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Abstract

A document has information emerging out of the existence of various physical entities or regions
such as headings, paragraphs, figures, captions, tables, and backgrounds along with the textual content.
To decipher the information in a document, a human reader uses a variety of additional cues, such as
context, conventions, and information about language, script, location, and a complex reasoning process.
Millions of documents are created and distributed daily over the Internet and printed media. Understand-
ing, analyzing, sorting, and comparing a massive collection of documents in a limited time is a hectic
job for humans. Here, the automatic document image understanding systems (DIUS) help humans do
this tedious task within a limited time. The DIUS have typically a document image layout segmentation
module and information extraction modules. This thesis focuses on the challenging problems related to
document image layout segmentation in various types of documents and their applications.

In this thesis, first, we analyse the various document images using deep features. The deep features
are the features extracted using a pretrained deep neural network. To study deep texture features, we
propose a deep network architecture that independently learns texture patterns, discriminative patches,
and shapes to solve various document image analysis tasks. The considered tasks are document image
classification, genre identification from book covers, scientific document figure classification, and script
identification. The presented network learns global, texture, and discriminative features and combines
them judicially based on the nature of the problems. We compare the performance of the proposed
approach with state-of-the-art techniques on multiple publicly available datasets such as Book covers,
RVL-CDIP, CVSI and DocFigure. Experiments show that our approach obtains significantly better

performance over state-of-the-art for all tasks.

Next, we focus on the problem of document image layout segmentation and propose a solution for
a class of document images, including historical, scientific, and classroom slide document images. The
historical document image segmentation problem is modeled as a pixel labeling task where each pixel
in the document image is classified into one of the predefined labels, such as text, comment, decoration,
and background. The method first extracts deep features from the superpixels of the document image.
Then, we learn SVM classifier using these features and segment the document image. The pyramid
pooling module is used to extract the logical regions of scientific document images. In the classroom
slide images, the logical regions are distributed based on the location of the image. To utilize the
location of the logical regions for slide image segmentation, we propose the architecture, Classroom

Slide Segmentation Network (CSSN). The unique attributes of this architecture differ from most other
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semantic segmentation networks. We validate the performance of our segmentation architecture using
publicly available benchmark datasets.

Next, we analyze the output regions of document layout segmentation. Figures used in the documents
are the complex regions to decipher the information by a DIUS. Hence, document figure classification
(DFC) is an important stage of the DIUS. The design of a DFC system required well-defined figure cate-
gories and datasets. Existing datasets related to the classification of figures in the document images are
limited in size and category. We introduce a scientific figure classification dataset named DocFigure.
The dataset consists of 33K annotated figures of 28 different categories present in the document images,
which correspond to scientific articles published in last several years. Manual annotation of such a large
number (33K) of figures is time-consuming and cost-ineffective. We design a web-based annotation tool
that can efficiently assign category labels to many figures with the minimum effort of human annotators.
To benchmark our generated dataset on the classification task, we propose three baseline classification
techniques using the deep feature, deep texture feature, and both. Our analysis found that the combi-
nation of both deep and texture features is more effective for document figure classification tasks than
individual features.

Finally, we propose the application backed by the research of this thesis. Slide presentations are an
effective and efficient tool for classroom communication used by the teaching community. However,
this teaching model can be challenging for blind and visually impaired (VI) students as such students
require personal human assistance to understand the presented slide. This shortcoming motivates us to
design a Classroom Slide Narration System (CSNS) that generates audio descriptions corresponding to
the slide content. This problem poses an image-to-markup language generation task. Extract logical
regions such as title, text, equation, figure, and table from the slide image using CSSN. We extract the
content (information) from the slide using four well-established modules: optical character recognition
(OCR), figure classification, equation description, and table structure recognizer. With this information,
we build a Classroom Slide Narration System (CSNS) to help VI students understand the slide content.
The users have given better feedback on the quality output of the proposed CSNS in comparison to

existing systems like Facebook’s Automatic Alt-Text (AAT) and Tesseract.
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Chapter 1

Introduction

A document is a written or printed record that conveys information, facts, ideas, or instructions.
It serves as a means of communication and can take various forms, including text, images, diagrams,
charts, and more. Documents have many purposes in personal and professional contexts, such as record-
ing information, sharing knowledge, providing evidence, and facilitating communication. They can be
physical, like printed papers, or digital, stored in electronic formats like PDFs, Word documents, spread-
sheets, or web pages. Documents are crucial in organizing, preserving, and disseminating information in
society. Despite the widespread adoption of electronic communication methods, paper documents such
as data entry forms, postal envelopes, and checks remain significant in our daily routines. These physical
documents remain highly relevant due to their cost-effectiveness, reliability, secure long-term storage
capabilities, widespread availability, and flexibility for data entry. Consequently, the production of pa-
per documents has surged in recent times. Furthermore, government entities and private organizations
rely heavily on paper-based documents for information collection. However, manually collecting hand-
written or typed information from paper forms and entering it into computer systems is labor-intensive

and time-consuming.

Human analysis of a large number of documents comes with several limitations and challenges.
Firstly, it is an immensely time-consuming endeavor, mainly when dealing with a substantial volume
of documents. Reading, comprehending, and extracting information from each document can be a
labor-intensive process that may stretch over extended periods. Additionally, manual analysis is in-
herently inefficient as humans have limitations in processing vast amounts of data effectively. Fatigue
and diminishing attention span can lead to declining accuracy and productivity, potentially resulting in
missed details or analysis errors. Moreover, human analysts may introduce subjectivity and bias into
their assessments, leading to inconsistent results as different individuals interpret the same information
differently. This subjectivity can compromise the quality and reliability of the analysis. Furthermore,
scalability becomes a significant issue as the volume of documents increases, necessitating substantial
workforce and resource allocation for effective processing. Manual analysis can also become repetitive,
increasing the risk of errors or omissions as analysts become fatigued. Data loss is another concern, as
human errors or oversights during manual analysis can inadvertently exclude vital information. Manual

analysis may not be practical for specific document types or data formats, making it less effective than



automated tools for handling and extracting insights from unstructured text data. The costs associated
with employing a large team of analysts for manual analysis is huge, and the quality of analysis can vary
depending on the skills and experience of the analysts. Finally, compliance and legal concerns come
into play, as organizations may need to adhere to strict requirements when handling documents, and
manual analysis may not provide the necessary audit trails and data protection measures. These limi-
tations emphasize the importance of automation in document analysis processes to improve efficiency,

accuracy, and scalability while mitigating the challenges associated with manual analysis.

