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Annotation

This thesis introduces a innovative approach to automatically create annotated datasets in
which different table layouts are systematically generated along with corresponding ground
truth coordinates to enhance table detection in images. This thesis aims to implement the ex-
isting deep learning architecture (TableNet), renowned for its table detection capabilities, and
assess its performance on the established marmot dataset and our newly generated dataset
through Bitwise XOR and Intersection over Union (IOU) metrics. This novel dataset facilitates
enhanced evaluation of current state-of-the-art architectures and empowers the development
of more effective models through comprehensive training. This evaluation seeks to assess the
effectiveness of the proposed dataset generation method in improving the accuracy of table
detection using TableNet.
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Abstract

In the modern age, smartphones and scanners capture and share images of crucial documents,
often containing tables with vital data. However, manually extracting data from these tables
proves to be a cumbersome and inefficient process. To address this challenge, this thesis intro-
duces an innovative approach that focuses on the realm of data augmentation to enhance table
detection in document images. This approach focuses on creating a novel training data set in
which different table layouts are systematically generated along with corresponding ground
truth coordinates. Leveraging this augmented dataset paves the way for more robust and ac-
curate model development. This methodology not only expedites the process but also reduces
the overall effort required for dataset annotation. In conjunction with the data augmentation
strategy, our framework harnesses the capabilities of an existing end-to-end Deep learning ar-
chitecture that recognizes tabular sections in document images and performs end-to-end table
structure identification, significantly simplifying and accelerating the entire process, as it ef-
ficiently handles the interdependent tasks of table detection and structure identification. This
novel dataset allows for easy evaluation of existing state-of-the-art architectures and enables
the development of better-performing models through training on this extensive dataset. The
fusion of data augmentation techniques and deep learning paradigms paves the way for trans-
formative advancements in this field. As the demand for extracting accurate information from
document images continues to grow, and our methodology has the potential to revolutionize
and improve data analysis and document processing.
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1 Introduction

Smartphones and scanners are widely utilized in the current era to take photos of important
documents and transmit them on a frequent basis. An increasing number of people are ex-
changing their documents as smartphone images. Many of these documents have one or more
tables with a lot of information in them. Extracting this information from the image is a task
of the utmost importance because these tables frequently contain highly vital information [1].
The necessity to extract the information held in unstructured document images, such as insur-
ance claim forms, financial invoices, and retail receipts is growing increasingly urgent due to
the widespread usage of mobile phones and scanners to photograph and upload documents. In
the contemporary era, information extraction from these tables is done manually, which takes
a lot of time and effort and could be more efficient. Using two different models, previous ap-
proaches have attempted to handle the challenges of table detection and structure recognition
independently.

1.1 Motivation

In recent times, the application of Deep Learning models has achieved notable success in vari-
ous computer vision tasks. Nonetheless, the effectiveness of these models heavily relies on the
availability of extensive and carefully annotated datasets for training. Regrettably, the domain
of table detection has encountered a significant obstacle due to the scarcity of manually anno-
tated datasets, hindering the advancement of superior model performance.

To address this critical challenge, this study endeavors to propose an innovative solution
by creating a new training dataset tailored specifically for table detection. The primary objec-
tive is to facilitate the evaluation of existing state-of-the-art architectures associated with table
detection and empower the development of highly proficient models through training on this
extensive and meticulously annotated data.

The traditional manual annotation approach is laborious and time-consuming, requiring sub-
stantial efforts from experts. Our novel approach offers a more efficient alternative, alleviating
the burden of manual annotation by automating the process of generating annotated data. This
not only expedites the training process but also ensures a diverse and comprehensive dataset,
leading to a more robust and accurate model.

Table detection includes locating the picture pixel coordinates of the tabular sub-image,
whereas tabular structure identification entails identifying the individual rows and columns
of the identified Table. Our time and effort will be much reduced if we have a deep-learning
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model to complete this task. Therefore, having a system that is capable of recognizing tabu-
lar sections in a document image, using only the image as input, which also has end- to-end
functionality, detect the table structure (columns), and then automatically extract the textual
content from the tabular region will be of significant assistance. This will simplify the task and
speed it up significantly. It not only locates the Table in an image but also creates the Table’s
structure by segmenting the Table’s columns. In order to read the contents of the Table after
determining its structure from the image, one can utilize the Pytesseract OCR library.

Furthermore, to enhance the performance of table detection models, this thesis explores an
existing innovative end-to-end deep learning model that leverages the intrinsic relationship
between two crucial objectives: table detection and table structure identification. The inter-
connected nature of these tasks enables us to treat them as linked sub-problems, effectively
solved using a single neural network. Specifically, the model automatically segments the table
and column masks when tables are present in the input image, streamlining the process of ex-
tracting table contents using Optical Character Recognition (OCR) [2].

By harnessing the natural dependency between these tasks, our proposed approach not only
enhances accuracy but also demonstrates significant efficiency gains. The resulting model be-
comes relatively lightweight and less computationally intensive, making it an appealing option
for real-world applications where computational resources may be limited.

In summary;, this thesis aims to revolutionize table detection by introducing a novel process
for generating training data and capitalizing on the interdependence of table detection and
structure identification through an innovative end-to-end deep learning model. The combined
approach has the potential to elevate the performance of table detection models, paving the
way for various applications, including document processing, data extraction, and information
retrieval.

1.2 Qutline

This section outlines the organization of the chapters in this thesis. Chapter 2 discusses previ-
ous research that relates to our work in this thesis. Chapter 3 covers the background informa-
tion necessary for understanding the contents of this thesis, including Convolutional Networks
(3], VGG19 [4]], Object Detection [5} 6], Semantic Segmentation [7], Encoder and Decoder Ar-
chitecture [8]], and TableNet Architecture [9]. Chapter 4 provides details on the dataset used in
this thesis and the methodology for generating the novel training data. Chapter 5 describes the
implementation of generating annotated training data, the TableNet algorithm, and the evalu-
ation pipeline in this thesis. Chapter 6 presents a brief description of the evaluation Pipeline,
i.e., Intersection Over Union (IOU) and Bitwise XOR, and compares the results of our experi-
ments on this benchmark. Chapter 7 concludes the work in this thesis and suggests potential
directions for future research.



2 Related Work

Numerous publications have been dedicated to studying table comprehension, accompanied by
comprehensive surveys that provide descriptions and summaries of the current state-of-the-art
in this domain [[10} 11} 12, [13]]. Most of them reported table identification and data extraction
results separately [[14].

Before the era of deep learning, table identification was primarily based on heuristics or
metadata. TINTIN[I5] used structural information to identify tables and their component
fields. Cesarini et al.[16], 2002, was among the pioneers in applying machine learning tech-
niques to the table identification task. They presented hierarchical representations based on
the MXY tree, which was the first attempt to use machine learning techniques to detect tables.
Their method, known as Tabfinder, involved converting the document into an MXY tree view
and identifying blocks enclosed by horizontal or vertical lines. A deep search on these nodes
revealed potential table candidates.

T. Kasar et al.[17] focused on detecting intersecting horizontal and vertical lines as well as
low-level features using an SVM classifier to determine whether an image region belongs to a
table region. They developed a set of hand-crafted features that they used to train an SVM-based
classifier. Although this method eliminated the need for heuristics or user-defined parameters,
its application was limited because it was highly dependent on visible guidelines. Using unsu-
pervised learning of weak labels for each document line and linguistic information extracted
from the region.

Probabilistic graphical models were also used to examine the tables; Silva et al.[18] devel-
oped a joint probability distribution based on sequential observations of page views and hidden
row states (HMMs) that allowed possible table rows to be combined into full tables. Silva went
on to emphasize the importance of integrating probabilistic models and multiple approaches,
stressing their superiority over strict heuristics in his Ph.D. thesis [19]. Jing Fang et al.[20] be-
gan the discovery process by using the table header and analyzing its elements. Raskovich et
al.[21] attempted to detect borderless tables using whitespaces as a heuristic instead of content.
Fan and Kim[22]] successfully trained a set of generative and discriminative classifiers to detect
tables.

Compared to table detection, the field of table structure identification has received relatively
less attention in research. Among the early successful systems, Kieninger and Dengel[23] in-
troduced the T-RECS approach. This method is one of the first works which uses clustering of
some word segments and text overlap analysis within tables to extract table data. This method
initially groups words into columns by evaluating their horizontal overlaps and subsequently
divides them into cells based on the margin structure of the columns. Wang et al.[24] devised a
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seven-step process for table structure understanding, resembling the X-Y cut algorithm. Their
system utilizes probability optimization, with probabilities derived from measurements ob-
tained from a training corpus. Thus, their approach is data-driven. Considering the need for
adaptability to diverse input sources, Shigarov et al. [25] proposed a system that offers exten-
sive configuration options for algorithms, thresholds, and rule sets used in table decomposition.
Their approach heavily relies on PDF metadata, such as font and character bounding boxes, as
well as ad-hoc heuristics.

Recently, Hao et al.[26] presented one of the first methods that applied deep learning tech-
niques to table detection in PDF documents. Their approach included learned features, loose
heuristics, and metadata from underlying PDF documents. In contrast to machine learning-
based methods, Tran et al.[27] proposed a method that achieved competitive results in a widely
recognized 2013 in the ICDAR dataset [28]. They presented in [10] focuses on localization of
text components and extraction of text blocks. The height of each block of text is then compared
to the average height, and if it matches a set of rules, a region of interest (ROI) is identified as a
table. Their approach was based on regions of interest and the spatial arrangement of extracted
blocks of text. Notably, their method worked directly with document images. However, since
the authors did not disclose which 2013 used part of the ICDAR tabular data set for algorithm
development and analysis, a direct comparison with our results is not possible. This restriction
also applies to subsequent articles published by the same research group.

Recently, a method called DeepDeSRT[29] has been proposed, which uses deep learning for
both table detection and table structure recognition. This method focuses on determining the
locations of rows, columns, and cells in discovered tables. in 2013 DeepDeSRT achieved state-
of-the-art performance on the ICDAR tabletop competition dataset. In a subsequent study [30],
he combined deep convolutional neural networks, graph models, and key concepts to find ta-
bles and graphs in documents. Their technique was adapted to the extended 2013 version of
the ICDAR tabletop competition dataset and showed better performance compared to existing
models. Aswin et al. [31]] use formatting hints from semi-structured HTML tables to extract
data from web pages. In HTML tables, cells are already separated by tags. Singh et al.[32] use
object detection techniques to understand the layout of documents.
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3.1 Convolutional Neural Networks

Convolutional Neural Networks (CNN) [3] is a collection of two types of layers, i.e., Hidden
layers and the Classifer part. The Hidden layers consist of Convolutions, Pooling, Strides, and
Dropout layers. The main building block of CNN is the convolutional layer. The convolution
operation is applied to our image to encode our pixel data onto a smaller feature map. We have
a matrix called a convolution matrix which is also called a kernel. We place this kernel on our
actual data and perform an element-wise multiplication to get the convoluted value. We get
the entire feature map by shifting our kernel on our data. In Fig.|3.1|the filter is applied at the
top left corner of the input. After performing the element-wise multiplication, the output of
the convolution operation “4“ is stored in the feature map. Then we slide the filter based on
the stride value and perform the same operation and store these results in the feature map.

