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Abstract

Global organizations have adopted Industry 4.0 practices to stay viable through the in-
formation shared through billions of digital documents. The information in such documents
is vital to the daily functioning of such organizations. Most critical information is laid out
in tabular format in order to provide the information in a concise manner. Extracting this
critical data and providing access to the latest information can help institutions to make
evidence based and data driven decisions. Assembling such data for analysis can further
enable organizations to automate certain processes such as manufacturing. A generalized
solution for table text extraction would have to handle the variations in the page content
and table layouts in order to accurately extract the text. We hypothesize that a table
text extraction pipeline can extract this data in three stages. The first stage would involve
identifying the images that contain tables and detecting the table region. The second stage
would consider the detected table region and detect the rows and columns of the table.
The last stage would involve extracting the text from the cell locations generated by the
intersecting lines of the detected rows and columns.

For first stage of the pipeline, we propose TableDet: a deep learning (artificial neu-
ral network) based methodology to solve table detection and table image classification in
datasheet (document) images in a single inference. TableDet utilizes a Cascade R-CNN
architecture with Complete IOU (CIOU) loss at each box head and a deformable con-
volution backbone to capture the variations of tables that appear at multiple scales and
orientations. It also detects text and figures to enhance its table detection performance.
We demonstrate the effectiveness of training TableDet with a dual-step transfer learning
process and fine-tuning it with Table Aware Cutout (TAC) augmented images. TableDet
achieves the highest F1 score for table detection against state-of-the-art solutions on IC-
DAR 2013 (complete set), ICDAR 2017 (test set) and ICDAR 2019 (test set) with 100%,
99.3% and 95.1% respectively. We show that the enhanced table detection performance can
be utilized to address the table image classification task with the addition of a classifica-
tion head which comprises of 3 conditions. For the table image classification task TableDet
achieves 100% recall and above 92% precision on three test sets. These classification results
indicate that all images with tables along with a significantly reduced number of images
without tables would be promoted to the next stage of the table text extraction pipeline.

For the second stage we propose TableStrDet, a deep learning (artificial neural network)
based approach to recognize the structure of the detected tables regions from stage 1 by
detecting and classifying rows and columns. TableStrDet comprises of two Cascade R-CNN
architectures each with a deformable backbone and Complete IOU loss to improve their
detection performance. One architecture detects and classifies columns as regular columns
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(column without a merged cell) and irregular columns (group of regular columns that share
a merged cell). The second architecture detects and classifies rows as regular rows (row
without a merged cell) and irregular rows (group of regular rows that share a merged cell).
Both architectures work in parallel to provide the results in a single inference. We show
that utilizing TableStrDet to detect four classes of objects enhances the quality of table
structure detection by capturing table contents that may or may not have hierarchical
layouts on two public test sets. Under the TabStructDB test set we achieve 72.7% and
78.5% weighted average F1 score for rows and columns respectively. On the ICDAR 2013
test set we achieve 90.5% and 89.6% weighted average F1 score for rows and columns
respectively. Furthermore, we show that TableStrDet has a higher generalization potential
on the available datasets.
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Chapter 1

Introduction

The introduction of Fifth Generation (5G) networks has made it possible to share large
quantities of information in various formats between different entities. It provides trans-
fer rates that are 10-100 times faster than the current and more prominently available
Fourth Generation (4G) networks [1]. In addition, the reliability offered by 5G networks
has prompted organizations to work towards the possibility of automating processes such
as manufacturing. The notion of automating processes with the help of 5G networks
is supported by the implementation of Industry 4.0 (I4.0) as industries shift from mass
manufacturing to custom manufacturing [1]. I4.0 requires technologies such as Big Data
Analytics, Artificial Intelligence, Cloud computing and Internet of Things (IoT) to ensure
automation of processes such as manufacturing [2]. These technologies require robust net-
works such as 5G in order to provide real time delivery of information that ensures the
automated process is a success. Furthermore, technologies such as IoT and Cloud com-
puting provide services to collect and store large amounts of data which is made available
to every member (human) of an corporation or enterprise. This enables the members to
make analytical based critical decisions with the help of the available data [2].

The practices of I4.0 are not limited to a single corporation but can be expanded
to supply chains as well. A supply chain consist of network of organizations such as
manufacturers and product designers. As organizations of supply chains now exist across
the globe at different locations with the implementation I4.0 practices it becomes more
necessary to have the latest information available to all members of these organizations
[3] in real time. Having access to such information can aide with decisions such as the
production of which product should be increased or decreased or which organizations can
handle what amount of production [3]. However, each organization on the supply chain
produces information in a format that can be easily interpreted by members of that or
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similar organizations. With no general structured layout of information that is utilized by
all organizations, sharing information between them in real time requires some additional
processing [4]. Organizations share information through reports and documents which are
available either electronically in PDF or Docx format or in paper format. These reports
and documents which we refer to as datasheets can contain information such as product
specifications, product cost etc. The important data in such documents is placed in tabular
format to provide it in a concise format. Utilizing tabular format to provide important
data is not limited to organizations of supply chains. It can also be found in documents
and reports by governments and even in scientific reports.

Extracting and assembling the information from such tables for analysis can help organi-
zations to develop sophisticated knowledge management systems. This in turn can support
efficient automation as well as evidence and data-driven decision-making [5]. Thus, there
has been a growing interest in the field of document analysis that specifically deals with
identification of tables and extraction of text from the tables [6]. There have been pro-
posed solutions that extract text from tables that appear in PDF files [7]. However, the
rules set by extraction processes for PDF files are limited to function only on that type
of documents or reports. Thus, the recent trend of table text extraction now focuses on
images of document pages rather than PDF files. Competitions such as Table Detection
and Recognition at ICDAR 2019 [8] display this increasing trend towards addressing table
detection and table structure recognition in images rather than digitally born PDF files.
In addition, using images helps broaden the scope of document analysis from digital-born
document pages that are converted to images to scanned document pages.

The advancements in field of Computer Vision brought on by the use of Artificial Neural
Networks (Deep Learning) has further led to an increased interest to apply the latest
developments for document analysis. Deep Learning solutions (models) have achieved
excellent performances for tasks such as image classification [9] and object detection [10]
on large datasets such as COCO and ImageNet. The major advantage of utilizing Deep
Learning solutions is its ability to generalize. For instance, models such as Cascade R-CNN
[11] have achieved excellent detection performance in detecting 80+ naturally occurring
objects in the COCO dataset. These solutions can be used to solve object detection tasks
on images that do not contain naturally occurring objects as well as shown in [10]. Thus,
in this work we propose utilizing a deep learning-based approach to analyze tables in
document or datasheet images.

We hypothesize that the task of table text extraction can be decomposed into three
stages. The first stage is to detect tables in the document or datasheet full page images
and remove images without tables from being processed in the following steps. The second
stage is to detect the structure of the table. We suggest decomposing the structure of the
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table into rows and columns in order to capture any hierarchical layouts that may appear
in the table. The final stage is to extract the text from each cell / row / column. Methods
utilized in the first step must be robust enough to tackle the variations in layouts and
styles of datasheet images and the tables within them. To avoid processing images without
tables in the later stages of the processes it must also limit the number of images without
tables.

Figure 1.1: Table text extraction pipeline. This thesis deals with stage 1 and
stage 2 of the proposed pipeline

As shown in Fig. 1.1 we propose addressing table detection and table image classifi-
cation in the first stage of the pipeline. The major challenge with developing a general
solution to address these two tasks is the ability of the solution to adapt to the variations in
table structures and to be able to distinguish tables, text and figure objects in the image.
As shown in Fig. 1.1 we propose utilizing the detected table region as an input image in
the second stage of the pipeline to address the task of table structure detection. Similar to
the case of the first stage, a generalized table structure detection solution would have to
handle high intra class variance that is caused by the different table structures that appear
in such images. This high intra class variance is brought on by the presence or absence of
merged cells and presence or absence of line separators between table content.

Previous works for table detection [12, 13, 14, 15] and table structure detection [16, 17,
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14] have utilized deep learning based approaches to address these two task. Furthermore,
deep learning based solutions have proven to have great generalization potential. Hence,
we propose addressing the tasks of table detection, table image classification and table
structure detection in images with a deep learning based approach.

1.1 Motivation

Document or datasheet images contain tables with important information such as prod-
uct specifications. This information is laid out in the most concise format that can be easily
interpreted by members of organizations that are familiar with the layout of information.
As supply chain organizations such as manufacturers expand the range of products the
types of datasheets also continue to evolve. In order to analyze the table text present
in these datasheets it needs to converted into a format that can be queried upon so that
comprehensive analysis can be conducted before taking critical decisions. Thus a gen-
eral solution is needed that can detect such tables, extract the text and make the text
available for analysis. However the major challenge for developing a solution to identify
tables in datasheet images is the infinite number of structures that the tables can take up.
In addition, the solution would also have to distinguish between tables, figure and text
surrounding the table.

The variations in the structures of tables is brought on by the presence or absence of
merged cells in the rows and columns of the table. Tables with merged cells denote a
hierarchical layout of information while tables without merged cells denote a structured
/ regular layout of data with the rows and columns neatly aligned with each other. In
addition tables can also be present with line separators between the cells or they may not
contain any line separators. In some instances the tables may have only some rows and
columns with line separators. Furthermore, tables may also have a border around them
separating the table text from the surrounding text or it may not have any border around
it. A general table identification and structure recognition solution would have to consider
the infinite possibilities of such tables in order to capture all tables and recognize the layout
of information in each table.

State-of-the-art solutions for tasks such as image classification and object detection uti-
lize deep learning-based solutions due to the generalization ability of the same architecture
to detect different types of objects such as natural objects [11] or objects in datasheet im-
ages [14]. Thus, we formulate the tasks of table detection and table structure detection as
an object detection task. We suggest using the document or datasheet pages as an image
which serves as an input to a deep learning-based solution. Here the table and it’s internal
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components such as rows and columns can be treated as objects to be detected by the
proposed deep learning solution. We put forward one deep learning solution to address the
task of table detection and table image classification and another deep learning solution
to address table structure detection.

1.2 Research Objectives

The intent of this work is to build a solution that can take a datasheet (document)
page image as an input and identify tables, recognize their structures and extract the table
text. Thus, in this work we propose a table text extraction pipeline with three stages. As
shown in Fig 1.1 the first stage is table detection, where the input is a full page image.
This image can be a PDF datasheet or document page that is converted to an image or a
scanned image. At this stage a deep learning-based solution is tasked to accurately detect
and provide the locations of each table in the images. The objective at this stage is to
develop a robust and generalizable table detection solution that can accurately provide the
location of any table in a document from any domain.

Furthermore, as shown in Fig 1.1 we propose addressing the table image classification
task by utilizing the detection results of the table detection solution at this stage as well.
Along with the table detection results, the objective here is to classify the images into two
classes; images with tables and images without tables. As a result, the images with tables
and the locations of detected tables can be sent to the next stage thus eliminating the need
to unnecessarily process images that do not have tables. Thus, the cumulative objective
of this work is to develop a single solution that addresses both table detection and table
image classification in a single inference.

The second stage addresses table structure detection, where the detected tables from
the first stage are cropped and used as an input image. The objective here is to develop
a deep learning-based solution to detect the rows and columns of the table while also
considering the hierarchical layout of data. The layout is considered as hierarchical if there
are merged cells in the table. The final stage is table text extraction where the text from
the detected rows and columns can be extracted and used for further analysis. In this
work we propose solutions towards solving the first two stages of the table text extraction
pipeline. As shown in Fig 1.1 in the first stage we solve the table detection and table image
classification task and in the second stage we solve the table structure detection task. The
objective is to provide solutions that can handle the variations in layouts presented by
tables in datasheet (document) images.
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1.3 Contribution

On analyzing the previous work conducted on document analysis towards table text
extraction we proposed a pipeline with three stages as shown in Fig 1.1. In this thesis
we provide details on steps taken towards building a generalized solution for the first two
stages of the pipeline. We propose utilizing one deep learning-based solution to solve the
table detection and table image classification task. Furthermore we suggest utilizing an
additional deep learning-based solution to solve the table structure detection task.

Our main contributions can be encapsulated as follows:

1. In this work we propose TableDet, a deep learning-based solution towards solving
the table detection task in datasheet (document) images. TableDet is built with a
Cascade R-CNN [11] architecture and a deformable ResNet backbone. In addition it
also utilizes Complete IOU loss [18] to enhance its detection performance.

2. Furthermore we propose Table Aware Cutout augmentation for datasheet (document)
images with tables to help deep learning-based models such as TableDet to improve
their table detection performance. We also propose a dual step transfer learning
process which utilizes Table Aware Cutout augmented images to train the TableDet
model. We show that the model trains quickly and provides highly accurate results
when it is trained with out two additional proposals.

3. We introduce the table image classification task where the images that have tables
are identified and kept for further processing which the images without tables are
not further analyzed. We display the impact of using the improved table detection
results of the TableDet model towards the task of table image classification. We show
that the results of TableDet can be utilized to accurately get all full page datasheet
(document) images with tables without any additional training.

4. This work puts forward TableStrDet, a deep learning based model to solve the table
structure detection task using the table detected from stage 1 as an input. The Ta-
bleStrDet model comprises of two Cascade R-CNN [11] architectures each equipped
with deformable backbones and Complete IOU loss to improve their detection perfor-
mance. One architecture is used to detect and classify rows into two classes while the
other architecture is used to detect and classify columns into two classes working in
parallel. We show the impact of detecting four classes of objects towards accurately
capturing table content with hierarchical layout irrespective of the presence of line
separators in the table.
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1.4 Thesis Outline

This thesis comprises of seven chapters where we describe previous works and our
own contributions towards solving table detection, table image classification and table
structure detection in datasheet (document) images. In Chapter 2 we provide details
about the previous works have been conducted to address the table detection and table
structure detection tasks. We describe in brief the work that utilized rule based methods
in Section 2.2 before the feature extraction impact of Artificial Intelligence based solutions
were witnessed. In Section 2.3 we describe the Machine Learning based solutions that
address these two tasks and in Section 2.4 we described the latest works that utilize artificial
neural networks or as it is formerly known as deep learning based solutions to address these
two tasks.

In this thesis we address table detection and table structure detection as an object
detection task on images. In Chapter 3 we describe the R-CNN based architecture to
detect objects in images and the augmentation strategies that are utilized to address these
tasks. We provide details on the core components of the R-CNN based object detection
architecture utilized in this work in Section 3.1. The image augmentation strategy that
we developed to enhance the table detection capability of the object detection model is
described in Section 3.2.

In Chapter 4 we describe our proposed table detection solution. We describe the steps
taken to develop the presented table detection solution in Section 4.1. We also provide
details on the training and model enhancements that enable the detection solution to
improve its table detection performance in Section 4.1. We describe the training and test
datasets for this task in Section 4.2 and the training process in Section 4.3. We display
the performance improvements that our proposed approach achieves in Section 4.4 and
conclude the chapter in Section 4.5.

In Chapter 5 we describe our proposed solution to address table image classification
in datasheet (document) images. We utilize the table detection results from our table
detection solution to address this task and hence we describe how we generate the image
labels in Section 5.1. We describe the public and closed test sets that we use to evaluate
the proposed solution in Section 5.2. In the Section 5.4 we present our analysis that led to
the development of the proposed solution. Finally we summarize and conclude the chapter
in Section 5.5.

In Chapter 6 we describe our proposed table structure detection solution in detail. The
steps taken to develop the presented solution is provided in Section 6.1. In Section 6.2 we
describe the datasets used for evaluation and list out the training details in Section 6.3.
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In Section 6.4 we show the analysis we conducted to develop the proposed solution and
provide a brief conclusion to the chapter in Section 6.5.

Ultimately we conclude this thesis in Chapter 7 and provide a brief summary of the
performance achievements that each solution has provided. In Section 7.1 of Chapter 7 we
lists out the potential future agenda for the work developed in this thesis.
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Chapter 2

Literature Survey and Background

Governments and organizations around the globe store, share and present information
in paper based or electronic documents. These document display the information through
various document components such as figures, tables or paragraphs of text. The important
information in these documents is generally presented in tabular format so that readers
can receive information in an articulate format without having to read large paragraphs of
text. By placing the content in a tabular format, the critical information that the author of
the document tries to convey can be easily summarized to save the comprehension time of
the reader. Furthermore, by presenting the information in a tabular format the important
details can be easily identified by the reader and can help the reader draw useful conclusions
efficiently.

With the advent of Industry 4.0 and the pressing need for automation [2] most orga-
nizations and Governments rely on electronic documents to function efficiently. The most
common format of electronic documents are either PDF or online (HTML) format [19]. The
PDF documents could contain digitally born document pages or scanned images converted
into pages. Identifying the table in such PDF documents and making the text from the
tables available for analysis can help organizations take a step towards automation. Thus,
the previous research towards extracting such tabular data has been focused on addressing
this task in two phases; table detection and table structure detection [20].

Zannibi et al. [20] propose that generalized solutions that addresses both table detec-
tion and table structure detection tasks would have to consider the physical and logical
structures [20] of such tables to perform both tasks efficiently. However table content are
presented with various layouts. In some instances tables appear with line separated rows
and columns [14]. In other instances the content in the table can appear in a hierarchical
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layout [21] to display the relation between common content in the table.

Thus, in this section we provide an overview of previous works that have been conducted
for both tasks. The works are divided into three categories based on the approach taken to
solve the tasks; Rule based, Machine Learning based and Deep Learning based. We provide
a brief description of each approach in Section 2.1. We describe the Rule based solutions
in Section 2.2 and the Machine Learning based solutions in Section 2.3. In Section 2.4 we
describe the latest Deep Learning based solutions to address these tasks.

2.1 Introduction

Several works have been conducted towards addressing table detection and table struc-
ture detection in multiple formats of digital documents. In this chapter we differentiate
these approaches based on the type of solution that was develop to address these tasks. We
have categorized the approaches into three types. The first is rule based approaches where
we describe how image filters and heuristics that were previously used to address these
tasks. The second is Machine Learning based approaches which involves utilizing statisti-
cal based and non artificial neural network based approaches such as Logistic Regression to
address these tasks. Lastly we describe Deep Learning based approaches which involve the
latest table detection and table structure detection solutions that utilize artificial neural
networks to segment full page images and extract tabular data.

2.1.1 Rule based approaches

Before the emergence of Artificial Intelligence based approaches previous works for
document analysis relied on heuristics and image filters to extract tabular data. The rules
defined by previous approaches were not generalizable to documents from all domains of
the industry. However, they were well defined and robust enough to work with documents
in specific domains such as claim documents [22] or business letters [23]. Some approaches
were developed for specific use cases such as annotating the table of contents in a document
[24].

Furthermore, some methods were developed to build query databases for users with
tabular text extracted from HTML based documents [25]. On the other hand, some pre-
vious PDF based solutions chose not to convert the pages into images but instead utilized
techniques such as identifying important text such as ”Table” or ”TABLE” [26] or iden-
tifying graphical ruling lines and column style white spaces [27] to identify the potential
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locations of tables in the document. Other PDF based methods utilized the PDF meta
data [28] to facilitate the detection of tables in PDF documents.

In addition to detecting tabular data in PDF and web documents, previous works have
also utilized document images before Convolution Neural Networks [29] were applied to
address tabular detection. These solutions developed pixel maps to identify blocks of text
[30]. These maps were developed with either binary filters [31] or morphological filters [32].
Based on these maps the image could be divided into components which were then labeled
as table or text with additional heuristics [32]. To further improve their tabular detection
accuracy solutions also used line detection to detect intersecting lines of the table in the
image [33].

Furthermore, certain techniques could split the document image into multiple sections
based on lines and spaces and developing a bottom up approach to combine the parallel
lines to determine if the text was a table or not [34]. Some techniques resorted to character
recognition where a tree data structure would be developed to denote the components of a
document page starting from the bottom with words as the leaf grouping together to form
a table [35].

2.1.2 Machine Learning based approaches

Machine Learning based approaches rely on statistical based algorithms such as Logistic
Regression which require the features to be clearly defined in order for the algorithm to
function efficiently. On the other hand, Deep Learning based approaches utilize artificial
neural networks which have automatic feature extraction capability. Thus, we segregated
the two approaches in this work to emphasize on how the previous works extracted features
from images and PDF’s to develop tabular data extraction solutions.

The early works for table detection and table structure detection resorted to segmenting
the image into multiple components to comprehend the possible layouts of the document
irrespective of whether a PDF or image was used. Some techniques utilized Machine
Learning algorithms such as binary decision tree to classify the components of the image
as table or non-table [36]. With the emergence of Support Vector Machines (SVM) [37]
some solutions began utilizing SVM’s to address these tasks.

SVM’s were successfully utilized for HTML documents [38] due to the availability of
HTML tags which were used to generate features. They were also utilized for PDF doc-
uments where the features of each page were already extracted by off the shelf PDF text
extraction softwares [39]. On document images as well SVM’s were able to identify com-
ponents of a document image with a higher success rate than other Machine Learning
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algorithms. The only drawback of utilizing SVM’s for document images was its reliance
on accurate features from the images. Certain solutions applied multiple image filters to
make the features of a table more prominent [40, 41]. These features were then fed to an
SVM so that it could classify the page components accurately.

As the number of Machine Learning algorithms continued to grow certain approaches
applied an ensemble of such algorithms to improve their tabular information extraction
accuracy [42]. The unique aspect among the previous Machine Learning approaches was
the intuitive techniques that were applied to generate features for each Machine Learning
algorithm in advance and irrespective of the format of the digital document.

2.1.3 Deep Learning based approaches

The world of Computer Vision began to witness the impact of Convolution Neural
Networks with the introduction of AlexNet [29] which could address image classification
on large images without any manual feature extraction. This further led to the development
of multiple large scale image classification architectures such as VGG [43] and ResNet [44].
These architectures not only proved useful towards addressing image classification but also
towards other image processing tasks such as object detection and image segmentation by
acting as automatic feature extractors. Thus object detection architectures such as Faster
R-CNN [45] and YOLO [46] were developed to address the tasks of detecting natural
objects with a higher accuracy.

Furthermore, these deep learning object detection architectures also began to display
their generalization capability as multiple works in domains other than natural images
began to utilize these architectures [47, 48]. One such domain is document analysis which
continues to utilize these architectures to improve the quality of tasks such as table de-
tection and table structure detection in document images. In addition, the enhancements
in deep learning have also enabled works for PDF based documents which have the addi-
tional benefit of utilizing PDF meta data to segment the PDF pages into multiple page
components [49].

For document images, most deep learning approaches utilize one deep learning ar-
chitecture to address table detection and another architecture to address table structure
detection [50, 51]. Thus, most previous works solve only one task at a time. They utilize
state-of-the-art object detection architectures such as Faster R-CNN [45] and Mask R-CNN
[52] to detect either tables or rows or columns of tables. Previous works for table detection
have enhanced such deep learning architectures to address not only table detection [12, 13]
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but also table structure recognition [17, 53, 16]. Furthermore, Deep Learning feature ex-
tractors such as VGG [43], ResNet [44] and ResNext [54] can also provide rich features to
these architectures. Thus, previous works were able to enhance the quality of their table
detection and table structure detection results by utilizing the features provided by these
feature extractors.

In addition to that deformable convolutions [55] also provide more features that would
ordinarily be ignored by standard convolutions such as multiple scales of tables. Thus
previous works have also applied deformable convolutions [55] to further improve the per-
formance of their presented solutions [56]. Other techniques have resorted to adding more
features about the table such as the corners of the table regions to boost the table detection
performance of their proposed approach [57].

While deep learning architectures facilitate automatic feature extraction, some tabular
data extraction works have enhanced their solutions by providing additional features to
their table detection solution to enhance the quality of their presented solution. For in-
stance utilizing CNN and the component interdependence capability of CRF to segment a
full page document image and to identify clusters of similar components [58]. Some tech-
niques have utilized the feature extraction capability of CNN’s to develop saliency maps
which improves the quality of segmenting document images and helps the table detection
solution to identify tables more accurately [59].

Some techniques have also considered the possibility that table appear without line
separators between rows and columns [60, 14]. Thus, to improve the table detection per-
formance of their approaches they have generated additional features with the help of
Generative Adversarial Networks [61]. In addition to the features provided by CNN ar-
chitectures, solutions have also extracted document specific features to improve the table
detection and table structure detection capability of their solutions [15, 62].

2.2 Rule based approaches

Early works such as the system presented by Nagy [22] for automated text extraction
heavily depended on the type of document that was to be processed. Depending on the
type of document a different method of text extraction would have to be applied. For
instance, if the document was a simple claim document for a patent, certain sections of
the text would be more important than the rest. Thus a system with knowledge about
the features of such a document could easily detect and extract the important text from
the document. However, unstructured documents such as technical journals papers would
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require a interactive system. In this system the human operator would use a joy stick
to locate the important text and then with the help of several filters would be able to
highlight, extract and store the required text. Since, the important text in the document
was found in the cells of tables the presented system focused directly on the detecting and
extracting tabular text. Thus, the system did not specifically focus on detecting tables in
the images.

Following the document analysis work proposed by Nagy [22], Wahl et al. [30] put
forward a block segmentation technique to analyze digital documents. The authors pro-
posed that a page from the digital document can help generate pixel bit maps of the size
of the image which contained pixels of white (0′s) and black (1′s). These maps indicated
the location of page objects such as table, text, figures, horizontal and vertical lines. The
0′s denoted the white spaces while the 1′s denoted the blocks of page objects that were
adjacent to each other. The presented system generated horizontal and vertical bit maps
to provide context about the locations of each page object. It also added a horizontal
smoothing bit map to capture any broken text lines that were not captured by the other
bit maps. Each pixel was then labeled from left to right based on the adjacency of the
black pixels. Utilizing the features of the blocks such as height and ratio of block pixels to
bounding lines each block was classified as one of the five page objects.