These limitations trigger researchers to invent automated solutions to assist in analyzing and extract-
ing insights from large volumes of documents more efficiently and consistently. In 1982, a groundbreak-
ing document image analysis system found its first practical application within the United States Postal
Service (USPS) [1]. This pioneering technology featured the world’s first computer-driven single-line
optical character reader, capable of swiftly deciphering destination addresses on mail pieces. This mon-
umental achievement marked a significant turning point in mail processing, drastically reducing the need
for manual labor in sorting postcards and other mail items. The result of the research on the problem
of identifying the handwritten character [2] of given images supported the successful implementation of

the system.

Automatic document image analysis has played a pivotal role in streamlining various document-
related processes across multiple sectors. Document image analysis is a vibrant field with numerous
challenging and active research areas. Among these, optical character recognition (OCR) remains a
pivotal focus for printed and handwritten text, diverse languages, math equations, and even music notes,
pushing the boundaries of character recognition technology [3—6]. Document layout analysis (DLA) [7,
8] is crucial to developing efficient methods for organizing and parsing documents into meaningful

components, enabling more precise analysis and interpretation of their structure and content.

The approaches are categorized into two: the pre-deep learning approach and the deep learning
approach. Most pre-deep learning approaches [12—16] are designed based on the binary document
image. Here, the image binarization plays a vital role. Hence, various approaches are proposed for
image binarization [17-20]. These approaches also fail if the document image has any skew. Most
pre-deep learning approaches require a preprocessing stage to remove skew and get a binary image. In
addition, most approaches use hyperparameters that depend on the dpi of the document image or the font
size. A detailed explanation of these approaches is included in Chapter 2. To overcome this limitation,
researchers propose deep learning-based solutions that overcome the dependency of document image
binarization, skew corrections and a set of hyperparameters. The deep learning approach for DLA can

be categorized into object detection and instance segmentation-based approaches.

In the object detection-based approach, the researchers use object detectors from computer vision
literature, such as Faster R-CNN models [21] and Single-Shot MultiBox Detector (SSD) [22] to solve
the DLA problem. Liao et al., [23] propose TextBoxes for scene text detection based on Faster R-CNN
models [21]. Minouei et al., [24] developed their proposal network to identify the logical regions of
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Figure 1.1 The performance of existing image segmentation approaches HANet [9], DANet [10],
DRANet [11] on a sample classroom slide images from the WiSe [7] dataset. The results shows that
approaches fails to segment table, diagram, and heading regions.

document regions. These approaches involve no post-processing except for a standard non-maximum

suppression [25]. This approach fails on documents having non-manhattan layout 1.2(a, c, e).

To overcome this, researchers propose an image segmentation-based approach that classifies each
pixel of an image as specific, pre-defined layout categories. The researchers utilize segmentation meth-
ods like Fully Convolutional Networks (FCN) to segment documents [26], improving upon object detec-
tion models, especially when the logical regions are misaligned, distorted or have complex boundaries.
In the problem of historical document image segmentation, the researchers utilize 2D U-Net architecture
for document image layout segmentation [27]. Deng et al., [28] proposed an image segmentation-based
approach, PixelLink, to segment text instances from scene text images. Text bounding boxes are then

extracted directly from the segmentation result without location regression. In the problem of classroom



slide image segmentation, Haurilet et al., [7, 8] proposed a pixel-wise image segmentation based on
DeepLab [29].

Further, the attention module [30] enhanced the segmentation accuracy by incorporating it into the
segmentation architecture. Fu et al., [10] proposed a self-attention mechanism that adaptively integrates
local features with global dependencies. Choi et al., [9] proposed a height-driven attention network
(HANet) for improving semantic segmentation for urban-scene images. Fu et al., [11] proposed a Dual
Relation-aware Attention Network (DRANet) to handle the task of scene segmentation by capturing con-
textual information based on the relation-aware attention mechanism. Figure 1.1 shows the qualitative
results of classroom slide image segmentation with these attention-based segmentation architectures.
Even though these approaches are designed for scene segmentation, they perform well in slide images.
However, the approach fails to segment the "Heading’ region, which occurs on top of the slide image
and fails to identify the tables as diagram regions. These limitations motivate us to design an attention-
based document image segmentation architecture that can incorporate horizontal and vertical positional

information.

After successfully segmenting document images, each logical region needs a unique tool to decipher
the information. OCR is a tool that decodes text information from paragraphs, tiles, and captions.
Understanding the graphical component is also crucial for document understanding. The first step in
decoding the graphical region is identifying the graphic type. That required an enriched dataset to train
a classification network. Table 1.1 shows the statistics of the existing figure dataset. Most datasets have
a limited number of figure categories and several images. These limitations motivate us to create a large

dataset containing most labels in scientific documents.

Dataset No. of Labels Total Images
Zhou and Tan [31] 3 1190
Huang and Tan [32] 4 200
Deepchart [33] 5 5000
Figureseer [34] 5 30600
Prasad et al. [35] 5 653
Karthikeyani et al. [36] 8 155
Revision [37] 10 2000

Table 1.1 Statistics of the existing datasets for document figure classification task.

Finally, let us analyze how the current system explains the document to a blind or visually impaired
(VD) student. The output of the two approaches for a given set of slide images is described in Table 1.2.
The approach Alt text tried to explain the scene but did not focus on the slide image, and it also wrongly
identified the slide as a cell phone. Tesseract OCR is an open-source approach to extract the text in the
image. We noticed that no approaches explain a slide image to a VI student. Describing a slide image
requires a sophisticated document understanding system. The system should identify the logical regions

such as heading, caption, equation, and figure types. The unavailability of such a system motivates



us to design a classroom slide narration system. However, a large language model (LLM) based slide

narration systems [38,39] are performing more accurately.

Alt text: A screenshot of a person Alt text: A screenshot of a cell phone

Tesseract OCR: Volume of an item over time tions | Tesseract OCR:
of a quote over time

Table 1.2 The performance of approaches on describing a slide image to a VI student.