After we apply convolution to our data, we pass it through a pooling layer Fig. The
Pooling operation decreases the dimensionality of our data. It partitions our original grid into
sub-grids of the same size and takes one of the values in that sub-grid as the representative
of that sub-grid. That one value we choose from the sub-grid is the maximum value in that
sub-grid. We reduce the dimensionality of data without changing the meaning of the data very
much. We generally break our data into smaller sub-grids so that the maximum value is a good
representative of the whole sub-grid. This tells us the amount by which we shift our kernel on
our data grid during convolution. By default, this value is 1. If we want to reduce the overlap
between the fields, we can use bigger strides. By using larger strides, we can even reduce the
size of the feature map. During training, we randomly drop out some of the learning neurons
to prevent overfitting our training data.

The classifier part contains the flow of layers like flatten and fully connected, and these lay-

Filter/Kernel

FeatureMap

Input Input x Filter

Figure 3.1: Convolutional Operation
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Figure 3.2: Pooling Operation

ers use the features from the output of the convolution and pooling layers to classify the input
image based on the training data. After the convolution and pooling layers, the output is for-
warded to the flatten layer. The output from the pooling layer is of shape a 4D array. But a
fully connected layer takes the input of shape a 2D array. So to convert the 4D array to a 2D
array we use the flatten layer. It will reduce the three dimensions of an image into a single
dimension. Fully connected layers are also the main part of CNN. It will perform recognizing
and classifying tasks. The features of the images from the convolution and pooling layers are
passed as input to the fully connected layer, and it derives the final classification decision.

3.2 Object Detection

Object detection [, [6]] is a challenging problem in computer vision and has been the subject
of extensive research and development for many years. This task includes several steps. First,
the algorithm must identify potential regions of interest in the image and then need to clas-
sify those regions into specific object classes and draws a bounding box across their locations
Fig.[3.3] One of the key challenges in object detection is the presence of multiple objects of dif-
ferent sizes and orientations in the image. Object appearance, background clutter, and lighting
conditions vary widely, making it difficult for object detection algorithms to generalize well
across diverse scenarios.

The advent of deep learning, especially convolutional neural networks (CNNs), has greatly
improved the accuracy and robustness of object detection. Object detection algorithms based
on deep learning can learn hierarchical representations of objects directly from raw image data,
allowing them to recognize and use complex patterns and features. This makes them very ef-
fective when working with different object variants and background clutter. Common deep
learning-based object detection architectures include R-CNN [33], Fast R-CNN [34]], Faster R-
CNN [35], YOLO (You Only Look Once) [36], and SSD (Single Shot MultiBox Detector) [37].
Each of these models has its own characteristics, but they all strive to find a balance between
accuracy and speed.
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g Detection

Figure 3.3: Object Detection

Object recognition has many practical applications. In the context of autonomous vehicles
[38]], object detection is very important to identify pedestrians, other vehicles and obstacles on
the road and ensure safe navigation. In Surveillance systems to detect intruders and suspicious
activities [37]. Retailers can use object recognition to track inventory on shelves or identify
objects in warehouses to optimize logistics [39]. In Medical imaging to diagnose diseases [40]]
by identifying and analyzing specific structures and abnormalities.

3.3 VGG-19

The VGG19 [4] architecture was proposed by the Visual Geometry Group (VGG) at the Univer-
sity of Oxford in 2014. It is an extension of the VGG16 model, designed to investigate whether
increasing the depth of a convolutional neural network would improve its performance on
challenging visual recognition tasks. The main objective behind VGG19’s development was to
explore the relationship between model depth and accuracy, which was a crucial area of re-
search at that time.

VGG19, as the name suggests, comprises 19 layers, making it a relatively deep network com-
pared to its predecessors. The network’s architecture in Fig.[3.4]is characterized by its simplicity
and uniformity, with a consistent pattern of alternating convolutional layers followed by max-
pooling layers. The convolutional layers comprise small 3x3 filters, whereas the max-pooling
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Figure 3.4: VGG19 Architecture

layers use 2x2 pooling windows with a stride of 2. The application of these 3x3 filters period-
ically throughout the network enables VGG19 to learn rich hierarchical data derived from the
input images, contributing to its powerful representation abilities.

One of the notable aspects of VGG19 is that it avoids more complex techniques, such as us-
ing different filter sizes or introducing additional non-linearities between convolutional layers.
This simplicity and the exclusive use of 3x3 filters make the architecture more interpretable and
easier to analyze, providing valuable insights into the inner workings of deep neural networks.
The design choice of using 3x3 filters is motivated by several factors. Firstly, stacking multi-
ple 3x3 filters allows the network to learn complex patterns by gradually combining low-level
features into higher-level representations. This hierarchical learning approach helps VGG19
effectively capture and represent the spatial hierarchies present in the input images, which is
crucial for understanding complex visual scenes.

Secondly, using smaller filters reduces the number of parameters in the network compared to
larger filters. While it may initially seem counterintuitive, the consecutive application of 3x3
filters can be seen as an effective way to create a larger receptive field without significantly
increasing the model’s computational complexity. This design choice was especially advanta-
geous given the limited computational resources available when VGG19 was introduced. The
straightforward architecture of VGG19 has made it a highly accessible model for researchers
and practitioners to experiment with. The uniformity of its design simplifies the process of
modifying and adapting the architecture for various tasks and datasets. Additionally, VGG19
serves as a strong baseline for comparison when developing more complex architectures, al-
lowing researchers to gauge the incremental improvements offered by advanced techniques.
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However, VGG19’s depth also poses challenges, particularly in terms of computational re-
sources. The extensive number of layers results in a higher demand for memory and processing
power during training and inference. As a result, deploying VGG19 on resource-constrained
devices or real-time applications may be impractical. Despite this limitation, the impact of
VGG19 on the field of computer vision has been profound. It played a significant role in in-
spiring subsequent research in deeper architectures and transfer learning. The model’s ability
to extract rich features from images has made it a popular choice for transfer learning appli-
cations, where pre-trained VGG19 models are fine-tuned [41]] on specific tasks. This approach
allows researchers and developers to leverage the network’s learned features, saving time and
computational resources in new computer vision projects.

In conclusion, VGG19 is a remarkable convolutional neural network architecture that con-
tributed to the advancement of computer vision. Its simplicity, uniformity, and use of 3x3 con-
volutional filters have provided valuable insights into deep learning design principles. While
its computational demands may limit its practicality in some scenarios, VGG19’s impact on the
field continues to resonate through its influence on subsequent research and its wide applica-
tion in transfer learning.

3.4 Semantic Segmentation

Semantic segmentation [7] is a sophisticated task in the realm of computer vision, allowing
machines to comprehend images at a much more granular level compared to conventional
object detection methods. While object detection typically involves drawing bounding boxes
around objects, semantic segmentation takes it further by classifying each pixel in an image
into specific categories or classes. This provides detailed pixel-wise labeling, essentially assign-
ing meaningful labels to every pixel. This fine-grained analysis finds applications in numerous
domains. For instance, in autonomous driving, self-driving cars utilize semantic segmentation
to interpret their surroundings accurately. They can segment the road, pedestrians, other ve-
hicles, and various objects, enabling them to make informed decisions and navigate complex
road scenarios safely. From the Fig. we can observe that the model can segment the table,
depicting rows in red, columns in blue, and cell contents in green.

Semantic segmentation relies heavily on deep learning, with convolutional neural networks
(CNNs) being the favored choice. These models are trained on extensive datasets containing im-
ages with meticulously hand-labeled pixel-level annotations. During training, the model learns
to recognize patterns and features associated with different objects and regions, enabling it to
generalize and perform segmentation on unseen images.

Despite its advancements, semantic segmentation faces challenges. Achieving pixel-level
accuracy is not easy, especially in regions with ambiguous boundaries or overlapping objects.
Image noise, occlusions, and variations in lighting can also affect segmentation performance.
Additionally, smaller or heavily occluded objects pose difficulties in accurate segmentation.
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Figure 3.5: Semantic Segmentation

Researchers are actively working to address these challenges and improve segmentation mod-
els through various means. Advanced network architectures, novel loss functions, and effec-
tive data augmentation techniques have been proposed to enhance accuracy and robustness.
Transfer learning, where a pre-trained model is fine-tuned for specific tasks, has also proven
effective, particularly in scenarios with limited training data.

In conclusion, semantic segmentation is a critical and rapidly evolving aspect of computer
vision. Its ability to provide a detailed, pixel-wise understanding of images has numerous ap-
plications across diverse industries, transforming how machines interpret and interact with
visual data in the real world. As research progresses, the capabilities of semantic segmentation
are expected to continue expanding, making it an essential tool in the AI toolkit.

3.5 Encoder-Decoder

The encoder-decoder architecture [[8]] stands as a robust and widely embraced solution for han-
dling the intricate task of semantic segmentation in object detection. In this context, semantic
segmentation refers to the process of classifying each pixel in an image, assigning it to a spe-
cific category like an object or the background. This architecture comprises two fundamental
components: the encoder and the decoder. The encoder typically relies on a convolutional neu-
ral network (CNN) pretrained on a vast dataset like VGG, ResNet [42], or MobileNet [43]]. Its
primary function is to extract valuable and distinctive features from the input image. As the
image progresses through the convolutional layers, it captures diverse levels of visual details.

The deeper the encoder goes, the more abstract the features become, encompassing both

10
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Figure 3.6: Encoder Decoder Architecture

low-level characteristics such as edges and textures and high-level traits representing complex
shapes and patterns. This hierarchical representation allows the encoder to encode a com-
prehensive understanding of the image’s content. Following this, the encoder compresses the
high-dimensional feature maps into a bottleneck or latent space representation. This bottle-
neck condenses the feature maps, reducing the spatial dimensions while summarizing essen-
tial information from the original image. The latent space acts as a compact yet informative
representation essential for efficient computation in the subsequent decoder phase.

The decoder, in turn, takes this compressed representation and reconstructs a segmentation
map with the same spatial dimensions as the original input image. It achieves this through
techniques like transposed convolutions or interpolation, effectively restoring the fine-grained
spatial details lost during the encoder’s downsampling. To further enhance the segmentation
results and preserve intricate information, the decoder employs skip connections Fig.[3.6] These
connections link corresponding feature maps from the encoder to the decoder at varying spa-
tial scales. By doing so, the network benefits from both high-resolution, fine-grained details
from the encoder and upsampled feature maps from the decoder. This integration of multi-scale
features improves object boundary accuracy and segmentation quality.