Table Information based Text Inquery (TINTIN) was put forward by Pyreddy et al.
[63] to detect tables in digital documents by using a set of heuristics. The authors rec-
ommended that the task of extracting the table text and making it available for queries
could be addressed in four steps; table extraction, table component tagging, indexing,
retrieval. Table extraction utilized a Character Histogram Graph (CAG) data structure.
This structure develops a histogram indicating contiguous blocks of text and can identify
a table based on the gaps between columns in a table. The component tagger system then
labels the components of the table such as column header, table text and captions using
a set of heuristics. Gap Structure Heuristic captures the horizontal gaps in the tables and
Alignment Heuristic captures the layout of gaps and text in multiple lines to denote if the
content is within the table. The captions and table text lines would appear in a pattern
which would be captured by the Pattern Regularity Heuristic. Furthermore, Differential
Column and Gap heuristics could differentiate between captions (which appear as text)
and table text lines (which appear as numbers). In addition to this, the text were indexed
and made available for analysis through queries.

To convert paper based documents into an electronic version for storage and analysis,
Jain et al. [31] put forward an image processing technique that decomposes the digital
page into multiple components. The authors developed a top-down model that segments
the digital page. For this study they utilized technical journal papers which have a uniform
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layout and scanned the pages to use as input images. A binary filter was applied on the
image and then the text and non-text parts of the image were processed separately as a page
segmentation step. The small connected components of the binary image were considered
as the text parts while the large connected components such as table, halftone image, and
drawing were considered as the non-text parts. The non-text parts were processed for
region identification based on a series of heuristic to determine if the region was a table,
drawing or text.

Kieninger et al. [35] developed the T-Recs system which utilizes character recognition
to solve table structure detection in documents. The authors recommended dividing doc-
ument into blocks of words, where words are considered as the elementary component of
the document instead of lines. Each word is denoted with a bounding box to represent its
location in the document. If the neighbouring bounding boxes appear close to each other
and if they form a pattern that shows a vertical (for columns) or horizontal (for rows)
alignment of text then these bounding boxes which combine to form a block are considered
as part of a table. To reduce any errors in labelling such blocks as a table, the presented
approach took steps to combine such blocks into table tiles. Each table tile was a cell
created by intersecting lines of potential row and column blocks. The proposed system
was further enhanced by Kieninger et al. [23] to improve its table detection performance
specifically for business letters. This new system was called T-Recs++.

TabFinder was a unique document image processing technique proposed by Cesarini et
al. [34]. The process starts by dividing the document page image into a data structure
called the Modified X-Y (MXY) tree [64]. The tree would represent all components of the
document image where the leaves were the lowest components of the image after splitting
it based on white spaces and lines. Then based on the presence of parallel lines in the
image, the system would decide if the text block within those lines was a table or not after
climbing up the MXY tree. Furthermore, this process was able to outperform the OCR
systems available at that time on two public datasets for the task of table detection in
document images.

On the other hand, Gatos et al. [33] proposed a series of image analysis techniques
to detect tables in any type of document without any training or first hand document
based heuristic knowledge. The presented approach consisted of three steps. First, image
processing, where a binary filter was passed over the image to generate a binary image. In
this step, the alignment of the page in the image was also corrected by using skew filters.
Second, horizontal and vertical lines were detected throughout the image. Only those lines
that had intersections would be grouped together to be considered as a table. Lastly, table
detection and reconstruction where the intersecting lines from the second step would be
used to identify the cells locations of the table. However, one drawback of this system was
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the dependence of the system to have tables with line separators between the cells.

Instead of utilizing a heuristic based approach, Lin et. al [24] proposed utilizing a
statistical based approach to comprehend the table of contents in a multi-page digital
document. They used statistical natural language processing and layout analysis to perform
parts of speech tagging and then to text mine the entire document. They also utilized
OCR systems to mine the text and to avoid any errors from either text mining processes.
The proposed system was aimed at identifying the table of contents of the document.
Furthermore, with data retrieved from text mining the system was able to produce links
from the table of contents to each chapter or article within that document. The accuracy
of these links was enhanced by matching the text and page number in the table of contents
to the chapter / article tile at that page number. A benefit of utilizing this approach is
that this solution requires no additional training to identify table of contents in documents.
However, this application of this process is only limited to detecting table of contents.

Web pages also provide tables with important information that can be essential for
analysis. One possible method of extracting the content in this table was proposed by
Gatterbauer et al. [65]. The method was unconventional since it avoided using the page
as an HTML page but rather utilized 2-D topology and typography. On the other hand,
Pivk et al [25] proposed TARTAR (Transforming Arbitrary Tables into Frames) method to
extract table content in HTML documents using HTML tags to make the data available for
query answering. The presented system utilized the tags in the document to understand
the layout of the table. Although the authors claim that the method can be utilized on
tables in any document format, the process is heavily reliant on the presence of tags to
indicate the location of tables and the text within them. Rather than focusing on detecting
the tables the method is enhanced for developing an inference engine that can serve as a
query answering system to users. The proposed method can accurately capture multiple
layout types of HTML tables and can provide the data in these tables in an F-logic format
that helps the inference engine to quickly answer any queries that a user may raise.

Lui et al. [26] proposed an approach to detect tables in PDF files directly instead of
converting the files into HTML documents or pages into images. The proposed approach
addresses the task of table detection by first solving text sequence errors that are faced
by PDF text extraction tools. The authors propose two algorithms to recover the text
sequences. One considers the document column information and the other does not consider
the document column information. Furthermore, the proposed method also detects the
keywords in the document such as “Table, TABLE, Form, FORM,” so that it can identify
the table boundary. The authors determined that the second algorithm detected tables
more accurately than the first algorithm on both single and cross column tables.
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PDF-TREX proposed by Oro et al. [66] was a heuristic based bottom up approach
that recognized table structures in PDF documents using spatial features. On the other
hand, Fang et al. [27] proposed a method that utilizes content layout analysis and visual
features to address table detection in PDF files. The process first separates the content of
the page based on graphical ruling lines and white space delimiters. The aggregated text
blocks are then inspected for visual separators such as graphical lines and white spaces to
denote the presence of a column in a table. If a series of columns are detected then the
aggregated text block is denoted as a table. Unlike pdf2table [67] and PDF-TREX [66]
solutions presented by Fang et al. [27] is applicable on single and double-column pages.

Furthermore, the earlier works for table detection and table structure recognition in
PDF documents did not stop at simply identifying the table and cell locations. Liu et al.
[28] proposed TableSeer as an additional approach that crawled PDF documents on the
web, identified table regions, indexed the content of the tables and provided a system for
query answering. Tables were detected by labeling and merging sparse lines. However,
TableSeer was highly dependent on the presence of table captions and meta data without
which it would not recognize a table. On the other hand, TabbyPDf was put forward
by Shigarov et al. [7] as a heuristic based approach to detect tables in untagged PDF
documents. Thus, without the use of meta data from the documents the authors developed
a web-based system that identified and recognized table structures to provide a tagged table
content in HTML or JSON format for query answering.

Instead of applying a heuristic based approach to detect tables in images Tran et al.
[32] applied a morphological approach. The authors proposed a series of steps to classify
components of a document page image as a table. First the connected components of
binary document image are obtained after applying a morphological image filter. Then
based on three conditions the connected components of the image are labeled as table
or non-table. The conditions are: existence of table boundaries, presence of text blocks
and finally a check to see if the text is aligned vertically. The authors performed these
experiments on the ICDAR 2013 [68] test set and is one of the first works to address table
detection in images from this test set.

2.3 Machine Learning based approaches

Machine Learning based solutions for table detection address the problem as an object
recognition task. Wang et al. [36] proposed classifying each zone (region) in the document
image as an equation, table, drawing / map, ruling line, logo or multiple other page object
types. To classify each zone the authors utilized a binary decision tree [69] and pruned
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the tree to prevent it from overfitting. To further enhance the zone classification the
presented approach applied a contextual constraint as a Hidden Markov Model (HMM)
[70, 71]. Following that the Viterbi algorithm [72] was applied to identify an optimal
classification result. This constraint was applied on only a small subset of zones that the
system found difficult to classify during its training phase. In their subsequent work [38] the
authors applied decision trees and Support Vector Machines [37] to web based documents
to classify blocks of text as genuine tables or non-genuine tables. This work displayed the
impact of using SVM with an RBF kernel for this task. The presented solution achieved
the highest F1-score in accurately detecting genuine tables in HTML documents.

Shetty et al. [73] put forward a machine learning approach to segment scanned docu-
ment images. The authors propose classifying the sections of the images into one of three
classes; hand writing, noise and machine print. Tables are not directly detected by this
approach. However, the use of Conditional Random Fields [74, 75] to segment the images
provides an interesting potential. This interest is brought on due to its ability to cap-
ture the inter-dependence of the three object classes in scanned document images more
accurately than other techniques.

Unlike other techniques that utilized images or web based documents, Ng et al. [40]
utilized plain text Wall Street journal news documents to show that tables can be detected
by machine learning systems in other types of document formats as well. The authors
utilized a C4.5 model and trained it to detect occurrences of lines in the text. The system
first detected horizontal and vertical lines to identify the location of the table. Next, it
identified vertical lines in the detected location to identify columns and horizontal lines to
indicate the location of rows. The authors propose a similar process of table information
extraction as our work in this thesis where the table detection is followed by table structure
detection. A similarity of this technique with our work and other image based table
recognition solutions is the fact that these techniques require additional annotations to
denote the location of the table and its components; rows and columns.

Hidden Markov Model (HMM) [70, 71] is a probabilistic graphical model that can
develop a high quality understanding the interdependence between objects. Thus, Silva
[76] proposed a machine learning method where classifiers would provide features to help
develop a probability graph with HMM in order to understand the content layout of a doc-
ument page. The author utilized text documents converted from financial PDF documents
in this work. This was one of the first works to show that probability graph methods such
as HMM can be utilized to accurately locate tables in text.

Kasar et al. [41] utilized the row and column line separators to detect tables in docu-
ment page images. The authors used a series of image processing filters (Gaussian, Black-
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hat and Adaptive threshold) to make the lines in a document page more prominent. 26
low-level features were then extracted from groups of intersecting lines that were displayed
in the final filter output and provided to an SVM model with a RBF kernel. This work was
evaluated on document images from the corpus of Arabic, English and French documents.
A limitation of this work is its dependence on the availability of line separated rows and
columns within a table which is not always the case for all tables in document images.
Tables also appear without lines and in some instances only lines to indicate the start and
end of the table content.

Distance Supervision [77] was a heuristic based learning process to develop weakly
labeled annotations for PDF documents. Fan et al [42] utilized this process to develop an-
notations in PDF documents from ACL anthology and ICDAR 2013 dataset [68] to address
the task of table detection and structure recognition. The authors propose pdfExtra as a
system to address these tasks. It utilizes off the shelf software such as Apache PDFBox
and OpenNLP to detect and recognize words that exists on the same line and to provide
vertical and horizontal co-ordinates for each line. It utilizes the weak labels from distance
supervision process output along with the outputs provided by the two softwares to gener-
ate features for three machine learning algorithms; Naive Bayes, Logistic Regression and
SVM. The three classifiers are used as a voting ensemble to decide if each input text line
belongs to a table or not.

Tkaczyk et al [39] proposed CERMINE a heuristic and machine learning based system
to segment and extract meta data of PDF documents. Although CERMINE did not
focus only on detecting tables in the document, it did identify tables along with other
components within a document page. The system first understands the basic layout of the
page by utilizing a combination of heuristic and off the shelf software to segment the page
into multiple zones. The zones are then classified by a SVM into four broad categories;
meta data, references, body and other. The zones are further classified based on the meta
data detected in the previous step. At this stage the tables are accurately detected by
another SVM.

2.4 Deep Learning based approaches

Hao et al. [49] proposed a Convolutional Neural Network (CNN) based approach to
detecting tables in PDF documents. The proposed system first identifies potential table
regions in each page. These regions were identified based on the presence of horizontal
and vertical lines to create a grid or groups of text that appeared in a vertical alignment
to represent a column. Thus, this step not only captured table regions but also non-table
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regions such as charts that appeared as grids. The CNN was then trained on images of
these regions to classify the regions as table or non-table. To improve it’s classification
performance, features from the PDF meta data such as font and color were also provided
to the CNN. This system was tested on the ICDAR 2013 [68] test set.

DeepDeSRT was proposed by Schreiber et al [50] which was a deep learning based
solution that only used images unlike the solution proposed by Hao et al [49] which used
images and PDF meta data together. DeepDeSRT system consists of one deep learning
system to detect tables in images and another deep learning system to detect rows and
columns in the detected table which is used as an input image. The authors propose
utilizing Faster-RCNN [45] a two stage object detection architecture with a VGG-16 [43]
backbone to detect tables. The authors utilized a FCN based segmentation model [78] to
solve the task of detecting of rows and columns. The FCN system address this task as a
semantic segmentation task where each pixel was labeled as a row or column.

The ICDAR 2017 POD competition [79] provided 2417 document images for competi-
tors to detect and classify each page object. Li et al [58] used this dataset to classify objects
as tables, figures, text and formulas. The system proposed by this work first segmented
the images into column regions and then line regions. Then each region was clustered into
one of the four page object classes by a CNN backed CRF architecture. In the following
step the neighbouring regions belonging to the same cluster would be labeled as an object
from one of the four classes.

Kavasidis et al. [59] present a unique approach to detecting tables that utilizes the
salient features of a table to help the presented system distinguish tables from other page
object types. The authors propose generating saliency maps for four object types; pie
charts, bar charts, tables and line charts. The maps are generated by VGG-16 convolutional
network where the penultimate layers of the network utilize dilated convolutions [80] to
help it generate more accurate saliency maps. Individual binary classifiers for each class
are trained in this system to detect these objects of these four classes. Individual CRF
[74] are also utilized to help the construction of these saliency maps. Thus, for each object
type a saliency map is generated by the system in order for it to distinguish between other
object types.

Traquair et al [12] utilized a Faster R-CNN [45] architecture with a VGG-16 [43] back-
bone to develop a table detection solution for document images. The presented architecture
could out perform the table detection performances achieved by DeepDeSrt [50] and Kava-
sidis et al. [59] on the ICDAR 2013 test set. To address the table structure recognition
task in images of detected table regions Kara et al. [53] presented a semantic segmenta-
tion approach to solve this task. The authors utilized Mask R-CNN [52] architecture with
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ResNet-50 [44] backbone to segment the detected table image into rows and columns.

In addition to detecting tables [12] and segmenting the table into rows and columns
[53], Kara et al. [17] also purposed an end-to-end system to extract tabular information
from images. The authors proposed detection of intersecting lines in a agreement system
along with the object detection outputs of Mask R-CNN to detect tables and segment the
tables into rows and columns. Utilizing both types of outputs the authors show that a
holistic system can accurately address both table detection and table structure detection
in datasheet (document) images.

Jiang et al. [13] also utilized a Faster R-CNN architecture to address the task of table
detection in images. In addition to that, the authors improved the detection performance
of the architecture by utilizing a ResNet-50 [44] backbone. Furthermore, the authors also
proposed utilizing Kullback-Leiberg loss and Variance Voting [81] instead of the standard
l1 bounding box regression loss to refine the quality of the detections. On the task of table
structure recognition Jiang et al [16] proposed detecting cells instead of rows and columns
in the image of the detected table region. The authors proposed TabCellNet architecture
to solve this task. The architecture comprises of Hybrid Task Cascade [82] architecture
which receives features from a CBNet backbone [83]. The CBNet architecture employs
dual ResNext101 [54] architectures to provide rich features. Furthermore, the authors also
present the impact of utilizing Soft-NMS [84] instead of the standard NMS.

Siddiqui et al. [85] were the first to propose utilizing deformable convolutions [55] in
place of standard convolutions to capture the multi-scale and multiple orientations of tables
in document images. The authors proposed DeCNT architecture to address this task. The
architecture comprised of a Faster R-CNN [45] architecture with a deformable ResNet-101
backbone to provide rich features. The authors also present the impact of employing a
deformable ROI pooling layer in the DeCNT architecture to improve its table detection
performance. The deformable convolutions capture the variations in scale and orientations
of tables with higher efficiency that standard convolutions. Thus, the DeCNT method [85]
was able to achieve the highest F1 score public table detection test sets, including the
complete ICDAR 2013 [68] test set.

Siddiqui et al. [56] also employed the adaptive nature of deformable convolutions to
develop a another solution for table structure detection in the images of the detected ta-
bles. The authors proposed DeepTabStR architecture which comprised of a two separate
deformable FPN [86] each with a deformable ResNet-101 [44] backbone to solve this task.
This was one of the first works to display the impact of using a two separate architec-
tures to detect rows and columns in a single inference. This work presents the significant
improvements brought on when one architecture detects rows and another architecture
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detects columns in the images in parallel rather than using a single architecture to detect
both types of objects.

Sun et al. [57] were the first to propose the detection of table corners in document
images to precisely detect the table location in the image. The authors propose utilizing
a Faster R-CNN [45] architecture with VGG-16 [43] backbone to detect tables. Earlier
works such as CornerNet [87] which considered the corners of natural objects displayed an
improvement in object detection performance for naturally occurring objects. Thus, Sun
et al. [57] proposed detecting the corners of the table as well as the table region within
each image. The proposed system provides the locations of the table and each of its four
corners. The corners are then refined to improve the overall table detection performance
of the presented system.

Table in document images can appear with or without line separators between the rows
and columns of the table. Tables with such line separators can be easily distinguished from
surrounding text objects in the images. However, when the tables do no have such ruling
lines a table detection solution must rely on observing the alignment of text in potential
table region to accurately detect the table. Thus, Li et al. [60] proposed an additional
feature generator to provide features about such tables to an object detection model to
improve its table detection performance. The authors use a generator and discriminator
architecture to develop this feature generator inspired by the architecture of a Generative
Adversarial Network (GAN) [61]. It is trained to distinguish between real (tables with
ruling lines) and fake (tables with ruling lines erased) images so that it can learn to identify
tables based on their content layout. In this work a Mask R-CNN [52] architecture is used
to detect tables in images. Along with the features it receives from its backbone of its
standard architecture it also receives rich features from the trained feature generator.

TableNet was proposed by Paliwal et al. [15] to address table detection and table
structure detection in two public datasets as a semantic segmentation task. The system
is built as an encoder - decoder system. The encoder for TableNet was a VGG-19 [43]
convolutional backbone. The authors used two decoders, one for detecting tables and one
for detecting columns within the tables. Both decoders were trained with the single encoder
so that the encoder could learn to distinguish between table and column objects in the
image. Furthermore, the input to this system was not just the image and the annotations
for the tables and columns. Instead, the image was pre-processed by an OCR system to
identify and color code the common data types in the image. For instance, the text values
was color coded with one color while the numerical values were color coded with another
color.

This pre-processed image was fed to the TableNet system as a means of providing visual
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features as well as semantic features to improve its detection performance. Simple image
transforms were applied to the image for row detection without training the system to
detect rows. Arif et al. [62] also proposed a system that highlighted sections of the table
and surrounding text with similar data types to help a Faster R-CNN model [45] distinguish
between foreground (table) and background (white spaces) regions of the image. However,
this system could only detect tables unlike TableNet which was able to detect both tables
as well as columns and rows in a single inference.

Siddiqui et al. [51] also proposed an encoder - decoder system to semantically segment
the images of detected tables into rows and columns. Similar to the segmentation process
of Paliwal et al. [15] this process would also classify each pixel to either belong to a row or
column or white space. The authors utilized a Inception ResNet v2 [9] model as an encoder
to extract features from the images. The decoder consisted of two series of convolutional
layers, one for rows and another for columns to classify each pixel as a row / white space or
column / white space respectively. The TableNet solution, detected the table along with
its columns in parallel. However, for the table rows it utilized certain transforms to detect
the rows instead of utilizing the encoder - decoder architecture. On the other hand, the
encoder - decoder solution presented by Siddiqui et al. [51] detected the rows along with
the columns using the features extracted by the encoder in a single inference.

The text in rows generally appear in a horizontal alignment while the text in columns
generally appear in a vertical alignment [15]. Thus, Khan et al. [88] determined that
utilizing convolution networks to identify rows and columns in a table image was not
efficient. Due to the repetitive nature of rows and columns, Khan et al. [88] proposed
identifying rows and columns as a sequential set of objects by utilizing a Recurrent Neural
Network (RNN). Furthermore, Khan et al. [88] also compare the efficiency of utilizing Long
Short-Term Memory (LSTM) [89] RNN over Gated Recurrent Unit (GRU) [90] RNN and
determined that GRU’s were a better fit to address table structure detection. Thus, they
presented an approach where one Bi Directional GRU [91] would be utilized to identify
rows while another Bi Directional GRU [91] would be utilized to identify columns. Similar
to previous works such as DeepTabStR [56] and Siddiqui et al. [51] this approach also
utilizes two separate deep learning architectures to detect rows and columns in a table
image.

Generally many deep learning based solutions for table detection had resorted to uti-
lizing two stage object detection architectures such as Faster R-CNN. However, Huang et
al. [92] determined that the advancements in single stage object detection architectures
such as YOLO [46] could be tailored and utilized to achieve higher table detection per-
formances as compared to two stage table detection solutions. In order to achieve this,
certain enhancements were made to the YOLO deep learning architecture in terms of it’s
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anchor proposals to facilitate the architecture to focus on detecting tables with a higher
accuracy. Furthermore, additional post processing steps were proposed by Huang et al.
[92] to help the table detection solution. These steps were empirically determined and
included conditions such as the area of the table should have more than 500 pixels and the
ratio of width over height or vice versa should be greater than 12.

Prasad et al. [14] proposed CascadeTabNet a single deep learning based approach that
detects tables and recognizes the structure of the table in a single inference. The system
architecture comprises of a Cascade Mask R-CNN [11] object detection model with HRNet
[93] as the backbone feature extractor. The authors propose an iterative transfer learning
process to train the system to first detect tables and then classify tables in incremental
steps. The systems classifies a table as bordered or borderless depending on the presence
or absence of line separators between cells of the table respectively. The system considered
tables with partial lines as borderless tables. The authors proposed that the same system
could be utilized to segment the table. Bordered tables were segmented into rows and
columns by utilizing image based line detection algorithms without any additional training.
However, as part of the iterative learning process the system was trained to segment the
borderless tables into cells with the help of cell level annotations for such tables. The
CascadeTabNet system achieved the top spot at the ICDAR 2019 competition [8] for table
structure recognition on modern document images in the ICDAR 2019 test set.

Table 2.1: Overview of research conducted for table detection and table structure
detection in multiple document formats

Rule based Machine Learning based Deep Learning based
[22, 30, 63, 31, 35, 23, 34, 33] [36, 38, 73, 40, 76, 41, 42, 39] [49, 50, 58, 59, 12, 53, 17, 13]

[24, 65, 25, 26, 66, 27, 67, 28, 7, 32] [16, 85, 56, 57, 60, 15, 62, 51]
[88, 92, 14]

Deep learning solutions applied to detect tables and recognize the table components
such as rows or columns or cells work purely on the visual features provided in the image.
The images in some solutions were highlighted in certain regions to improve the solutions
performance but no additional meta data was provided nor available unlike PDF based
solutions. All deep learning based solutions utilize the high generalization capability of
the available architectures such as Faster R-CNN [45], Mask R-CNN [52], Cascade Mask
R-CNN [11] and many more to address table detection and table structure detection in
document images. These document images are not limited to scientific reports but also
include datasheets. The solutions listed in the aforementioned text have proven to be
applicable all types and formats of documents.
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Furthermore, Deep Learning based solution rely on large datasets being available to
address tasks such as table detection and table structure detection. For such large datasets
additional annotations to denote the locations of tables, rows and columns would also be
required which is quite an expensive task to develop as it requires a large number of
manpower hours to manually annotate these datasets. As an alternative solution that
does not rely on Deep Learning could also be utilized to address these tasks. While not
as efficient as a Deep Learning solution they can be tailored to work efficiently for a
documents that have very similar layouts. OpenCV utilizes Computer Vision rules such as
Binary Threshold to identify tables as blocks of aligned text with or without line separators.
PDF based solutions such as PDFMiner and OCRmyPDF which use the document directly
without converting the pages into images are also alternatives to the state-of-the-art Deep
Learning solutions.

Previous works that have address the task of table detection have only detected table
and have not detected text and figures. Nor have they used an IOU based loss to improve
localization. Nor have these techniques utilized a specialized transfer learning technique
such as our proposed dual step transfer learning process. While some works have added
some additional augmentation strategies as shown in [14], none have developed a strategy as
specific to tables as our proposed Table Aware Cutout. In addition to that, we have utilized
additional training examples as compared to many of the previous works. Thus, while our
training and model enhancements have vast differences as compared to the previous work
done in this task we have ensured that the test sets and the evaluation metrics that were
used for this study were exactly the same as those that were utilized by the previous works
so that we could fairly compare the impact of our proposed enhancements.

Similarly previous works that have address table structure detection have either de-
tected cells [14, 17] or rows and columns [15, 56]. None of the previous works have classified
the rows and columns into regular and irregular classes to capture the hierarchical layout
of information in the table. Thus to fairly compare our results with the state-of-the-art
solution DeepTabStr [56] we have ensured that the training and evaluation of both our
proposed and the state-of-the-art solution are done on the same training and test sets
respectively.
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Chapter 3

Methodologies

Organizations communicate with each other despite the physical distance between them
on a global scale using documents (electronic or paper based). These organizations include
manufacturers, component distributors and product designers. They share information
through documents such as datasheets which provide component level information. These
documents contain valuable information that can help these organizations to effectively
deal with their supply and demand requirements. The electronic industry in particular is
reliant on accurate and up-to-date datasheets to develop reliable and compatible systems.
These datasheets are mostly digitally born documents. They can be PDF based documents
or can contain scanned images of paper based documents.

These documents contain valuable information such as product availability, specifi-
cations and pricing in tabular format in order to display the data in a concise format.
Members of such organization can utilize the data in such tables to analyze and make deci-
sions based on large amounts of structured information [68]. Furthermore, extracting and
assimilating the data from the tables for analysis can help organizations to build a sophis-
ticated knowledge management system. This system can support efficient automation as
well as evidence and data-driven decision-making [5]. Thus, we hypothesize that the task
of extracting this data can be divided into three stages as shown in Fig 1.1. In addition to
the pipeline we also propose utilizing images of document pages instead of utilizing PDF
documents as inputs to the pipeline.

