimal effect and remove a few false-positives. A visual inspection of the results manifests
that false-positives are mostly the figures in the documents as it is shown in Figure 6.9a. As
we discussed before, the inclusion of figures, formulas and other structures alongside table
detection is left for future work. However, as shown in Table 6.3, with the binary table
classifier added, we were able to remove up to 500 false-positive row detections and up to
100 false-positive column detections. This is achieved by eliminating 45 false-positive table
detections. The elimination of false-positives causes a significant leap in precision. When
we visually inspect the eliminations, we see that they are mostly paragraphs and figures
which were mistaken as a table. Therefore, we conclude that the binary classification is
helpful in our Stitched E2E model and is open for further investigation.

The workflow of the Stitched E2E model is presented in Figure 6.1a. Since the output of
the table detection model is used to detect structures in the second stage, the performance
of this system is solely conditioned on the performance of the first stage. As presented in
Figure 6.10d, one false-positives that is generated by the first stage, cumulates and tenfolds
the false-positives. The effects of this phenomenon are presented in Table 6.3 where the
recall is converging to the limitations of our models, but the system attains a lower mAP
value since the precision is a function of false-positives and true-positives. The limitation
of the performance of the Stitched E2E model is calculated by the cumulative successes of
the two stages; table detection and structure detection. For example, since the structure
detection recall is around 98% which is achieved with perfect table detections assumed, the
Stitched E2E model cannot easily reach the same levels. To present a pure model that is
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easier to train, test and faster to use, we introduced two models; Pure E2E table structure
detection model and Pure E2E tabular structure detection model. Model C takes the whole
page image as input, and the output is the rows and columns. It is fast since it does only
one pass over the image; however, it is not up to par with other methods in terms of metrics
presented, especially the row detection performance is only mediocre. On the other hand,
Model D takes in the same input as Model C, but the model is extended to detect tables
as well. Addition of tables improved the mAP by more than 7% which allowed this model
to surpass others and achieve the best AP between all proposed methods with a slightly
lower recall than the Stitched E2E system. When calculating the mAP for Model C, we
counted the tables from the Model A to achieve mAP over three classes. Both Models C
and D are trained with the stretched UNLV dataset.

The Stitched E2E System (Model A+B) takes in the full document image and then
outputs a table detection with segmentation results alongside each other. To this detec-
tions, either some improvements are made, or nothing is changed, and the vanilla output is
used. After the table detection is finalized one way or the other, the coordinates are used
to crop the table region image, and this is sent to Model B to detect rows and columns.
Therefore, Model B’s output is strongly correlated with the initial table detection, and any
false-positive table detection causes the precision to drop notably. Model B is not capable
of discriminating incorrect tables, and it always assumes the input is a perfect table crop.
This is introduced to the method through how the dataset is formed to train the network.
Because in every step of training, Model B learned that a table is formed of multiple rows
and columns which are next to each other and they always start from left side extending
up to the right side for rows (or up and down for columns). Even though the input to
the model is a blank page (Figure 6.10d), the model predicts rows and columns, though
the confidence scores are not high. Hence, false-positive elimination is crucial. However,
as evidenced in Figure 4.5c, our private dataset includes challenging cases such as nested
tables which makes the false-positive elimination even more difficult.

In Table 6.1 we can see that the proposed improvements allowed us to improve our
precision on the public ICDAR datasets. Since we already attain adequate precision,
further improvements are not easy to achieve. The agreement module and judge module
helped us to see minor improvements in precision where they managed to remove some
false-positives. With table classifier, we observe further improvements. Since ICDAR 2017
is a slightly more complex dataset, the improvements are less significant. However, our
findings support the importance of the binary classification applied at the end. In Table
6.2 we see less improvement from the agreement and judge modules when compared to
ICDAR datasets. This is due to that we already achieve fantastic results on our private
dataset, and the false-positives in UNLV dataset is mostly figures or caused by nested
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table limitations which is not handled effectively by these methods. The Mask-RCNN
table detector achieves a perfect recall and a high AP. However, the table classifier was
able to remove even more false-positives, and the AP jumps to 0.9989. In the UNLV table
dataset, an improvement of 0.003 AP was observed, and further impacts of this change are
observed in E2E detection.

(a) Accurate table and structure detection (b) Incomplete table but structure is still detected

(c) Complete version of the table in Figure6.10b (d) Structures are detected in a false-positive table
crop.