Ultimately, the decoder generates a pixel-wise prediction map. Each pixel is classified into
distinct semantic categories, successfully identifying objects and their boundaries within the
image. This high-resolution prediction map provides a detailed understanding of the image’s
content, empowering diverse object detection tasks. The encoder-decoder architecture’s abil-
ity to capture intricate spatial relationships between objects, its hierarchical feature extraction,
and fine-grained reconstruction makes it an invaluable asset in the realm of computer vision.

11
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Its adaptability and accuracy contribute to continuous advancements in object detection capa-
bilities.

3.6 TableNet

In earlier approaches to deep learning, detecting tables and columns in documents was treated
as two separate problems. When all columns were known beforehand, identifying the table
region was straightforward. However, independently searching for columns in a document re-
sulted in many false positives due to their vertical alignment of words or numerical blocks. To
enhance column detection, leveraging the knowledge of the tabular region proved beneficial,
as tables and columns share common regions. Convolution filters were utilized to detect tables
and further reinforced by column-detecting filters, leading to improved model performance.

The TableNet model [9]], employing an encoder-decoder model for semantic segmentation,
capitalized on this insight. This model employs the same encoder for both table and column de-
tection tasks, while separate decoders are used for each task. The encoding layers used ground
truth values for both tables and columns during training, resulting in two distinct computa-
tional graphs for training. Input images were converted to RGB format, resized to 1024x1024
resolution, and fed into the model. The model generated output masks with binary target pixel
values, indicating whether each pixel belonged to the table, column, or background region.

Detecting tables in documents is akin to recognizing objects in real-world images. A pixel-
wise approach was adopted for table and column region anticipation, similar to semantic seg-
mentation advancements. The FCN architecture, initially proposed by Long et al. [44], ex-
hibited remarkable accuracy in semantic segmentation through pixel-wise prediction using
encoder-decoder network structures. The skip-pooling technique combined low-resolution fea-
ture maps from the decoder network with high-resolution features from encoder networks.

The TableNet architecture Fig. comprises a base network, two decoder branches, and
a rule-based row extraction module. Pre-trained VGG-19 features were used to initialize the
base network for extracting high-level features from input images. Common encoder layers
were derived from VGG19’s convl1 to pool5, shared by both table and column graphs. After
pool5, two (1x1) convolutional layers were introduced, each followed by ReLU activation and a
dropout layer (dropout probability of 0.8). Subsequently, two decoder branches were appended,
one for table region segmentation and the other for column region segmentation within a table
region.

In the table branch, an additional (1x1) convolution layer (conv7 table) was employed, fol-
lowed by fractionally-strided convolution layers for image upscaling. The output of the conv7
table was up-scaled and integrated with the pool4 pooling layer. Likewise, in the column de-
tection branch, an extra convolution layer (conv7 column) with ReLU activation and a dropout
layer (same dropout probability) were added. The feature maps were up-sampled using fractionally-

12
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Figure 3.7: TableNet Architecture 9]

strided convolutions, followed by a (1x1) convolution (conv8 column) layer. These up-sampled
feature maps were combined with the pool4 pooling layer and further up-sampled while main-
taining the same dimension with the pool3 pooling layer. Finally, the feature map was up-scaled
to match the original image.

Both branches used multiple (1x1) convolution layers before employing transposed layers to
reduce feature map dimension, which improved pixel class prediction. The output layers (from
the encoder network) had channels corresponding to the number of classes, with the highest
probability channel assigned to corresponding pixels. These output layers were subsequently
up-sampled. As a result, the two branches of computational graphs produced masks for table
and column regions, enabling effective detection in the semantic segmentation process. This
approach shows promising results for table and column detection tasks in documents.
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4 Methodology

In this chapter, we discuss the existing Marmot dataset and the methods to augment the data
for generating novel training data, along with its respective annotations.

4.1 Dataset

The Marmot dataset has gained wide acceptance in the field of tabular survey evaluation due
to its large and diverse content. It was introduced as a large-scale dataset with multiple docu-
ment images, making it suitable for evaluating the performance of table detection algorithms in
real-world situations. This dataset [45] was proposed by the Institute of Computer Science and
Technology (Peking University) and afterward developed by Fang et al. [46]. A ratio of almost
1:1 exists between the positive and negative samples in the collection. The Citeseer website was
crawled for the English pages. The pages display a wide range of page layouts and table styles.
Over 1500 conference and journal papers from various sectors that date from the year 1970 to
the year 2011 publications were crawled among them. The English pages are a combination of
one-column and two-column layouts, while the e-Book pages are predominantly one-column
layouts.

The main strength of the Marmot dataset is its large diversity. Covers many document types
within the English language, such as research papers, financial statements, forms, and invoices.
This diversity empowers algorithms trained on the dataset to effectively process tables across a
wide spectrum of document formats encountered in real-world scenarios. Also worth noting is
the realistic nature of the dataset, as it contains images of authentic documents that represent
the complexities and challenges of real documents. This matter-of-factness is very important
since table detection models must cope with complicated textures, varying font sizes, occlu-
sions, and background noise, all of which commonly occur in real documents.

The Marmot dataset comprises images in .bmp format, and the corresponding annotations
for these images are provided in .xml format, as illustrated in the Fig. 4.1 and Fig. The
document pictures are saved in the .bmp format, and the associated XML files provide the co-
ordinates of the tables in the accompanying images. These XML files are processed to retrieve
ground-truth annotations, providing accurate bounding box information for each table area.
Researchers can use this baseline data to quantify the performance of their table detection
models.

The Marmot dataset offers a variety of table styles, including simple and complex tables with
nested cells, nested tables, and irregular layouts. This variety accurately reflects the variety of
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4 Methodology

Figure 4.1: Sample images from MARMOT dataset and its respective ground truth coordinates

tables in various documents. By revealing patterns for various table structures, the dataset en-
courages the development of algorithms that can efficiently handle tables of different sizes. In
addition, the dataset contains ground-truth annotations, where each image in the document
is manually annotated with precise bounding boxes around the table regions. These precise
annotations are the gold standard for evaluating the performance of table tracking models. Re-
searchers can comprehensively and objectively evaluate their algorithms by comparing model
predictions to the ground truth.

However, it is essential to acknowledge the limitations of the data set. One drawback is
the limited display of certain domains or rare table styles. Therefore, the performance of the
model in these less common structures cannot be properly evaluated. Also, manual annotation
can add a degree of subjectivity. While an effort is made to maintain consistency throughout
the annotation, individual commentators may interpret the boundaries of the table slightly
differently, resulting in minor differences. These variations in the ground truth can affect the
evaluation results and introduce potential biases in the evaluation algorithms.
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Table 2—Labor farce participation cd ages 15 64

1 <annotation>
2 folder-MARMOT_ANNOTAT ION</ folder>
3 filename=10.1.1.1.2014_4.bmp</f1lename
4 <path>/home/monika/Desktop/ MARMOT_AKNOTATION/10.1.1.1.2014_4 bmp</path>
5 <source
6 <database:Unknown=/database:
7 </seurce
8 size-
9 width-816</width
10 height-1056</height
" deprhi</depths
12 </size>
13 segmented-0</segmented
12 objects
<name > column</name>

27 name - column</name:
28 pose-Unspecifieds/poses
29 truncated-0</ truncated
30 difficult-0</difficult
31 <brdbox=

32 Xmin-181</xmin

33 ymin-263</ymin

34 <xmax>375</ xmax>

35 ymax-689</ ymax

36 Bndbox:

37 /object

38 </annotation

Figure 4.2: Sample images from MARMOT dataset and its respective ground truth coordinates

Also, despite its large scale, the Marmot dataset may still contain examples of certain table
styles. One of the significant challenges for the model’s inability to generalize the sparse or
specialized tables effectively is needing more training samples. The document’s image qual-
ity may vary across datasets. In the varying imaging conditions, the performance of the table
detection algorithms suffers due to the presence of scan artifacts, resolution discrepancies, or
noise. The Marmot dataset is still a useful resource for assessing table detection algorithms.
Its large-scale, diverse, and realistic content, along with the ground-truth annotations, making
it a valuable benchmark for evaluating the table detection model’s performance. Despite its
drawbacks, such as limited domain representation and potential annotation subjectivity, the
dataset continues to be reliable in developing accurate table detection algorithms.

17



4 Methodology

No. of rows

Datatypes

Table style

Tables T Training

Generation Data

conversion

Figure 4.3: Workflow for generation of training data

4.2 Novel Training Data

The Marmot dataset is widely recognized as an important benchmark for evaluating table
recognition algorithms in real-world situations. However, the manual annotation process for
this dataset has the significant drawback of being time and resource intensive. A new novel
training approach was introduced to overcome this limitation and facilitate the creation of
more effective table detection models. The purpose of this innovative approach is to generate
a wide range of training data automatically.

The crux of this novel approach lies in the autogeneration of training data, where tables are
surrounded by text, and arbitrary data fills the table cells. Additionally, precise coordinates for
the table regions are provided, facilitating accurate ground truth annotations. The workflow
for generating novel training data is illustrated in Fig. Generating this novel data harnesses
the capabilities of LaTeX, a typesetting system often employed in document preparation. By
utilizing LaTeX, images with tables surrounded by text are produced, mirroring the layout of
real documents. To enhance the realism of the generated data, the well-known Lorem Ipsum
package from LaTeX is employed to generate random text around the tables. This approach
simulates the natural context in which tables typically appear within documents or journals,
adding valuable diversity to the dataset. The LaTeX output, conveniently provided in PDF for-
mat, is then processed using pdf_to_images module to yield the desired images for training
the table detection models.

The novelty of this data generation process lies in the focus on six distinct styles of tables,
as shown in Fig. each with its unique characteristics. These styles encompass tables with
dashed lines, tables without vertical borders, tables featuring colored headers, tables devoid of
top, mid, and bottom rules, tables following the booktabs style, and finally, data with no tables
at all. Each autogenerated table is filled with arbitrary data, offering an array of table styles to
enrich the dataset.

This method provides a high degree of freedom in generating various table data and allows
users extensive control over multiple parameters to create tables tailored to their specific needs.
The key parameters that the user can manipulate include the number of rows, the number of
columns, the datatypes, and the style of the tables. The number of rows and columns can be
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Headerl Header2 Header3 Header4
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Table 1: Example Table

Figure 4.4: Tables with different styles: dashed lines, without vertical borders, colored headers,
devoid of top, mid, and bottom rules, and booktabs

specified as integer values, giving users the flexibility to define the size of the table according
to their needs. This method limits these parameters so that only integer values are accepted
to preserve data integrity. Users also have the freedom to determine the data types that pop-
ulate the table. The Available options, such as integer, float, text, and email, give users the
flexibility to simulate different data scenarios. Specific scopes and properties for each data
type, such as a random 5-character lowercase text sequence for text and a 17-character low-
ercase email string for email, contribute to the reliability and diversity of the data generated.
We generate random text wrapped by the table using the Lorem Ipsum package. The table
is positioned at a random location based on the alignment of the random text generated by
the Lorem Ipsum package. This random text is wrapped around the table using the wrapfig
package. Additionally, this method provides a selection of formatting styles that the user can
select to customize the appearance of the generated table. The freedom to choose from table
styles such as no_vertical lines, dashed_lines, colored_headers, no_top_mid_bottom_rules, and
booktabs allows users to customize the appearance of the table to the intended use case.