In this work, we propose addressing table detection and table image classification in
the first stage of the pipeline. This stage involves correctly identifying that the image has
a table and accurately locating the table in the image. Furthermore, we classify the images
as Table (images with a table object) or Non-Table (images without a table object) at this
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stage of the pipeline so that we can reduce the number of Non-Table images that would have
ordinarily been processed in the next stage of the pipeline if the images are not classified.
We present, TableDet, a deep learning based approach that solves both tasks in a single
inference. For the second stage of the pipeline we propose that the detected table region
from stage 1 is analyzed and the rows and columns of the table structure are detected. For
this task of table structure detection we present, TableStrDet, a deep learning approach
that decomposes a table structure into four classes of objects; regular rows, irregular rows,
regular columns, irregular columns. TableDet and TableStrDet address table detection and
table structure detection respectively as an object detection task.

Both models use a R-CNN based architecture to detect objects in images. We describe
the core components of the R-CNN architecture in Section 3.1. We also describe the
proposed data augmentation strategy for table detection solutions in Section 3.2. Further
details about the application, enhancements and performance improvements over state-of-
the-art solutions are provided in Chapter 4 and Chapter 5 for TableDet and Chapter 6 for
TableStrDet.

3.1 R-CNN based object detection architecture

We address the task of table detection and table structure detection in datasheet (doc-
ument) images as an image object detection task. We present the TableDet models and
TableStrDet model to address these tasks respectively in Chapter 4 and Chapter 6 respec-
tively. Furthermore, the table detection results of TableDet models are utilized to address
the table image classification task as well as described in Chapter 5. Both TableDet and
TableStrDet models utilize Region Based Convolution Neural Network architectures to
address these tasks. In this section we describe the components that were utilized and
enhanced to develop these models.

3.1.1 Backbone

Deep learning based feature extractors for images utilize multiple convolution layers
in their architectures to extract rich semantic information from images. LeNet [94] was
the first to present the benefits of utilizing convolution operations to extract features
in place of fully connected neural networks. The functionality of LeNet displayed how
convolution layers stacked on top of each other could generate low level features such as
shape of the object in the image. In addition to that it did not require any additional
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Figure 3.1: ResNet-50 architecture
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hand crafted rules to be provided in order to generate such image features. In 2012 the
AlexNet architecture which was proposed by Krizhevsky et al [29] which enhanced the
LeNet architecture by utilizing ReLU [95] activation functions and introducing dropout as
a regularization technique. Furthermore, AlexNet contained more number of convolution
and pooling layers than LeNet. This deeper architecture provided more finer features
along with the low level features that were provided with LeNet architecture. Thus, this
developed the hypothesizes that deeper architectures could provide more richer features
than shallow architectures / networks.

GoogleLeNet [96] improved on the LeNet network by introducing an inception mod-
ule. This module utilized multiple small convolution filters in parallel to reduce the total
number of parameters in the network while maintaining a deep network with 22 layers. Al-
though it required more memory usage than its predecessors it achieved the highest image
classification accuracy on the ImageNet dataset in 2014 [97]. In the same year, Simonyan
and Zisserman [43] presented the additional benefits of building deeper models with the
VGG architecture. The VGG architecture accommodated 16 to 19 weight layers to pro-
vide hierarchical representation of visual features. It achieved the first and second highest
performance for the the task of object detection and image classification respectively on
the ImageNet dataset in 2014 [97]. Furthermore, it exclusively utilized convolutions with
smaller filter sizes (3x3) to limit the number of parameters in the architecture while also
enhancing its feature extraction potential.

These deep networks are trained with back propagation to improve their output rep-
resentation. This process involves calculating the gradients to reduce the loss between
output generated by the network and the input. Deeper networks have the advantage of
extracting multiple scales of features however they face the risk of vanishing gradients due
to their large depths. Residual Networks (ResNet) were introduced by He et al. [44] to
address this vanishing gradient issue. In addition to that the architecture also address
the stagnation in accuracy that deeper networks face when the depth of the network is
increased. The ResNet architecture resolves these issues by introducing residual mapping.
The mapping process involves an identity addition with the help of skip connections to
add the input (x) and output of a small predefined number of convolution layers (F (x)).
In an ordinary non-residual network the output F (x) from multiple predefined number of
convolution layers would be used during back propagation leading to a gradient calculation
issue. By performing this identity addition calculation as shown in (3.1) the ResNet archi-
tecture not only improves its output representation (Y ) as the input is constantly being
presented to various sections of the network but also address the vanishing gradient issue.

Y = F (x) + x (3.1)
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Unlike other deep neural networks, ResNet architecture places the convolution layers
into blocks of convolutions which we refer to as convolution blocks. Within each convolution
block there are multiple convolution layers. As shown in Fig. 3.1 we display four type of
convolution blocks each with different colors. He et al. [44] displayed the flexibility of this
architecture by proposing that the number of layers in each block can be increased and
decreased. Furthermore, the blocks can also be repeated. He et al. [44] present multiple
such ResNet architectures with the smallest network only using 18 layers while the largest
network uses 152 layers. In this work we utilize ResNet [44] architecture with 50 layers
which we refer to as ResNet-50. It has been applied successful to address multiple tasks.
These tasks include image classification [98, 99, 100, 101] and object detection [102, 103].
It has been applied for new tasks such as Panoptic Segmentation [102] where each pixel
of the entire image is classified to one out of several classes [104]. In addition to that,
ResNet-50 has been successfully applied to table detection [12, 13] task as well.

Thus, we utilize the ResNet-50 architecture to act as the feature extractor in this work.
ResNet-50 was initially designed to address the image classification task. Thus, in Fig. 3.1
we display the functioning of the ResNet-50 architecture towards solving this task. It is
worth noting that due to its versatility and flexibility a large section of the architecture
can be used for multiple image processing tasks as well. As shown in Fig. 3.1 the ResNet-
50 architecture consists of four types of convolution blocks each with different number
and type of filters per convolution layer. We refer to these fours block as Conv 2, Conv 3,
Conv 4 and Conv 5. We denoted the convolution layers with conv text in the image. These
block are repeated 3times, 4times, 6times and 3times respectively to develop 48 layers of
the ResNet-50 architecture. The remaining two layers are the initial convolution layer at
the start of the architecture and the Fully Connected Layer which provides the final logits.
These logits are processed by the Softmax function which assigns the image class label to
the input based on the highest probability. The pooling layers (max pool and Average
Pooling) do not store any learning weights as they are used to pool the feature maps at
two sections of the architecture. Hence, they are not counted as a layer when the number
of layers of an architecture are being counted.

Furthermore, within each convolution block we also display the skip connections with
dotted arrow lines. As shown in each convolution block the skip connection propagates the
input by skipping over 3 convolution layers for this architecture. It combines the output
of these layers with the input to the layers. This combined output from the convolution
block is considered as the input to the next convolution block. The convolution layers
have a fixed receptive field that operate as a sliding window over each section of the image.
They provide rich features to address image processing tasks such as image classification
and object detection. However, they cannot capture all the features that are present with
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different scales and orientations due to the fixed receptive field. The sliding window of a
standard convolution operation (C) which we refer to as the sampling matrix has a set of
weights (w). It samples and stores different sections of the image / input feature map (x)
to generate an output feature map (y).

y(p0) =
∑︂
piϵC

w(pi).x(p0 + pi) (3.2)

As shown in (3.2), p0 denotes the central location of the sampling matrix while pi
denotes the neighbouring locations on the matrix. The weights (w) of this matrix at
each location are updated when the model is trained to improve it’s output feature map
representation. However, this sampling matrix does not have any provisions to capture
the inputs at multiple scales and orientations. Hence, to resolve this rigidity, Dai et al.
[55] proposed utilizing deformable convolution which has an adaptive receptive field to
capture variances in feature maps. As shown in (6.1) in addition to a standard convolution
operation a deformable convolution operation [55] captures offsets (∆pi). These offsets
store the weights at each location of the sampling matrix when the inputs have multiple
scales and orientations. Deformable CNN have shown great success when applied to solve
tasks such as table detection [50] and table structure recognition [56].

y(p0) =
∑︂
piϵC

w(pi).x(p0 + pi+∆pi) (3.3)

.

Each convolution block as shown in Fig. 3.1 contains three convolutions layers. The
deformable convolution layers replace standard convolutions only in the second layer. The
first and third layer of each block continues to be a standard convolution. Furthermore,
an additional convolution captures the offsets from the features map of the first layer and
propagates these offsets with the second layer output to the third layer. As tables in images
appear with multiple scales and orientations. Furthermore, the rows and columns withing
such tables also appear with different scales even within the same images. Thus, we utilized
a ResNet-50 architecture with deformable convolution layers as a feature extractor to
address both table detection with the TableDet models as well as table structure detection
tasks with the TableStrDet model in datasheet (document) images.
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3.1.2 Feature Pyramid Network

The convolution neural network architectures such as ResNet-50 downsample the input
image to generate feature maps for tasks such as image classification and object detection.
The downsampled feature maps have low resolution but high semantic value that is essential
to address these two tasks. The task of object detection involves identifying the object in
the image and providing details about its location in terms of four co-ordinates or bounding
boxes. We refer to this process as localization. To perform this process object detection
models can only work on the low resolution feature maps provided by the feature extractor.
Lin et al. [86] presented an additional architecture to provide more low resolution but high
semantic value feature maps along with the final feature map to improve the localization
performance of object detection models. This architecture is refered to as Feature Pyramid
Network. It has successfully been applied to address multiple types of issues. These issues
are not limited to detecting small objects [105, 106, 107] and detecting objects in medical
images [108, 109] but it has also been applied to further improve object detection with
IOU based regression losses [110]

In Fig. 3.2 we display the functioning of two components of an R-CNN based object
detection model; Backbone (feature extractor) and FPN. As shown in the Fig. 3.2 the
backbone follows the bottom up pathway where the input image is provided from the bot-
tom. The ResNet-50 architecture utilizes four types of convolution blocks namely; Conv 2,
Conv 3, Conv 4 and Conv 5. These convolution blocks are repeated 3 times, 4 times, 6
times and 3 times respectively as shown in Fig. 3.2. After each set of repeated convolution
blocks a feature map is extracted by the FPN. These feature maps are the results of down-
sampling the image. We denote these downsampled feature maps as Downsampled FM 2,
Downsampled FM 3, Downsampled FM 4 and Downsampled FM 5 for each set of repeated
convolution blocks respectively. These downsampled maps are 1/4, 1/8, 1/16 and 1/32 of
the height (H) and width (W) of the input image and have 256, 512, 1024 and 2048 channels
respectively.

Downsampled FM 2 feature map has high resolution but low semantic value on the
contrary Downsampled FM 5 has high semantic value and low resolution. Thus to prove
more richer feature maps that have high resolution as well as high semantic value, the FPN
combines these feature maps by using 1x1 convolutions with 256 filters on each of these
maps. Thus, it generates new feature maps with the same scale ratio as the downsampled
feature maps but with 256 channels. It combines these maps from the top to the bottom
as shown in the top down pathway. It generates four new feature maps that are upsampled
fromt the downsampled feature maps. We denote these maps as Upsampled FM 5 to
Upsampled FM 2. To generate output feature maps the FPN then passes the upsampled
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Figure 3.2: Feature Pyramid Network
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feature maps through 3x3 convolutions while maintaining the same channel size. This step
is taken in order to prevent the upsampled feature maps from facing any aliasing issues.

These four output feature maps ranging from Output FM 5 to Output FM 2 are then
sent to the other the Region Proposal Network (RPN) and ROI head or box head of the
R-CNN architecture. Along with these high semantic and resolution feature maps from
FPN the backbone feature map (Downsampled FM 6) is also sent to these two components
as shown in Fig. 3.2.

3.1.3 Region Proposal Networks

Single stage object detection architectures such as Yolov4 [46], SSD [111] and Reti-
naNet [112] generate proposal bounding boxes without the help of an external convolution
network. One stage detectors have simple architectures however, they are outperformed
by two or multi staged object detection architectures in terms of detection accuracy [113].
Two or Multi staged object detection models such as Faster R-CNN [45], Mask R-CNN [52]
and Cascade R-CNN [11] utilize a Region Proposal Network (RPN) to generate proposal
bounding boxes for each object in an image. The RPN aides such networks by filtering out
most of the negative proposals. It provides bounding boxes with high confidence scores af-
ter multiple steps of refinement and furthermore also prevents any class imbalance between
negative and positive bounding boxes [113].

The RPN utilizes ground truth bounding boxes to generate and refine its proposal
bounding boxes. It utilizes a convolution layer to generate objectness logits map for each
of the five feature maps that the RPN receives as shown in Fig. 3.2. The objectness
logits maps lays out the probable location of each object. It utilizes the Output FM 2 and
Output FM 3 maps to locate smaller objects while other output maps are used to locate
larger objects due to their higher semantic value. Furthermore, a large set of multi scaled
anchor bounding boxes are generated for each image. Only the anchor boxes that appear
with certain Intersection Over Union (IOU) [114] value over the ground truth boxes for the
input image are used for refinement. Anchor boxes with greater than 70% IOU value are
considered as foreground boxes and a convolution layer is used to generate anchor deltas for
refining the boxes [45]. Anchor boxes below 30% IOU value are considered as background
while the rest of the anchor boxes are ignored. The RPN performs multiple resampling
steps for the foreground (positive) and background (negative) bounding boxes so that it
can maintain a balance between the two types of boxes. After applying Non-Maximum
Suppression it sends 1000 foreground boxes for refinement to the ROI (box) head. Thus it
ensures that only the boxes which appear to match the ground truth bounding boxes are
sent for further processing.
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3.1.4 ROI (box) head

The ROI (box) head was introduced by Girshick [115] with the Fast R-CNN object
detection model. faster R-CNN [45] improved on the Fast R-CNN architecture by utilizing
an RPN to provide fewer but more accurate proposal bounding boxes to the box head.
Further improvements were made on the type of input the box head received with the
introduction of the FPN [86] by He et al. [52] for the Mask R-CNN architecture. Along
with the final feature map from the backbone, similar to the RPN, the box head also receives
four additional feature maps from the FPN that have high semantic value and resolution.
The box head in Faster R-CNN and Mask R-CNN process the proposal bounding boxes
and the feature maps in the same format. Both architectures use an ROI Pooling layer to
crop rectangular regions that are specified by the proposal bounding boxes.

ROI Align layer was replaced ROI Pooling in the Mask R-CNN architecture [52] in order
to provide more accurate regions of interest from the feature maps. The foreground and
background proposal boxes are then mapped onto the regions of interest. The proposal
boxes that align with ground truth boxes and achieve greater than 50% IOU value are
considered as final bounding boxes for the obejct while the rest are background objects. A
softmax estimator will assign a label to each box based on the available classes in the ground
truth labels. Furthermore, a bounding box regressor will calculate the delta values between
ground truth and proposal boxes. The resulting boxes from this regressor are known as
predicted bounding boxes. The delta value for regression are calculated by a loss function
such as l1 loss while the object label classification loss is calculated by cross entropy loss.
In addition to these steps, Mask R-CNN [52] also performs instance segmentation where
each pixel of the detected object is labeled with the object class.

Cascade R-CNN further enhances the Faster R-CNN and Mask R-CNN architecture
by utilizing the box head multiple times. As shown in Fig. 3.3 the architecture uses three
box heads successively. The first box head (Box Head 1) refines proposal bounding boxes
from the RPN with greater than 50% IOU value. It then sends these boxes as proposals to
the second box head (Box Head 2) which refines the proposals at 60% IOU value. The last
box head (Box Head 3) receives these improved boxes from Box Head 2 and further refines
the boxes greater than 70% IOU value. The final predicted bounding boxes from this
architecture are enhanced at a much higher IOU value than the boxes provided by Mask
R-CNN and Faster R-CNN architectures. Thus, this architecture has been successfully
applied to address multiple tasks such as [14, 47, 48, 116, 117, 118]. Furthermore, the
name Cascade was also derived from the cascading machine learning approaches such as
Cascading Decision Tree (CDT) [119]. In CDT the lower nodes of of the decision with a
large depth provides more accurate results than the nodes higher up the tree, similar to
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Figure 3.3: Cascade R-CNN
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the cascading box heads of the Cascade R-CNN architecture [11] where the lowest and last
box head provides results at 70% IOU value.

All three box heads the receive one feature map from the backbone and four feature
maps from the FPN. Thus, we utilize this architecture to develop both of our solutions;
TableDet and TableStrDet to detect tables and table structures respectively. Both solutions
address these tasks as object detection tasks. The Cascade R-CNN architecture provides
an option to perform instance segmentation with additional convolution layers similar to
the Mask R-CNN architecture. We determined that addressing table detection and table
structure detection in images as an object detection task was more efficient and accurate
than addressing them as an instance segmentation task. Hence, in this work we did not
utilize the instance segmentation functionality of the architecture.

3.1.5 IOU-based regression losses

Cascade R-CNN uses three box heads to refine the bounding boxes for each image
[11]. Each box head produces bounding boxes with their respective object class labels
and confidence scores to denote location and class of each object. These predictions are
evaluated in terms of Intersection Over Union (IOU) [114] by measuring the area covered
by the predicted / proposed (B) and ground truth (Bgt) boxes as shown in (6.2). The
boxes are represented with four co-ordinate points. The proposed / predicted bounding
box are denoted as B = (x1, y1, x2, y2) while the ground truth bounding boxes are denoted
as Bgt = (xgt

1 , y
gt
1 , x

gt
2 , y

gt
2 ). The IOU value is a percentage value that represents how well

the two boxes overlap each other thus functioning as a performance indicator for object
detection solutions. On the other hand, to measure the regression loss between the two
types of boxes traditionally l1 loss would be utilized.

IoU(B,Bgt) =
B ∩Bgt

B ∪Bgt
(3.4)

LGIoU = 1− IoU +
C −B ∪Bgt)

C
(3.5)

Since the loss calculation (l1) and evaluation metric (IOU) were different an IOU-based
loss function [120] was introduced that would match the IOU evaluation metric. However,
it did not function for cases where the predicted and ground truth boxes did not overlap
and hence Generalized IOU (GIOU) loss [121] was proposed to solve this issue. As shown

37



in (3.5) GIOU loss generates a large polygon denoted as C that covers both B and Bgt

and tries to reduce the area of this box so that the predicted and ground truth boxes align
with each other.

However this loss does require more time to converge as it tries to refine the overall
area of all three boxes at the same time. Furthermore, it also degrades to IOU loss for
cases where the predicted box covers the entire ground truth box as well as the reverse
case. Hence, Distance IOU (DIOU) loss was introduces by Zheng et al. [18] as a quicker
alternative. Instead of calculating the area of the polygon that covers the predicted and
ground truth boxes, DIOU loss as shown in (3.6) calculates two distance values. One value
is the distance between the center points (ρ(.)) of the two boxes denoted by b and bgt. The
second value the diagonal length of the polygon that can cover both boxes denoted by c.
Utilizing these two parameters instead of calculating the area improves convergence rate
of object detection models and also helps inclusion of horizontally and vertically oriented
boxes.

LDIoU = 1− IoU +
ρ2(b, bgt)

c2
(3.6)

In datasheet images, tables, figures and text can appear with different scales and ori-
entations. This is also true of table components such as rows and columns. Hence using
geometric factors such as distance between center points of bounding boxes could help in
effectively detecting objects of full page datasheet images as well as table components.
Another geometric factor that could be considered is aspect ratio of the image and objects
within it. However, DIOU does not consider the aspect ratio of the bounding boxes in
its calculation. As all objects in full page datasheet images as well as components such
as rows and columns can appear at different scales, including the aspect ratio in the loss
function calculation could provide more accurate detection results.

v =
4

π2
(arctan

wgt

hgt
− arctan

w

h
)2 (3.7)

α =
v

(1− IoU + v′)
(3.8)

LCIoU = 1− IoU +
ρ2(b, bgt)

c2
+ αv (3.9)
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To consider the scale of an object during loss calculation Zheng et al. [18] developed
a second loss function, named as Complete IOU (CIOU). In addition to distance based
parameters of DIOU loss it also considers the aspect ratio of the bounding boxes in its
calculation. The CIOU loss function adds an additional parameter to measure the con-
sistency of aspect ratio as shown in (6.4) denoted as v and a positive trade-off parameter
denoted as α as shown (6.5). The new parameters introduced by CIOU loss can be added
to DIOU loss as shown in (6.6). In this work we utilize CIOU loss at each of the box heads
in the TableDet models and the TableStrDet model that address table detection and table
structure detection respectively.

3.2 Data Augmentation

Object detection architectures such as Cascade R-CNN require large amounts of an-
notated (locations of object) data in the form of bounding boxes to learn the location
and types of objects in the image. Such complex artificial neural network based models
are prone to overfitting when the size of the training data is not large and diverse [122].
Multiple image augmentation strategies have been presented to improve the functionality
of image classification architectures such as DropConnect [123], Random cropping, image
mirroring [124, 29] and scale jittering [125]. Furthermore, certain augmentation strate-
gies apply patches of noise to the image to improve the accuracy [126, 127, 128, 129] and
robustness [130, 131] of the image classification architectures.

With multiple such augmentation strategies available for image classification archi-
tectures to improve their accuracy recent works such as AutoAugment [132] and Fast
AutoAugment [133] have investigated the impact of letting these architectures learn the
best set of augmentations that can improve their accuracy on a particular dataset. Both
works set up a search space to identify which set of augmentation strategies along with the
magnitude and prop ability of applying the strategy can help the architecture improve its
output feature representation. Learned Augmentation [134] is one of the first techniques
to apply this search space augmentation strategy for object detection architectures. It
considers the impact of scaling, shifting, rotating the image. It also learns the impact of
these strategies along with adding patches of noise within the bounding boxes and the
objects surrounding the bounding boxes.

The patches of noises which are also refereed to as occlusion are proven to be an effective
technique in preventing the deep neural network architectures from overfitting and making
them generalizable to unseen test data as shown in [129, 126, 128]. All three augmentation
strategies [129, 126, 128] place N number of squares / masks over sections of the image.
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This forces the architecture to pay more attention to other sections of the image so that it
can generalize better to the global context of the image.

(a) Random Occlusion (b) Random Erase (c) Table Aware Cutout

Figure 3.4: Example of Random Occlusion with N = 6 squares, Random Erase
with N = 3 rectangles (1 for each table and 1 from the image) and Table Aware
Cutout

Random Occlusion [129] and Random Erase [128] are two occlusion strategies that aim
at improving image classification and object detection models respectively. As shown in
Fig. 3.4(a), Random Occlusion places N number of masks / patches randomly across the
image without any restrictions on where the masks are placed or whether the masks overlap
with each other. The Image and Object aware Random Erase strategy as shown in Fig.
3.4(b) applies a single mask to the entire image and individual masks to each object of
the image. Both techniques are proposed for images with natural objects. However, in
the case of tables in datasheet (document) images such augmentation strategies have to
be tailored to help the model differentiate between text, figures and tables objects. Hence,
we introduce a new augmentation strategy called Table Aware Cutout (TAC).

An image in a mini-batch of training data is selected for TAC with a probability p.
TAC applies N masks randomly across the image as show in Fig. 3.4(c). However, unlike
Random Erase [128], TAC is applied around the table without obstructing or occluding
any part of the table. Thus, the masks near the table do not overflow onto the table region
but rather reveals the edges of the table. Furthermore, the masks that are further away
from the table are applied without any restrictions. Each pixel in each mask is set to a
constant value V .
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This strategy is only applied when the TableDet models is trained to detect tables,
text and figures in full page images. At every instance when an image with a table object
is picked to be augmented with TAC, the masks are randomly placed on the image. For
instance, if the masks are applied around the table region then the model will be able to
focus on all the unobstructed regions which will include the table and other objects. If
some masks are applied near the table the model will be able to distinguish between the
table text and surrounding objects. Thus, every time a TAC augmented image is shown
to the model it will help the model focus its attention on a different section of the same
image.

Thus, preventing the model from overfitting on any local context of the image such
as the table region. Rather it helps the model understand the context around the table
region as well. In addition, TableDet models can detect tables, text and figures are thus
are trained to learn the global context of an image. Utilizing TAC augmented images can
enhance the model’s understanding of the global context and furthermore enhance its table
detection performance as we present in Chapter 4.

3.3 Evaluation Metric

In this work we propose TableDet in Chapter 4 which solves table detection and table
image classification as an object detection and image classification task. We also propose
TableStrDet in Chapter 6 which address table structure detection as an object detection
task. When the task is solved as an image classification we evaluate and compare our results
with Recall, Precision and F1 score as shown in (3.10), (3.11) and (3.12) respectively.

Recall =
TruePositive(TP )

TruePositive(TP ) + FalseNegative(FN)
(3.10)

Precision =
TruePositive(TP )

TruePositive(TP ) + FalsePositive(FP )
(3.11)

F1− score = 2 ∗ Recall ∗ Precision

Recall + Precision
(3.12)

To evaluate our object detection results for table detection and table structure detection
we utilize the COCO [114] evaluation metric. It utilizes the IOU evaluation metric. An
IOU value as shown in (6.2) measures the overlapping area shared between the ground
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truth and predicted bounding boxes. Thus it can be measured at 10 potential overlap
area percentages ranging from 50% to 95%. For instance at 50% IOU if the boxes share
an overlap area of more than 50% then the predicted bounding box is considered a True
Positive else it is considered as False Positive. If the predicted box does not overlap over
any ground truth box the it is considered as False Negative. The COCO evaluation metric
utilizes the True Positive, False Positive and False Negative values to calculate the recall
and precision at each IOU value.

mAP (AP ) =
AP 50IOU + AP 55IOU ....+ AP 95IOU

10
(3.13)

mAR(AR) =
AR50IOU + AR55IOU ....+ AR95IOU

10
(3.14)

These values will be averages of recall and precision at specific IOU values thus we refer
to these values as Average Precision and Average Recall. However, to get a single value
which represents how well the object detection solution is performing at all IOU values the
average recall and average precision values are averaged to generate mean Average Recall
(mAR) and mean Average Precision (mAP) respectively. However, COCO evaluation
metrics use the term mean Average Precision and Average Precision. A similar case is
noticed for mean Average Recall and Average Recall [114]. Thus in this work we utilize
Average Recall and Average Precision to measure the capability of our table detection and
table structure detection solutions.
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Chapter 4

Table Detection

The task of table detection has been well investigated from multiple perspectives. These
perspectives change based on the type of input used by different solutions in order to
address this task. Previous works have either preferred to directly identify the tables in
the PDF documents or have converted the document pages into images and have then
identified tables in each image. PDF based solutions benefit from the availability of the
meta data of PDF document to detect the table and its contents [7, 135]. However, this
also restricts such solutions from being applied to documents that have an organized meta
data [135]. On the other hand utilizing an document page as an image provides solutions
with the freedom to generalize to all types of tables in all types of documents. These
images can also include scanned images which would not be considered by PDF based
table detection solutions.