These research areas and their associated technologies can help overcome some of the challenges
associated with manual analysis, although they still need their own set of considerations and potential
limitations. First, the variability in document layout poses a significant challenge. Documents come
in diverse formats, from multi-column reports to free-form text, and adapting analysis systems to these
varied layouts can be complex. Second, the ambiguity in context adds a layer of intricacy. Document
analysis may struggle to discern nuanced meanings or references within the text, especially when re-
lying solely on patterns and structure. Third, the limited semantic understanding of document image
analysis systems restricts their ability to comprehend context deeply. Fourth, adapting these systems to
different document types, illustrated in Figure 1.2 can be time-consuming, requiring customized training
for optimal performance. Lastly, the lack of structural understanding hampers their ability to decipher
complex hierarchical relationships within documents, limiting their suitability for more intricate doc-
ument analysis tasks. Despite these limitations, ongoing research aims to enhance the capabilities of
document image analysis systems across a spectrum of applications.

(b) (d) (e)
Figure 1.2 Sample document images having various layouts. (a) historical handwritten document image
from the dataset CSG18 [40], (b) scientific document image from PubLayNet dataset [41], classroom
slide image from WiSe [7] dataset, (d) book cover image from book cover dataset [42], and (e) magazine
image from PRImA layout analysis dataset [43].



1.1 Problems of interest

In the context of the growing interconnection between automatic document image analysis and its
practical applications, numerous issues present researchers with challenging inquiries. This section will

delve into some intriguing problems within this field.

1.1.1 Deep features in document images

Deep features encompass advanced image representations acquired through deep learning models,
primarily focusing on deep neural networks. These representations emerge from processing raw images
through multiple layers of neural network architectures, such as convolutional neural networks (CNNs)
applied to image data or recurrent neural networks (RNNs) for sequential data. Deep learning models
can autonomously extract pertinent and informative features from input images, progressively construct-
ing a hierarchy of increasingly intricate and nuanced representations. These representations encapsulate
diverse facets of the data, rendering them particularly conducive for tasks like classification, object
detection, image recognition, and natural language processing.

Typically situated within the intermediary layers of a deep neural network, deep features are the
product of neurons capturing patterns, edges, textures, and other discerning attributes from the input
data. Subsequently, these features serve as inputs for subsequent layers for the network’s ultimate
output. The salient advantage of deep features lies in their capacity to delineate image data in a manner
that expedites intricate pattern recognition and abstraction, often culminating in superior performance
across various machine-learning tasks. Researchers frequently harness pre-trained deep learning models
to extract these features for utilization in alternative applications, employing a methodology known as
transfer learning.

Features are pivotal in document image analysis tasks [44—47], particularly segmentation and clas-
sification. Researchers proposed diverse features to address these classification tasks in the context of
document image classification [44,45,48-50], document figure [46], book cover classification [42], and
script identification [47,51,52]. However, these approaches are often tailored to specific problems and
may need to be more adaptable to others. A feature optimized for a particular task may not perform
optimally in a different context. Therefore, the intriguing challenge lies in designing a versatile deep

feature network architecture capable of addressing a spectrum of problems.

1.1.2 Document Image Segmentation

Document image segmentation is a crucial process in document image analysis, aimed at partition-
ing a document image into distinct regions or components. These regions may include text, images,
tables, graphics, and other content elements. The primary goal of segmentation is to identify and isolate
these components, allowing for more accurate analysis and understanding of the document’s structure
and content. Document image segmentation techniques involve the detection of boundaries, such as

lines or edges, that separate different regions. This process plays a pivotal role in tasks like optical



character recognition (OCR), where text regions need to be separated from other graphical elements,
or in document layout analysis, which aims to understand the spatial arrangement of content within a
document. Accurate document image segmentation is fundamental for automating document processing
tasks and enhancing information retrieval and analysis in various domains, including finance, healthcare,
and education systems. In this thesis, we use pre-existing image segmentation models to investigate the
difficulties associated with segmenting document images, particularly those from historical, scientific,
and lecture slide contexts. Furthermore, we introduce innovative approaches to enhance the quality of

segmentation outcomes.

Historic document image segmentation is a specialized field within document image analysis that
focuses on strategically segmenting documents with historical significance. These documents often
present unique challenges due to their age, degradation, and diverse content. Unlike modern documents,
historical documents may exhibit variations in handwriting styles, fonts, and evolved layout conventions.
Consequently, document image segmentation demands robust techniques to handle such variability in
this context. Researchers and preservationists in the field aim to extract and segment text, decoration,
comments, and other elements from historical documents to facilitate their digitization, preservation, and
accessibility. Successful historical document image segmentation contributes significantly to preserving
cultural heritage, enabling the digitization of valuable historical records, manuscripts, and texts for

future generations to study and appreciate.

Scientific document image segmentation is a specialized area within the broader field of document
image analysis, focusing on the precise partitioning of documents with scientific content. These doc-
uments often include complex elements such as text, equations, tables, figures, and graphs, presenting
unique challenges for segmentation algorithms. Accurate segmentation is crucial for various scientific
applications, including digitizing research papers, extracting valuable information from scholarly doc-
uments, and enabling content-based searches within the scientific literature. Researchers in this field
strive to develop sophisticated techniques that can automatically delineate and classify these diverse
elements within scientific documents, ultimately enhancing the accessibility and usability of scientific

knowledge.

The segmentation of classroom lecture presentation images is a specialized area of document image
analysis that focuses on the segmentation of visual content presented during educational lectures. These
presentations often contain a mix of text, images, diagrams, and slides with diverse layouts. The seg-
mentation process aims to isolate and categorize these different components, making extracting valuable
information easier, assisting in content summarization, or facilitating accessibility for students and ed-
ucators. Effective lecture presentation image segmentation can enhance the understanding of complex
subjects, aid in creating study materials, and contribute to developing educational technologies designed

to improve the learning experience in classrooms and online learning environments.



1.1.3 Scientific Document Figure Classification

Figures in scientific documents serve as crucial visual aids that complement textual descriptions and
explanations. These graphical representations encompass a wide range of content, including charts,
graphs, illustrations, photographs, and diagrams, all carefully selected to concisely convey complex
data, patterns, or concepts. Figures play an essential role in enhancing the clarity and comprehensi-
bility of scientific research, enabling researchers to present their findings visually and aiding readers
in grasping key insights swiftly. They also serve as a universal language in the scientific community,
transcending linguistic barriers to communicate ideas effectively. Furthermore, figures facilitate the re-
producibility and validation of research by providing the means to visualize experimental setups, results,
and observations. As a result, figures hold a central place in the documentation and dissemination of

scientific knowledge, playing a pivotal role in the research and academic publishing process.

Bar plot Pareto chart Box plot Histogram

Histogram

Figure 1.3 The first-row indicates images from different categories share similar visual properties while
the second-row highlights that the sample images from a specific type, like Pie chart and Histogram
have a distinct structural properties.