Figure 6.10: E2E detection examples for proposed models.
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6.5 Conclusion

With the wide-scale transition from the analogous world to the digital world, supply
chains or any organization that handles data have to adapt as businesses are moving to
digital mediums. Since everything is shifting to digital; discovering suppliers, retailers or
manufacturers and connecting different ends of a chain as it was never possible before is
becoming a reality. With this growth, information and the flow of it grows unearthly, which
brings new requirements for the data processing. We now need faster and more efficient
processing methods to extract vital information from documents. Since the information
is mostly in the form of reports, handbooks and such, extracting information from such
documents are in demand. Since the most vital information is contained in tabular struc-
tures like tables, standard utilities that are used to read documents such as OCR methods
cannot be accurately applied for this purpose. The importance of this task is well-known,
and valuable prior research has looked into the table detection [7, 9, 29, 72] and structure
detection as well [8, 10, 67] which provided invaluable knowledge to build upon. With
the power of deep learning on our back, we proposed three E2E systems that can be used
for tabular structure detection purposes. Our first method is called Stitched E2E method
which we combine two of our previous works [7, 8] and propose post-processing improve-
ments to be applied before the link is made. We propose a table classifier as well as a judge
module which checks the consensus of the table detections and structure detections and
an agreement module which checks the consensus between different table detections in the
same image. The proposed consensus-based algorithms and the table classifier model is in-
cluded to prevent the error from the table detections (mostly in the form of false-positives)
to cumulating in the second stage, table structure detection. Every single false-positive
table detection results in more than ten false-positives from the structure detection model
and hence lowers the precision for the E2E system. According to our experiments, even
though agreement and judge modules increase the precision a small amount, line agree-
ment module refines the location and possibly makes detections perfect in some cases. In
the end, E2E mAP is increased for more than 7.3% with these augmentations. When the
table classifier is included, a massive removal of easy false-positives (i.e. figures, formulas
and paragraphs detected as table) is observed which resulted in the removal of hundreds
of false-positive row detections.

123



Chapter 7

Conclusion

The widespread use of Internet has led to advancements in the processing and analysis
capabilities for digitally stored data. Extracting the contents of the conventional document
formats of which either in printed or born-digital format (i.e. Portable Digital Format
(PDF)), is not straightforward. Printed documents are images with pixels and PDF does
not save structure information from the documents. Therefore, to convert millions of doc-
uments into a computer-understandable format, an automated system which can extract
information is needed. The source of these documents can be the governmental agencies,
academic institutions and supply chains. For instance, the supply chain optimization case
involves thousands of suppliers and other entities up to the end users. Since the source is
significantly varied, it is not feasible to develop source-specific solutions. Hence, the state
of the art seeks a source-transparent and generalized solutions. As a widely accepted and
compact information container, tables and more generally, tabular data is the main focus of
this thesis. Table detection and extraction cannot be successfully achieved with standard
Optical Character Recognition (OCR) utilities since they contain complex structures and
lines that determine the table region.

Table detection from various document types is a popular and well-studied problem by
the researchers in this area [36, 10, 74], as well as ourselves [7, 9]. On the other hand, since
extraction of the information inside the tables remains an open issue, table detection turns
out to be an intermediary process that feeds into the information extraction operation by
either a human or a computer. Due to the fact that finding rows and associated columns
is a time-consuming process, we argue that automating the second part is also essential.
Related work also contains several studies focusing on this particular problem [27, 86, 10]
prior to our own contributions to the solution of this problem [8, 9]. Indeed, table structure
detection is an inherently more complex problem since the rows and columns differ from
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the most common square-shaped objects. More specifically, the rows and columns are thin
at the edges, which makes the detection process further challenging.

This thesis has introduced two deep learning models to table detection and table struc-
ture detection problems. Both models leverage the renown Mask-RCNN [11], and achieve
the state-of-the-art performance in the solution of these individual problems. Mask-RCNN
performs exceptionally well on this task with additions such as Feature Pyramid Networks
[15], Group Normalization [17] and Fully Convolutional Networks [16]. On the table detec-
tion task, our Mask-RCNN based solution achieves the state-of-the-art with 100% recall
and 99% AP on widely known public datasets such as ICDAR 2013 [73], ICDAR 2017 [77]
and UNLV [126]. In order to solve the small edges of rows and columns, apart from the
architectural decisions, we have applied stretching and various improvements such as line
detection, agreement module, judge module and a binary table classifier. The proposed
binary table classifier has been shown to be the most effective method when compared to
other post-processing steps, and a relative AP increase of 0.3% has been achieved, which is
a reasonable increase under the consideration of the nature of the problem and the state of
the art. We have finally proposed three End-to-End (E2E) design systems to detect tables
rows and columns in arbitrary documents. All three models take images as input to allow
them to operate on any format as long as they can be converted into images. The Stitched
E2E system bridges the table detection and the table structure detection models with the
mentioned post-processing steps applied following the table detection output. The Pure
E2E systems are designed to detect the structure in a single pass and observed to have
better precision but with a lower recall. The first Pure E2E system is called Pure E2E
Table Structure Detection system, which is used to detect only rows and columns in a
single pass from the document image. Whereas the second Pure E2E proposal is called
Pure E2E Tabular Structure Detection system, and it detects tables alongside rows and
columns in a single pass from the document image.