Furthermore, the application of deep learning-based solutions (models) have achieved
significant performance improvements in tasks such as object detection [48, 116] and image
segmentation [136, 137]. This has prompted an active interest in the domain of document
analysis to utilize such solutions to identify and recognize tables and their structures. Thus,
recent works have focused more on identifying tables in document or datasheet full page
images [15, 32, 50, 12, 13, 17, 14]. These methods do provide encouraging results despite
the disadvantage of not having access to the meta data of the documents. They solve the
task of table detection as an object detection task on images. They use Intersection over
Union (IOU) [114] to compare and evaluate their table detection performance which is
commonly used to compare object detection performances of different solutions.

However, these solutions only detect tables and do not detect other objects such as
figures and text in the image nor do they analyze the impact of detecting these objects.
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Figure 4.1: The enhancements proposed by the TableDet approach to solve table
detection and table image classification. The green boxes indicate our proposed
enhancements.

Thus, we propose TableDet, a deep learning-based model that can accurately detect and
classify an object in a document or datasheet image as a table. We propose detecting
text and figure objects along with table objects in datasheet images to improve the table
detection performance of the TableDet model. Thus, the TableDet model can classify an
object into one of the three classes: table, text and figure. We display the improvements
brought on by the utilization of a deformable convolutions [55] backbone to extract multi-
scale and multi-oriented features from the image. In addition we display the performance
improvement provided by utilizing Complete IOU loss [18] for bounding box regression to
handle the multi-scale variations in table sizes. In addition to the deep learning architecture
enhancements we provide details on the training enhancements that help TableDet improve
its table detection performance. These training enhancements include a dual-step transfer
learning process and a new image augmentation strategy called Table Aware Cutout (TAC)
that helps the model detect tables at higher IOU values. As shown in Fig. 4.1 we show
the model and training enhancements proposed by this approach.

We describe the steps taken to develop the TableDet model, the proposed training
approach and augmentation strategy tailored for table detection solutions in Section 4.1.
We describe the public and private datasets utilized in our analysis in Section 4.2 and the
training details in Section 4.3. We display our step wise analysis that we take to develop
the TableDet model and the impact of our enhancements in Section 4.4. We also provide
our table detection performances on the public and private datasets in Section 4.4. We
provide our concluding statements in Section 4.5
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Figure 4.2: TableDet: Training Process (A) and Inference Process (B)
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4.1 System Model

In this section, we describe the proposed approach to address the table detection task
in datasheet (document) images. We put forward, the TableDet model, a deep learning-
based approach that detects tables, text and figures in document and datasheet images.
We describe the model and training enhancements are utilized to develop the TableDet
model and to improve its table detection performance.

4.1.1 Model architecture

Deep learning methods have excelled in the task of object detection on public datasets
such as COCO [114] and ImageNet [138]. These methods are not only robust in detecting
large number of natural objects but also in identifying variations in objects of the same
class [11, 10]. As tables in datasheet images can appear in various scales, orientations and
layout we propose solving the task of table detection as an object detection task utilizing
a deep learning approach. A universal table detection solution would have to handle high
intra and low inter class variances to accurately detect tables in images. The high intra
class variance is caused by the different table structures that appear in such images. These
differences occur due to multiple factors such as presence or absence of line separators
between cells. It also arises due to the presence of merged cells (a common cell shared by
multiple neighbouring cells) [21]. The merged cells present the information in the table in a
hierarchical layout. On the other hand, the low inter class variance is caused by similarities
shared between tables, text and figures in such images. Thus, we propose, TableDet, a
deep learning-based approach to detect tables in datasheet (document) images.

We employ the Cascade R-CNN [11] architecture to develop the TableDet model. The
Cascade R-CNN architecture as shown in Fig. 4.3 consists of the backbone, region proposal
network (RPN), Feature Pyramid Network (FPN) and a sequence of box heads. The
TableDet model considers the multi-scale and multi-orientated nature of all objects in
datasheet (document) images, especially tables, to improve its performance in detecting
tables. In this work, we use a ResNet model as a backbone to extract rich features from
an image. The ResNet architecture comprises of a sequence of convolution layers stacked
on top of each other in a format that can extract features in the most efficient manner.
These layers reside in blocks and extract features at multiple scales as shown in Fig.
3.1. We utilize a FPN to extract these multi-scale features as shown in Fig. 3.2. However,
convolution layers have a fixed receptive field while deformable convolution layers [55] have
an adaptive receptive fields. The adaptive receptive field can adapt to capture variations
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in scales and orientations of tables in datasheet (document) images. Thus, along with the
FPN we utilize deformable convolutions in the backbone of the TableDet architecture.

Figure 4.3: TableDet (Model A): Inference of the trained model

The deformable convolution backbone and the FPN provide rich multi-scale features
to the RPN and sequence of box heads as shown in Fig. 4.3. At the RPN the proposal
bounding boxes are generated using the ground truth bounding boxes as references and
then sent to the sequence of box heads. Cascade R-CNN utilizes three box heads to refine
the bounding boxes for each image [11]. Each box head receives the proposed / predicted
bounding boxes from the previous box head except for the first box head. In addition they
also receive multi-scale feature maps from the FPN and final layer of the backbone. Each
box head refines the predicted bounding boxes at higher Intersection Over Union (IOU)
[114] values. An IOU value is the area covered by the predicted (B) and ground truth (Bgt)
boxes as shown in (6.2). The first box head receives the proposal bounding boxes from
the RPN. It refines the boxes that achieve greater than 50% IOU value and sends them
for refinement to the second box head. At the second and third box head the predicted
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boxes greater than 60% and 70% IOU values respectively are refined. Each box head also
provides the object class labels and confidence scores of each predicted bounding box.

IoU(B,Bgt) =
B ∩Bgt

B ∪Bgt
(4.1)

L(pi, ti) =
1

Ncls

∑︂
i

Lcls(pi, p
∗
i ) + λ

1

Nreg

∑︂
i

p∗iLreg(ti, t
∗
i ) (4.2)

As shown in (6.2) the IOU values is the intersection over union of proposed / predicted
bounding box B = (x1, y1, x2, y2) and ground truth bounding box Bgt = (xgt

1 , y
gt
1 , x

gt
2 , y

gt
2 ).

To measure and improve the quality of bounding boxes a multi-task loss is calculated at
each box head. As shown in (6.3) we compute classification loss for object class labels and
regression loss for bounding box values together. Conventionally l1 loss and cross entropy
loss are used to measure the regression loss and classification loss respectively. However,
since an IOU value is used to evaluate the performance of each box head we propose utilizing
the Complete IOU loss [18] to match the evaluation and regression loss calculation metrics.
In addition Complete IOU (CIOU) loss [18] utilizes the same parameters of Distance IOU
(DIOU) loss [18]. DIOU loss in turn is a faster alternative of Generalized IOU [121]
loss. There are two common parameters shared between CIOU and DIOU loss. First, the
distance between the center points (ρ(.)) of the two boxes denoted by b and bgt. Second, the
diagonal length of the polygon that can cover both boxes denoted by c. These parameters
improve convergence rate of object detection models and also helps with the inclusion of
horizontally and vertically oriented boxes.

v =
4

π2
(arctan

wgt

hgt
− arctan

w

h
)2 (4.3)

α =
v

(1− IoU + v′)
(4.4)

LCIoU = 1− IoU +
ρ2(b, bgt)

c2
+ αv (4.5)
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The CIOU loss function adds an additional parameters to measure the consistency of
aspect ratio as shown in (6.4) denoted as v and a positive trade-off parameter denoted as α
as shown (6.5). The new parameters introduced by CIOU loss can be added to DIOU loss
as shown in (6.6). In datasheet (document) images, tables, figures and text can appear in
different orientations and scales. Hence using geometric factors such as distance between
center points of bounding boxes could help in effectively detecting objects of all three
classes. In addition to that, another geometric factor that could be considered is aspect
ratio of the image and objects within it. As all three object classes in datasheet (document)
images can appear at different scales even within the same image including aspect ratio
in the loss function calculation could provide more accurate detection results. Thus, we
propose utilizing CIOU loss at all three box heads to improve the bounding box regression
performance for all three types of objects.

Furthermore, we propose that along with detecting tables in the image that the model
should also detect the text and figure objects. We propose classifying each object in the
datasheet image into one of the three classes: table, text and figure. By classifying the
detected object into one of the three classes the model can learn about the structure and
layout of these objects in the datasheet (document) image. Furthermore, differentiating
between these objects can help the model identify the differences between these three types
of objects. Thus unlike previous table detection solutions, TableDet not only learns to
identify tables in a local context but also learns the important global context of datasheet
(document) images which helps it accurately distinguish objects of each of these three
classes.

The object detection outputs for each input image of the TableDet model are the
detected bounding boxes with their respective object class labels and confidence scores
as shown in the inference results in Fig. 4.3. We also determined that detecting tables,
text and figures in the images also helps the model classify full page datasheet (document)
images into two classes, those that have tables and those that do not. We introduce a
classification head as shown in Fig. 4.3 into the model architecture to address this task
which we refer to ask table image classification. We describe the process that the TableDet
model utilizes to generate image classification outputs in more detail in Chapter 5.

Thus, we propose a table detection enhanced model, TableDet, which utilizes a de-
formable convolution backbone, Complete IOU (CIOU) loss at each box head and classi-
fies each object in the datasheet (document) image as a table, text or figure. To show the
impact of using deformable convolutions over conventional convolutions in the backbone
architecture we developed two model variants of TableDet in this work. Both variants
use CIOU loss in each of the three box heads but have different backbones. We refer to
the TableDet model with deformable convolution ResNet backbone as Model A and the
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model with conventional convolution ResNet backbone as Model B. These models have
been constructed with the help of the Detectron2 library 1 .

4.1.2 Image Augmentation : Table Aware Cutout

As TableDet solves the task of table detection as an object detection task and utilizes
and deep learning-based architecture it is also prone to overfitting like other object detec-
tion architectures [122]. There are many image augmentation / transformation strategies
such as scale jittering [125] and occlusion [129, 126, 128] that can prevent object detection
architectures from overfitting on the training data. Scale jittering provides the same image
at different scales to the model while it is being trained. The three occlusion methods
[129, 126, 128] on the other hand place N number of squares / masks over sections of
the image. However, these methods have proven to be effective on natural images with
naturally occurring objects which are different from objects that appear in datasheet (doc-
ument) images. Hence, we introduce a new augmentation strategy called Table Aware
Cutout (TAC) that is tailored towards improving the table detection performance of the
TableDet model.

TAC is an optimized table aware occlusion strategy that placesN masks over a datasheet
(document) image. TAC is applied around the table without obstructing or occluding any
part of the table. The masks near the table do not overflow onto the table region of the
image but rather they reveal the edges of the table. The masks that are further away from
the table are applied without any restrictions as shown in Fig. 4.4. Each pixel in each
mask is set to a constant value V . This strategy is applied on one image per mini-batch
during training with a probability p. At every instance that an image is picked for TAC
augmentation, the model is exposed to a different unobstructed section of the image. As
shown in Fig. 4.4 different sections of the same image are exposed to the model when it is
trained to prevent it for overfitting on any local context of the image.

For instance, if some masks are near the table the model will be able to differentiate
between the table and other objects such as surrounding text. If the masks are away from
the table then the model will be able to focus on all the unobstructed regions which will
include the table and other objects. Thus, preventing the model from overfitting on any
local context of the image such as the table region. Rather it helps the model understand
the context around the table region as well. Furthermore, as TableDet models detect
tables, text and figures, TAC helps the model improve it’s understanding of the global
context and furthermore enhances its table detection performance.

1https://github.com/facebookresearch/detectron2
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Figure 4.4: Table Aware Cutout example on the same image
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4.1.3 Dual-step transfer Learning

Figure 4.5: Dual-step Transfer Learning

Object detection approaches require large number of images such as [114] to train and
improve their object detection performances. However, models that are trained on such
large datasets as [114] can be trained on datasets that do not have naturally occurring
images by the concept of transfer learning. The naturally occurring objects such as dogs
and cats do not share a visual similarity with page objects such as tables. However the
knowledge about features that the models have learnt from being trained on the natural
images such as borders and outlines of objects can be utilized to train the model to detect
page objects in document images.

Thus, as per transfer learning the TableDet model with a Cascade R-CNN architecture
can be initialized with COCO pre-trained weights and trained on datasheet (document)
images to improve its detection performance. In addition, we propose training the model in
a dual-step transfer learning process to enhance its table detection performance as shown
in Fig. 4.5. The process consists of two incremental steps to train the model to detect
tables, text and figures. To train the model we have used the available table detection
datasets that have the locations (annotations) of each table in the images. We have also
added annotations for the text and figure regions to these images.

At step 1 we train the model to detect tables, text and figures in the datasheet (doc-
ument) images and to learn about the variations in the format and layout of objects in a
datasheet (document) image by detecting objects of these three classes. This step is con-
forms to the classical definition of transfer learning where the model was trained on one
dataset and then the object detection knowledge was used to train it on another dataset
that does not have any images similar to the first dataset. At this step, it is trained with
scale jitter augmented images to help it learn the features of these types of objects and
layout of the content in the image.
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In step 2, we fine-tune this model with Table Aware Cutout (TAC) augmented images
to further enhance its table detection performance. As shown in Fig. 4.5 during step 1 the
model would be trained to differentiate between table, text and figure objects. During the
fine-tuning process of step 2 the model can then build on the knowledge it gained from the
previous step and improve its table detection performance with the help of TAC augmented
images. While the dataset and task in step 1 and step 2 are the same we proposed this
additional step of transfer learning to help the model improve its localization capability and
to build on it’s knowledge rather than training it from scratch. Thus, the dual-step process
builds the detection knowledge of the model in an incremental format. Furthermore, this
training process reduces the overall time taken to train the model to detect objects of these
three classes with an enhanced table detection capability.

4.2 Datasets

In this work, we have utilized four public and one closed document table detection
datasets to train and test the proposed Model A and Model B variants of the TableDet
model. We utilized the publicly available datasets from ICDAR 2013 [68], ICDAR 2017
[79], ICDAR 2019 [8] and Marmot 2 to develop a public dataset as shown in Table 4.1. We
use this public dataset in conjunction with the closed dataset (Lytica) to create another
dataset which we refer to as private dataset as shown in Table 4.1. We describe each
individual datasets in detail in Section A.1.1. Furthermore, we have added the locations
(annotations) of figures and text to the available table object annotations to each image
in each dataset.

As shown in Table 4.1 the ICDAR 2013 dataset includes 238 images. It is worth noting
that all 238 images are used to test the Model A or Model B variants of the TableDet. Not
a single image is used to train or fine-tune the models. The ICDAR 2017 dataset includes
2417 images and we maintain the same training and test split as the official competition [79]
in order to fairly compare out results with state-of-the-art solutions. Thus 817 images are
utilized for testing while the remaining 1600 images are utilized for training. In this study
we utilize the modern document pages from the ICDAR 2019 table detection competition
[8] to develop the public and private datasets. We utilize 600 images for training and the
official 240 test images for testing. Furthermore, we have utilized the complete Marmot
dataset which comprises of 1000 Chinese document images and 1000 English document
images to enhance the training set.

2http://www.icst.pku.edu.cn/cpdp/sjzy/index.htm
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Table 4.1: Datasets used to train and test TableDet

Set name Datasets Training Test
ICDAR 2013 - 238
ICDAR 2017 1600 817
ICDAR 2019 600 240

Marmot 2000 -

Public
dataset

Total 4200 1295

Lytica 1000 240
Public Dataset 4200 -

Private
dataset

Total 5200 240

These four datasets are combined to develop the public dataset as shown in Table 4.1.
In addition to this we have also utilized a closed dataset which we refer to as the Lytica
dataset. It includes 1240 images of which we have utilized 1000 images for training and 240
for testing. This dataset is used with the datasets from the public dataset to develop the
private dataset as shown in Table 4.1. The TableDet model variants (Model A and Model
B) are trained on public and private datasets to ensure that we can fairly evaluate the
table detection performance with state-of-the-art solutions that have also utilized similar
datasets.

4.3 Training Details

In this work, we introduce TableDet, a deep-learning based table detection approach
in datasheet (document) images. We introduce two variants of the TableDet model. Both
variants utilizes ResNet-50 architecture as a backbone feature extractor. We refer to the
TableDet model with deformable convolution ResNet as Model A and the model with
conventional convolutions ResNet as Model B. Furthermore, both models also use an FPN
to extract feature maps at multiple scales. By adopting transfer learning we use the COCO
2017 pre-trained weights of Cascade R-CNN architecture from Detectron2 to reduce the
amount of time required to train the models. While the domain of natural objects in
COCO 2017 dataset and tables in table detection datasets are different the object detection
knowledge can be transferred as previously shown in [12, 17, 14, 15].
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We developed two datasets as shown in Table 4.1 to train two separate copies (sets)
of Model A and Model B. Both sets of models are trained on a single NVIDA Tesla V100
GPU with 32GB RAM. We train the models as per our proposed dual-step transfer learning
process as shown in Fig. 4.5. The first dataset is the public dataset that consists of all
public datasets as shown in Table 4.1. The second dataset is the private dataset that
consists of the Lytica dataset and the public dataset. During the training process, the
table detection performance of each model is evaluated on a test set. When the models are
trained on the public dataset their performance is evaluated on ICDAR 2013 (complete
set). When the models are trained on the private dataset their performance is evaluated
on the Lytica test set.

As per the dual-step transfer learning process we evaluate the table detection perfor-
mance on a test set in terms of Average Recall (AR) and Average Precision (AP). As per
step 1 of the learning process we train the models with scale jitter augmented images for 20
epochs to detect tables, text and figures. Scale jittering [125] randomly resizes the shortest
side of the image to one of the values in this range : [640, 672, 704, 736, 768, 800]. We save
a version of the model after each epoch during step 1. The model that achieves the highest
AR and AP on the test set within these 20 epochs is picked for further training. Next in
step 2 we fine-tune the models with Table Aware Cutout (TAC) augmented images for 20
epochs to improve their table detection performance while also detecting text and figures
in the images.

TAC is applied with a probability (p) of 0.5. We determined that the number of
squares (N) and content value of each square (V ) when applying TAC should be N = 6
and V = 128 to achieve an optimal table detection result. TAC is used in conjunction with
scale jitter. We trained the models with a linear learning rate policy and used a learning
rate of 0.002 with a SGD optimizer and momentum of 0.9. We trained the models with
a small batch size of 2. Thus, instead of utilizing the standard Batch Normalization [139]
to normalize the inputs we utilized Group normalization [140]which is better suited for
training processes where batch sizes are small. We also used a regression loss weight of 10
which was described by [18] to normalize the results of CIOU regression loss. We do not
train the model for the task of table image classification. We train the TableDet model
variants only for the table detection task and use their enhanced table detection results
to solve the table image classification task at inference time. We describe the table image
classification process in more detail in Section 5.1
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4.4 Results

In this section, we describe the analysis we have performed to help us to build the
TableDet model after utilizing the proposed model and training enhancements. For the
model enhancements we propose detecting tables, text and figure objects, utilizing a de-
formable convolution backbone and utilizing Complete IOU regression loss to improve the
table detection performance of the model. For the training enhancements we propose Table
Aware Cutout augmentation in conjunction with dual-step transfer learning to train the
model efficiently. In Section 4.4.1 we show the impact of using two of the model enhance-
ments and both of the training enhancements. In Section 4.4.2 we describe the performance
of the TableDet model variants against state-of-the-art table detection solutions on four
test sets.

4.4.1 Preliminary Analysis

In the first stage of our proposed table text extraction pipeline, we have proposed
the construction of a model that could accurately detect all tables in datasheet images.
This entails accurately locating the table object and correctly classifying the object as a
table and not a figure or text. Furthermore, we also propose addressing the table image
classification task which we describe in more detail in Section 5.1. In Table 4.2 we show
the impact of detecting text and figures along with tables in the datasheet images on the
table detection task. The number of classes (No. of object classes) column indicates the
number of object types that the model can detect.

Table 4.2: Table Detection results on ICDAR 2013 (complete set) as a test set
with 1 class (table) vs 3 classes (table, figure, text)

Table
DetectionSystem

No. of
object
classes Average Recall Average Precision Average F1

1 99 98.6 98.8Cascade
R-CNN 3 99.2 98.8 99

As shown in Table 4.2 we used two Cascade R-CNN models with l1 loss to measure the
impact of detecting more objects on addressing the table detection task. We evaluated the
table detection performance of each model in terms of Average Recall (AR) and Average
Precision (AP). Both metrics are calculated over ten IOU values ranging from 50% to 95%.
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Furthermore, the models are trained on the training split of the public dataset from Table
4.1. We use the complete ICDAR 2013 dataset to test the generalization ability of the
models thus, no image from this dataset is used to train either of the models.

The Cascade R-CNN model that detects only tables (1 class) in the images is considered
as our baseline system in this situation. The model that detects tables, text and figures (3
classes) is considered as our proposed system. As shown in Table 4.2 the model that detects
tables, text and figures can improve its table detection performance on both AR and AP
by 0.2%. Thus, we determined that detecting three classes of objects on the datasheet
images can help the model improve its table detection performance even when none of the
test images appear in the training set.

Table 4.3: Table detection results comparison between multiple regression losses
on ICDAR 2013 (complete set) as a test set

Table Detection
System Loss

Average Recall Average Precision Average F1
l1 (Baseline) 99.2 98.8 99

DIOU 99.3 98.9 99.1Cascade R-CNN
CIOU 99.7 99.4 99.5

We also analyzed the impact of using IOU-based regression losses in the Cascade R-
CNN architecture as shown in Table 4.3. We determined that detecting three classes of
objects improve the object detection performance of a model as compared to only detecting
table objects in Table 4.2. Thus, we trained three Cascade R-CNN models on the public
dataset and evaluated their table detection performance on the complete ICDAR 2013
dataset. We measure the table detection performance of the models in terms of Average
Recall (AR) and Average Precision (AP). The first model used the standard l1 loss for
bounding box regression while the second and third models used Distance IOU (DIOU)
and Complete IOU (CIOU) losses respectively.

In this situation the model with l1 loss is considered as baseline. As shown in Table
4.3 using IOU based losses outperforms the model using l1 loss on both metrics. CIOU
achieves the highest performance on both metrics. Thus, we determined a bounding box
regression loss that considers distance between bounding boxes as well as aspect ratio
of the boxes is a better fit for table detection. As shown in Fig. 4.6 we displayed the
improvements in table detection performance provided by these two model enhancements;
increase in number of detected classes and IOU based regression loss. Thus, we determined
that detecting three classes of objects and utilizing CIOU loss is beneficial for improving
the table detection performance of the model.
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Figure 4.6: Improvements in table detection performance provided by two model
enhancements: Number of classes and regression loss

Furthermore, we analyzed the impact of our proposed training enhancements; Table
Aware Cutout augmentation and dual-step transfer learning. As shown in Table 4.4 we
evaluate the impact of multiple augmentation strategies and learning processes on the ta-
ble detection performance of a model. Good augmentation strategies help object detection
models train more efficiently and prevent them from overfitting on the training data. The
Detectron2 framework recommends scale jitter [125] as an augmentation strategy to pre-
vent the model from overfitting. Scale Jitter resizes the image at every instance when it is
shown to the image with p = 0.5 while maintaining the aspect ratio of the image. Further-
more, it does not add or remove any additional data from the image but rather provides
different sizes of the objects in the image as it resizes it. However, scale jitter is an efficient
strategy for natural images. As this work deals with table detection in datasheet images,
we introduce Table Aware Cutout (TAC) strategy which is tailored to table detection.

We compare our proposed augmentation strategy with scale Jitter, Random Erase [128]
and Random occlusion [129] as shown in Table 4.4. To test each augmentation strategy
we utilized a separate Cascade R-CNN architectures that detects three classes of objects
(table, text and figures) to effectively compare their individual impacts. We also compared
two learning processes; single-step and dual-step. The table detection performances of the
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models are measured in terms of Average Recall (AR) and Average Precision (AP). The
models are trained on the training split of the public dataset from Table 4.1. The table
detection performances of each model are evaluated on the complete ICDAR 2013 dataset.
It is worth noting that no image from this dataset is used to train any of the models.

Table 4.4: Table detection results comparison between different augmentation
strategies and transfer learning processes on the ICDAR 2013 set (complete
set) as a test set

Learning Table Detection Peaked at Training
System Augmentation

Process Average Recall Average Precision Average F1 Epoch Epochs

Scale Jitter (Baseline) 99.2 98.8 99 16 50

Random Occlusion 99.3 99 99 39 50

Random Erase 99.2 99.1 99 36 50

Table Aware Cutout

Single-Step

99.3 99.2 99.2 32 50

Scale Jitter 99.2 98.8 99 16 20

Table Aware Cutout
Dual-Step

99.4 99.2 99.3 12 + 20

Scale Jitter 99.2 98.8 99 16 20

Random Occlusion
Dual-Step

99.3 99.1 99.2 19 + 20

Scale Jitter 99.2 98.8 99 16 20

Cascade R-CNN

Random Erase
Dual-Step

99.2 99.1 99.1 17 + 20

The dual-step transfer learning process consists of training the model in two steps. In
step 1 the model is trained for 20 epochs with scale jitter augmented images so that it could
learn about the tables, text and figure objects in the image. As described in Section 4.1.3
and Section 4.3 the model that achieves the highest AP and AR in step 1 is then fine-tuned
with TAC augmented images for 20 epochs in step 2. Thus, the dual-step learning process
requires that the model should be trained for a total of 40 epochs (20 epochs for step 1
and 20 epochs for step 2). We indicate the sequential number of epochs in this dual-step
process in Table 4.4 with a +20 to denote step 2 of the process. On the other hand for the
single-step process we trained the models for 50 epochs as denoted in the training epochs
column of Table 4.4. Furthermore, as shown in Table 4.4 in the Peaked at Epoch column
we also display the epochs at which each augmentation strategy helps the model achieve
its highest result. For instance as shown in the column at the 16th epoch with Scale Jitter
we get the highest AR and AP with single step process and dual-step process. This model
can be use to fine-tune it for table detection in the dual step process for an additional
20 epochs with TAC augmentation where it achieves the highest AR and AP within 12
epochs.