The classification of figures within scientific documents poses several intricate challenges. One of
these challenges is distinguishing intra-similarity and inter-dissimilarity among figures, which involves
distinguishing between figures that share similarities within a figure class and those that differ signif-
icantly. Overcoming this challenge requires sophisticated feature extraction and pattern recognition
techniques. Another hurdle is the need for comprehensive datasets for training deep neural networks
specifically for figure classification tasks. Gathering a diverse and representative dataset can be particu-
larly demanding due to the vast array of scientific disciplines and document types. Additionally, factors
like figure style variations, resolution, and format further complicate the classification process. Over-
coming these challenges is paramount for enhancing the efficiency and accuracy of figure classification
in scientific documents, ultimately aiding researchers and educators in accessing and utilizing scientific

knowledge effectively.



Limited work on document figure (mainly various types of charts) classification has been done in the
literature [31,33-35,37,53,54]. The existing methods [31,35,37,53,54] based on handcrafted features
fail to achieve good accuracy on classification of figures in the document images due to large visual
similarity among subordinate categories. The existing datasets (e.g. FigureSeer [34], Revision [37],
Deepchart [33], Karthikeyani and Nagarajan [36], Prasad et al. [35], Huang and Tan [32], Zhou and
Tan [31]) on the classification of document figures (mainly charts) are limited with respect to both the

samples (less than or equal to 5K except FigureSeer) and category labels (less than or equal to 10).

1.1.4 Applications of Document Image Layout Segmentation

Document image layout segmentation has applications encompassing a broad spectrum of fields and
industries. In document analysis and management, layout segmentation is instrumental in automating
tasks such as document categorization, indexing, and retrieval, significantly streamlining information
organization and access. In the publishing and media industries, it plays a pivotal role in formatting
and structuring content for both print and digital platforms, ensuring optimal readability and aesthet-
ics. In the context of historical document preservation, layout segmentation aids in the digitization
and preservation of valuable manuscripts, making them accessible to a broader audience. Moreover,
it is integral to optical character recognition (OCR) systems, enabling accurate document text recogni-
tion. In the medical field, layout segmentation supports extracting relevant information from medical
records, contributing to efficient healthcare administration. These applications underscore the versatil-
ity and importance of document image layout segmentation in enhancing data processing, retrieval, and
information management across various sectors.

In the realm of education, the applications of document image layout segmentation are diverse and
impactful. One notable application is digitizing educational materials, including textbooks, lecture
notes, and research papers. Layout segmentation helps convert these materials into digital formats,
making them easily accessible to students and educators through online platforms, e-learning systems,
and digital libraries. It also plays a crucial role in creating interactive e-learning content, allowing for
precisely identifying and extracting text, images, diagrams, and other educational elements. Moreover,
layout segmentation aids in developing content summarization tools, enabling students to grasp the key
concepts quickly and the main points of complex documents. It also contributes to the customization of
educational materials, allowing educators to adapt content for different teaching approaches and student
needs. In essence, document image layout segmentation enhances the digitization, accessibility, and
effectiveness of educational resources, fostering a more dynamic and interactive learning experience.

In our thesis, we place particular emphasis on the development of several innovative applications with
diverse and impactful purposes. Firstly, we delve into scientific document layout transferring, a valuable
tool that empowers readers to select an optimal layout tailored to their preferred device, be it a mobile
device, tablet, or computer screen. This adaptation enhances the reading experience, ensuring content
accessibility across various platforms. Additionally, we focus on a Slide Narration System designed

to address the needs of visually impaired (VI) students who often face challenges in comprehending



classroom slide presentations. With the help of a mobile phone, this system assists VI students in
accessing and interpreting slide content through narration. Lastly, we explore a Slide Image Retrieval
System, which is relevant in the Massive Open Online Courses (MOOCsSs) era. With the proliferation
of educational materials, especially lecture slides, on the web, this system has become instrumental in
facilitating efficient content retrieval, enabling users to search and access relevant materials amid the

vast sea of information.

1.2 Contributions

1.2.1 Deep feature for Historic document image segmentation

We explores the effectiveness of deep features for document image segmentation. The document im-
age segmentation problem is modelled as a pixel labeling task where each pixel in the document image
is classified into one of the predefined labels such as text, comments, decorations and background. Our
method first extracts deep features from superpixels of the document image. Superpixels are compact,
non-overlapping regions or groups of pixels within an image that share similar color, texture, or inten-
sity characteristics. They are typically generated through an over-segmentation process that divides an
image into homogeneous regions based on low-level features. Unlike individual pixels, superpixels are
larger and represent coherent image regions, making them a useful abstraction for various computer
vision tasks.

We extract deep features from superpixels, employing Fisher vector encoded convolutional layers
(FV-CNN) and fully connected layers (FC-CNN). These features encapsulate rich superpixel informa-
tion, paving the way for precise classification. Subsequently, we exploit the power of a Support Vector
Machine (SVM) classifier to predict the class for each superpixel, effectively categorizing them. Fi-
nally, generate a segmentation output that accurately delineates the different layout regions within the
document image. Rigorous experimentation and evaluation validate the effectiveness of our method,

demonstrating its superiority over popular approaches when applied to benchmark handwritten datasets.

1.2.2 Design a deep feature extraction network for various document images

In document image analysis, salient features such as texture or repeating patterns, discriminative
patches, and shapes play a pivotal role in addressing diverse challenges. For instance, when classifying
languages of scripts at the word level, texture features prove invaluable, while layout-level shape features
excel in distinguishing various document types. In response to these multifaceted demands, we propose
anovel deep network architecture that autonomously learns these critical features, encompassing texture
patterns, discriminative patches, and shapes. We design an approach to tackle various document image
analysis tasks, including document image classification, genre identification from book covers, scientific

document figure classification, and script identification.
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The network we present is adept at learning global, texture and discriminative features independently
and adeptly combines them according to the specific nature of the problem at hand. In this study, we
have devised three distinct categories of deep features, each tailored to capture information from differ-
ent scales within the image. The global feature encompasses the shapes and overall structures inherent
in the image. Conversely, the texture feature captures the finer details, such as fonts or script types
employed within the image. Lastly, the discriminative feature identifies the distinctive regions unique to
each class. We evaluate the performance of our approach against state-of-the-art techniques using mul-
tiple publicly available datasets, including Book-Cover, RVL-CDIP, CVSI, and DocFigure. Diverse
experiments conclude that a combination of discriminative, texture, and global features performs better
for various classification tasks - document image classification, genre classification of book, document
figure classification, and script identification. The experimental results showcase the efficacy of our
approach, particularly in the realms of genre and document figure classifications, where it surpasses the
state-of-the-art while also demonstrating competitive results in document image and script classification
tasks.