The automated generation of data overcomes the laborious process of manual annotation,
saving considerable time and effort for researchers. By efficiently generating diverse and re-
alistic table layouts, this novel approach facilitates a more comprehensive evaluation of table
detection algorithms. Moreover, as the Marmot dataset itself comprises a limited number of
images, this approach significantly augments the dataset, substantially increasing the pool of
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training examples available. The expanded dataset enhances the training process, enabling
models to be trained on a more extensive and diverse set of data. As a result, the trained mod-
els exhibit improved detection performance and greater generalization abilities. By leveraging
this novel data for training, researchers can further develop robust table detection algorithms
that excel in detecting various table structures encountered in real-world documents.

The diversity introduced by the autogenerated data promotes versatility in table detection
models. The exposure to multiple table styles enables models to adapt to a wide range of ta-
ble representations, a crucial factor in ensuring real-world applicability. Through this diverse
dataset, researchers can gain deeper insights into the strengths and weaknesses of their table
detection algorithms, facilitating iterative improvements. The novel approach of autogener-
ating data for table detection using the Marmot dataset fills a significant gap in the realm of
document analysis. By automating data generation and expanding the dataset, this approach
accelerates the progress of table detection research. The wide variety of table styles incorpo-
rated in the generated data enhances the adaptability of models, leading to improved detection
results and fostering advancements in the domain of table detection and document analysis.
With this novel approach, researchers are empowered to develop more robust and versatile
table detection algorithms that hold immense potential for practical applications.

4.3 Generating Co-ordinates of the Table

Generating precise coordinates for the tables present in the images is an indispensable step
in the evaluation process of table detection algorithms, particularly in the context of utiliz-
ing novel training data. Accurate ground truth values of the table’s locations are essential for
thorough and reliable performance assessment. To achieve this, generating two distinct types
of images for each table instance is initiated. The first type consists of the table surrounded
by relevant text, simulating the context in which tables often appear within real documents.
The second type comprises images with only the table itself, omitting any surrounding text or
extraneous page elements, which is achieved by replacing the text with a white color.

Subsequently, the focus narrows down to the images featuring only the table. The goal is to
precisely determine the table’s exact location within the image and outline its boundaries with
utmost accuracy. This localization process involves analyzing the distribution of black pixels
within the table. These black pixels essentially form the table’s structural outline, enabling a
delineation of its shape. By meticulously examining the spatial distribution of these pixels, the
exact coordinates of the table’s starting position (min,, min,) where the black pixels begin,
i.e., upper leftmost black pixel and ending position (max,, maz,) where the black pixels end,
i.e,, lower right-most black pixel as shown in Fig. [4.5|are derived which describe the bounding
box of the table. These coordinates serve as the ground truth values, providing an indisputable
reference for the subsequent evaluation of the table detection algorithms.

Through this rigorous approach, the generated training data becomes enriched with highly
accurate ground truth values for each table. This accuracy ensures that the algorithms are thor-
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(min_x, min_y)

(max_x, max_y)

Figure 4.5: Determining Coordinates of the autogenrated Novel Data

oughly assessed in detecting tables with precision, even in the presence of complex document
layouts and diverse table structures. Consequently, researchers gain valuable insights into the
algorithms’ efficacy and adaptability across various real-world scenarios. Moreover, the pre-
cise ground truth values act as a solid foundation for training the table detection models. The
models perform with exceptional accuracy and robustness by making use of this refined and
comprehensive dataset. Hence the development of more advanced and versatile table detection
algorithms is encouraged, which directly enables practical applications in diverse fields such
as retrieval of information, data extraction, and document analysis.

The value and reliability of the novel training data are enhanced through the meticulous
generation of accurate coordinates for the tables present in the images. Combining accurate
ground truth values and diverse table styles facilitates a more thorough evaluation of table
detection algorithms. Ultimately, this approach empowers researchers to push the boundaries
of table detection capabilities, unlocking the potential for advancements in document analysis
and contributing to the broader landscape of artificial intelligence research.

In this chapter, we have examined the advantages and disadvantages of the Marmot dataset.
Manual data annotation requires significant time and effort. We opted to generate a novel
training dataset. This dataset generates tables with various styles based on input parameters
such as the number of rows, columns, data types, and table styles. The tables are populated
with arbitrary data and wrapped by text to replicate the structure of the Marmot training data.
We utilized LaTeX and the Lorem Ipsum package for data augmentation purposes. For the
generated images, the ground truth coordinates were calculated by analyzing similar images
without text. The upper-leftmost black pixel in that image determined (min,, min,), while
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the lower-rightmost black pixel determined (max,, max,). Utilizing these coordinates, table
masks were generated for the novel training data. These masks enable the training of models
for table detection tasks and facilitate the evaluation of state-of-the-art architectures using the
autogenerated novel training data.
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In the implementation section, we devised a unique approach to generate diverse training data
by incorporating various table styles based on user input. We then determined the ground truth
coordinates for this novel training data. Subsequently, the model underwent training using the
Marmot dataset, comprising annotated images with bounding boxes marking the tables. Post-
processing techniques, including noise removal, were then applied to enhance the quality of
predicted images. For evaluating the model’s performance, we employed the Intersection over
Union (IoU) [47, 48,35, [36]] and Bitwise XOR metrics to gauge the accuracy of predicted table
regions against ground truth annotations. To achieve precise and robust table detection results,
we conducted extensive fine-tuning and hyperparameter optimization.

5.1 Architecture

The architecture of the proposed system encompasses several crucial steps, each contributing to
the generation of tables, preprocessing the Marmot dataset, and evaluating TableNet Architec-
ture on the autogenerated novel training dataset. The initial phase involves preprocessing the
Marmot dataset [45]] as it comes with XML annotations. We utilize data_preprocessing
module to generate accurate ground truth annotations for column and table masks in the Mar-
mot dataset. In this architecture Fig. the number of rows, columns, data types, and table
styles are passed to the tables_generation module. This module uses LaTeX to gener-
ate various PDF images simulating tables that appear in scientific documents and journals. The
tables are populated with arbitrary data based on the input parameters provided. These tables
are surrounded by text to mimic the appearance of tables in Scientific papers and journals. This
is achieved by utilizing the 'Lorem Ipsum’ package. These PDF files are processed into images
using the pdf_to_images module.

To avoid the time-consuming task of manually annotating the autogenerated images, the
generating ground_truth_coordinates module is employed to generate ground
truth coordinates. These autogenerated novel images can be used to train or test a TableNet
model via the tablenet or predict module. Denoising techniques such as Gaussian blur
and thresholding are applied to improve the accuracy of the prediction mask. This step ensures
that the resulting table masks are evaluated accurately. After noise removal, the evaluation
_pipeline module comes into play. This module uses Intersection over Union (IOU) and Bit-
wise XOR as performance metrics. IOU [47, [48] [35] 36] measures the area of overlap between
the ground truth and the predicted mask, and Bitwise XOR compares pixel-level differences
between the two. Bitwise XOR is advantageous because it compares each pixel and computes
the error rate, giving the percentage of pixels that were mispredicted.
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Figure 5.1: Architecture

5.2 Tables_Generation

The tables_generation module plays a pivotal role in facilitating the generation of var-
ious types of images that closely resemble tables typically found in journals or scientific doc-
uments. By harnessing the power of LaTeX, this versatile module opens up a world of pos-
sibilities for users in the field of table detection. With the tables_generation module,
users gain complete control over the characteristics of the generated table images. Inputting
desired row and column numbers enables them to tailor the table’s dimensions to align pre-
cisely with their specific requirements. Moreover, the module grants the ability to specify data
types for each column, encompassing integers, floats, text, and email formats. Leveraging this
information, the module infuses the tables with arbitrary data, resulting in a wide range of
table representations that mimic real-world scenarios.

This module takes the number of rows and columns, data types, and table styles as input.
The number of rows and columns is given as integers. Data types can be provided as a list,
including options such as integer, float, text, and email, based on the user’s choice. Arbitrary
data is filled into the generated tables depending on these data types. Random integer and float
values are generated within the range of 1 to 1000. Random text is generated as the content
of table cells, with a length of 5 characters, and similarly, random email addresses are created
with a length of 17 characters. Based on this random arbitrary data and the desired style of the
table, tables are generated using LaTeX. We generate random text wrapped by the table using
the Lorem Ipsum package. The table is positioned at a random location based on the align-
ment of the random text generated by the Lorem Ipsum package. This random text is wrapped
around the table using the wrapfig package [49]. We have utilized the wraptable environment
from the wrapfig package, which takes two parameters. The first parameter specifies the align-
ment, which can be l, 1, ¢, i, or o for left, right, center, inner, and outer, respectively. The second
parameter is the width of the table container.

In addition to customizable table content, one can select from various table styles when us-
ing the tables_generation module. Whether they require tables with “dashed_lines”,

»  » » »

“no_vertical lines”, “colored_headers”, "no_horizontal lines”, or "booktabs” style, this module
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can effortlessly produce tables that closely resemble those found in Journals or scientific pub-
lications. However, what truly sets the tables_generation module apart is its ability to
create realistic table images that appear embedded in context, just like they are often presented
in journals or scientific articles. This is achieved by leveraging the renowned "Lorem Ipsum”
package from LaTeX, which automatically generates random and coherent text surrounding
the tables as illustrated in Fig. As a result, the tables are seamlessly integrated into the
generated context, adding an element of authenticity to the images.

A key aspect that enhances the utility of the tables_generation module is its capa-
bility to generate two different images for each input. One image showcases the table with the
context wrapped around it as depicted in Fig. In contrast, the other image solely displays
the table itself without a title of the table and page number, as depicted in Fig. This duality
is crucial in accurately determining the ground truth coordinates of the table within the image.
By providing this valuable information, one can fine-tune their table detection models and as-
sess their performance more precisely. The profound impact of the tables_generation
module extends far beyond its capacity to produce realistic and diverse training data. Through
harnessing this potent tool, users surmount the constraints imposed by existing small-scale
datasets like Marmot [45] and ICDAR [50], which often stifle the progress of table detection
research. With an augmented pool of training data at their disposal, users can effectively evalu-
ate a plethora of state-of-the-art table detection architectures, instigating advancements in the
field and empowering the development of more precise and resilient table detection models.
In conclusion, the tables_generation module emerges as a crucial asset in the quest to
advance table detection. Its versatility, coupled with the customization options it offers, em-
powers users to explore new possibilities and enhance their understanding of table detection
algorithms. By generating realistic and context-rich table images, this module paves the way
for more efficient and accurate table detection methods, contributing to the broader landscape
of document analysis and information extraction.