In the single-step process the models are trained for 50 epochs with different augmenta-
tion strategies as shown in Table 4.4. TAC augmentation achieves the highest performance
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Figure 4.7: Impact on average regression loss when model is trained using scale
jitter and fine-tuned with Table Aware Cutout augmented images
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in terms of AR and AP when compared to other augmentation strategies for this single-
step process. Thus, we determined that training the model for a longer period with TAC
augmented images could improve the table detection performance of a model. To further
reduce the training period, we proposed a dual-step transfer learning process that incor-
porates TAC augmented images in a transfer learning process to efficiently train a model
to address the table detection task. In addition to that, dual-step process also helps the
model transfer the object detection knowledge that it has gained from detecting natural
objects to detecting page objects such as tables, text and figures in step 1 of the process.
As shown in Table 4.4, irrespective of whether the model is trained in a single-step or
dual-step process with scale jitter augmented images we achieve the same AR and AP
results.

However, when the model is trained with TAC augmented images in a single-step
process the AR and AP results improved by 0.1% and 0.4% over the model trained in
a single-step process with scale jitter augmented images. Furthermore, in the dual-step
process the AR results when TAC augmented images are used further improved by 0.1% as
compared to its single-step counterpart. The dual-step process has also shown to improve
or provide similar results as the single step process for Random Occlusion and Random
Erase in lesser number of epochs. Thus we determined that the dual-step transfer learning
process can not only improve the table detection performance of the model but also do
so with lesser number of training epochs than a single-step process. In addition to that
we show that the model can generalize better to unseen data when fine-tuned with TAC
augmented images as no image from ICDAR 2013 dataset is used to train the models.

We calculate and display the average regression loss l1 loss of the three box heads at
each epoch during the training process of the model in Fig. 4.7. As per our dual-step
learning process the model at epoch 10 is fine-tuned with TAC augmented images. As
shown in Fig. 4.7 the loss reduces more quickly when the trained model is fine-tuned
with TAC augmented images than with scale jitter augmented image. Thus, we show that
TAC prevents the model from overfitting on the training data. In addition to that, TAC
augmented images also helps the model converge faster as shown in Fig. 4.7.

4.4.2 Final Results

Here we evaluate the performance of the proposed TableDet models to address the table
detection task in datasheet images. This work fundamentally deals with improving the
table detection performance of the models. This entails accurately locating the object and
classifying the object as a table. As shown in Section 4.4.1, the table detection performance
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of the models are improved when they trained to detect tables, text and figures in the
images. Detecting these three types of objects helps the model distinguish the features
between the three object types. Furthermore, we also shown that the table detection
performance can be enhanced by utilizing the proposed dual-step transfer learning process.

As per this proposed process the models are trained with Table Aware Cutout aug-
mented images to further enhance their table detection capability while also detecting
figures and text in the images. We also proposed utilizing a deformable backbone as a
feature extractor to improve this performance. Thus, to analyze the impact of using a
deformable backbone over a conventional convolution backbone we propose two model
variants of TableDet. We refer to the model with deformable convolution backbone as
Model A and the model with conventional convolution backbone as Model B. Both models
classify an object as one of three classes: table, figure and text. Except for the different
backbones, both models use Complete IOU loss (CIOU) to refine bounding box predic-
tions and are trained as per the dual-step transfer learning process. In a single inference
both models would detect tables and classify an entire images into one of two classes. We
describe the image classification process in more detail in Section 5.1. On an a single quad
core CPU with 64GB RAM system Model A can solve both tasks on a single image in 2.1
seconds.

We used four test sets in this analysis; ICDAR 2013 (complete set), ICDAR 2017 (test
set), ICDAR 2019 (test set) and Lytica (test set). Due to the two step incremental nature of
the dual-step process we could fine-tune the trained models from step 1 with Table Aware
Cutout (TAC) augmented images in step 2 with the individual training sets of three of
these datasets. Except for the ICDAR 2013 test set where we use the complete dataset
for testing, the remaining three test sets had their respective training set which we could
utilize to train the models as per step 2 with TAC augmented images in order to prevent
the models from overfitting on the training data.

To fairly compare our table detection performances with state-of-the-art solutions we
train our TableDet model variants on the training set of the two combined datasets that
we display in Table 4.1. We train the models as per the dual-step transfer learning process.
Furthermore, state-of-the-art solutions for ICDAR 2013 (complete set), ICDAR 2017 (test
set) and ICDAR 2019 (test set) utilize similar training sets as our public training set from
Table 4.1 which has 4200 training images. On the other hand the state-of-the-art solution
for the Lytica (test set) utilizes a similar training set as our private training set from Table
4.1 which has 5200 training images.

Thus in step 1 we trained a copy of Model A and Model B on the public training set
and another copy of Model A and Model B on the private training set as shown in Table
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4.1 with 4200 and 5200 training images respectively. Under the public test sets such as
ICDAR 2013 (complete set), ICDAR 2017 (test set) and ICDAR 2019 (test set) we have
ensured to use the exact same test split as they were used by the state-of-the-art solutions
for these test sets. Similarly we took precautions to ensure that the private Lytica (test
set) contains exactly the same 240 test images as the state-of-the-art solution on this set.
Furthermore, as we maintained the same test set and a similar training set for each of these
test cases we utilize the values reported by the authors of these state-of-the-art solutions.

During the dual-step learning process we measure the performances of the models in
both steps in terms of Average Recall (AR) and Average Precision (AP). The models that
achieve the highest AR and AP are then compared with state-of-the-art table detection
solutions in terms of Recall, Precision and F1-score metrics. Previous state-of-the-art table
detection solutions [14, 85, 92] have utilized these metrics at specific IOU values depending
on the test set to fairly compare their table detection performances. For the ICDAR 2013
test set, previous table detection solutions have utilized the evaluation metric proposed in
[59] to compare their performances [92]. Traquair et al. [12] utilized the same evaluation
metric to quantify their table detection performance, under the private Lytica test set.

The state-of-the-art solution as well as most of the previous works under the ICDAR
2017 test set have utilized the evaluation metric proposed in the POD competition [79]
to compare their performances to each other [92]. The performances are evaluated at
60% and 80% IOU values. On the other hand, the previous works on the ICDAR 2019
test set have utilized the ICDAR 2019 Table Detection and Recognition competition [8]
evaluation metric to measure the improvements provided by their presented solutions [14].
This evaluation criteria involves calculating the F1 scores at IOUs of 60%, 70%, 80% and
90% to develop a weighted average F1 score.

Thus, to fairly evaluate our proposed solution with the state-of-the-art solutions we
have employed the evaluation metric that is utilized by the state-of-the-art solution for
that test set. We have utilized the evaluation metric presented by [59] to measure the
improvements provided by our proposed solution on the ICDAR 2013 and Lytica test sets.
We have utilized the evaluation metric proposed in [79] and [8] to evaluate our work on the
ICDAR 2017 test set and ICDAR 2019 test set respectively. It is worth noting that each
of the presented table detection results are averages of three runs. Samples of TableDet
detection results are shown in Fig. A.1, Fig. A.2, Fig. A.3, Fig. A.4, Fig. A.5 and Fig.
A.6,

The public and private datasets used in this work are created by by combining multiple
datasets as shown in Table 4.1. To analyze the table detection performance of our proposed
system on the ICDAR 2013 dataset we trained the TableDet model variants on the training
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Table 4.5: Table Detection results comparison with state-of-the-art systems on
ICDAR 2013 (complete set) as a test set

Training set Test set System Recall Precision F1

Ours (Model A) 100 100 100

Ours (Model B) 100 100 100

CascadeTabNet [14] 100 100 100

DeCNT [85] 99.6 99.6 99.6

Huang et al. [92] 100 94.9 97.3

DeepDeSRT [50] 96.2 97.4 96.8

Public dataset
(training set)1

ICDAR 2013
(complete set)

TableNet [15] 96.3 96.97 96.6
1 Public dataset (training set) : Marmot, ICDAR 2017 (training set), ICDAR 2019 (training set)

split of the public dataset. The models are trained as per the dual-step transfer learning
process and the performances at are evaluated on the complete ICDAR 2013 dataset. The
public dataset comprised of images from the training splits from ICDAR 2017 and ICDAR
2019. It also comprised of the entire Marmot dataset. It is worth noting that no images
from ICDAR 2013 dataset are used to train the models. Unlike [14] and [15] we did not use
a single image from this dataset to fine-tune either of models. As shown in Table 4.5, both
Model A and Model B achieve a 100% F1 score on detecting all 156 tables in this dataset.
Thus we can show that the proposed model enhancements, dual-step learning process and
augmentation policy together can help the model generalize to unseen data efficiently.

Unlike ICDAR 2017 and ICDAR 2019 datasets, ICDAR 2013 dataset did not have
an official training set. Hence in step 2 of the dual-step learning process we fine-tuned
Model A and Model B with the entire public dataset. However, the step wise nature of
the dual-step learning process provides an option to skip the step 1 of the learning process
and directly perform step 2 for these two datasets. For step 1 of the learning process we
used the Model A and Model B that achieves a 100% F1 score on the complete ICDAR
2013 dataset. One copy of these models are then fine-tuned on the ICDAR 2017 training
set and another copy is fine-tuned on the ICDAR 2019 training set as per step 2 of the
learning process. At this step the copies of the models are fine-tuned on their individual
training sets with TAC augmented images. Thus, using dual-step transfer learning we
could reuse the models that are trained on the public dataset and fine-tune them on their
individual training sets. We can thus reduce the training time without compromising on
the table detection performance to create models that not only detect tables but also text
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and figures.

Table 4.6: Table Detection results comparison with state-of-the-art systems on
ICDAR 2017 test set

Training set Test set System IOU Recall Precision F1
Ours (Model A) 99.7 98.8 99.3
Ours (Model B) 99.4 98.5 98.9
Huang et al. [92] 97.8 97.2 97.5

DeCNT [85] 97.1 96.5 96.8

Public
dataset
(training set)1

Li et al. [60]

60

94.4 94.4 94.4
+ Ours (Model A) 98.4 97.4 97.9

Ours (Model B) 98.1 97.4 97.7
Huang et al. [92] 97.5 96.8 97.1

DeCNT [85] 93.7 96.7 95.2
ICDAR 2017
(training set)2

ICDAR 2017
(test set)

Li et al. [60]

80

90.3 90.3 90.3
1 Public dataset (training set) : Marmot, ICDAR 2017 (training set), ICDAR 2019 (training set)
2 Fine tuning dataset

As per the dual step process, at step 2 we fine-tuned the model variants with TAC
augmented images from the ICDAR 2017 training set. At each epoch we evaluated the
table detection performance of the models on the ICDAR 2017 test set. As shown in Table
4.6, we compared the performances of Model A and Model B against two state-of-the-art
table detection solutions with the evaluation metric proposed by Gao et al [79] on this test
set. Model A achieves the highest scores on all three metrics and for both IOU values. At
60% IOU it achieves the highest F1 score with 99.3% as compared with [92]. At 80% IOU
it achieves a 0.9% and 0.6% increase in recall and precision respectively over [92]. Thus
we can show that the deformable variant of TableDet when trained with TAC augmented
images in a dual-step learning process can achieve a higher table detection performance
than state-of-the-art solutions on ICDAR 2017 test set.

Similar to the fine-tuning process of the Model A and Model B that are trained on
ICDAR 2017 training set we also trained a copy of these TableDet variants on ICDAR
2019 training set. Furthermore, the models are trained with TAC augmented images from
this training set and their performance is evaluated at each epoch on the ICDAR 2019
test set. We picked the models that achevied the highest AR and AP results in step 2 of
the dual-step learning process and measured their performance as per the weighted average
F1-score metric set by Gao et al [8]. In Table 4.7 we then compared these results with state-
of-the-art table detection solutions. Both Model A and Model B achieve a higher weighted
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Table 4.7: Table Detection results comparison with state-of-the-art systems on
ICDAR 2019 test set

Intersection over Union
(IoU) WeightedTraining set Test set System

60 70 80 90 Avg F1
Ours (Model A) 96.9 96.9 95.7 91.9 95.1Public dataset

(training set)1 Ours (Model B) 97.2 96.3 94.9 91.6 94.7
+ TableRadar 96.9 95.7 95.1 89.7 94

NLPR-PAL 97.9 96.6 93.9 85 92.7ICDAR 2019
(training set)2

ICDAR 2019
(test set)

CascadeTabNet [14] 94.3 93.4 92.5 90.1 90.1
1 Public dataset (training set) : Marmot, ICDAR 2017 (training set), ICDAR 2019 (training set)
2 Fine tuning dataset

average F1 score than the state-of-the-art solutions. Model A achieves the highest F1 score
score on all IOU values except for 60% as compared to the other systems. It is worth noting
that both Model A and Model B achieve higher F1 scores at 90% IOU value as compared
to the other systems. This indicates that both models can accurately detect tables at high
IOU values.

TableRadar system which is the top table detector in the ICDAR 2019 competition.
To display the performance improvements brought on by our proposed model and training
enhancements we show the F1 scores achieved by our two model variants and TableRadar
on Fig. 4.8. Model A achieves a highest F1 score at all IOU values except at 60% where
it shares the same score as TableRadar. We can thus show that the proposed TableDet
models when trained with dual-step learning process not only reduce the training time but
can also detects tables at multiple IOU values efficiently.

Table 4.8: Table Detection results comparison with state-of-the-art systems on
Lytica test set

Training set Test set System Recall Precision F1
Ours (Model A) 99.5 99.9 99.7Private dataset

(training set)1+ Ours (Model B) 99.5 97.7 98.6
Lytica (training set)2

Lytica (test set)
Traquair et al. [12] 95.3 91.1 93.2

1 Private dataset (training set) : Marmot, ICDAR 2017 (training set), ICDAR 2019 (training set), Lytica
(training set)

2 Fine tuning dataset

As shown in Table 4.1 the private dataset comprises of the public dataset and the Lytica
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Figure 4.8: Table detection performance on ICDAR 2019 (test set) of Model A
and Model B in terms of F1 scores on four IOU values against state-of-the-art
system, TableRadar
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dataset. When we trained the TableDet model variants for ICDAR 2017 ad ICDAR 2019
datasets we fine-tuned the models with the respective training sets in step 2 of the learning
process. We followed a similar approach to training the models for the Lytica test set.
Both Model A and Model B are trained on the private dataset for step 1 of the process.
Then the models are fine-tuned in step 2 with TAC augmented images from the Lytica
training set. This allowed us to fairly compare our table detection performances with
other state-of-the-art solutions such as [12] that are trained on a similar private dataset.
As shown in Table 4.8 we achieve a high score on all three metrics against [12]. Model A
once again achieves the highest F1 score at 99.7% while Model B is only marginally lower
with 98.6%.

It is also worth noting that the public and private datasets used in this work comprise
not only datasheet images but also images of scientific papers and reports. Furthermore,
the tables in all datasets appeared with different scales and orientations. While TableDet
is developed to accurately detect tables in datasheet images, the table detection scores
achieved on all four test sets indicate that it can be generalized to accurately detect tables
in other types of document images as well. Thus, we can show that our proposed enhance-
ments improves the model’s table detection performance and can help it detect tables at
multiple scales and orientations efficiently.

4.5 Conclusion

In this chapter we propose TableDet, a deep learning based methodology that can ad-
dress the first stage of the table text extraction pipeline. It can address both table detection
and table image classification in datasheet (document) images in a single inference. We
show that detecting tables, text and figures enables TableDet model to enhance its table
detection performance. TableDet utilizes a Cascade R-CNN architecture with Complete
IOU (CIOU) loss at each box head and a deformable convolution backbone to capture the
variations in scale and orientations of tables and to detect them accurately. In addition
our proposed dual-step transfer learning process can efficiently develop a single model to
classify each object in an image as a table, text or figure. We also present the impact of
using Table Aware Cutout (TAC) augmented images in this training process to fine-tune
and to improve the model’s table detection performance.

Furthermore, utilizing TAC augmented images can help the models generalize better to
unseen data and prevent it from overfitting on the training data. These enhancements make
TableDet Model A which has a deformable backbone achieve the highest table detection
performance on all four test sets. TableDet Model A achieves 100% F1 score on the ICDAR
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2013 (complete set) when no image from this set is used to train or fine-tune the model.
On the ICDAR 2017 (test set) and Lytica (test set) Model A achieves the highest F1 score
as compared to state-of-the-art table detection solutions. On the ICDAR 2019 (test set)
it achieves the highest weighted average F1 score with 95.1% which indicates that it can
detect tables at higher IOU values. Thus, we present TableDet a table detection solution
that improves table detection performance on three public and one closed dataset.

Our future agenda for this task includes classifying the tables based on the presence
of line separators so that we can further enhance the quality of table structure detection
solutions. In addition we would also like to improve the application of TAC augmented
images to reduce the training of the TableDet model from a dual step process to a single step
process. Our future agenda also includes enhancing the deformable convolution operation
of the TableDet model to only consider only a limited number of table orientations to help
the model to pay attention to other complex features of the table.
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Chapter 5

Table Image Classification

Documents and datasheets contain multiple pages about various topics such as scien-
tific reports [79, 8] or product specifications or administrative reports by governments [68].
On each page there are multiple type of objects or components displayed such as tables,
paragraphs of text which we refer to as text and figures which include charts, maps, dia-
grams and icons. There have been previous works which have dealt with identifying only
table objects such as [14, 12, 13]. There have a been a some works that have detected
other objects on the image along with tables such as [141, 6] in images and [142] in PDF
documents. Such table detection methods have not considered possibility of identifying the
images that do not contain tables. As shown in Fig. 1.1 in our presented table text extrac-
tion pipeline we propose eliminating images without tables at stage 1 so that such images
can be avoided from being processed by the later stages. By identifying such images, we
hypothesize that only images with tables can be sent for further analysis. The analysis in
the later stages of the pipeline includes identifying the components of the detected tables
which can be decomposed into rows, columns or cells and extracting the text from these
components. Up until this work, there has been no work conducted in classifying such full
page images into two classes; images with tables (Table image) and images without tables
(Non-Table images).

In this thesis, we propose a table text extraction pipeline with three stages as shown in
Fig. 1.1. Stage 1 deals with table detection and table image classification. We describe the
steps taken by us to develop the proposed TableDet model which include the training en-
hancements in Section 4.1. We further describe the performance improvements it achieves
in detecting tables on multiple public and one closed test set over state-of-the-art solutions
in Section 4.4. Thus, we propose utilizing the enhanced table detection performance of
this TableDet model to solve an additional task in stage 1 of the pipeline; table image
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classification. As the model can detect figures and text objects along with tables in all
datasheet (document) images we propose utilizing the object detection results to classify
the entire image into two classes.

We describe the steps taken by us to classify the images as Table and Non-Table images
in Section 5.1. We provide details on the public and closed test sets used in this study
in Section 5.2. The performance improvements provided by the proposed solution are
provided in the Section 5.4. Finally we provide a brief summary of the enhancements and
performance improvements brought on by out proposed solution in Section 5.5.

Figure 5.1: Enhancements to improve table image classification performance of
TableDet
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5.1 System Model

Deep learning based methods have excelled in object detection as well as on image
classification on multiple large scale datasets such as COCO [114] and ImageNet [138].
Furthermore, such methods can be utilized on datasets that do not contain naturally oc-
curring objects such as medical images [101, 117] or geographical images [47, 48]. Despite
the lower number of images in such non-naturally occurring image datasets, deep learning
based methods can excel in classifying and detecting objects in such images due to the con-
cept of transfer learning. This learning process entails training deep learning architecture
on a large dataset such as COCO to classify images or detect objects in images and then
using the image and object feature knowledge it has gained to train it on another dataset
that comprises of completely different images. This process of transfer learning can be
applied to image classification tasks as well as object detection tasks [47, 48, 14]. Further-
more, these architectures also present their generalization capability as they achieve higher
the image classification and object detection performances on these new datasets. Thus,
due to its generalization potential along with its feature of transfer learning we propose a
deep learning based approach to address the task of table image classification in datasheet
(document) images.

Thus, we propose the TableDet model a deep learning based approach as shown in Fig.
4.3 to address table detection and table image classification in a single inference in datasheet
(document) images. In Section 4.1 we describe the steps we take to develop this approach
to accurately detect tables in datasheet (document) images. We employ a Cascade R-CNN
architecture [11] to build the TableDet model. In addition to that we utilize a deformable
convolution [55] backbone and utilize Complete IOU loss [18] to improve its table detection
performance. We also detect figures and text objects along with tables to help the model
distinguish between these three types of objects. Furthermore, the model is trained in a
dual-step transfer learning process with our proposed Table Aware Cutout augmentation
strategy to improve its table detection performance. As shown in Fig. 4.3 in addition to
using the three successive box heads of the Cascade R-CNN architecture we introduce a
classification head that is used only during inference time and does not require any training.

As shown in Fig. 4.2 we do not train the classification head of the TableDet model.
Instead throughout the dual-step transfer learning process the model is trained to only
improve its table detection performance while also detecting text and figure objects in the
images as shown in Fig. 4.2 (A). During the inference process we introduce a classification
head that accepts the detection predictions from the final box head as an input as shown in
Fig. 4.2 (B). These detection predictions include the bounding boxes with their respective
object class labels and confidence scores which are considered as object detection outputs
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as shown in Fig. 4.3. The object class labels denote the predicted class of the detected
object. Since the TableDet model detects only tables, text and figures, the predicted class
has to be one of these classes. As shown in Fig. 4.2 (B) the classification head evaluates
the object class label and the confidence score of the detected objects. If it finds a table
object among the object labels with a confidence score that is greater than K% then it
predicts the image label as Table else it predicts the image label as Non-Table.

As shown in Fig. 5.1 in addition to the single condition to determine the image label
we add two more conditions that will further enhance the image classification performance
of the TableDet model. After the first condition if the image is labeled as Non-Table the
classification head does not perform any further steps. If the image is labeled as Table
then as a second condition the classification head measures if there are any figures or text
objects with greater than M% IOU value over the detected table object bounding box.
In an instance where no such overlapping object appears over the detected table then the
image is labeled as Table. However, if there is such an object then the third condition
will evaluate if the confidence score for this overlapping object is lower than N%. We
determined that figure or text objects have a lower confidence score when they overlap
with table objects with greater than M% IOU value. Thus, if the overlapping object has
a confidence score of lower than N% then the image is labeled as Table else it is labeled
as Non-Table. Thus, the classification head labels the image as a Table if it detects a
table object with greater than K% confidence score and if there are no overlapping objects
detected in the same region as the table. Additionally if there is a figure or text object
that overlaps the detected table by more than M% IOU value then the classification head
can label the image as a Table the overlapping object has a confidence score lower than
N%. On the other hand it can label an object as Non-Table if it does not detect a table
object.

We determined that these enhancements can help the TableDet model identify all Table
images while also improving its classification potential for Non-Table images. With the
addition of the classification head the TableDet model can solve the table image classifica-
tion task by predicting the labels of images based on a set of three conditions as shown in
Fig. 4.2 and Fig. 5.1. In addition to the enhancements that enable TableDet to address
the table image classification task it also solves this task without any additional training.
Furthermore, during the inference process TableDet produces object detection outputs
(bounding boxes with confidence scores and object class labels) and image classification
output (image labels) as shown in Fig. 4.3. These outputs are provided for each image as
a combined output. Thus, a TableDet model can detect tables as well as classify the entire
image in a single inference.

As shown in Fig. 5.2, as a post-processing step, images that are predicted as Table
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Figure 5.2: Proposed TableDet approach to detect tables, figures and text in an
image and then classify the images
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are assigned to the Table images folder. This folder will contain images that are correctly
predicted as Table (True Positive) and those that are incorrectly predicted as Table but
are actually Non-Table images (False Positive). Similarly, images that are predicted as
Non-Table are assigned to the Non-Table images folder which contains images that are
correctly predicted as Non-Table (True Negative) and those that are incorrectly predicted
as Non-Table but are actually Table images (False Negative). For visualization purposes,
we have shown some possible False Positive and False Negative images in Fig. 5.2.

The TableDet models is enhanced to accurately detect tables, while also detecting
figures and text. We determined, that due to the enhanced table detection capability of
the TableDet model along with the enhancements on the classification head, the number of
incorrectly classified Non-Table (False Positive) and Table (False Negative) images in the
table text extraction pipeline are very low. We determined that the final number of False
Positive images in the pipeline can be significantly reduced while the final number of False
Negative images can be close to nil. As an additional post-processing step as shown in
Fig. 5.2, only the images in the Table images folder with their respective table detections
(locations) are sent to the next stage of the table text extraction pipeline. By classifying
the images in this stage of the table text extraction pipeline we can prevent the next stage
from dealing with Non-Table images. Thus the immediate next stage which deals with
table structure detection [56, 17, 16] would save some processing time.

5.2 Datasets

In this work, we have utilized four public and one closed document table detection
dataset to train and test the proposed Model A and Model B variants of the TableDet
model for table detection task. As the classification head component of the TableDet
model is used only at inference time, we do not train it on these datasets for table image
classification. We do however train standard image classification models for table image
classification to compare their performance with the TableDet model variants. As shown in
Table 4.1 and described in Section 4.3 we train and test two copies of the TableDet model
variants on the public and private datasets individually for the table detection task. To
fairly compare the TableDet model with the standard image classifiers we have maintained
the same train and test splits of the public and private datasets as shown in Table 5.1.

The public available dataset consists of images from ICDAR 2013 [68], ICDAR 2017
[79], ICDAR 2019 [8] and Marmot 1 as shown in Table 5.1. The closed dataset comprises of

1http://www.icst.pku.edu.cn/cpdp/sjzy/index.htm
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a commercial dataset which we refer to as the Lytica dataset and the public dataset images
as shown in Table 5.1. We describe each individual datasets in more detail in Section A.2.1.
Furthermore, we have labeled the images as Table or Non-Table depending on whether a
table object is present in the image or not. For instance if there are table, text and figure
objects in the image then we labeled the image as Table. On the other hand if there is
only text and figures object in the image we labeled it as a Non-Table image.