1.2.3 Enhancing slide image segmentation using location embedding

Slides play a pivotal role as essential document types utilized as visual aids in various domains, en-
compassing education and business. Over time, their significance has evolved from mere supplements
to spoken presentations or printed materials to becoming the primary medium for disseminating knowl-
edge, especially within university classrooms. Slides exhibit a heightened emphasis on visual content
and manifest considerable diversity in their structural composition, layouts, and the relationships be-
tween entities presented, often culminating in intricate designs. Analyzing unconstrained photographs
of slides captured during live lectures poses a formidable challenge in the domain of document image
analysis. While numerous research endeavors have tackled page segmentation issues in conventional
documents, exploring slide analysis needs to be more extensive, earning further investigation and inno-
vation in this evolving field.

This problem poses as extracting logical regions such as title, text, equation, figure, and table from
the slide image. The goal is to assign logical labels like title, paragraph, list, equation, table, and
figure to each pixel in the slide images. Due to the large variability in theme (i.e., the layout), style,
and slide content, extracting meaningful regions becomes a challenging task. In the classroom slide
images, the logical regions are distributed based on the location of the image. We propose a location-
encoded attention module that utilizes the location encoding of logical regions of slide images. To
utilize the location of the logical regions for slide image segmentation, we propose the architecture,
Classroom Slide Segmentation Network (CSSN). To enhance the segmentation accuracy, we concatenate
the attention module output feature with the multi-scale features through an Atrous Spatial Pyramid
Pooling (aspp) layer [29]. The unique attributes of this architecture differ from most other semantic
segmentation networks. Publicly available benchmark datasets such as WiSe [7] and SPaSe [8] are used

to validate the performance of our segmentation architecture.
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1.2.4 Dataset for figure classification and slide image retrieval

Automatic Document Figure Understanding (DFU) represents a pivotal technological advancement
with far-reaching implications across diverse applications. It is vital in enhancing accessibility, enabling
efficient information retrieval, supporting knowledge extraction, facilitating data analysis, and stream-

lining content generation processes in various domains.

In the context of DFU, Document Figure Classification (DFC) emerges as a crucial component, as it
forms the initial step of identifying the figure category for understanding the visual content within the
figure. However, the design of an effective DFC system hinges on the availability of well-defined figure
categories and robust datasets. To train modern neural networks, the available datasets for classifying

figures in document images could be more extensive in size and category diversity.

In response to this limitation, we introduce the DocFigure dataset, a comprehensive collection
comprising 33,000 annotated figures categorized into 28 distinct classes. We collected the figures from
scientific articles published in esteemed conferences such as CVPR, ECCV, ICCV, and others over
recent years. Given the impracticality of manually annotating such a vast dataset, we have developed an
efficient web-based annotation tool to streamline the assignment of category labels with minimal human
annotator effort. To benchmark the utility of our curated dataset for classification tasks, we propose three
baseline classification techniques: leveraging deep features, deep texture features, and a combination of
both. Our comprehensive approach aims to facilitate further advancements in DFC and DFU, fostering

innovation in document understanding and accessibility.

Massive Open Online Courses (MOOCs) have ushered in a new era of educational accessibility,
granting individuals easy and open access to a wealth of educational resources, especially lecture slides,
through online platforms. However, the sheer volume of available materials poses a formidable chal-
lenge when searching and retrieving specific content based on user queries. In response to this chal-
lenge, recent years have witnessed a surge of interest among researchers in developing advanced Al
systems [7,8,55-58]. These systems harness the power of educational lecture videos and presentation
slide images to revolutionize the educational landscape, offering innovative solutions for content orga-
nization, retrieval, and personalization. The synergy between Al technology and educational resources
holds the promise of enhancing learning experiences, making educational materials more accessible,
and streamlining the process of knowledge acquisition and dissemination. Multiple Al systems can
easily design new slides by combining search results and reusing figures and graphs from existing slide

images, minimizing manual effort.

Existing recommendation and retrieval systems [55, 59] have primarily been engineered to retrieve
slides from video files but need help with several inherent limitations. Firstly, these systems heavily rely
on the transcript associated with the video content to facilitate slide retrieval. However, this approach
often falls short in terms of contextual alignment with the slide image, and the transcript may not always
be accessible or available, mainly when dealing with collections of lecture slide images rather than

videos. Secondly, these retrieval systems are constrained because they exclusively accommodate text-
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based queries, effectively excluding the valuable dimension of hand-drawn sketches or diagrams as valid
search queries.

Furthermore, text-based queries often encompass logical regions within slides, such as titles, bullet
points, and figures, along with many figure types, including line graphs, bar charts, Venn diagrams,
and tree diagrams. Hence, a clear imperative arises for developing a specialized dataset is required.
This dataset must accommodate user-defined queries, encompassing textual and sketch-based inputs,
bridging the gap in current retrieval systems and facilitating innovation in document image analysis. We
introduce a novel dataset, namely the Lecture Slide Deck (LecSD) Dataset containing 54 K slide images
from the Data Structure, computer networks, and optimization courses and provide associated manual
annotation for the query in the form of natural language or hand-drawn sketch.

1.2.5 Applications

The ultimate aspiration is to translate our research into practical solutions that address real-world
challenges and enhance the quality of life for individuals and communities. In line with this vision,
we have also conceptualized and designed a range of innovative applications that leverage the fruits of
our research. These applications represent a concerted effort to harness the transformative potential of
our work and make meaningful contributions to various domains, bridging the gap between theory and

impactful, real-world solutions.

1.2.5.1 Classroom Slide Narration System

Slide presentations represent a prevalent and efficient pedagogical tool educators employ for effec-
tive classroom communication. Nonetheless, this conventional teaching model presents significant chal-
lenges for students who are blind or visually impaired (VI). These students often necessitate personal
human assistance to comprehend the visual content presented in slides, posing barriers to independent
learning. Recognizing this limitation, we were inspired to develop a transformative solution known as
the Classroom Slide Narration System (CSNS). The core objective of CSNS is to empower VI students
by generating audio descriptions that seamlessly align with the content depicted in the slides. By provid-
ing accessible and tailored audio descriptions, CSNS aims to bridge the educational divide and enhance

the learning experience for all students, ensuring inclusivity and equity in the classroom.