5.3 Data _Preprocessing For MARMOT Dataset

The Marmot dataset [45] contains images in .bmp format along with annotations of the tables
present in each image in .xml format. To train the TableNet [9] model, we need to preprocess
these XML files and generate the corresponding table and column masks for each image. The
XML files contain vital information about the bounding box coordinates of individual columns
within an image dataset. By parsing these XML files, one needs to extract the width and height
of the images, providing essential dimensions for further processing. Subsequently, we initial-
ize two grayscale image arrays, one for column masks and the other for table masks. These
arrays are set to zeros, preparing them to act as filters to highlight specific regions of interest
within the images.

The core part of this module lies in the iteration through each column entry in the XML
file. For each column, the bounding box coordinates (xmin, ymin, xmax, ymax) are extracted,
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Lorem ipsum dolor sit amet, consectetuer adipiscing elit. Ut purus elit, ves
bulum ut, placerat ac, adipiscing vitae, felis. Curabitur dictum gravida maur;
Nam arcu libero, nonummy eget, consectetuer id, vulputate a, magna. Donec
vehicula augue eu neque. Pellentesque habitant morbi tristique senectus et ne-

tus et malesuada fames ac turpis egestas. Mauris ut leo. Cras viverra metus
rhoncus sem. Nulla et lectus vestibulum urna fringilla ultrices. Phasellus eu tel-
lus sit amet tortor gravida placerat. Integer sapien est, iaculis in, pretium qu
viverra ac, nunc. Praesent eget sem vel leo ultrices bibendum. Aenean faucibus.
Morbi dolor nulla, malesuada eu, pulvinar at, mollis ac, nulla. Curabitur auctor
semper nulla. Donec varius orci eget risus. Duis nibh mi, congue eu, accumsan
eleifend, sagittis quis, diam. Duis eget orci sit amet orci dignissim rutrum.
Nam dui li-
gula, frin-

A . Headerl Header2 Header3 Header4

gilla a, eui-

smod soda- 82 12.02 xihhe xdvxr@example.com
les, sollici- 12 59.46 bacgh qtarg@example.com
tudin vel, wisi. 92 65.34 rnhos izayz@example.com
Morbi auc- 21 70.12 kiegy kdemd@example.com
tor lorem non 46 84.9 tizbx ordmc@example.com
justo. Nam

lacus libero, Table 1: Example Table

pretium at,

lobortis vitae, ultricies et, tellus. Donec aliquet, tortor sed accumsan biben-
dum, erat ligula aliquet magna, vitae ornare odio metus a mi. Morbi ac orci
et nisl hendrerit mollis. Suspendi Cras nec ante. Pellentesque a
nulla. Cum sociis natoque penat; is parturient montes, nascetur
ridiculus mus. Aliquam tincidunt urna. Nulla ullamcorper vestibulum turpis.
Pellentesque cursus luctus mauris.

Nulla malesuada porttitor diam. Donec felis erat, congue non, volutpat at,
tincidunt tristique, libero. Vivamus viverra fermentum felis. Donec nonummy
pellentesque ante. Phasellus adipiscing semper elit. Proin fermentum massa
ac quam. Sed diam turpis, molestie vitae, placerat a, molestie nec, leo. Mae-

cenas lacinia. Nam ipsum ligula, eleifend at, accumsan nec, suscipit a, ipsum.
Morbi blandit ligula feugiat magna. Nunc eleifend consequat lorem. Sed lacinia
nulla vitae enim. Pellentesque tincidunt purus vel magna. Integer non enim.
Praesent euismod nunc eu purus. Donec bibendum quam in tellus. Nullam cur-
sus pulvinar lectus. Donec et mi. Nam vulputate metus eu enim. Vestibulum
pellentesque felis eu massa.

Quisque ullamcorper pla

rat ipsum. Cras nibh. Morbi vel justo vitae lacus
tincidunt ultrices. Lorem ipsum dolor sit amet, consectetuer adipiscing elit. In
hac habitasse platea dictumst. Integer tempus convallis augue. Etiam facilis
Nunc elementum fermentum wisi. Aenean placerat. Ut imperdiet, enim sed

gravida sollicitudin, felis odio placerat quam, ac pulvinar elit purus eget enim.
Nunc vitae tortor. Proin tempus nibh sit amet nisl. Vivamus quis tortor vitae
risus porta vehicula.

Figure 5.2: Table in Booktabs style surrounded by text

26



5.4 Generating_Ground_Truth_Coordinates

tizbx.

Tuble 1: Exaumple Table

Figure 5.3: Table surrounded by text Figure 5.4: Table not suurounded by text

and the corresponding pixels in the column mask are set to 255, turning them white to mark
the region encompassing each column. In addition to column segmentation, this module in-
telligently determines if the columns belong to the same table. To achieve this, it analyzes the
vertical distance between the bounding boxes of adjacent columns. If two columns are deemed
to belong to the same table, the table mask is updated to highlight the region encompassing
these columns. This process continues for all columns in the XML file until all relevant regions
are effectively marked and extracted in both the column and table masks. Once the iteration is
complete, the final column and table masks are saved as JPEG images in separate directories.

5.4 Generating_Ground_Truth_Coordinates

In the context of table detection, the tables_generation module produces images that
exclusively feature the tables without any accompanying surrounding text. We employ a se-
ries of image processing techniques to conduct a thorough analysis of these images and pre-
cisely identify the table’s location. Initially, we transform the output image from the tables
_generation module into a binary representation. This conversion simplifies the image to
a single channel, where the table and its contents are rendered in black while the background
appears white. This binary representation provides a clear distinction between the table region
and the rest of the image, laying the foundation for subsequent steps.
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Next, the process of pinpointing the precise coordinates of the table within the binary image
unfolds. By identifying the pixels that are not equal to 255, we effectively isolate the black
pixels, which represent the table and its contents. Leveraging the numpy function “np.min()”,
we effortlessly locate the starting coordinates where the black pixels initiate, unveiling the
exact position where the table commences within the image. Similarly, through the use of
“np.max()”, we determine the ending coordinates where the black pixels terminate, marking
the point where the table concludes. With the minimum and maximum coordinates now avail-
able, we proceed to define the bounding box that encapsulates the entire table region. This
bounding box effectively outlines the spatial extent of the table within the image, acting as a
fundamental reference for subsequent processing steps.

Subsequently, the “cv2.rectangle()” function comes into play, enabling the creation of a bi-
nary mask based on the bounding box coordinates. Within this binary mask, pixels that fall
inside the bounding box are assigned a value of 255, representing the color white. In contrast,
pixels located outside the bounding box are assigned a value of 0, representing the color black.
This binary mask serves as a powerful tool, as it accurately isolates and highlights the region
of interest while effectively suppressing all other parts of the image. In the final stage of the
process, the binary mask is converted into a PIL image using the "Image.fromarray()” function.
This conversion facilitates easy visualization and further manipulation of the binary mask us-
ing the capabilities provided by the Python Imaging Library (PIL). By meticulously following
this process, we successfully generate a binary mask that precisely delineates the table’s lo-
cation within the original image. This vital step in isolating the table region holds significant
importance, as it sets the stage for subsequent tasks such as table detection, segmentation, or
any further in-depth analysis. Armed with this enhanced understanding of the table’s structure
and content, we pave the way for developing of advanced and highly effective table detection
methodologies, thereby advancing the state-of-the-art in document analysis and information
extraction.

5.5 TableNet

This module implements a TableNet [9] model using TensorFlow, a popular deep-learning
framework for building and training neural networks. TableNet is a state-of-the-art model
designed for table and column segmentation in grayscale images. The model is trained on a
Marmot dataset consisting of XML files with bounding box annotations for tables and columns.
Before training the model, the dataset is preprocessed to prepare the images and correspond-
ing masks. The images are normalized to a range between 0 and 1 by dividing the pixel val-
ues by 255, making them suitable for training. For decoding and resizing the images and
masks to the required dimensions of 256 x 256 pixels and 1024 x 1024 pixels, this module
makes use of TensorFlow functions such as “tf.image.decode_bmp()”, "tf.image.decode_jpeg()”,
“tf.image.decode_png()” and “tf.image.resize()”. This ensures that the network’s input size is
uniform.

s »

We utilized the "tf.image.decode_bmp()” function from TensorFlow’s "tf.image” module that
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decodes a BMP image from a string tensor. It takes a binary version of a BMP image and
returns a decoded image in tensor form. This image is stored as a 3D array with size dimen-
sions like height, width, and color depth. For instance, RGB images have a color depth of 3,
while grayscale images have a depth of 1. The result’s data type is typically “tf.uint8”. similar
to “tf.image.decode _bmp()” function, tf.image.decode_jpeg()” is another function in Tensor-
Flow that decodes JPEG images from a tensor containing JPEG-formatted data. The output is
a tensor holding the decoded image. The tensor is a multi-dimensional array with a shape of
[height, width, depth], where depth represents the number of color channels in the image. The
tf.image.decode_png() function plays an important role in our processing pipeline because it
allows us to convert PNG encoded images into a format suitable for TensorFlow operations.
This function takes a PNG image file in compressed form and decodes it, and transforms it into
a tensor with pixel values and color channels, which can be further manipulated and used as
input for various deep-learning models.

The architecture of the TableNet [9] model is based on a pre-trained VGG-19 [4] base, a well-
known convolutional neural network (CNN) model. The VGG-19 base is employed as a feature
extractor, which helps capture high-level features from the input images. An RGB image with
an input resolution of 1024 x 1024 or 256 x 256 is passed as input to TableNet. The Marmot
dataset is divided into 90% for training and 10% for the test dataset. The model then branches
into two decoder paths for table and column segmentation. These decoder paths consist of
convolutional layers and upsampling layers to upscale the feature maps, combined with inter-
mediate feature maps from the VGG-19 base using concatenation.

The model is trained to minimize the segmentation error using a custom loss function. The
loss function is defined as Sparse Categorical Crossentropy, which is commonly used in multi-
class segmentation tasks like this one. The code employs this loss function separately for both
table and column outputs, allowing the model to learn to accurately segment these structures.
During training, the model uses the Adam optimizer [51]], a popular choice for deep learning
tasks, with a learning rate of 0.0001 and epsilon value of 1e-08. The Adam optimizer efficiently
adjusts the model’s weights to minimize the loss function and improve segmentation accuracy.

To monitor the training progress and prevent overfitting, the code includes several callbacks.
The DisplayCallback class is used to visualize model predictions on sample images after each
epoch, allowing easy assessment of segmentation performance. Additionally, the ModelCheck-
point and EarlyStopping callbacks are employed to save the best model checkpoints based on
validation loss and implement early stopping if validation loss stops improving.