Table 5.1: Datasets used to train and test TableDet

Train Test
Set name Datasets

Table Non-Table Total Table Non-Table Total
ICDAR 2013 - - - 128 110 238
ICDAR 2017 557 1043 1600 244 573 817
ICDAR 2019 600 - 600 - - -
Marmot 1006 994 2000 - - -

Public
dataset

Total 2163 2037 4200 372 683 1055
Lytica 1000 - 1000 126 114 240
Public dataset 2163 2037 4200 - - -

Private
dataset

Total 3163 2037 5200 - - 240

The ICDAR 2013 dataset includes 238 images. It is worth noting that none of these
images were used to train either image classifiers for table image classification nor the
TableDet model for table detection as shown in Table 5.1 and Table 4.1 respectively. The
ICDAR 2017 dataset includes 1600 and 817 images for training and testing. This test
set consists of 244 Table and 573 Non-Table images. It is worth noting that the number
of Non-Table images is close to double the number of Table images in both the training
and test sets. In this study we utilize the modern document subset of the ICDAR 2019
dataset which comprises of 600 training and 240 test images all of which are Table images.
The complete Marmot dataset comprises of 2000 document images. We utilize the entire
dataset to train the TableDet models for the table detection task. Furthermore, we have
utilized Lytica dataset which comprises of 1000 Table images that are used for training
the TableDet model for table detection while the test set consist of 114 Non-Table images
along with 126 Table images.
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5.3 Training Details

The TableDet model variants (Model A and Model B) are trained to solve the table
detection task with the dual-step transfer learning process. As per the process, a model
is trained at step 1 for 20 epochs with scale jitter augmented images to detect tables,
text and figures. At each epoch the model performance is tracked in terms of Average
Recall (AR) and Average Precision (AP). The model that achieves the highest AR and
AP at a particular epoch is then fine-tuned in step 2 with Table Aware Cutout (TAC)
augmented images. The step wise nature of the learning process, the Table Aware Cutout
augmentation and model enhancements such as detecting three classes of objects enhances
the table detection performance of these models.

We address the table image classification task by utilizing the object detection results
of a trained TableDet model as shown in Fig. 5.1 and Fig. 4.2. A trained TableDet
model will produce object detection outputs such as bounding boxes with their respective
object class labels and confidence scores. As described in Section 5.1 during the inference
process we attach a classification head to the model to provide image labels as outputs.
The classification head determines the image label as Table or Non-Table based on three
conditions. As shown in Fig. 5.3 the first condition checks if the detected object is a table
and if its confidence score is greater than K% which we determined should be set at 50%.
If the image satisfied this condition then the image would be labeled as Table and would
then face the second condition where the classification head measures if there are figure or
text objects that overlap with the detected table object. However, if the image does not
pass the first condition then the image is labeled as Non-Table.

In the instance the image is labeled as Table after passing the first condition, in the
second condition the classification head measures the IOU value of figure and text objects
that may overlap with the detected table object. If such a figure or text object with an
IOU value greater than M% exists, then the image would be sent for further processing to
the third condition. We determined that the value of M% should be set at 90% to achieve
optimal results. If such an object does not exist then the image is labeled as Table. In the
third condition the confidence score of the overlapping object is evaluated to determine the
image label. If the object has a confidence score greater than N% which we determined
should be set at 30% as shown in in Fig. 5.3 , then the image is labeled as Non-Table else
it is labeled as Table.

Thus, with a set of three conditions the classification head of the TableDet model can
provide labels for each image. It is worth noting that the TableDet models can classify
images as Table or Non-Table without any additional training for this task. However, to
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Figure 5.3: TableDet classification head with three conditions to classify the
image as Table or Non-Table
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compare the table image classification results of the TableDet model variants we trained
two image classification architectures; ResNet-50 and ResNet-101. We trained both models
with a linear learning rate of 0.03 and use scale jitter augmented images to prevent the
models from overfitting. The models are trained for 30 epochs on the public and private
dataset training splits as shown in Table 5.1.

5.4 Results

Our proposed TableDet model variants (Model A and Model B) are trained to ac-
curately detect tables in datasheet (document) images. TableDet Model A utilizes a de-
formable convolution backbone while TableDet Model B utilizes a conventional convolution
backbone. Both models utilize CIOU bounding box regression loss and have are trained
with the dual-step transfer learning process and TAC augmented images. We also propose
utilizing the enhanced table detection capability of the TableDet model variants to address
the table image classification task as proposed by our table text extraction pipeline. As
shown in Fig. 4.3 we train the TableDet model to produce object detection outputs. These
outputs are the bounding boxes to denote the location of the detected table text or figure
objects along with the respective confidence scores and object class labels. At inference
time a classification head is attached to the model as shown in Fig. 4.3 and Fig. 5.1.
It does not require any additional training instead it uses the object detection labels and
confidence scores to predict the image label.

As shown in Fig. 5.1 as per the first condition if a table object is detected in the image
with greater than 50% confidence score then the image is labeled as Table else it is labeled
as Non-Table. If the image is labeled as Table by the first condition then the classification
head evaluates the image under two additional conditions to improve the overall table
image classification performance. The second condition checks if the table object overlaps
with a figure or text object. This condition checks if the IOU value between the table and
the figure or text objects is greater than 90%. If there is no such overlapping object then
the image is labeled as Table. However, if there is a figure or text object that overlaps the
table with greater than 90% IOU then the image is evaluated under the third condition.
At this condition the confidence score of the figure or text object is measured and if it is
less than 30% then the image is labeled as Table else it is labeled as Non-Table. The final
results of the TableDet model at inference time are the object detection outputs as well
as an image label (image classification output) as shown in Fig. 4.3. Thus, a TableDet
model can address both table detection and table image classification in a single inference.
Furthermore, as a post-processing step, the images are assigned to Table images folder and
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Non-Table images folder as shown in Fig. 5.2.

To compare the table image classification performances of the TableDet model variants
we train two image classification architectures; ResNet-50 and ResNet-101 as shown in
Table 5.2 and Table 5.4. We use ICDAR 2013 (complete set), ICDAR 2017 (test set) and
Lytica (test set) to perform this evaluation. The TableDet models (Model A and Model B)
have been trained as per the dual-step transfer learning process on the public and private
dataset for the table detection task as shown in Table 4.1. It is worth noting that the
TableDet models are not trained for the table image classification task instead the models
utilize their enhanced table detection performance to determine the label for the image.
Except for models tested on the ICDAR 2013 test set all the other models are fine-tuned
on their individual training sets in step 2 of the process. The image classifiers have also
been trained on the public and private dataset and fine-tuned with individual training sets
except for the case of ICDAR 2013 test set. While the TableDet models are not trained
for this task, the image classifiers are trained to classify each image as Table or Non-Table.
Furthermore, we present the impact of utilizing 3 conditions in the classification head of
the TableDet models over 1 condition in Table 5.2 and Table 5.4.

In this work we consider the Table images as the positive class and the Non-Table images
are considered as the negative class. As a post-processing step the TableDet models assign
the images into a folder based on the predicted image label. If the predicted label of the
image is Table then the image is assigned to the Table images folder else it is assigned to
the Non-Table images folder as shown in Fig. 5.2. We follow the same post-processing
step for the image classifiers to fairly compare the performance with the TableDet models.
Thus, The Table images folder contains True Positive images which are Table images
accurately classified as Tables. It also contains False Positive images which are Non-Table
images incorrectly classified as Table images. In the Non-Table images folder we have
False Negative and False Positive images. The False Negative images are actual Non-Table
images that are correctly identified as Non-Table images. The False Positive images are
actual Non-Table images that are the incorrectly classified Table images.

As shown in Table 5.2 we denote the number of True Positive, False Positive, True
Negative and False Negative images that are classified by the TableDet model variants
(with 1 condition and 3 conditions) and the image classifiers on the three test sets. In
addition to that we also display the True Positive Rate (TPR), False Positive Rate (FPR),
True Negative Rate (TNR) and False Negative Rate (FNR) achieved by each solution in
Table 5.3. Furthermore, up until this work there has been no previous work in table image
classification and hence we propose utilizing Recall, Precision and F1 score to compare the
results between the TableDet model variants and the image classifiers.
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Table 5.2: Table image classification performance comparison

Table Non-Table
Images Folder Images Folder

Test Set System Conditions True False True False
Positive Positive Negative Negative

ResNet-50 1 - 125 5 105 3
ResNet-101 1 - 126 0 110 2

ICDAR 2013 Model A 1 128 15 95 0
(complete set) Model B 1 128 28 82 0

Model A 3 128 1 109 0
Model B 3 128 3 107 0

ResNet-50 1 - 225 5 568 19
ResNet-101 1 - 226 3 570 18

ICDAR 2017 Model A 1 244 41 532 0
(test set) Model B 1 244 54 519 0

Model A 3 244 16 557 0
Model B 3 244 18 555 0

ResNet-50 2 - 119 15 99 6
ResNet-101 2 - 121 13 101 5

Lytica Model A 1 126 15 99 0
(test set) Model B 1 126 25 89 0

Model A 3 126 10 104 0
Model B 3 126 12 102 0

1 Trained on Public dataset (training set) : Marmot, ICDAR 2017 (training set), ICDAR 2019 (training set)
2 Trained on Private dataset (training set) : Marmot, ICDAR 2017 (training set),
ICDAR 2019 (training set), Lytica (training set)
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Table 5.3: Table image classification performance comparison per rate

Table Non-Table
Images Folder Images Folder

Test Set System Conditions True False True False
Positive Positive Negative Negative
Rate [%] Rate [%] Rate [%] Rate [%]

ResNet-50 1 - 97.7 4.5 95.5 2.3
ResNet-101 1 - 98.4 0 100 1.6

ICDAR 2013 Model A 1 100 13.6 86.3 0
(complete set) Model B 1 100 25.5 74.5 0

Model A 3 100 0.9 99.1 0
Model B 3 100 2.7 97.3 0

ResNet-50 1 - 92.2 0.9 99 7.8
ResNet-101 1 - 92.6 0.5 99.5 7.4

ICDAR 2017 Model A 1 100 7.2 92.8 0
(test set) Model B 1 100 9.4 90.6 0

Model A 3 100 2.8 97 0
Model B 3 100 3.1 96.9 0

ResNet-50 2 - 95.2 13.2 86.8 4.8
ResNet-101 2 - 96 11.4 88.6 4

Lytica Model A 1 100 13.2 86.8 0
(test set) Model B 1 100 21.9 78.1 0

Model A 3 100 8.8 91.2 0
Model B 3 100 10.5 89.5 0

1 Trained on Public dataset (training set) : Marmot, ICDAR 2017 (training set), ICDAR 2019 (training set)
2 Trained on Private dataset (training set) : Marmot, ICDAR 2017 (training set),
ICDAR 2019 (training set), Lytica (training set)
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A higher recall score and TPR indicates that the model can identify most of the Table
images. A higher precision score and a higher FPR indicates that there would be a lower
number of Non-Table images that are incorrectly classified as Table images in our proposed
the table text extraction pipeline. We display the performances of the models in terms
of Recall, Precision and F1 score in Table 5.4. It is worth noting that the motivation for
this work is to find a solution that correctly identifies all True Positive (Table) images and
only minimizes the number of False Positive (Non-Table classified as Table) images fed into
the pipeline. This implies that the solution does not produce any False Negatives (Table
images classified as Non-Table) and accurately identifies most if not all the False Negative
(Non-Table) images.

The ResNet-101 architecture achieves 100% precision score and 100% TNR on the
ICDAR 2013 (complete set) which indicates that it identifies all Non-Table images as
displayed in Table 5.4. However, both image classification models achieve lower recall
scores and FNR values than both TableDet models. All 128 tables of the complete dataset
are accurately labeled as Table by both TableDet model variants as shown in Table 5.2
irrespective of the number of conditions utilized in the classification head. Furthermore,
Model A with 3 conditions also incorrectly classifies only 1 out of 110 Non-Table images.
Thus, it would send only 1 image and all the Table images from this dataset for further
processing in the next stage. In addition to that, the results on this test set also present
the impact of utilizing 3 conditions over 1 condition in the classification head. By utilizing
3 conditions instead of 1 condition the recall value remains at 100% while the precision
value increases by 9.7% and 15.7% for Model A and Model B respectively. This is also
indicated by the 12.8% increase in TNR value when 3 conditions are utilized in place of
a single condition as shown in Table 5.3. It is also worth noting that none of the ICDAR
2013 dataset images are used to train any of the TableDet models and image classifiers for
this task.

The ResNet-101 model once again achieves the highest precision score of 98.7% and
TNR of 99.5% as compared to the other systems on the ICDAR 2017 test set. However,
TableDet model variants irrespective of the number of conditions in the classification head
achieve 100% recall which is validated by the 100% TPR values that each model achieves.
In addition to that, as shown in Table 5.4 Model A with 3 conditions in the classification
head achieves 93.9% precision. This denotes that 557 images out of the total 573 Non-Table
images would be eliminated from the pipeline as shown in Table 5.2. Only 16 Non-Table
images along with all 244 Table images would be sent for further processing. Similar to
the performance improvement on the ICDAR 2013 complete set, when 3 conditions are
used in the classification head the recall value and TPR value stays at 100% while the
precision value and TNR improves by more than 8% and 4.2% for both TableDet model
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Table 5.4: Table image classification performance comparison

Test Set System Conditions Recall Precision F1
ResNet-50 1 - 97.7 96.2 98.9
ResNet-101 1 - 98.4 100 99.2

ICDAR 2013 Model A 1 100 89.5 94.5
(complete set) Model B 1 100 82 90.1

Model A 3 100 99.2 99.6
Model B 3 100 97.7 98.8

ResNet-50 1 - 92.2 97.8 94.9
ResNet-101 1 - 92.6 98.7 95.6

ICDAR 2017 Model A 1 100 85.6 92.2
(test set) Model B 1 100 81.8 90

Model A 3 100 93.9 96.8
Model B 3 100 93.1 96.4

ResNet-50 2 - 95.2 88.8 91.9
ResNet-101 2 - 96.0 90.2 93.6

Lytica Model A 1 100 89.4 94.4
(test set) Model B 1 100 83.4 90.9

Model A 3 100 92.6 96.2
Model B 3 100 91.3 95.5

1 Trained on Public dataset (training set) : Marmot, ICDAR 2017 (training set), IC-
DAR 2019 (training set)

2 Trained on Private dataset (training set) : Marmot, ICDAR 2017 (training set),
ICDAR 2019 (training set), Lytica (training set)

84



variants, respectively. Thus, utilizing 3 conditions only 16 and 18 Non-Table images are
incorrectly classified by the TableDet Model A and Model B respectively as compared to
using 1 condition where a higher number of Non-Table images are incorrectly classified.

As compared to the other datasets, the Lytica dataset consists of more complex tables.
These tables contain multiple merged cells to layout the information in a hierarchical format
as shown in Fig. A.7. With the enhanced table detection capability and the introduction
of 3 conditions in the classification head, the TableDet Model A is able to achieve 100%
recall and 92.6% precision for table image classification task on the Lytica dataset. As
shown in Fig. A.9 the Lytica images that were actually Non-Table images but incorrectly
classified as Table images by the TableDet Model A. These images contain graphs with
line separators to denote the co-ordinates. These graph objects are incorrectly classified
as table objects due to the presence of such lines which resemble a line separated table.
Thus, the TableDet model achieves a lower precision score than recall score as it is unable
to accurately classify such objects as graphs.

Furthermore, as shown in Table 5.2 and Table 5.3 by utilizing 1 or 3 conditions in the
classification head of TableDet Model A, it correctly identifies all 126 Table images and
achieves 100% TPR. In addition to that, by utilizing 3 conditions instead of 1 condition the
number of incorrectly classified Non-Table images drops to 10 from 15. Thus, the TableDet
Model A with 3 conditions in the classification head not only identifies all Table images
but also further reduces the number of Non-Table images that would have been processed
in the successive stages of the table text extraction pipeline.

Figure 5.4: Confusion matrices for inference results on each test set by TableDet
Model A with 3 conditions in the classification head

At this stage of the table text extraction pipeline our motivation is to develop a solution
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that identifies all Table images and reduces the number of Non-Table images that would
be processed in the next stage of the pipeline. While the ResNet models do achieve a
higher precision scores on two test sets, they incorrectly label a few Table images. This
denotes that a few Table images would not be sent for further processing to the next stage
of the pipeline. On the other hand the TableDet models ensure that all Table images
are accurately identified while eliminating a large number of Non-Table images from the
proposed pipeline. In addition to that the TableDet models can address the task of table
image classification without any additional training.

Furthermore, utilizing 3 conditions in the classification head of the TableDet models
enables them to further reduce the number of Non-Table images. The TableDet Model A
with its enhanced table detection capability coupled with 3 conditions in the classification
head achieves the highest F1 score on all three test sets as shown in Table 5.4. It also
consistently achieves the highest TPR value and the lowest FNR value on all three test
sets as shown in Table 5.3. As shown in Fig. 5.4 TableDet Model A with 3 conditions
not only captures all the Table images but also a significant number of Non-Table images.
Furthermore, as indicated in Fig. 5.4 no Table image is incorrectly classified as a Non-
Table image by this model. This indicates that it will not avoid any Table images from
these three test sets.

Hence, we determined that it would be beneficial to use an object detection model
like TableDet Model A with 3 conditions in the classification head instead of an image
classification model to not only reduce the number of Non-Table images but to capture all
Table images. We display the inference results of TableDet Model A in Fig A.8, Fig. A.9
and Fig. A.10.

5.5 Conclusion

The task of table image classification requires classifying a full page datasheet (docu-
ment) images as a Table or Non-Table image. The motivation of this task is to reduce the
number of images without table objects (Non-Table) in the proposed table text extraction
pipeline while ensuring that all images with table objects (Table) are processed. Thus,
we propose utilizing the enhanced table detection performance of the TableDet models
to address this task without any additional training. The Model A variant of TableDet
which has a deformable backbone, CIOU bounding box loss and utilizes 3 conditions in
the classification head is able to achieve 100% recall and 100% True Positive Rate on the
ICDAR 2013 complete set, ICDAR 2017 test set and Lytica test set. Furthermore, it is
able to achieve above 92% precision along with achieving the highest F1 score on all three
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test sets. This denotes that it would allow about 8% of Non-Table images to remain in the
pipeline.
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Chapter 6

Table Structure Detection

Global organizations such as component distributors, manufacturers and product de-
signers share information with each other through various types of documents such as
datasheets. The important information in the documents is generally presented in tabular
format. Extracting this data and making available for analysis can organizations to take
data-driven [5]. We hypothesize that the task of extracting this data can be dealt in three
stages as shown in our proposed table text extraction pipeline in Fig. 1.1.

The proposed pipeline functions on datasheets (document) full page images. At stage
1 of the pipeline we propose table detection and table image classification steps. At this
stage the images with tables and images without tables will be identified as a result of the
table image classification task. For the table detection task the location of the table object
in the image will be provided as a result. The detected table can then be extracted and
sent to the next stage to address table structure detection. Several previous works have
presented deep learning based solutions to accurately detect tables in images [85, 14, 12, 13]
but there has been no previous work for table image classification.

We propose utilizing TableDet to address both table detection and table image clas-
sification in a single inference. As shown in Section 4.4.2 The TableDet model achieves
the highest F1 scores for table detection on three public datasets (ICDAR 13 [68], ICDAR
17 [79] and ICDAR 19 [8]). Furthermore, for table image classification, it also accurately
identifies all images with tables and significantly reduces the number of images without
tables from being processed in the proposed pipeline.

At stage 2 of the pipeline we propose identifying the components of the detected table
region as shown in Fig. 1.1. The table structure detection is a more complex task due to the
multiple variations in the table layouts in documents published by different organizations.
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The tables can appear with or without line separators between the cells [14]. Furthermore
certain the information in the table can be presented in a hierarchically structured layout
by utilizing merged cells (a common cell shared by multiple neighbouring cells) [16, 21]. In
this chapter we propose a solution to address the table structure detection task in images of
table regions (table images). This task can be decomposed into detecting rows and columns
[56, 17] which can then be utilized to denote the locations of cells within the table. An
alternative approach would be to directly detect the cells of the tables [14, 16, 21]. The
methods presented by [56, 14, 16, 17] have not directly dealt with identifying hierarchical
layouts of information. On the other hand, the solution presented by [21] has attempted
to detect this hierarchical layout by detecting cells. To the best of our knowledge, there
exists no prior work that detects rows and columns with the intention of providing more
details about the hierarchical layout of information.

To address this task of table structure detection, we present TableStrDet, a deep learn-
ing based approach that detects and classifies rows and columns in table images. Utilizing
the accurate locations provided by the TableDet model we can extract the tables from such
images to develop the table images. In each table image we propose detecting and classi-
fying columns as regular columns (columns without a merged cell) and irregular columns
(group of regular columns with a shared merged cell). Similarly, we propose detecting and
classifying rows as regular rows (rows without a merged cell) and irregular rows (group
of regular rows with a shared merged cell). In addition to that we propose that the Ta-
bleStrDet model utilizes one Cascade R-CNN [11] architecture to detect and classify the
rows and another to detect and classify the columns in parallel. Thus, in a single inference
TableStrDet can detect four classes of objects in a table image. Each Cascade R-CNN ar-
chitecture is equipped with a deformable convolution backbone [55] and utilizes Complete
IOU loss [18] to improve their object detection performance.

We describe the steps taken to develop the TableStrDet model, and the process of
classifying rows and columns in Section 6.1. We describe the datasets utilized in our
analysis in Section 6.2 and the training details in Section 6.3. We display our detection
and classification analysis for rows and columns that are taken to develop the TableStrDet
model in Section 6.4. We also provide details on the generalization potential of our proposed
approach in Section 6.4. We provide our concluding statements in Section 6.5

6.1 System Model

In this section we describe the process of developing the TableStrDet model which
detects rows and columns on table images. In addition, to detecting these table components
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it also classifies the components into four classes; regular rows, irregular rows, regular
columns, irregular columns. Multiple deep learning-based solutions have addressed the
table detection task in images [85, 14, 17, 50]. However, we propose utilizing the detected
table region provided by the TableDet model which we describe in Chapter 4 to develop
such table images. For the task of table structure detection we determined that utilizing
a table image which contains only the table region of a full page image and avoids the
non-table sections of the image would help the TableStrDet model to focus on locating the
rows and columns of the table as shown in [56, 16, 17].

6.1.1 Task Definition

The structure of the table can be decomposed into two classes or components : rows
and columns as shown in [56, 17]. It can further be decomposed into a single class or
component : cells as shown in [14, 16]. However, the tables within different datasheet
(document) images have different layouts, based on the need to display information in a
concise and non-redundant format. This difference is developed by the presence or absence
of merged cells and the presence or absence of line separators between cells. We define
a merged cell as multiple cells grouped into one cell that stretches across more than one
row or column [21]. These merged cells indicate the common content between two or more
rows or columns as shown in Fig 6.1. These merged cells are added in order to reduce
the repetition of content among the rows or columns. Furthermore, it also lays out the
information in a hierarchical format. In addition to the existence or absence of merged cells,
the tables may or may not contain line separators between rows and columns to indicate
these merged cells. Due to the large variety of layouts of different tables, we propose that
it would be beneficial to detect rows and columns first in order to understand the layout
of the content within the table.

Regular and irregular class definitions

We address the table structure detection task on table images as an object detection
task where the objects to be detected are the rows and columns of the table. As shown
in Fig. 6.2 (b) and Fig. 6.2 (c) we refer to the rows and columns that do not contain
a merged cell (multiple cells grouped as one cell) as regular rows and regular columns,
respectively. We refer to a group of regular columns that share a merged cell [21] which
stretches across them as irregular column as shown in Fig. 6.2 (e). Similarly we refer to
an irregular row as a group of regular rows that share a merged cell [21] that stretches
across them as shown in Fig. 6.2 (d). Thus, along with detecting regular rows and regular
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Figure 6.1: Merged cells (highlighted with blue boxes) in multiple table types

91



columns we propose detecting irregular rows and irregular columns in order to provide
more details on the layout of the information in the table.

Figure 6.2: Original table image (a). Table image with regular rows (b) and
regular columns (c) highlighted with blue boxes. Table image with irregular
rows (d) and regular columns (e) highlighted with red boxes.

Detecting groups of components vs detecting cells

Instead of detecting only the merged cell in this study, we propose detecting the entire
group of rows and columns attached to the merged cell for two reasons. Firstly, by cap-
turing the group of regular rows and columns that are part of irregular rows and columns
respectively, it becomes easier to provide and denote the hierarchical details of which rows
and columns share a common merged cell. Secondly, we determined that if we only detect
the merged cells along with the regular rows and columns, then the object detection archi-
tecture would try to detect cells along with rows and columns which would be redundant.
Thus, we propose not only to detect rows and columns but to also detect and classify them
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as regular rows, irregular rows, regular columns and irregular columns to address table
structure detection in table images.

Figure 6.3: TableStrDet model comprises of two Cascade R-CNN architectures
each with deformable backbones and CIOU loss to address table structure
detection in table images.
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6.1.2 TableStrDet architecture

Deep learning-based techniques achieve state-of-the-art performances on tasks such as
image classification and object detection due to the generalization ability of the same
architecture to detect different types of objects such as natural objects [11] or objects in
datasheet (document) images [14]. In this work, we utilize a deep learning based object
detection approach to recognize the structure of a table in a table image. This image
will contain only the detected table region of a full page datasheet (document) image.
Furthermore, we determined that the structure of the table can be decomposed into four
classes of objects. Instead of detecting only rows and columns, we propose detecting
irregular and regular rows along with irregular and regular columns in order to capture
the merged cells within the structure. By identifying these irregular rows and irregular
columns, the object detection architecture would be able to provide more details about the
hierarchical layout of information in the table.

Thus, we put forward TableStrDet, a deep learning based approach that utilizes an
object detection architecture to accurately identify objects of these four classes in table
images. We employ a Cascade-RCNN [11] object detection architecture to construct the
TableStrDet model. The Cascade R-CNN architecture comprises of four components as
shown in Fig. 6.3: backbone, Feature Pyramid Network (FPN), Region Proposal Network
(RPN) and three Region of Interest or box heads. In this work, as a backbone to act as
the feature extractor we utilize the ResNet [44] architecture. This architecture comprises
of four convolution blocks as shown in Fig. 3.1. Each block contains a series of convolution
layers stacked on top of each other to provide feature maps at different scales. These
convolution layers have a fixed receptive field that operates as a sliding window over each
section of the image. They provide rich features to the top layers of the Cascade R-CNN
architecture that reside in the RPN and box heads as shown in Fig. 3.2. However, fixed
receptive fields cannot capture all the features for objects that appear with different scales
and orientations.