1.2.5.2 Document Image Reformatting

In the contemporary digital landscape, smartphones have emerged as powerful tools for document
reading, thanks to significant advancements in digital media processing. However, despite their con-
venience, the visualization of double-column formatted documents on the relatively small screens of
smartphones poses a unique challenge for readers. Efforts to address this issue have included reflow-
ing documents to suit the constraints of mobile portable devices, garnering notable attention in recent

years. Nevertheless, these solutions primarily cater to text-based documents and face limitations when

13



confronted with image-based documents. Our research endeavors delve into document reformatting,
which we define as transforming input document images with one layout style into target document
images characterized by a different layout style. By tackling this intricate problem, we seek to allow
users to seamlessly adapt and access a diverse range of document content, transcending the constraints

of varying layout styles on digital platforms.

1.2.5.3 Lecture Slide Deck Search Engine

Massive Open Online Courses (MOOCs) have significantly democratized education by offering easy
access to a wealth of educational resources, particularly lecture slides, via the Internet. However, as
the volume of available content continues to burgeon, effectively searching and retrieving specific in-
formation becomes paramount. To address this crucial challenge, we introduce the Lecture Slide Deck
Search Engine (LecDeckSearch Engine), a pioneering search platform to facilitate seamless information
retrieval. What sets LecDeckSearch Engine apart is its versatility, as it supports both natural language
queries and hand-drawn sketches, enabling users to search effortlessly within a vast repository of slide
images covering computer science topics. This innovative search engine supports a novel semantic
label-aware transformer model, which excels at extracting and encoding semantic labels within slide
images. By seamlessly fusing these semantic cues with visual information from the slide images and
textual cues from natural language queries, LecDeckSearch Engine empowers users to navigate the

ocean of educational content with precision and ease.

1.3 Thesis Overview

The rest of the thesis is organized in the following parts.

Background and Related Work: This section serves as an intellectual foundation, delving into the
fundamental concepts, theorems, models and a comprehensive exploration of prior research that form
the bedrock of our thesis. By unraveling these essential components, we aim to provide readers with
a comprehensive understanding of the theoretical underpinnings and the broader intellectual landscape
within our research. This contextualization lays the groundwork for the subsequent sections of our
thesis, where we delve into the practical applications, methodologies, and findings that contribute to the
broader academic discourse.

Deep Multi-modular Features: Texture patterns, discriminative patches, and shapes constitute piv-
otal salient features that underpin a broad spectrum of document image analysis challenges. In the con-
text of this chapter, we unveil a novel deep network architecture meticulously crafted to autonomously
acquire proficiency in discerning these crucial features. This architectural innovation forms the corner-
stone of our approach, enabling us to address a diverse array of document image analysis tasks with
precision and efficacy. The tasks we undertake include document image classification, genre identi-
fication based on book covers, scientific document figure classification, and script identification. Our

presented network adopts a versatile learning approach, autonomously assimilating global, texture, and
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discriminative features. Subsequently, it tactically combines these features, judiciously aligning them
with the unique demands of each problem at hand. Through this comprehensive framework, we en-
deavor to demonstrate the potential of deep learning in advancing the field of document image analysis
and expanding its applications across various domains. The chapter includes our published work in the
Journal of SN Computer Science in 2022.

Document Image Layout Segmentation: This chapter comprehensively explores our significant
contributions within the multifaceted domain of document image segmentation. We have rigorously
tackled the research task across three distinct document image categories: a) historical documents, b)
scientific materials, and c) images captured during classroom lecture presentations. This chapter mainly
discuss our work published in Computer Vision, Pattern Recognition, Image Processing and Graphics
(NCVPRIPG) in 2017 and Computer Vision and Image Processing (This chapter mainly discuss our
work published in Computer Vision, Pattern Recognition, Image Processing and Graphics (NCVPRIPG)
in 2017 and Computer vision and image processing in 2021. (CVIP) in 2021.

Dataset for document image analysis In our research journey, we contribute two noteworthy datasets
to the document image community, marking significant milestones in our endeavor. The first of these,
the DocFigure dataset, encompasses a rich repository comprising 33,000 images thoughtfully cat-
egorized into 28 diverse figure classes. This dataset is a valuable resource for researchers, facilitating
advancements in various domains of document image analysis. In parallel, we introduce the LecSD
(Lecture Slide Deck) dataset, specifically tailored to support slide image retrieval. LecSD enables users
to employ textual queries and hand-drawn sketches as retrieval inputs, offering a versatile and com-
prehensive platform for the research community. These are from our published work in the IAPR

International Workshop on Graphics Recognition 2019.

Applications based on document image analysis This chapter explains an in-depth exploration of
the practical applications of our research in document image analysis. We pride ourselves on presenting
three innovative applications, each meticulously designed to address distinct real-world challenges. First
among them is the Classroom Slide Narration System (CSNS), a pioneering solution aimed at enhancing
accessibility and learning for individuals who are blind or visually impaired. CSNS generates audio
descriptions corresponding to the content of classroom slides, empowering visually challenged students
with independent access to educational materials. Additionally, we delve into document reformatting, a
transformative endeavor that adapts document images from one layout style to another. This application
bridges the gap between different layout styles, ensuring seamless access to document content across
diverse digital platforms. Finally, we unveil the Slide Deck Search Engine (LecDeckSearch Engine).
This versatile platform supports natural language and hand-drawn sketch queries for efficient searches
across a vast collection of slide images, catering to the information retrieval needs of learners and
educators alike. These applications collectively epitomize our commitment to harnessing the power of
document image analysis for practical, real-world solutions, advancing accessibility, and enriching the

learning experience.
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Conclusion Finally, we conclude the thesis by summarizing the contributions and drawing directions

for future research in related areas.
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Chapter 2

Background and Related Work

Document image analysis, a specialized branch of computer vision and image processing, centers
on extracting and examining textual and other content found in scanned, camera-captured, or digital
documents. In this chapter, we explore the background and the classical approaches that researchers
have proposed for the problems introduced in Chapter 1. Researchers employ a variety of computer
vision algorithms for document image analysis, often introducing innovative algorithms tailored to this
specific field. This chapter provides an overview of the fundamental algorithms utilized in document
image analysis, highlighting prior approaches that serve as the foundation for our contributions in this
thesis.