In summary, this module effectively implements the TableNet model using TensorFlow,
training it on a Marmot dataset for table and column segmentation in grayscale images. Ten-
sorFlow functions such as ”tf.image.decode_bmp” and "tf.image.resize” are utilized for image
preprocessing. The model is constructed with a VGG-19 base and custom decoder paths, and
it is trained with the Adam optimizer using Sparse Categorical Crossentropy as the loss func-
tion. The training process is monitored with callbacks, providing insights into the model’s
performance and ensuring optimal segmentation results.
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5.6 Predict

This module implements a prediction pipeline using TensorFlow to predict table and column
masks on a collection of PNG images stored in a specified folder. Even though the Marmot
dataset [45] consists of input images in .bmp format, we choose to store the input images in
.png format instead of .jpeg and .bmp formats. This decision is based on the characteristics
of these formats. JPEG is a lossy compression format that sacrifices some image details to
achieve higher compression rates, making it suitable for photographs and images with gradi-
ents. On the other hand, BMP is an uncompressed format that retains all image data without
any compression, resulting in larger file sizes compared to compressed formats. Meanwhile,
PNG is a lossless compression format that preserves all image data without any loss of quality.
It employs techniques like ”deflate” compression to reduce file size while maintaining quality.
Consequently, we opt to save the input images in .png format to avoid introducing artifacts
and ensure image quality preservation. This choice allows us to strike a balance between file
size and image fidelity.

The pipeline makes use of a custom-trained TableNet model to segment tables and columns
in each input image. Firstly, this module defines the create_mask () function, which pro-
cesses the output predictions of the TableNet model to generate separate table and column
masks. Additionally, the show_predictions () function is provided to visualize the in-
put image along with its corresponding table and column masks. Both these functions play a
crucial role in the later stages of the pipeline.

The predict_mask () function is at the core of this pipeline. It processes all PNG im-
ages found in the specified folder, resizes them to the desired dimensions (256 x 256) or (1024
x 1024), such as the input size of the TableNet model, and then feeds each image into the
custom-trained TableNet model for prediction. The generated table and column masks for each
image are stored in separate lists, which are later returned by the function. To demonstrate the
pipeline’s functionality, a sample folder path to predict ”./dataset/test_data” and image dimen-
sions (256x256) are to be given as input to this function. This module takes these inputs, calls
the predict_mask () function, and retrieves the predictions. Finally, the display pre
-dictions () function is utilized to display all the input images along with their respec-
tive table and column masks. All in all, an end-to-end pipeline for the utilization of TableNet,
a custom-trained deep learning model that predicts the table and column masks for group of
PNG images is provided by this module. By providing images through this pipeline, the analy-
sis and visualization of the table and columns can be efficiently done by the users within their
dataset. This implementation helps users to manage the automatic segmentation of tables and
columns in their image data, which is very helpful for a wide range of image analysis tasks that
may include document processing, data extraction, and much more.
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5.7 Noise Removal

Through the use of this pipeline, we observe that the table mask prediction generated by the
predict module, unfortunately contains a substantial number of artifacts. To overcome this
issue, we perform a series of steps to improve the correctness of the predicted table mask. Ini-
tially, we transform the table mask into a binary image, thus making the subsequent operations
easier. From the OpenCv library, we utilize the “cv2.GaussianBlur()” function to perform Gaus-
sian blur [52]] on the table mask to remove the artifacts present in the predicted mask. Onwards,
to distinguish between the table and the background artifacts correctly, we manually apply a
threshold operation to the binary image. Thus, this series of steps results in the smoothing of
the image and thereby reduces the artifacts present in the image significantly and filters the
predicted table mask.

5.8 Evaluation_Pipeline

For evaluating the performance of the TableNet model, we utilize two necessary performance
metrics: Intersection over Union (IoU) and Bitwise XOR. These criteria provide a quantitative
assessment of the model’s capabilities. Intersection over Union (IoU) is extensively used for
measuring image segmentation tasks. It gauges the degree of overlap between predicted and
actual segmentation masks. Bitwise XOR presents another evaluation metric, focusing on the
pixel-wise comparison of predicted and actual masks. Through these performance metrics, we
can quantitatively evaluate the TableNet model’s proficiency in generating table and column
masks. This evaluation process facilitates data-driven decisions on model enhancement and
fine-tuning for improved segmentation outcomes. Moreover, these metrics allow for fair com-
parisons with other models and serve as standard benchmarks for evaluating similar image
segmentation tasks.

5.8.1 Performance_Metric_IOU

Now equipped with a denoised version of the predicted table mask from Noise Removal
module, we can proceed to evaluate its performance using the Intersection over Union (IoU) [47,
48,[35/36] performance metric. To achieve this, we rely on the Generating Ground_-Tru-
th_Coordinates module, which aids in extracting the coordinates of the predicted table
mask after denoising.

With the ground truth coordinates and the predicted coordinates obtained, we feed them
into the calculate_iou () function, which calculates the IoU score. The IoU score is de-
termined by calculating the intersection area (the overlapping region between the ground truth
and predicted masks) and the union area (the total region covered by both masks). The IoU score
is then derived by dividing the intersection area by the union area Fig. A higher IoU value
close to 1 indicates a substantial overlap between the predicted table region and the ground
truth region, implying that the TableNet model has accurately predicted the table’s location.
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Figure 5.5: Intersection Over Union

Conversely, a lower IoU value close to 0 suggests a limited overlap, indicating that the TableNet
model has not precisely predicted the table’s location. Thus, by making use of this pipeline, we
can refine the predicted table mask, assess its accuracy, and obtain valuable insights into the
performance of the TableNet model.

5.8.2 Bitwise_ XOR

Throughout this module, we explore another performance criterion, Bitwise XOR, to exten-
sively assess the TableNet model’s effectiveness in table detection. In the initial phase, we
obtain the prediction mask image output from the Noise Removal module. This repre-
sents the prediction table mask for the TableNet model. Similarly, get a ground truth mask
image that accurately outlines the actual table mask. Then, perform a bitwise XOR operation
between these two images to get an output image that shows the similarities and differences
between the prediction mask and the ground truth mask. Here the critical step is performed
using “cv2.bitwise_xor()” to apply a bitwise XOR operation between the binary image of the
prediction mask and the ground truth mask. The resulting XOR image Fig. [5.6 contains pixels
with a value of 1 where there are discrepancies between the two masks and pixels with a value
of 0 where the masks are similar. By examining the resulting image, we can determine the
accuracy of the model in predicting table locations.

For evaluating the performance of the TableNet model, the number of white pixels (value

of 1) in the output resulting image from Bitwise XOR is counted, which represents the mis-
classified pixels. A high degree of overlap between the predicted and ground truth masks is
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Resulted image after
Bitwise XOR
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Figure 5.6: Bitwise XOR

indicated by the lower count of white pixels. As a result, the TableNet model has correctly pre-
dicted the table locations. On the contrary, a small degree of overlap between the predicted and
ground truth masks is indicated by the higher count of white pixels. Hence this indicates that
the prediction of TableNet models is less accurate, and there can be some differences between
the predicted and grounded truth table locations. By utilizing this pipeline and making use of
Bitwise XOR performance criteria, we obtain valuable insights into the actual capabilities of
the model. This thorough evaluation approach enables users to identify the potential areas for
improvements and thereby could lead to the development of a more accurate and reliable table
detection model in the field of document analysis and information extraction.

o Number of White Pixels in Bitwise XOR Result
Bitwise XOR Error Rate = - - x 100 (5.1)
Total Number of Pixels in the Image

With the help of Bitwise XOR, we calculated the error rate, representing the percentage of
misclassified pixels. The error rate is obtained by dividing the number of white pixels in the
Bitwise XOR resulted image between predicted and ground truth masks by the total number of
pixels in the image, indicating the degree of discrepancies between the predicted and ground
truth table masks. To assess the TableNet model’s performance, we calculate the error rate
using Bitwise XOR on the test dataset. One key benefit of using Bitwise XOR as a metric is that
it allows us to compare pixel-level differences between the ground truth and predicted masks.
This provides a way to evaluate the TableNet model based on this score.

In this chapter, we implemented the architecture, where we preprocessed the Marmot dataset
for table and column masks. We also performed data augmentation to generate additional train-
ing data for the table detection task using the tables_generation module. This module
produces PDFs based on input parameters such as the number of rows, columns, data types,
and table style. The PDFs are then processed using the pdf_to_images module to generate
corresponding images. Manual data annotation requires significant time and effort, and we uti-
lized the generating ground_truth_coordinates module to create ground truth
masks. Subsequently, the TableNet model was trained using the Marmot training dataset, and
its performance was evaluated using two key performance metrics: Intersection over Union
and Bitwise XOR error rate. The presence of substantial noise in the predicted masks pre-
vented the accurate evaluation of the model using Intersection over Union. This underscored a
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significant advantage for Bitwise XOR, which can effectively evaluate the model by comparing
pixel-level differences and similarities between the ground truth and predicted masks.
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In this part of our thesis, we will compare two different table detection models; our specially
trained TableNet model with an input resolution of 256 x 256 and another one with an input
resolution of 1024 x 1024. The aim is to understand how these models perform by examining
both qualitative and quantitative aspects.

6.1 Intersection Over Union (I0U)

To effectively assess how well the models are performing, we have chosen to use the Intersec-
tion over Union (IOU)[47| 48] 35 36] as our performance metric. The IOU metric is commonly
used in computer vision tasks, such as object detection and segmentation, to measure the over-
lap between predicted and actual regions. To evaluate our results, we are fortunate enough to
have table coordinates obtained from our unique training data. These coordinates serve as a
reference point and show us the accurate positions of the tables in the images. Additionally,
we also have table coordinates generated by our TableNet model. With this information, we
can now calculate the IOU between the predicted and actual table regions using a well-defined
formula.

10U — Area of Intersection 6.1)

Area of Union

Where Area of Intersection represents the portion where the predicted table region overlaps
with the ground truth table region. On the other hand, Area of Union represents the overall
area covered by both the predicted and ground truth table regions.

The IOU value allows us to measure how well the predicted table regions match the ground
truth regions. A high IOU score means that the predictions closely align with the table’s lo-
cations, indicating accurate and reliable table detection. Additionally, we analyze by visually
inspecting and comparing the outputs of both models. We look at sample images from both
models to understand how effectively they can identify and outline tables in document lay-
outs. This qualitative assessment helps us pinpoint any strengths, limitations, or shortcomings
of each model in real-world situations. By conducting this evaluation, we gain valuable insights
into the capabilities and weaknesses of our trained TableNet model with a 1024 x 1024 input
resolution compared to the 256 x 256 input resolution. With this knowledge, we can make
model selection and fine-tuning decisions. Furthermore, it provides guidance for optimizing
the architecture and parameters of our model to achieve even better results in table detection.
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Figure 6.1: Result after Performing Bitwise XOR

6.2 Bitwise XOR

In addition to using Intersection over Union (IOU) to measure how well the table detection
performs, we have also investigated the effectiveness of using Bitwise XOR operation as an
evaluation method. The advantage of using Bitwise XOR as a performance metric is that it
allows us to analyze the differences between the ground truth and predicted masks on a pixel
level, which helps us evaluate the TableNet model effectively. This approach gives us insights
into how accurately the model can locate tables and serves as a primary performance metric
alongside IOU.