As rows and columns appear with different scales we employ deformable convolution
[55] which have an adaptive receptive field to capture variances in features of such objects.
We refer to the receptive field that operates as a sliding window over each section of
the image as a sampling matrix. The deformable convolution operation [55] continues to
utilize all parameters of the standard convolution operation. These parameters include the
image / input feature map (x), the central location of the sampling matrix (p0 ) and the
neighbouring locations on the matrix (pi). It also continues to update the weights (w) of
this matrix to generate the output feature map (y). Furthermore, it captures offsets (∆pi)
of the object features as shown in (6.1). These offsets store the weights at each location
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of the sampling matrix when the rows and columns have multiple scales. Thus, we utilize
a deformable convolution ResNet architecture in this work to extract multi-scale features
from table images.

y(p0) =
∑︂
piϵC

w(pi).x(p0 + pi+∆pi) (6.1)

.

IoU(B,Bgt) =
B ∩Bgt

B ∪Bgt
(6.2)

The Cascade R-CNN architecture utilizes three box heads to refine the bounding boxes
for each image [11] at multiple Intersection Over Union (IOU) values [114]. The IOU value
is measured as the intersection over union of proposed bounding box ( B = (x1, y1, x2, y2)
) generated by the architecture and ground truth (Bgt = (xgt

1 , y
gt
1 , x

gt
2 , y

gt
2 )) bounding box

as shown in (6.2).

Furthermore, each box head receives multi-scale rich feature maps from the FPN and
the final layer of the backbone along with proposal bounding boxes for refinement as shown
in Fig. 3.2 and Fig. 6.3. These feature maps will aide the box heads and the RPN to detect
objects at multiple scales. In addition to that, the first box head refines the bounding boxes
it receives from the RPN at an IOU value greater than 50%. These improved boxes are
provided as proposals to the second box head where the bounding boxes greater than 60%
IOU value are refined and are then sent to the third box head where the boxes above 70%
IOU value are refined and provided as the final output.

At each box head, the bounding boxes are refined by calculating the bounding box
regression loss to measure the difference between the ground truth and proposed bounding
boxes. In addition to that, a cross entropy loss is also calculated at each box head to
measure the difference between the predicted and ground truth object class labels. Both
losses are calculated together as a multi-task loss as formulated in (6.3).

L(pi, ti) =
1

Ncls

∑︂
i

Lcls(pi, p
∗
i ) + λ

1

Nreg

∑︂
i

p∗iLreg(ti, t
∗
i ) (6.3)

IOU-based regression loss

The standard bounding box regression loss utilized by each box head of the Cascade R-
CNN architecture [11] is the l1 loss. However, the bounding box regression performance of
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each box head is evaluated in terms of an IOU value. Furthermore, rows and columns can
appear with different scales in table images. Utilizing geometric factors such as distance
between boxes and aspect ratio as parameters in the regression loss calculation can be
beneficial towards refining the bounding boxes for objects with multiple scales shown as
shown by Zheng et al. [18]. Furthermore, to bridge this gap between the metrics for loss
calculation and evaluation, we propose utilizing Complete IOU (CIOU) loss [18] at each
box head to refine the bounding box predictions from the TableStrDet model. CIOU loss
[18] operates with the same parameters as Distance IOU (DIOU) loss, but also considers
the aspect ratio of the objects to improve on DIOU loss calculation.

v =
4

π2
(arctan

wgt

hgt
− arctan

w

h
)2 (6.4)

α =
v

(1− IoU + v′)
(6.5)

LCIoU = 1− IoU +
ρ2(b, bgt)

c2
+ αv (6.6)

Along with utilizing the IOU value as a penalty term, DIOU loss considers the distance
between the center points of the two boxes (ρ(.)) and the diagonal length of the largest
polygon box that can cover both boxes (c). CIOU loss adds two parameters to include
the aspect ratio of the boxes in the calculation; the consistency of the aspect ratio (v) and
positive trade-off parameter (α) as given in (6.4) and (6.5) respectively. These parameters
are added to the existing parameters of DIOU loss to calculate CIOU loss as shown in
(6.6). To accurately detect and classify the rows and columns we employ CIOU loss at
all three box heads of the Cascade R-CNN architecture which is utilized to develop the
TableStrDet model.

Rows generally appear with a horizontal alignment while columns appear with a vertical
alignment [15] within the table. Thus, our proposed TableStrDet model consists of two
Cascade R-CNN architectures each detecting and classifying either rows or columns in the
same table image as shown in Fig. 6.3. Each architecture utilizes a deformable backbone
and CIOU loss at each box head to improve bounding box predictions. As shown in Fig
6.3, we employ one Cascade R-CNN architecture to detect the rows (regular and irregular)
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and the second Cascade R-CNN architecture to detect the columns (regular and irregular)
in the table images. Both architectures work together in parallel to provide these results.
The final result of the TableStrDet model are the locations of regular and irregular rows
along with regular and irregular columns with the motivation of gaining more insights
about the table structure. Hence, the presented TableStrDet model detects four classes of
objects in a single inference.

We display the inference process of TableStrDet in Fig. 6.3. Since there are two Cascade
R-CNN architectures working in parallel within the TableStrDet model, we provide two
copies of input table images to the TableStrDet model. The input table image in Fig. 6.3
has objects of all four classes. Thus, the TableStrDet model provides the locations of each
of the four object classes. We denote the detected irregular rows and columns with blue
dotted boxes while the detected regular rows and columns are denoted with red boxes to
indicate the output of the TableStrDet model. Furthermore, as a post-processing step we
utilize the intersecting lines of the detected rows and columns to generate cell locations as
indicated in Fig. 6.3.

The cell locations display not only the locations of regular cells (cells not stretching
over multiple cells) but also the locations of merged cells. The irregular rows and irregular
columns consider the merged cell and the regular rows and regular columns, respectively.
Thus, the intersecting lines developed by these four detected object classes presents an
easier pathway to locate the merged cells in the table as shown in the final result in Fig.
6.3. We determined that by detecting these four object classes the TableStrDet model can
accurately identify the hierarchical layout of data within the table image irrespective of
the presence or absence of line separators between the rows and columns.

6.2 Datasets

In this section we describe the datasets utilized to develop the TableStrDet model
and compare its table structure detection performance with state-of-the-art methods. We
utilize two datasheet (document) image datasets in this work; ICDAR 2013 TS [68] and
TabStructDB TS [56]. Both datasets consist of table images which are the table regions
of each full page image. Each image is also accompanied with a set of bounding boxes
(annotations) to denote the location of the rows and columns of the table. We manu-
ally corrected the row and column annotations of each image to ensure that the rows and
columns within the image are aligned with each other and they do not capture merged
cells. We refer to these rows and columns as regular rows and regular columns, respec-
tively. Moreover, we develop annotations for irregular rows and irregular columns as well.
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An irregular row is annotated by drawing a single bounding box over a group of regular
rows and the merged cell that stretches over these regular rows. Thus an irregular row an-
notation captures the regular rows as well as the merged cell shared by them. Similarly we
develop annotations for irregular columns which group together multiple regular columns
and include the merged cell that stretches over these regular columns.

Table 6.1: Datasets utilized to train and test TableStrDet

Dataset Train Test
ICDAR 2013 TS 125 31
TabStructDB TS 731 350

Total 856 381

The ICDAR 2013 TS dataset [68] includes 156 table images. We maintain the same
train and test splits as Siddiqui et al. [56] to train and compare the table detection
performance of our presented approach with the state-of-the-art solution. Thus, we train
the TableStrDet on 125 and evaluate its performance on 31 table images from this dataset.
We also utilize the TabStructDB TS [56] which includes 731 training images and 350 test
images of tables from the ICDAR 2017 POD dataset [79]. We maintain the same train
and test split as Siddiqui et al. [56] for this dataset as well. For images of both datasets
we have ensured to annotate all four object types; regular rows, irregular rows, regular
columns and irregular columns.

6.3 Training Details

In this work, we propose detecting and classifying rows as well as columns to address
the task of table structure detection in table images. To the best of our knowledge, the
state-of-the-art method for row and column detection on these two available datasets from
Table 6.1 is the DeepTabStr [56] model. The DeepTabStr model only detects rows and
columns and does not classify them into regular and irregular classes. Thus, we train the
DeepTabStr model on the two datasets from Table 6.1 to evaluate and fairly compare the
detection performance our presented approach with the state-of-the-art solution.

The TableStrDet model utilizes the Cascade R-CNN [11] architecture with deformable
ResNet-50 [44] backbone. The DeepTabStr model utilizes the deformable FPN [86] ar-
chitecture with a deformable ResNet-101 [44] backbone. We demonstrate the impact of
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training these models with two architectures against single architectures. We refer to the
model with two architectures as separate version and the model with one architecture as
combined version. We analyze the impact of utilizing the separate and combined versions
of these two solutions on their table structure detection performances.

The separate versions comprise of one architecture trained to detect regular and irreg-
ular rows while the other architecture is trained to detect regular and irregular columns.
The combined versions comprise of one architecture that is trained to detect all four object
classes. The separate versions are individually trained for 60 epochs whereas the combined
versions are trained for 70 epochs. Both versions of each model are trained on the training
set of the ICDAR 2013 TS and TableStructDB datasets as shown in Table 6.1.

The final inference of both models irrespective of their versions are the locations and
classes of the four object types. TableStrDet has been developed with the Detectron2
library 1. We train the separate and combined versions of TableStrDet with a batch
size of 2 images. In addition to that, Group Normalization [140] enhances the detection
performance of object detection architectures such as Cascade R-CNN when the training
batch size is small. Thus, we utilize Group Normalization in the architecture of both
versions of TableStrDet instead of the standard Batch Normalization [139] to improve
their detection performance. We utilize a learning rate of 0.002 with a SGD optimizer
to train the models. All versions of TableStrDet and DeepTabStr have been trained on a
single NVIDIA Tesla V100 GPU with 32GB RAM.

6.4 Results

In this section we present the improvements in table structure detection on table images
that are brought on by our proposed TableStrDet model. The model approaches the task
of table structure detection as an object detection task. The model detects four classes
of objects; regular rows, irregular rows, regular columns and irregular columns. It detects
all four object classes in a single inference to provide the locations of content in a table
image as shown in Fig. 6.3. To the best of our knowledge, the state-of-the-art solution
for row and column detection on these two datasets is the DeepTabStr [56] model. The
DeepTabStr model only detects rows and columns and does not classify them into regular
and irregular classes. Thus, we train the DeepTabStr model on the two available datasets
and to evaluate and fairly compare the detection performance our presented solution with
the state-of-the-art solution.

1https://github.com/facebookresearch/detectron2
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We utilize the ICDAR 2019 Table Detection and Recognition competition [8] evalua-
tion metric to evaluate the table structure detection performances that are achieved by
TableStrDet and the state-of-the-art DeepTabStr method on the two available test sets.
As per this metric the F1 score at four IOU values (60, 70, 80, 90) are calculated. Following
upon this, the corresponding IOU values are used as the weights to each F1 score. The
product of the weights and the F1 score are then added to develop the weighted average
F1-score (W. Avg F1).

We analyze multiple deep learning based architectures such as Mask R-CNN [52] and
Cascade R-CNN [11] to develop the TableStrDet model. In addition, we evaluate the im-
pact of utilizing a deformable convolution [55] backbone instead of standard convolution
backbone. Furthermore, we examine the detection performance improvement brought on
by using separate versions of the models over combined versions as well. The separate
version uses two architectures where one architecture detects and classifies columns and
another detects and classifies rows. In the combined version, a single architecture detects
all four objects. For instance the separate version of TableDetStr utilizes two Cascade
R-CNN architectures each with deformable ResNet-50 backbones and CIOU loss where
one architecture detects and classifies rows while the other detects and classifies columns
in parallel. For the separate version of DeepTabStr, two deformable FPN architectures
each with deformable ResNet-101 backbones are utilized. In the combined versions of
TableStrDet and DeepTabStr, we utilize a single Cascade R-CNN and a single FPN archi-
tecture respectively to detect and classify rows and columns.

This analysis is conducted on the ICDAR 2013 TS and TabStructDB TS datasets as
shown in Table 6.2 and Table 6.3 respectively. All models are trained to detect regular
rows, regular columns, irregular rows and irregular columns. While the models detect
four classes of objects we measure their detection performance on how well they detect
and classify rows and columns as shown in Table 6.2 and Table 6.3. We infer that the
TableStrDet model should utilize two Cascade R-CNN architectures each with deformable
backbones and CIOU loss to accurately detect and classify rows and columns separately. In
our analysis, we determine that the separate version of TableStrDet is able to outperform
the separate version DeepTabStr in detecting and classifying both rows and columns. Fur-
thermore, we measure how efficient the separate version of TableStrDet is over DeepTabStr
on detecting objects of each of the four classes in Table 6.4. We also measure the gener-
alization capability of both solutions as shown in Table 6.5. The results of our approach
can be seen in Fig. A.11, Fig. A.12 and Fig. A.13.
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Table 6.2: Table Structure Detection results comparison with state-of-the-art
models on ICDAR 13 test set

Row (Regular and Irregular) Column (Regular and Irregular)
Version F1 score at each IoU W.Avg F1 score at each IoU W.AvgModel

60% 70% 80% 90% F1 % 60% 70% 80% 90% F1 %
Combined 83.7 74.5 59.5 13.8 54.1 91.7 87.4 80.8 38.9 71.9

DeepTabStR [56]
Separated 91.5 88.1 72.5 19.6 64.1 91.3 89.7 87.1 67.1 82.6
Combined 85.9 76.6 64.0 14.6 56.5 90.7 88.0 73.9 45.8 72.1

Mask-RCNN
Separated 90.6 83.4 73.7 23.8 64.4 90.8 90.0 86.5 72.0 84.0
Combined 83.6 81.2 74.2 23.5 62.5 89.2 87.8 85.1 45.9 74.8

Mask-RCNN Deform
Separated 95.8 92.8 80.0 40.9 74.4 91.8 90.8 89.0 75.6 86.0
Combined 87.8 86.5 81.7 54.3 75.8 90.5 89.3 86.8 80.0 86.1

Cascade-RCNN
Separated 98.0 94.8 91.8 75.6 88.9 92.0 90.7 88.8 81.0 87.6
Combined 89.7 88.6 83.5 57.3 78.1 91.1 90.5 88.5 80.7 87.2

Cascade-RCNN Deform
Separated 98.6 95.6 93.7 75.3 89.6 92.0 91.2 90.0 82.8 88.5
Combined 89.5 87.4 82.5 64.4 79.6 91.1 90.5 89.2 82.3 87.8

Ours(TableStrDet)
Separated 98.2 96.9 93.9 77.4 90.5 92.1 91.7 89.6 85.2 89.6

ICDAR 13 Dataset

As shown in Table 6.2, we evaluate the performance of DeepTabStr [56] and TableStrDet
on the ICDAR 2013 TS test set [68]. Both models are trained on the training set of the
ICDAR 2013 TS to detect four classes of objects. We evaluate the impact of utilizing the
separate and combined versions of both TableDetStr and DeepTabStr. The separate ver-
sions outperform the combined versions especially on the task of detecting and classifying
rows. The separate version of TableStrDet outperforms the separate version of DeepTabStr
with a 26.4% and 7% increase in performance in terms of weighted average F1 score for rows
and columns, respectively. At each IOU value the separate version of TableStrDet achieves
a higher F1 score than the separate version of DeepTabStr in detecting and classifying
rows and columns.

In Fig. 6.4 we display the detection results that are achieved by the separate and
combined versions of TableStrDet and DeepTabStr. As shown in Fig. 6.4 (a), the separate
version of TableStrDet achieves a consistently higher F1 score in detecting and classifying
rows that DeepTabStr. In Fig. 6.4 (b), we show that TableStrDet can achieve a higher
F1 score at all four IOU values especially at 90% IOU value for detecting and classifying
columns. At 90% IOU value the separate version of TableStrDet achieves a 18.1% and
57.8% increase in detecting and classifying rows and columns over the separate version of
DeepTabStr.

The separate version of the TableStrDet achieves the highest F1 score as compared to
the other models at all IOU values for both rows and columns except at 60% IOU value

101



(a) Results for detecting regular and irregular rows

(b) Results for detecting regular and irregular columns

Figure 6.4: Comparing detection performances of separate versions of Ta-
bleStrDet and DeepTabStR on ICDAR 2013 TS test set
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Figure 6.5: L1 loss and CIOU loss comparison at each training epoch achieved by
separate versions of TableStrDet for detecting and classifying rows and columns
on ICDAR 2013 TS test set

for rows. Furthermore, the separate versions of all models displayed in Table 6.2 achieve
higher F1 scores and weighted average F1 scores for detecting and classifying rows and
columns. Thus, we infer that the separate versions of the models offer a more efficient
solution for this problem.

In addition we also display the training improvements provided by utilizing CIOU loss
as a bounding box regression loss in Fig. 6.5. We noted the average regression loss that
is achieved by the separate version of TableStrDet when l1 loss or CIOU loss is used in
the architecture. It is worth noting that the architectures which are trained to detect and
classify rows and columns with CIOU loss converged faster than the architectures which are
trained with l1 loss. As shown in Fig. 6.5 and Table 6.2 utilizing CIOU loss for bounding
box regression in TableStrDet improves its row and column detection performance.

We further evaluate how well the separate versions of the TableStrDet and DeepTabStr
can detect each of the four object classes in Table 6.4. TableStrDet is able to achieve
the highest weighted average F1 score for all four object classes as shown in Table 6.4.
It achieves a 99.8% and 85.2% weighted average F1 score for irregular rows and columns,
respectively. At 90% IOU value TableStrDet achieves greater than 9.9% improvement
in detecting and classifying both rows and columns over DeepTabStr. Thus, it can be
concluded that TableStrDet can improve the detection performance of not only regular
rows and regular columns but also irregular rows and irregular columns.
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Table 6.3: Table Structure Detection results comparison with state-of-the-art
models on TabStrDB test set

Row (Regular and Irregular) Column (Regular and Irregular)
Version F1 score at each IoU W.Avg F1 score at each IoU W.AvgModel

60% 70% 80% 90% F1 % 60% 70% 80% 90 F1 %
Combined 64.2 56.7 39.7 13.6 40.8 88.4 82.4 68.7 40.1 67.2

DeepTabStR [56]
Separated 81.9 76.5 65.8 30.5 60.9 85.9 82.0 72.1 46.2 69.4
Combined 62.0 56.4 43.3 15.6 41.8 87.4 82.0 71.3 40.9 67.9

Mask-RCNN
Separated 78.3 75.2 64.1 35.3 60.9 87.7 84.6 76.5 51.9 70.7
Combined 62.4 55.9 44.4 16.8 42.4 87.0 83.1 70.8 40.1 67.7

Mask-RCNN Deform
Separated 80.1 77.2 68.2 38.2 61.4 89.7 86.4 80.4 58.2 74.3
Combined 69.5 67.3 58.7 30.7 54.5 88.6 86.0 79.0 55.0 75.3

Cascade-RCNN
Separated 82.0 78.6 71.0 47.0 67.8 90.1 87.9 80.7 58.2 77.5
Combined 71.6 69.1 61.2 33.9 56.9 88.0 85.4 77.8 57.0 75.4

Cascade-RCNN Deform
Separated 82.1 79.8 72.7 51.3 69.8 91.2 88.4 79.9 59.1 77.9
Combined 75.3 73.2 62.2 34.2 59.0 89.0 85.9 78.3 58.0 76.1

Ours(TableStrDet)
Separated 84.4 82.6 75.3 54.8 72.7 91.2 89.0 81.1 59.4 78.5

Table 6.4: Table Structure Detection results comparison for irregular and regular
classes of rows and columns on ICDAR 13 and TabStrDB test sets

Row Column
Class F1 score at each IoU W.Avg Class F1 score at each IoU W.AvgDataset Model

60% 70% 80% 90% F1 % 60% 70% 80% 90 F1 %
DeepTabStr 97.8 92.7 79.0 33.0 72.1 99.2 96.1 92.0 74.2 89.0

ICDAR 13 Ours(TableStrDet)
Regular

96.9 94.5 88.4 54.6 81.4
Regular

99.2 98.4 94.3 85.4 93.6
(Train and DeepTabStr 88.0 88.0 88.0 61.4 80.0 85.0 85.0 85.0 75.3 82.1
Test Set) Ours(TableStrDet)

Irregular
99.8 99.8 99.8 99.8 99.8

Irregular
85.2 85.2 85.2 85.2 85.2

DeepTabStr 92.2 87.3 73.1 30.1 67.4 95.8 91.9 78.6 49.1 76.3
TabStructDB TS Ours(TableStrDet)

Regular
93.5 90.6 78.3 41.2 73.1

Regular
97.6 94.0 82.3 54.5 79.7

(Train and DeepTabStr 75.4 71.1 68.9 45.3 63.7 80.6 76.5 71.9 51.9 68.7
Test Set) Ours(TableStrDet)

Irregular
82.0 81.1 79.1 74.3 78.7

Irregular
87.4 86.7 82.5 66.3 79.6
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(a) Results for detecting regular and irregular rows

(b) Results for detecting regular and irregular columns

Figure 6.6: Detection performances of separate versions of TableStrDet and
DeepTabStR on TabStructDB TS test set
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TabStuctDB Dataset

We perform a similar analysis on the TabStructDB TS dataset to evaluate the per-
formance improvement achieved by our proposed approach. All models are trained on
the TabStructDB TS training set for this analysis. The separate version of TableStrDet
achieves the highest weighted average F1 score for both detecting and classifying both rows
and columns as shown in Table 6.3. It outperforms the separate version of DeepTabStr
by 11.8% and 9.1% on rows and columns respectively in terms of weighted average F1
score. It also achieves the highest F1 score on all four IOU values for both detecting and
classifying rows and columns as shown in Table 6.3.

We display the results that the separate and combined versions of TableStrDet and
DeepTabStr achieve in Fig. 6.6. As shown in Fig. 6.6 the separate versions of both
solutions outperform the combined versions. Furthermore, at each of the four IOU values,
the separate version of TableStrDet achieves a higher F1 score in detecting and classifying
rows and columns as shown in Fig. 6.6 (a) and Fig. 6.6 (b), respectively.

Figure 6.7: Comparison of L1 loss and CIOU loss at each training epoch achieved
by separate versions of TableStrDet for detecting and classifying rows and
columns on TableStructDB test set

In addition, we also display the quicker convergence enhancement provided by utilizing
CIOU loss in the TableStrDet architecture in Fig. 6.7. Employing CIOU loss for bounding
box regression not only helps TableStrDet converge faster but also improves the detection
capability of the model to detect and classify rows and columns as indicated in Table 6.3.
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Similar to our analysis on ICDAR 13 test set, we conclude that the separate versions
of the models are more efficient solutions for this task on the TabStructDB TS test set as
shown in Table 6.3 and Fig. 6.6. The separate version of TableStrDet also achieves the
highest weighted average F1 score for not only regular and irregular rows but also regular
and irregular columns as shown in Table 6.4. TableStrDet also achieves greater than 3%
weighted average F1 score in detecting objects of all four classes over DeepTabStr. As
shown Table 6.4 in at 90% IOU value it achieves greater than 5.4% improvement in de-
tecting objects of all four classes. Furthermore, while the combined version of TableStrDet
provides results in 2 seconds, the separate version takes just an additional 0.2 second to
provide more accurate results.

Cross dataset

As shown in Tables 6.2, 6.3, and Figs. 6.4, Fig. 6.6 utilizing separate version of
TableStrDet provides high quality rows and columns detection results. To measure the
generalization capability of our proposed approach, we conduct the experiment presented
by Siddiqui et al [56] as shown in Table 6.5. We utilize the separate version of TableStrDet
and the separate version of DeepTabStr to measure the generalization potential of both
solutions. As we have two datasets in this work, the models are trained on one dataset and
tested on the other dataset to evaluate how well the models generalize to the test dataset.
For instance, we train the models on ICDAR 2013 TS training set and test their rows
and columns detection performance on the TabStructDB TS test set and TabStructDB
TS complete set. Similarly as shown in Table 6.5, we train the models on TabStructDB
TS training set and test their detection performance on the ICDAR 2013 TS test set and
ICDAR 2013 TS complete set. The models are trained to detect and classify each object in
the image into one of the four object classes; regular rows, irregular rows, regular columns
and irregular columns.

Furthermore, the table images in both datasets appear in different types of documents.
The tables in images from ICDAR 2013 TS appear in government documents while the
tables in images from TabStructDB TS appear in scientific journals. Thus, we conduct this
test to evaluate which method would perform better when it is exposed to unseen table
images such as tables from datasheets. It is worth noting that the ICDAR 2013 TS training
set contains only 125 table images while the TabStrucDB test set and TabStructDB TS
complete set contain 350 and 1081 table images respectively. Due to the lower number
of training images and the difference in structures of tables between ICDAR 2013 TS
and TabStructDB TS dataset the models provide lower results especially in the case of
detecting rows. However, in the case of detecting columns the models achieve greater
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Table 6.5: Table Structure Detection results comparison for irregular and regular
classes of rows and columns on ICDAR 13 and TabStrDB test sets

Row Column
F1 score at each IoU W.Avg F1 score at each IoU W.Avgmodel Training Set Test Set

60% 70% 80% 90% F1 % 60% 70% 80% 90% F1 %
DeepTabStr TabStructDB TS 49.3 41.4 29.8 11.3 30.9 76.3 68.9 54.0 27.2 53.9
Ours(TableStrDet) ICDAR 2013 TS test set 57.3 47.5 34.7 20.9 38.1 80.5 75.3 61.7 39.7 62.0
DeepTabStr training set TabStructDB TS 55.6 46.3 30.2 10.7 33.2 78.3 68.5 56 33.9 56.7
Ours(TableStrDet) complete set 63.1 55.2 39.3 20.2 42.1 83.6 77.1 66.4 48.0 66.8
DeepTabStr ICDAR 2013 TS 82.9 72.3 60.3 12.3 53.2 81.5 76.7 72.2 56.8 70.5
Ours(TableStrDet) TabStructDB TS test set 90.8 81.0 69.6 40.6 67.8 85.8 82.7 77.7 69.3 78.0
DeepTabStr training set ICDAR 2013 TS 85.0 78.6 60.4 23.5 58.5 86.0 78.0 62.1 43.7 65.1
Ours(TableStrDet) complete set 89.1 84.5 73.9 40.9 69.5 86.0 80.4 72.3 53.8 71.3

than 50% weighted average F1 scores. TableStrDet outperforms DeepTabStr at all IOU
values for both the test set and complete set of TabStructDB TS despite the lower number
of training images. In the second case, the models are trained on the TabStructDB TS
training set which contains 731 table images. In this case the two test sets are the test
set of ICDAR 2013 TS and complete set of ICDAR 2013 TS which are comprised of only
31 and 156 table images. Thus, TableStrDet is able to achieve greater than 67% weighted
average F1 scores for detecting and classifying both rows and columns.