Automatic document image analysis has a rich history spanning over six decades. We divide this
extensive timeline into two distinct epochs: the pre-deep learning era and the era of deep learning
approaches. Classic image representations and document image segmentations were the prevailing
methodologies during the pre-deep learning era. In contrast, the advent of deep learning approaches has
led to remarkable advancements, consistently surpassing the performance of classical methods across
a spectrum of document image analysis tasks. Nevertheless, researchers have adopted a hybrid ap-
proach, amalgamating classical techniques with deep learning models to propose cutting-edge solutions

in computer vision and document image analysis domains.

2.1 Document image analysis in Pre-deep learning era

In this section, we elucidate the traditional image representation that demonstrated effectiveness in
the era preceding the widespread adoption of deep learning. In computer vision and image processing,
feature extraction is pivotal in transforming visual data into a more manageable and informative repre-
sentation. This process entails mapping an image, denoted as I € Z, into a feature spaceX € X or
learning a mapping functionF : R? — R?. Here, p signifies the number of pixels within the image,
and d represents the feature dimension, often characterized by d << p. Selecting an appropriate feature
mapping function hinges on the specific task under consideration. Ideally, such a function should ex-
hibit several critical properties, including (i) invariance to translation, scale, and illumination, ensuring

the features remain robust under varying conditions; (ii) resilience to noise and degradation, preserving
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feature integrity in the presence of disturbances; (iii) compactness, resulting in a concise representation
of the underlying information; and (iv) computational efficiency, facilitating swift and efficient feature
computation. These properties collectively guide the design and implementation of feature extraction
methods in the pursuit of more effective and robust computer vision systems. Various techniques and

methods, including the following, can achieve feature extraction:

 Interest Point Detection: They identify key points or interest points in an image representing
unique regions, such as corners, edges, or blobs. For this purpose, researchers use algorithms such
as Harris corners [60], Shi-Tomasi corners [61], and FAST [62]. Corners are valuable because
they represent regions where image intensity or color changes significantly in multiple directions.

They are helpful for image matching, tracking, and feature-based object recognition.

These approaches employed in document image analysis have garnered significant attention due
to their effectiveness in addressing complex tasks. Writer identification, for instance, has seen
notable advancements through integrating deep learning techniques in combination with fast key
points and the Harris corner detector, as evidenced by the work of Semma et al. [63]. Further-
more, skew detection and correction techniques have harnessed the Hough transform and Harris
corner detector’s power, as Gari et al. illustrated [64]. At the same time, document page layout
analysis has hinged on using Harris corner points, as described by Nourbakhsh et al. [65]. Addi-
tionally, skew correction methodologies for vehicle license plates have effectively harnessed the
principal component of Harris corner features, as detailed in the work of Modi ef al. [66]. These
approaches collectively contribute to the robust and comprehensive field of document image anal-

ysis, offering valuable insights and solutions to various challenges in this domain.

* Local Descriptors: Researchers have developed numerous feature extraction techniques to cap-
ture distinctive image patterns and information. Four noteworthy methods that have made substan-
tial contributions in this domain are Scale-Invariant Feature Transform (SIFT) [67], Speeded-Up
Robust Features (SURF) [68], Oriented FAST and Rotated BRIEF (ORB) [69], and Binary Ro-
bust Independent Elementary Features (BRIEF) [70]. SIFT, introduced by David Lowe in 1999,
is renowned for its scale and rotation invariance, making it particularly effective for object recog-
nition. SURF, proposed by Herbert Bay ef al. in 2006, offers similar robustness and excels in
computational efficiency. ORB, devised by Ethan Rublee ef al. in 2011, combines speed with
robustness, making it suitable for real-time applications. BRIEF, introduced by Michael Calonder
et al. in 2010, is efficient in creating binary descriptors. These feature extraction techniques have
found diverse applications across various computer vision tasks, including object recognition,

image matching, and image retrieval.

The utilization of these approaches has demonstrated notable success in addressing diverse doc-
ument analysis tasks, showcasing their versatility and effectiveness. For instance, identifying
scripts from handwritten documents has benefited from implementing the SIFT method, as illus-

trated in the work by Rajput ef al.. [71]. Similarly, Farsi and Arabic optical font recognition have
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leveraged the discriminative power of SIFT features, as exemplified in the study conducted by
Zahedi et al. [72]. Furthermore, Ahmed et al. [73] have applied the SURF method to facilitate the
extraction of text embedded within graphical elements. Additionally, the domain of printed doc-
ument forensics has witnessed advancements through the computational approach, incorporating
SURF and ORB features, as proposed by Kumar ef al. [74]. These endeavors underscore the
practical utility of these approaches in addressing various challenges encountered in document

analysis, thus contributing significantly to the advancement of this field.

* Histogram-based Features: Histogram-based feature extraction methods in computer vision in-
volve analyzing the distribution of pixel values, colors, or gradients within an image to capture
valuable information about its content. These methods represent image characteristics in his-
tograms, which are histograms of pixel values, color intensities, gradients [75], and texture [76].
Histogram-based features are valuable for various computer vision tasks, including image classi-

fication, object recognition, and image retrieval.

Histogram-based Features play a pivotal role in the analysis of document images, and their ef-
fectiveness is evident in several noteworthy studies. For instance, Cruz et al. utilized Local
Binary Patterns (LBPs) to detect document forgery, as documented in their work [77]. Similarly,
Nicolaou et al. introduced Oriented Local Binary Patterns in the realm of writer identification,
demonstrating their relevance in this context [78]. Furthermore, Dey ef al. applied Local Binary
Patterns for word spotting in handwritten historical documents, showcasing the versatility of this
approach [79]. In scene text recognition, Tian et al. harnessed the Co-occurrence of Histogram of
Oriented Gradients (HOG) to achieve notable results [80]. Additionally, Tian ef al. extended the
utility of HOG-based features to multilingual scene character recognition, emphasizing the adapt-
ability of these techniques [81]. These studies underscore the significance of Histogram-based

Features in advancing various aspects of document image analysis and scene text recognition.

In this thesis, our initial focus is on elucidating the fundamental concept of Bag of Words (BoW),
often called bag-of-visual-words (BoVW), in visual data analysis. Seminal works, such as [82, 83],
trace the inception of this concept. The BoW model, along with its subsequent advancements, adeptly
amalgamates the capabilities of local descriptors and histogram-based approaches, imparting efficiency
to various aspects of visual data analysis. In the ensuing section of this report, we delve deeper into
the Bag of Words concept and explore its successor methodologies, thus offering a comprehensive

understanding of their transformative role in visual information processing.