The process starts by converting the predicted table mask into a binary form and then ap-
plying a threshold to remove unwanted artifacts. We can use techniques like reducing noise
through Gaussian blur [52] and thresholding to improve the accuracy of the predictions in the
image. Next, we obtain the ground truth image mask that shows where the actual tables are
located in the images. Using a Bitwise XOR operation between the predicted image mask and
the ground truth binary image mask, we can generate a result Fig. [6.1| that highlights discrep-
ancies and similarities between these two representations.
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The important aspect is to count the number of white pixels in the XOR result. This allows
us to evaluate how well the model performs. If the count is zero, it means that the predicted
table regions align perfectly with the ground truth, indicating that the TableNet model accu-
rately predicts the exact table locations. Conversely, if the number of white pixels equals the
image’s size, it indicates the model’s failure to predict the correct table coordinates, necessi-
tating further optimization and refinement. By employing the Bitwise XOR operation as an
evaluation metric, we gain a direct and intuitive understanding of the model’s performance in
table detection. Analyzing the binary representations of predictions and ground truth allows
for easy identification of areas of discrepancy and evaluation of noise reduction technique’s
effectiveness in improving the model’s accuracy.

The Bitwise XOR operation, in conjunction with the widely used IOU metric, provides a
comprehensive evaluation approach for table detection. The counting of white pixels in the
XOR result offers a valuable criterion for identifying accurate predictions and areas requiring
improvement. Such a holistic evaluation aids in comprehending the model’s strengths and lim-
itations, guiding us toward developing more accurate and robust table detection algorithms for
practical applications.

6.3 Results

In this section, we embark on a comprehensive analysis of the predicted images generated by
both our custom-trained TableNet model with 256 x 256 input resolution and with 1024 x 1024
input resolution. Our goal is to thoroughly evaluate the accuracy and effectiveness of these
models in table detection.

In Fig. we have observed a notable challenge with our custom-trained TableNet model
with an input resolution of 256 x 256, as it struggles to precisely detect the table’s exact position
within the image, even when dealing with data it has encountered during training. Regrettably,
the model is unable to predict even a small section of the table region. Notably, the custom-
trained model encounters difficulties in providing accurate predictions for table regions in both
the dataset used for training and the subsequent test dataset. Surprisingly, this limitation per-
sists even after the model has undergone an extensive training period of 5000 epochs. This
unexpected limitation becomes evident when comparing the predicted table regions with the
ground truth, revealing disparities and misalignments.

To quantitatively evaluate the model’s performance, we consider two essential evaluation
metrics: the Intersection over Union (IOU) and the Bitwise XOR operation. The IOU score is
zero due to the absence of an intersection area between the predicted mask and the ground
truth mask. As a result, the model fails to predict even a small section of a table region. The
obtained IOU score of 0 indicates a significant lack of alignment between the predicted and
ground truth table regions, suggesting that the model’s ability to pinpoint the exact table coor-
dinates is significantly compromised. Furthermore, the Bitwise XOR operation, which counts
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Figure 6.3: Predicted image of Marmot
dataset from 256x256 TableNet
model

Figure 6.2: Marmot Dataset input image
for 256x256 TableNet model

the number of white pixels in the XOR result, provides further evidence of the model’s strug-
gles. The outcome of the Bitwise XOR is equal to the number of white pixels in ground truth
mask because the output mask predicted by the 256 x 256 model does not contain any white
pixels, resulting in an empty image with black pixels. The recorded count of 5824 white pixels
highlights notable differences between the predicted and ground truth table regions, further
emphasizing the model’s inability to accurately predict the correct table positions, even for
data encountered during training.

However, the input image processed by the model trained for 500 epochs produces better pre-
dictions compared to the model trained for 5000 epochs. This discrepancy could be attributed
to overfitting the data. For certain input images, the model trained for 5000 epochs struggles
to make accurate predictions. In Fig.|6.5] we can observe that the model trained for 809 epochs,
utilizing an input resolution of 256 x 256, is capable of predicting a portion of the table region.

To quantitatively evaluate the model with 500 epochs, we consider the bitwise XOR error
rate. By calculating the pixel-wise differences between the ground truth and predicted masks,
we find 4892 differing pixels. The error rate is calculated by taking the ratio of the number of
white pixels in the bitwise XOR result to the total number of pixels in the image, resulting in
7.46%. This indicates that 7.46% of the pixels are misclassified.

We now subject the novel test data, generated using LaTeX, as input to the 256 x 256 model.
In Fig.|6.7, we have observed a notable challenge with our custom-trained TableNet model with
an input resolution of 256 x 256, as it struggles to precisely detect the table’s exact position
within the image. Notably, this custom-trained model exhibits difficulties in clearly predicting
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Figure 6.4: Marmot Dataset input image Figure 6.5: Predicted image of Marmot
for 256x256 TableNet model dataset from 256x256 TableNet
with 500 epochs model with 500 epochs

the table regions for both trained and test datasets. Surprisingly, this limitation remains even
after the model has undergone an extensive training period of 5000 epochs. This unexpected
limitation becomes evident when comparing the predicted table regions with the ground truth,
revealing disparities and misalignments.

To quantitatively evaluate the model’s performance, we consider two essential evaluation
metrics: the Intersection over Union (IOU) and the Bitwise XOR operation. The obtained IOU
score of 0.164 indicates a significant lack of alignment between the predicted and ground truth
table regions, suggesting that the model’s ability to pinpoint the exact table coordinates is
significantly compromised. This score defines the limited degree of overlap between the two
masks, specifically the ground truth table mask and the corresponding mask predicted by the
256 x 256 model.

Furthermore, a comprehensive assessment of the model’s performance is conducted utiliz-
ing the Bitwise XOR metric, involving the execution of the bitwise XOR operation between the
resized binary representation of the ground truth table mask and the binary image of the pre-
dicted table mask. Upon examining the results, a striking observation emerges from the Fig.
post performing the Bitwise XOR operation, and the entire ground truth table mask is faithfully
replicated. Furthermore, the Bitwise XOR operation, which counts the number of white pixels
in the XOR result, provides further evidence of the model’s struggles. The recorded count of
2530 white pixels highlight notable differences between the predicted and ground truth table
regions, further emphasizing the model’s inability to accurately predict the correct table posi-
tions.
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Figure 6.6: (a) Novel test Dataset input Figure 6.7: (b)  Predicted image of
image for 256x256 TableNet Novel test dataset from
model 256x256TableNet model

The error rate can be calculated by taking the ratio of the number of white pixels in the bit-
wise XOR result to the total number of pixels in a predicted mask. To quantify the error rate of
the 256 x 256 TableNet model, a calculated approach employs the Bitwise XOR metric, resulting
in (%) x 100 = 3.86%. This outcome highlights the model’s relatively modest error rate,
emphasizing the need for further enhancements to achieve more precise and dependable table
detection outcomes.

The intriguing aspect is that the custom-trained model with an input resolution of 256 x 256
exhibits poor performance even on data it has previously encountered during training. This
unexpected behavior prompts us to delve deeper into the model’s architecture and training
process. Despite implementing the methodology precisely but with different input resolutions,
as detailed in the TableNet research paper [9], the model’s suboptimal performance raises ques-
tions about potential factors that might have influenced its predictive capabilities.

Upon meticulously scrutinizing the findings arising from the application of the 256 x 256
TableNet model, which, unfortunately, did not yield the anticipated enhancements, a concerted
endeavor was initiated to discern the underlying factors contributing to these less optimal out-
comes. However, despite diligent investigation, no discernible factors that could account for
these suboptimal results were ascertained. Notably, the model underwent training with vary-
ing epochs, and intriguingly, it exhibited an inability to accurately predict results even for data
that had been previously encountered during its training phase. In light of this puzzling out-
come, a pivotal decision was made to adhere closely to the implementation strategies detailed
within the TableNet research paper. The model was reconfigured to accommodate an expanded
input resolution of 1024 x 1024, thereby scaling up the scope and complexity of the analysis.
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Figure 6.8: Result after Performing Bitwise XOR for novel test dataset
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This revision enabled a comprehensive reevaluation of the model’s capabilities and limitations.
Subsequently results were systematically gauged and documented to provide a comprehensive
comparative assessment of the model’s performance across different input resolutions.

After conducting a meticulous examination of the anticipated outcomes presented in the
predicted image: Fig. discernible enhancements come to the forefront when compared
to the performance of the 256 x 256 TableNet model. In this context, the TableNet model, en-
dowed with an input resolution of 1024 x 1024, showcases improved capabilities. It exhibits a
certain level of proficiency in localizing tables; however, precision remains an area warranting
refinement, as evidenced by noticeable imperfections in its ability to accurately determine ta-
ble locations. An evident concern arises from the prevalence of noise encircling the predicted
table mask along its borders and within areas of white space.

Figure 6.10: Predicted image of Marmot
dataset  from 1024x1024
TableNet model

Figure 6.9: Marmot Dataset input image
for 1024x1024 TableNet model

When examining the predicted table mask obtained from the TableNet model at 1024 x 1024
resolution, a lot of noise is observed, which significantly complicates the evaluation process.
Model estimation becomes particularly challenging given this noisy representation. Efforts to
generate the coordinates of the predicted table mask in the image reveal a complex scenario
due to artifacts. This complexity comes from the method used to define the coordinates of the
table’s bounding box. Specifically, we consider the left white pixel and the right white pixel
as the defining points of the bounding box. However, the presence of artifacts hinders the
generation of accurate coordinates for the predicted table mask. To address this issue, we use
a strategy to eliminate image noise. This involves applying Gaussian Blur and Thresholding
techniques. First, we convert the predicted table mask into a binary image. Then we apply
Gaussian blur using default parameters and a filter size of 1.5 x 1.5. The next step is to thresh-
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Figure 6.11: Noise removal from predicted table mask

old the output of the Gaussian blur operation.

In Fig. it is clear that we apply Gaussian blur with a filter size of 1.5 x 1.5 and a thresh-
old of 168 on the predicted table mask generated by the TableNet model with dimensions of
1024x1024 pixels. This multi-stage technique smooths out the image, reduces fluctuations at
the level, and provides a cleaner representation with less noise. This improvement is crucial for
determining coordinates for predicted table masks in order to achieve more precise estimation
and analysis.

To quantitatively assess how well our model performs, we consider two evaluation met-
rics; Intersection, over Union (IOU), and Bitwise XOR operation. The IOU value of 0.65 for
table detection indicates a significant similarity between the predicted and actual table masks.
This value reflects a significant improvement in alignment between the two, suggesting that
the model is now able to more accurately identify and locate tables in images. The increased
overlap between the predicted and ground truth table regions, as compared to the 256 x 256
TableNet model, implies that the model is successfully delineating the borders and dimensions
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of tables, contributing to a more precise and reliable table detection process.