7.1 Future Directions

We achieve near perfect results with our table detection model, but we also acknowledge
that there are future improvements to be made in all three aspects, namely table detection,
table structure detection and E2E system design.
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Coping with the lack of public annotated data

In this study, the lack of public annotated data has been a fundamental challenge. In
order to cope with this issue and prevent over-fitting, we hypothesize that hard negative
mining and weakly supervised learning techniques can be employed. Hard negative mining,
or known as bootstrapping, is a method where the misclassified examples are used to re-train
the network and learn the edge cases [129]. In our methods, we observe false-positives that
have the same characteristics and hard negative mining can help solve this issue alongside
with the labelling of common page objects such as figures. Hard negative mining can be
used to improve detection performance with the available volume of data.

Increasing the data volume

However, we can also increase the data volume without labelling it by hand. Weakly
supervised learning is one method that aims to increase the data volume by using the
trained model to label the dataset iteratively [127]. Since the dataset will not be perfectly
accurate, as the model gets trained, the dataset is labelled again to obtain a dataset with
less label-noise. Another method is called Distant Supervision where instead of the model
itself to label the dataset, another method is used to label the dataset with noise and
then the machine learning model is trained on top [130]. One natural algorithm to use is
one of the rule-based table or table-structure detection methods to label the data with low
precision and then use the dataset to train the deep learning models. Other options include
hand labelling new data, which is a time-consuming task; or using different methods such
as Generative Adversarial Networks (GANs) or augmentations to increase the data volume.
Thus, a larger dataset is expected to improve the method’s performance.

Investigations on different architectural decisions

Apart from the data volume, different architectural decisions can also be investigated.
Instead of using the image as an RGB input, inclusion of table content or text, detected
with an OCR engine and fed into a convolutional layer of the feature extractor can be
studied as it is already shown to improve the performance [74]. In this thesis, we emphasize
the impact of the FCN and FPN architectures. Related work reports that changing the
FCN architecture affects the detection performance [10] same can be said for FPN as well.
Therefore, further investigation in this area is a potential future direction. In addition
to these architectural parameters, hyperparameter search should be conducted. There are
many possible parameters to optimize; mask resolution, stride sizes, learning rate and
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more. We have conducted a linear search on learning rate as well as mask resolution while
applying scheduled decreasing as mentioned before. But a more comprehensive search is
bound to increase the performance. As we have analyzed in structure detection models,
more complex convolutional neural network based feature extractors can also be studied
further with the extended dataset. We have seen promising performance under ResNeXt-
101 [85] feature extractor but it is worth noting that the dataset size prevents the model
from converging as the more complex the models gets, the higher the data volume is
required. The future extension of our study will include enhancements to achieve better
detections.

As discussed earlier, the modules that are open to improvement are; table structure
detection and table classifier. Table structure detection requires more data to be more
robust on false detection cases, and our initial results on table classifier show that searching
for a better architecture can be beneficial. The discussed methods to increase the data
volume, such as distant supervision, can be employed to increase the table classifier dataset
as well.

A different architectural decision would be extracting text from PDF data (or through
an OCR tool) and using this data to annotate additional data in distant supervision fashion
or feeding them to a chosen convolutional layer is promising value. We focus on table
detection and table structure detection from images to encapsulate a broader range of
documents. However, converting to PDFs or using an OCR tool to extract text from the
document could be useful. Some cases make the table detection problem trivial such as
’Table’ captions. Incorporating text from the document into the model would turn these
cases from object detection to a more straightforward process.

Semantic modelling

The ongoing extensions of the work presented in this thesis include the extraction
of semantic meaning and introducing further improvements to the models presented here.
These include extraction of he detected rows and columns, and detection of the intersections
(cells). Each cell represents a piece of information that we aim to extract as our end goal.
A distinctive property of table cells is, as we show in Figure 4.5, the possibility of including
other tables or even figures. These cases and semantic connections of these cells are in our
current agenda, which is an immediate extension of the work presented in this thesis.
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