At all IOU values, TableStrDet achieve higher F1 scores as compared to DeepTabStr
for all four test sets except at 60% IOU value for ICDAR 2013 TS complete set where the
two methods share the same F1 score. When trained on the ICDAR 2013 TS training set,
it achieves greater than 7.2% improvement in weighted average F1 score over DeepTabStr
on both the test set as well as the complete set of the TabStructDB TS dataset. Similarly,
when TableStrDet is trained on TabStructDB TS training set it achieves achieves greater
than 6.2% improvement in weighted average F1 score over DeepTabStr for both the test
set as well as the complete set of the ICDAR 2013 TS dataset.

Thus, we determine that the separate version of TableStrDet can generalize better to
unseen table images as compared to DeepTabStr. Thus, we infer that TableStrDet model
with two Cascade R-CNN architectures each with a deformable backbone and CIOU loss
can not only improve row and column detection on two public test sets but can also have
a higher generalization potential than the state-of-the-art solution.

6.5 Conclusion

In this chapter, we propose TableStrDet, a deep learning-based approach to detect
and classify rows and columns in table images. TableStrDet comprises of one Cascade
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R-CNN architecture to detect and classify rows as regular rows and irregular rows and
another Cascade R-CNN architecture to detect and classify columns as regular columns
and irregular columns to solve the table structure detection task. Each Cascade R-CNN
architecture employs a deformable convolution backbone and utilizes Complete IOU loss
to improve its detection performance. These enhancements enable TableStrDet to achieve
90.5% and 89.6% weighted average F1 score under the ICDAR 2013 TS test set for rows
and columns, respectively, surpassing the state-of-the-art solution on this test set. On the
TabStructDB TS test set, TableStrDet achieves the highest weighted average F1 score for
rows and columns with 72.7% and 78.5%, respectively.

TableStrDet achieves greater than 5.7% and 3.1% improvement in detecting and clas-
sifying rows and columns, respectively, on both test sets over the state-of-the-art solution.
In addition to that, we show that TableStrDet has a higher generalization potential than
the state-of-the-art solution. TableStrDet achieves a higher weighted average F1 score on
cross dataset testing where the model is trained on tables from one type of document but
tested on tables from another type of document. We have also shown that along with de-
tecting four classes of objects, TableStrDet can generate accurate cell locations with some
post-processing steps that also capture the hierarchical layouts of tables with merged cells
in a single inference.
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Chapter 7

Conclusion

A large volume of data is shared between global organizations on a daily basis to
streamline activities and to ensure the efficient functioning of such establishments. These
organizations include manufacturers, product designers, academic institutions and govern-
ments as well. They share data with each other in the form of documents such as datasheets
where the critical information is stored in tables. Due to the diverse functioning of each
organization the format of presenting the data in the tables is purely dependent on the
authors needs to convey the information in the most concise and efficient manner. With
the vast number of global organizations comes a vast number of possible formats in which
the table content can be organized. However, extracting the content of these tables and
assembling it for analysis can help such organizations with automation and enable them to
take data driven decisions. We hypothesize that a table text extraction pipeline that can
divide the entire process for datasheet (document) images into three stages. In the first
stage we propose detecting the tables in these datasheet (document) images and correctly
identifying all document images with tables. The second stage would then identify the
rows and columns in the detected table region in order to provide context about the layout
of information in the table.

In this thesis, we address the first stage of the table text extraction pipeline with our
proposed a deep learning based methodology, TableDet. We show that the TableDet model
can address both table detection and table image classification in datasheet (document)
images in a single inference. We propose certain model enhancements such as detecting
text and figures along with tables, utilizing a Cascade R-CNN architecture with deformable
backbone and CIOU loss at each box head to improve the table detection potential of the
TableDet model. Furthermore, we show that our proposed dual-step transfer learning
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process with TAC augmented images can efficiently develop a single model to classify each
object in an image as a table, text or figure.

These model and training enhancements make TableDet Model A which has a de-
formable backbone achieve the highest table detection performance on three public and
one closed dataset. On the ICDAR 2019 (test set) it achieves the highest F1 score at
90% IOU value. On the ICDAR 2017 (test set) and Lytica (test set) Model A achieves
the highest F1 score as compared to state-of-the-art table detection methods. It achieves
100% F1 score on the ICDAR 2013 dataset without using an image from this set to train
or fine-tune the model. Furthermore, it utilizes its enhanced table detection capability to
address the table image classification task on two public and one private dataset.

The motivation of addressing this task at this stage of the pipeline is to ensure that
all images with table objects (Table) along with a lower number of images without table
objects (Non-Table) are available to the next stage of the pipeline; table text extraction. In
this thesis, we present the impact of utilizing a classification head which has 3 conditions
to determine the label of the image based on the detection results. The TableDet Model A
with the classification head is able to achieve 100% recall on three test sets. In addition to
that, it achieves the highest F1 score while maintaining above 92% precision on all three
test sets. This indicates that TableDet Model A would allow about 8% of Non-Table images
to remain in the pipeline while promoting all Table images to the next stage. Furthermore,
it can address this task without any additional training.

We propose developing table images utilizing the accurate table regions detected in the
first stage of the pipeline and addressing the task of table structure detection on these
images. In this thesis, we propose TableStrDet model which comprises of one Cascade R-
CNN architecture to detect and classify columns as irregular columns and regular columns
and another Cascade R-CNN architecture to detect and classify rows as irregular rows
and regular rows. The detection performance of each Cascade R-CNN architecture is en-
hanced by utilizing a deformable convolution backbone and Complete IOU loss at each box
head. Thus, TableStrDet surpasses the state-of-the-art table structure detection solution
on the ICDAR 2013 test set and TabStructDB test set by achieving greater than 5.7% and
3.1% improvement in detecting regular rows, irregular rows, regular columns and irregular
columns on both test sets over the state-of-the-art solution.

It also displays a higher generalization capability as denoted by the higher weighted
average F1 score it achieves on cross dataset testing. This testing involves training the
model on tables from one type of document such as administrative documents and testing
it on tables from another type of document such as scientific reports. By detecting four
classes of objects, TableStrDet as a post-processing step can generate accurate cell locations
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in a single inference to capture the hierarchical layout of content within the tables that have
merged cells. Thus, in this thesis, we present TableDet and TableStrDet, two solutions
that can address table detection, table image classification and table structure detection
in datasheet (document) images. Thus, in this thesis we provide solutions for stage 1 (get
the table location) and stage 2 (get the cell locations) of the proposed table text extraction
pipeline as shown in Fig. 1.1. At stage 3 of the proposed pipeline the cell locations from
stage 2 can be used to identify the locations of text in the image and an Optical Character
Recognition (OCR) model such as EasyOCR 1 can be utilized to extract the text from
each cell location. While the OCR model will accurately extract the table text utilizing
the cell locations from step 2 will ensure that the layout of information in the tables is also
preserved.

7.1 Future Works

We achieve the highest F1 scores for table detection, table image classification and
table structure detection with our presented solutions for each task. However, there are
certain areas where our presented solutions can be enhanced to further improve the existing
performance on these tasks.

7.1.1 Increasing the dataset size

We propose supervised deep learning based models to address the table detection and
table structure detection tasks on datasheet (document) images in this thesis. To enhance
the performances of these solutions we manually add location details (annotations) to each
image. For the case of TableDet we manually annotated table, text and figures while for
TableStrDet we manually annotated rows and columns. This is a laborious task and has
a high potential for errors if the annotations are developed too quickly. Furthermore, the
object detection solutions that we utilize require a large number of images upwards of
1000 images to improve their generalization capacity as shown by He et al. [143]. While
we utilize the concept of transfer learning to develop these solutions, we hypothesize that
training these solutions on a large datasheet (document) dataset would be more beneficial
as shown by He et al. [143]. We manually annotated close to 5000 document images
to train TableDet and 800 images to train TableStrDet. These documents have tables
from multiple domains such as academic and manufacturing. However, there are many

1https://github.com/JaidedAI/EasyOCR

112



document images that are publicly available but do not have the annotations for tables,
text and figures as well as rows and columns.

Thus, we propose a potential future work to utilize a larger datasheet (document)
dataset and to avoid the error prone tasks of annotating large number of images to address
these tasks. We suggest utilizing a weakly supervised object detection approach such as
the method proposed by Ren et al. [144] to address these tasks. Ren et al. [144] put
forward a self-training [145, 146] approach that utilizes the available labeled data and
a large number of unlabeled data to train the deep learning model in a teacher-student
fashion [147, 148]. Pseudo labels are generated by the model the first time it is exposed
to the unlabeled data and it is then trained in an iterative manner to learn the correct
object labels through self-training. The training process for this approach is much longer.
However this process provides the benefit of adding more diverse images which will further
help the table detection and table structure detection solutions to generalize to tables
from multiple domains. Furthermore, it will reduce the time required to annotate the data
which can be utilized to improve the object detection architectures to further enhance their
detection performance.

A larger document image dataset can also provide an opportunity to develop a valida-
tion set along with the currently available training and test sets. By building a validation
set we can also measure any potential overfitting that may appear when the models are
trained. This overfitting could develop due to the similarity of document images in the
dataset thus reducing the generalization capability of our proposed approach especially for
cases where the proposed solution could face unseen document images. Furthermore, this
additional data will provide more details on how well or how poorly our proposed solutions
are able to generalize to documents that the model has not seen before.

7.1.2 Classifying table regions and identify table title and footers

In this thesis, we detect tables, text and figure regions of each datasheet (document)
image. Irrespective of the presence or absence of line separators between the rows and
columns of the table the TableDet model accurately detects the table and provides this table
region as an input image to the TableStrDet model which then decomposes the image into
rows and columns. While we achieve the highest table structure detection performance, we
hypothesize, that tables without line separators or partial line separators can further benefit
from detecting cells of the table rather than rows and columns as previously proposed by
Prasad et al. [14]. We propose that the table detection step should include classifying the
table into ruled (tables with line separators for all rows and columns) and unruled tables
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(tables with partial or no line separators for all rows and columns). Thus, at the stage 2
of the proposed pipeline the table structure detection solution would be able to detect and
classify rows and columns for ruled tables and cells for unruled tables. In addition we also
propose identifying the table titles and footers in order to organize the text from multiple
tables that our proposed solution would identify and extract from. As we already detect
the text in the image we propose adding two additional object classes for our TableDet
model to detect. Thus the new TableDet model would detect tables, text, figures, table
title and table footer. This additional metadata would further add important tabular data
that would be missed if we only detect and extract text from tables.

7.1.3 Classifying figure regions

As shown in Section 5.1 we utilize the TableDet object detection results to classify
the full page images as Table or Non-Table. In our analysis for utilizing 3 conditions in
the classification head of the model we inferred that figures such as charts or graphs are
often mistaken for table regions by table detection solutions. As object detection solutions
such as TableDet rely on the features of the object to determine the type of object, we
observed that such charts share certain similarities with tables. Both types of objects are
on occasion surrounded by a border line. In certain instances the line charts have vertical
and horizontal lines to denote the important co-ordinates of the chart. Such line charts
are often mistaken for tables as the appear with in a grid format. By classifying these
figures as charts (line graph , bar graph, pie graph), maps and symbols (company logos)
we hypothesize that the object detection model will learn to differentiate between such
figure and table objects.

7.1.4 Unified solutions

As part of our future work we plan to combine the high precision performance of image
classification models with the high recall performance of the object detection (TableDet)
models. This would ensure that all Table images along with locations of the tables and
much lower number of Non-Table images would be sent for further processing to the next
stage of in the table text extraction pipeline; table structure detection.

For the table structure detection solution we plan to combine detection performance of
the two separate Cascade R-CNN architectures of the TableStrDet model. We determined
that it is more effective to utilize separate architectures in parallel where one architecture
detects and classifies rows while the other detects and classifies columns. However, we
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hypothesize that a single architecture with two separate RPN’s and box heads but with a
single feature extractor could be utilized to address this task. The feature extractor could
also be enhanced to provide richer features to each of the RPN’s and box heads.
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Appendix A

Appendix

A.1 Table Detection

We propose TableDet, a deep learning based approach to detect table, text and figures
in datasheet (document) images. The TableDet model utilizes a deformabl convolution
backbone and CIOU loss to improve it’s table detection performance. We train the model
in a dual-step transfer learning process with Table Aware Cutout augmented images to
further enhance it’s table detection performance. In Section A.1.1 we describe the public
and closed datasets utilized to train the TableDet model and In Section A.1.2 we display
the inference results of the TableDet Model A.

A.1.1 Datasets

We utilize four public and one closed dataset to develop the public and private datasets
as shown in Table 4.1. The TableDet model variants are trained on the public and private
datasets in order to fairly compare the table detection performance improvements with
state-of-the-art solutions that utilize similar datasets. In the following sections we describe
each dataset in detail.

ICDAR 2013

The International Conference on Document Analysis and Recognition (ICDAR) is held
every two years to display the latest works in the field of document analysis. In 2013 the
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conference held a competition for two tasks; table detection and table structure detection
[68]. The competition provided a dataset of publicly available documents from European
Union and United State of America as a benchmark on which different solutions could try
and solve these two tasks. The dataset comprises of 67 documents with a total of 238
pages. In this work, we have converted each page into an image. It is also worth noting
that the 238 images are only used for testing and not a single image is used to train either
Model A or Model B variants of the TableDet model as shown in Table 4.1.

ICDAR 2017

The ICDAR 2017 Page Object Detection competition [79] is proposed as a document
layout analysis competition to identify multiple object types in document images. Unlike
ICDAR 2013 [68] Table competition, the POD competition was setup up for document
analysis solutions to detect tables, and other objects such as figures in the image. The
dataset consists of 2417 images. Each image is a page from scientific reports available on
CiteSeer. We continue to use the train and test splits setup by the competition in this work
to fairly train and test our work with other state-of-the-art methods on table detection.
Thus, as shown in Table 4.1 we have utilized 1600 images for training and 817 images for
testing.

ICDAR 2019

The ICDAR 2019 Competition on Table Detection and Recognition [8] provided two
types of datasets for table detection. One subset contained modern document pages while
the other contained archival document pages. These pages are provided as images along
with the annotations for table locations. In this work we have only used the modern
document images which comprises of product and scientific reports. In addition to that,
the images are a mixture of Chinese and English document pages converted to images. As
shown in Table 4.1 we have maintained the same train and test splits as mentioned in [8].
600 images are used to train the model while 240 images are used for testing.

Marmot

The Marmot dataset was developed by Peking University Computer Science Depart-
ment. It is a widely recognized dataset for the task of table detection used in previous
works such as [12, 13]. It consists of 2000 document images of varied topics including aca-
demic papers. 1000 images are Chinese pages from e-books and have a one-column layout.

132



While the other 1000 images are English academic papers available on CiteSeer. Similar
to the other datasets we added the annotations of figures and text to the existing table
annotations for all 2000 images. We used the entire 2000 images for training in this work.

Lytica

In addition to using the public datasets such as ICDAR 13 we have also used a closed
dataset provided by our industry partner Lytica Inc. that specializes in supply chain op-
timization and data analysis. We refer to this dataset as the Lytica dataset. It consists
of 1240 images of datasheet pages converted into images from various supply chain or-
ganizations. These datasheet images contain more heterogeneous tables than the public
datasets. We define heterogeneous tables as tables where row and columns share a merged
cell to display data with a hierarchical layout [16]. This dataset also contains tables which
have smaller tables within them. We utilized 1000 images for training and 240 images for
testing as shown in Table 4.1.

A.1.2 Results

We display the detection capability of the TableDet model by highlighting detected
tables in red, text in blue and figures in green colored boxes in the sample images. As
shown in Fig. A.1, Fig. A.3, Fig. A.4 and Fig. A.5 the vertically orientated tables along
with figure and text are accurately detected. There are overlapping bounding boxes for
the text regions which we hope to resolve as part of our future work. Similarly there
are overlapping text boxes within the figure images and vice versa which we also hope to
resolve as part of our future work. In Fig. A.2 and Fig. A.6 we display the accurate
detection capability of TableDet to detect horizontally oriented tables as well. It is worth
noting that irrespective of the scale of the image, the presence or absence of line separators
between cells, the presence or absence of merged cells all tables are accurately detected by
the TableDet model on images of all four test sets.
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Figure A.1: TableDet inference result on sample image from ICDAR 2013 dataset

134



Figure A.2: TableDet inference result on sample image from ICDAR 2019 test
set
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Figure A.3: TableDet inference result on sample image from ICDAR 2018 test
set
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Figure A.4: TableDet inference result on sample image from ICDAR 2013 dataset
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Figure A.5: TableDet inference result on sample image from Lytica test set
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Figure A.6: TableDet inference result on sample image from ICDAR 2019 test
set
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Figure A.7: TableDet inference result on sample image from Lytica test set
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A.2 Table Image Classification

The TableDet model variants (Model A and Model B) are trained for the task of table
detection. Utilizing the enhanced table detection performances of these models we can
also address the table image classification task as described in Section 5.1. Thus, the
models do not require any additional training for this task. However, to evaluate the
image classification performances with image classification models such as ResNet-50 [44]
we have trained the image classifiers on the same training and test splits as the TableDet
models as shown in Table 5.1. In Section A.2.1 we describe the datasets in more detail and
provide the final results of TableDet Model A in Section A.2.2

A.2.1 Datasets

We utilize four public and one closed dataset to develop the public and private datasets
as shown in Table 4.1. The TableDet model variants are trained on the public and private
datasets in order to fairly compare the table detection performance improvements with
state-of-the-art solutions that utilized similar datasets. In the following sections we describe
each section in detail.

ICDAR 2013

The International Conference on Document Analysis and Recognition (ICDAR) in 2013
held a competition for two tasks; table detection and table structure detection [68]. To
solve both task the competition provided a publicly available dataset of PDF government
documents from European Union and United State of America. A total of 238 pages were
extracted from these documents and converted into images. It is worth noting that none of
these 238 images were used to train either image classifiers for table image classification nor
the TableDet model for table detection as shown in Table 5.1 and Table 4.1 respectively.
There are 128 and 110 Table and Non-Table images respectively in this test set.

ICDAR 2017

The ICDAR 2017 Page Object Detection competition [79] provided a dataset of 2417
images for the task of page object detection which involves detecting tables, text figures
and mathematical formulas on the images. Each image was a page from academic reports
available on CiteSeer. The 1600 training images in this set consisted of 557 and 1043 Table
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and Non-Table images respectively as shown in Table 5.1. The official test set for this
competition consists of 817 images. This test set consists of 244 Table and 573 Non-Table
images. It is worth noting that the number of Non-Table images is close to double the
number of Table images in both the training and test sets.

ICDAR 2019

The ICDAR 2019 Competition on Table Detection and Recognition [8] provided two
subsets (modern and archival document pages) of images for the task of table detection. In
this study we utilize the modern document subset of this dataset which comprises of 600
training and 240 test images. These images were extracted from academic and product
reports and are a mix of English and Chinese document pages. Since this dataset only
provided Table images we utilized only the training set for our analysis as shown in Table
5.1.

Marmot

The Peking University Computer Science Department released a 2000 image document
full-page dataset for the task of table detection and has been utilized in multiple works
such as Mark et al. [12], Jiang et al. [13] and Paliwal et al. [15]. The complete dataset
comprises of 1000 English academic papers with two-column layout and 1000 Chinese
pages from e-books with one-column layout. We maintained the same train and test splits
as our analysis in table detection task. Thus, we utilized the entire Marmot dataset to
train the TableDet model for table detection task and the image classifiers for table image
classification task. This set comprises of 1006 Table and 994 Non-Table images.

Lytica

Our industry partner, Lytic Inc. specializes in supply chain optimization and data anal-
ysis. They provided a commercial dataset consisting of multiple datasheet PDF documents
with multiple types of tables. For instance, the some tables consisted of multiple row and
columns with merged cells to display the tabular information in a hierarchical format. The
dataset also consist of tables which have smaller tables within them. We converted 1240
pages into images and utilized it in our table detection analysis as shown in Table 4.1. For
the task of table image classification we maintained the same train and test splits as our
table detection analysis as shown in Table 5.1 and Table 4.1 respectively.
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We trained the image classifiers on the training set of the public dataset and 1000 images
from the Lytica dataset. These 1000 images were all Table images. However, the test set
consist of 114 Non-Table images along with 126 Table images. We refer to this dataset as
the private dataset as shown in Table 5.1. It is worth noting that unlike the public dataset,
the Lytica dataset comprises of more Table images than Non-Table images. Furthermore,
we utilized the Lytica dataset in a separate dataset which we refer to as the private dataset
as shown in Table 5.1. Our analysis on the public and private datasets for table detection
and table image classification can thus be fairly compared with state-of-the-art solutions
that have utilized similar datasets in their develop their solutions.

A.2.2 Results

The TableDet Model A classifies the image as Table or Non-Table based on the three
conditions in the classification head. It does not require any additional training to perform
this task. In Fig A.8 we have displayed the inference results of True Postive detection by
the mode. In Fig. A.9 we have displayed the False Positive detection and in Fig. A.10 we
have displayed the True Negative detections.
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(c) (d)

Figure A.8: TableDet correctly classifies these Table images from the ICDAR
2013 test set (a) and ICDAR 2017 test set (b) as Table images (True Positive)
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(a) (b)

Figure A.9: TableDet incorrectly classifies these Non-Table images from the
Lytica test set as Table images (False Positive)
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(c) (d)

Figure A.10: TableDet correctly classifies these Non-Table images from the IC-
DAR 2013 test set (a) and ICDAR 2017 test set (b) as Non-Table images (True
Negative)
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A.3 Table Structure Detection Results

We propose TableStrDet, a deep learning solution to address the task of table structure
detection in table images of datasheet (document) images. The TableStrDet model detects
regular rows and irregular rows along with regular columns and irregular columns in order
to capture the hierarchical layout of information in a table. Furthermore, as an additional
step we utilize the intersections of these detected objects to generate accurate cell locations
thus facilitating the next step in the text extraction pipeline; tabular text extraction. In
Section A.3.1 we describe the datasets utilized in this study in more detail. Furthermore,
we display the inference results of TableStrDet in Section A.3.2

A.3.1 Datasets

We utilize two datasets in this work to train the TableStrDet model to accurately detect
and classify the rows and columns of each table image. Both datasets are available publicly
and we ensured to utilize the same train and test splits in order for us to fairly compare
out table structure detection performances with state-of-the-art systems.

ICDAR 2013

The ICDAR 2013 dataset [68] contains 67 American and European Union documents.
There are a total of 238 pages combining all documents of the dataset which are converted
to images. In this work we only use the table regions of the full page images. Thus
we utilize only 156 tables provided by this dataset to train and test the table structure
detection methods. We maintain the same training and test split as Siddiqui et al. [56]
to train and evaluate our proposed method. As shown in Table 6.1, 125 tables of ICDAR
2013 dataset are used for training and 31 tables for testing. Each image in the dataset has
annotations for regular rows and regular columns. If a merged cell is present in the table
the annotations for irregular rows and irregular columns are also provided.

TabStructDB

The TabStructDB was developed by Siddiqui et al. [56] who utilized the ICDAR 2017
POD competition dataset [79] to extract a total of 1081 tables. We have maintained anno-
tations for regular rows and regular columns for each image of this dataset. Furthermore,
irregular rows and irregular columns annotations are provided for images where a merged
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cell is present. To fairly compare the table structure detection performance of our pro-
posed method with the state-of-the-art method we maintain the same training and test
split as Siddiqui et al. [56]. Thus, 731 tables and 350 tables from TabStructDB are used
for training and testing, respectively as shown in Table 6.1.

A.3.2 Results

We propose TableStrDet, a deep learning based approach to detect and classify rows
and columns in table images. Fig. A.11 (a), Fig. A.12 (a) and Fig. A.13 (a) are the input
to the TableStrDet model. As shown in Fig. A.11 (b) and Fig. A.11 (c) TableStrDet
can accurately detect and classify rows and columns on table images where line separators
exist between columns and not between rows. We denote the irregular columns and regular
columns in Fig. A.11 (b) in blue colour dotted line box and red colour line box respectively.
The detected irregular rows and regular rows in Fig. A.11 (c) are shown in blue colour
dotted line box and red colour line box respectively.

Furthermore in Fig. A.12 (b) and Fig. A.12 (c) we display the detection results on a
table image with some line separators in the row header while the rest of the table does not
have any line separators. We display the detected irregular columns and regular columns
in Fig. A.12 (b) with a blue colour dotted line box and red colour line box respectively.
The detected irregular rows and regular rows in Fig. A.12 (c) are shown in blue colour
dotted line box and red colour line box respectively.

Fig. A.13 (a) is an input image with line separators exist between all cells of the image.
Result of post-processing step where the intersections of detected irregular columns, regular
columns, irregular rows and regular rows are used to generate cell locations are shown in
Fig. A.11 (d), Fig. A.12 (d) and Fig. A.13 (d).
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(a)

(b) (c)

(d)

Figure A.11: TableStrDet inference results on sample images from TabStructDB
test set
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(a)

(b) (c)

(d)

Figure A.12: TableStrDet inference results on sample images from TabStructDB
test set
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(a)

(b) (c)

(d)

Figure A.13: TableStrDet inference results on sample images from ICDAR 2013
test set
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