Given the large amount of noise in the images, the Intersection over Union (IOU) metric is
not considered a good performance measure. The IOU metric cannot accurately encapsulate
the table area as the white pixels are enclosed across the borders, resulting in discrepancies
that prevent obtaining accurate table coordinates. As a result of this limitation, evaluation by
the Bitwise XOR metric becomes a viable alternative. This metric works by comparing pixel-
wise values between the ground truth and the prediction masks to provide a more detailed
assessment in light of the above challenges. Furthermore, a comprehensive assessment of the
model’s performance is conducted utilizing the Bitwise XOR metric, involving the execution
of the bitwise XOR operation between the resized binary representation of the ground truth
table mask and the binary image of the predicted table mask. Upon examining the results, a
striking observation emerges from Fig. post performing the Bitwise XOR operation, the
entire ground truth table mask is faithfully replicated. Furthermore, the Bitwise XOR opera-
tion, which counts the number of white pixels in the XOR result, provides further evidence of
the model’s struggles. The recorded count of 95215 white pixels highlights notable differences
between the predicted and ground truth table regions, further emphasizing the model’s inabil-
ity to accurately predict the correct table positions.

The error rate can be calculated by taking the ratio of the number of white pixels in the bit-
wise XOR result to the total number of pixels in a predicted mask. To quantify the error rate of
the 1024 x 1024 TableNet model, a calculated approach employs the Bitwise XOR metric, result-
ing in (lgigé‘;’ﬁ) x 100 = 9.08%. This outcome highlights the model’s relatively modest error
rate, emphasizing the need for further enhancements to achieve more precise and dependable

table detection outcomes.

We now subject the novel test data, generated using LaTeX, as input to the 1024 x 1024
model. In Fig. it is observable that the model exhibits an improved ability to detect the
table region when compared with the performance of the 256 x 256 TableNet model. However,
the model continues to encounter challenges in precisely determining the exact position of
the table within the image. This unforeseen limitation becomes apparent when contrasting the
predicted table regions with the ground truth, thereby exposing disparities and misalignments.

Similar to the prediction for the marmot dataset, this 1024 x 1024 model generates a table
mask prediction characterized by a significant amount of noise along the borders and within
white space regions. In a manner akin to the process described above, noise reduction tech-
niques are implemented to address the artifacts within the image, enhancing the precision of
model evaluation. Gaussian Blur and Thresholding techniques are employed for this purpose.
First, the predicted table mask is converted to its binary image, and then a Gaussian blur is
applied with default parameters and a filter size of 1.5 x 1.5. The next step is to threshold the
output of the Gaussian blur operation.

In Fig. |6.15} it is evident that Gaussian blur is applied with a filter size of 1.5 x 1.5 and a
threshold of 192 on the predicted table mask of 1024 x 1024 TableNet model. This multi-stage

44



6.3 Results

Figure 6.12: Result after Performing Bitwise XOR for Marmot dataset
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Figure 6.13: Novel test Dataset input im- Figure 6.14: Predicted image of Novel test
age for 1024 x 1024 TableNet dataset from 1024 x 1024
model TableNet model

technique smoothes the image, reduces pixel-level fluctuations, and provides a cleaner repre-
sentation with less noise. This improvement is necessary to accurately generate the coordinates
of the expected table mask for more accurate estimation and analysis.

To quantitatively evaluate the model’s performance, we consider two essential evaluation
metrics: the Intersection over Union (IOU) and the Bitwise XOR operation. The Intersection
over Union (IOU) value of 0.705 associated with table detection indicates significant conver-
gence between the predicted table mask and the ground truth table mask. This value reflects a
significant improvement in alignment between the two, suggesting that the model is now able
to more accurately identify and locate tables in images. The increased overlap between the pre-
dicted and ground truth table regions, as compared to the 256 x 256 TableNet model, implies
that the model is successfully delineating the borders and dimensions of tables, contributing
to a more precise and reliable table detection process.

Let’s evaluate the predicted mask using another performance metric, the Bitwise XOR, which
involves executing the bitwise XOR operation between the resized binary representation of the
ground truth table mask and the binary image of the predicted table mask. Upon analyzing the
outcomes, a significant observation emerges from Fig.[6.16|post the Bitwise XOR operation, the
entire ground truth table mask is replicated. Furthermore, the Bitwise XOR operation, which
counts the number of white pixels in the XOR result, provides further evidence of the model’s
struggles. The recorded count of 57146 white pixels highlights notable disparities between the
predicted and ground truth table regions, thereby emphasizing the model’s inability to pre-
cisely predict the correct table positions.
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Figure 6.15: Noise removal from predicted table mask
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Figure 6.16: Result after Performing Bitwise XOR for novel test dataset

48



6.3 Results

The error rate can be calculated by taking the ratio of the number of white pixels in the bit-
wise XOR result to the total number of pixels in a predicted mask. To quantify the error rate of
the 1024 x 1024 TableNet model, a calculated approach employs the Bitwise XOR metric, result-
ing in (%) x 100 = 5.44%. This outcome highlights the model’s relatively modest error
rate, emphasizing the need for further enhancements to achieve more precise and dependable

table detection outcomes.

Model Bitwise XOR Error Rate

Marmot Test Dataset Novel Data

256 x 256 model with 241 epochs 12.41% 10.50%
256 x 256 model with 504 epochs 9.18% 5.41%
256 x 256 model with 1540 epochs 11.69% 4.04%

Table 6.1: Bitwise XOR Error Rate Comparison across different epochs of 1024 x 1024 model

We have considered two different datasets for evaluating the existing TableNet architecture:
the test dataset from Marmot and novel data from the tables_generation module. The
Marmot test dataset comprises 50 images, while the novel data comprises 36 images. The model
is evaluated using these images from both datasets. The Bitwise error rate is calculated for each
image in these two datasets, and the mean value of the bitwise error rates is used as the error
rate for the specific model. This process is repeated for different models trained with varying
epochs and various input sizes of the model. From Table we can conclude that the model
with 256 x 256 input resolution performs better up to 1500 epochs. After 1500 epochs, the
model becomes overfitted to the dataset, resulting in worse results. As the model is trained for
241, 504, and 1540 epochs, we observe a gradual decrease in the bitwise error rate. Addition-
ally, when considering novel data, it becomes evident that the error rate consistently decreases
across these new images, which were generated using LaTeX.

Model Bitwise XOR Error Rate

Marmot Test Dataset Novel Data

1024 x 1024 model with 151 epochs 13.83% 5.75%
1024 x 1024 model with 267 epochs 14.33% 4.59%
1024 x 1024 model with 764 epochs 13.91% 4.33%

Table 6.2: Bitwise XOR Error Rate Comparison across different epochs of 1024 x 1024 model

From Table[6.2] we can conclude that the model with a 1024 x 1024 input resolution performs
better compared to the 256 x 256 model. The 256 x 256 model failed to predict some images
from the Marmot dataset with 5000 epochs, resulting in worse results. We can also observe
a gradual decrease in the bitwise error rate as the number of epochs increases for the novel
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6 Evaluation

test data, which was generated using LaTeX. The 1024 x 1024 model consistently performs well
for all types of images, both from the Marmot and novel datasets, producing better results in
comparison with the 256 x 256 model. However, this 256 x 256 model tends to overfit the data
with more epochs.

without noise removal with noise removal

Bitwise XOR Error Rate 13.84% 12.62%

Table 6.3: Bitwise XOR error rates with and without noise removal

We have predicted the table masks for all the images in the Marmot test dataset. However,
as all the predicted masks contain noise along the borders and in white space regions, we want
to evaluate the model both with and without this noise. To achieve this, we utilized noise
reduction techniques such as Gaussian Blur and thresholding. All the predicted masks from
the Marmot test dataset undergo Gaussian Blur processing and thresholding to eliminate the
noise. Subsequently, the mean Bitwise XOR error rate is calculated using a model with an input
size of 1024 x 1024. Analyzing the results in the Table we observe a slight reduction in the
mean error rate. This reduction indicates that the model is capable of better prediction for table
regions compared to the earlier predictions that included noise.

From these results, we observed that the TableNet model with an input size of 256 x 256
is able to predict the table regions, although not very accurately. The model overfits the data
after being trained on the Marmot dataset for 5000 epochs. The model cannot detect any ta-
ble regions in some images from the Marmot dataset. However, the model with fewer epochs
can detect tabular regions, though not very accurately, and the predicted masks contain a lot
of noise across the borders and white space regions. In comparison to the 256 x 256 model,
the 1024 x 1024 model is able to predict tabular regions more effectively. Even though this
1024 x 1024 model is trained for 800 epochs, it produces better results on the Marmot test
dataset and even with autogenerated novel data. After applying noise reduction techniques,
the model is able to produce better results compared to earlier predictions with noise present
in the predicted masks. We have observed that the Bitwise XOR error rate plays a major role in
evaluating the models in comparison to the Intersection over Union because it quantifies the
pixel-wise differences between the ground truth mask and the predicted mask, resulting in the
count of misclassified pixels.
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7 Conclusion and Future Works

In conclusion, this thesis has introduced a novel approach to address the scarcity of annotated
training data for table detection in computer vision. The method involves generating an exten-
sive training dataset automatically, simulating scientific articles and journals with diverse table
styles and data types. This dataset allows for the evaluation of state-of-the-art architectures
for table detection, with promising potential for enhancing accuracy.

A significant contribution of this research lies in the creation of a diverse dataset encompass-
ing various table styles and structures. This facilitated the evaluation of TableNet, an innova-
tive deep-learning model that simultaneously detects tables and recognizes their structures.
TableNet showcased promising results in detecting tabular regions, even amidst noise around
image borders from white space regions.

Looking ahead, future research could extend this approach to generate specialized training
data for column detection. This could be achieved by generating ground truth coordinates for
columns present in the table, involving the number of columns per table to evaluate the col-
umn mask. Additionally, extracting data from the detected table regions using PyTesseract
OCR could further enhance the methodology. In the future, we also aim to enhance TableNet’s
capabilities by introducing a third branch dedicated to identifying rows. Nevertheless, this en-
deavor necessitates a manual annotation process since the existing datasets lack provisions for
row-based annotations. Additionally, further advancements could include generating images
with varied backgrounds, incorporating header and footer sections, and featuring pages con-
taining both tables and images. The dataset’s expansion to include tables with different font
sizes, merged cells, nested tables, multi-level headers, and other complex styles will enhance
the model’s performance and adaptability.

This work sets the stage for more effective and integrated solutions in table detection and
structure recognition. As the field progresses, the availability of high-quality training data
will play a pivotal role in driving advancements and pushing the boundaries of table detection
algorithms. The proposed approach contributes significantly to the field and can serve as a
solid foundation for future developments, benefiting various applications that rely on precise
and efficient table detection.
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