2.1.1 Bag of Visual Words (BoVW) Representation

The foundational premise of the Bag of Visual Words (BOVW) model operates under the funda-
mental assumption that an image can be conceptualized as an amalgamation of visual words, drawing
parallels to the relationship between textual documents and their constituent words. These visual words,

denoted as b € B, form an integral part of a visual vocabulary denoted as B, which is acquired through
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unsupervised learning from a subset of the data, typically a collection of images. When presented with
an image, an essential BOVW representation is constructed by mapping each local descriptor to its near-
est visual word and aggregating them into a histogram of visual words. The BOVW framework follows
a typical pipeline encompassing various stages, including (i) interest point detection, (ii) computation
of local descriptors, (iii) creation of the visual vocabulary, often referred to as quantization, (iv) coding,

and (v) pooling.

2.1.1.1 Detectors and Descriptors

In the bag-of-visual-word framework, the primary step involves extracting interest points (keypoints)
and then computing the descriptors. Several methods exist for identifying keypoints, including ap-
proaches such as the unsupervised discovery of mid-level discriminative patches [84] and exploring
distinctive components for scene classification [85]. These interest points can exhibit varying character-
istics, being either sparse or dense, and an essential property sought in a detector is repeatability, which
enhances its robustness against noise and various forms of degradation.

As a low-level image processing technique, feature detection leverages information related to edges,
corners, or blob-level characteristics. While different detectors are typically more suitable for specific
domain tasks, subsequent research has revealed that utilizing dense or regularly distributed keypoints
at various scales can also yield competitive performance. Several well-known keypoint detectors have
gained prominence in the field of computer vision. These include the Harris affine detector, which,
as outlined in Harris’ work [60], specializes in computing corner points while preserving those with
higher response values. Another noteworthy detector is the Difference of Gaussians (DoG), which is
an integral part of the SIFT descriptor, as introduced by Lowe [86]. The DoG detector identifies local
maxima points within a scale-space created through the difference of Gaussian pyramids. While it
is common practice to select keypoint detectors based on specific domain tasks, subsequent research
has revealed that employing dense or regularly distributed keypoints at various scales, as evidenced by

studies like [87, 88], can yield competitive performance across a range of applications.

2.1.1.2 Visual Vocabulary

Consider a collection of K descriptors, denoted as x1, xo, . ..,rx € RY obtained from a random
subset of the entire image corpus. To illustrate this concept, we take the example of the SIFT descrip-
tor, characterized by a dimensionality of d = 128 and recognized as a state-of-the-art descriptor in
BOVW-based image retrieval methodologies. The process of learning a visual vocabulary essentially
entails partitioning the local descriptor space into meaningful and informative regions. Typically, this is
achieved using a k-means based clustering algorithm that minimizes the sum of squared Euclidean dis-
tances between sample points and their corresponding cluster centres. Mathematically, this optimization

process is represented as:
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M
B* = argéninz Z ||z — MHS (2.1)

=1 .Z’ESi
Here, S = {57, S2,..., Sy} represents the set of M clusters, with each cluster .S; containing de-
scriptors closest to the cluster mean denoted as ;. The term B = [u1, o, . . . , iar) refers to the learned

visual vocabulary, commonly known as the codebook, where each p; represents a codeword. This en-
tire process is referred to as quantization. The selection of the codebook size, denoted as M, should
strike a balance: it should not be too small to under-represent patches from the corpus, nor too large,
which could introduce quantization errors. Quantization errors manifest as ambiguity when assigning
codewords to descriptors that are in proximity to the boundaries of two or more clusters. Typically,
the value of M is empirically determined through cross-validation. It is important to note that learn-
ing a visual vocabulary via k-means on real-world datasets containing millions of descriptors can be
computationally demanding.

Researchers have developed efficient clustering methods to tackle this challenge. One example is
hierarchical clustering, introduced by Nister et al. [89], and another is approximate k-means using ran-
domized kd-trees, proposed by Philbin et al. [90]. These methods significantly reduce the computational
complexity of assigning a sample to a cluster, achieving a complexity of O(dlog M), where d’ repre-

sents the dimensionality of the data and "M’ stands for the codebook size.

2.1.1.3 Coding and Pooling

Moving on to the next stage in the pipeline, we encounter the “coding” process, which accomplishes
the mapping from the input feature space (Rd) to codewords (]RM ) The most widely adopted and
fundamental coding technique is vector quantization (VQ). In VQ, each descriptor is assigned to its
nearest codeword from the codebook, representing a hard quantization approach where each descriptor
is associated with precisely one codeword. Mathematically, the VQ operation for an image comprising

N descriptors are expressed as follows:

C* = argmin YN | ||z — Bey|?
c (2.2)
s.t. leill;, = 1, lleill;, = 1,¢ > 0,Vi

The code ¢; € RM corresponds to the code associated with the i¢" descriptor. To construct the Bag of
Words (BOW) representation from the set of codes C' = {c1, ca, ..., cy} obtained from a given image,
a process known as “pooling” is performed. There are two primary types of pooling methods: (i) sum
pooling (or average pooling), represented as h = ¢; + c2 + . .. + ¢, and (ii) max pooling, represented
as h = max (¢, o, . . ., cn ). Here, the resulting representation denoted as h” holds several advantages,
including deriving a compact representation, imparting invariance against variations in position and
illumination conditions, and enhancing robustness against clutter, among other benefits. However, it

is essential to note that straightforward pooling also leads to a loss of geometrical information, which
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represents a fundamental limitation within the bag of words model. This geometrical information is
crucial for building robust image retrieval or recognition systems. Lazebnik et al. [91] introduced a
spatial pooling approach regain the lost geometric information partially. This method involves dividing
an image into multiple spatial pyramids and then combining the weighted histograms generated from
individual regions within these pyramids. Specifically, this approach assigns higher weights to regions

at finer levels, distinguishing them from regions at coarser levels.

2.1.2 Higher Order Representations

The discussed encoding techniques have primarily concentrated on capturing the count statistics of
visual words. From a statistical standpoint, one can liken the Bag of Visual Words (BOVW) representa-
tion to capturing the zeroth moment from a set of data samples. However, there is the potential to derive
higher-level representations by utilising first and second-order moments. In this context, two widely
recognised representations come into play: (i) The Vector of Linearly Aggregated Descriptors (VLAD)
method proposed by Jégou et al. [92]., which leverages the information contained in the first moment,
and (ii) Fisher Vectors (FV) introduced by Perronnin and Dance [92], which harnesses the statistics of

the first, second, and third moments.

2.1.2.1 Vector of Locally Aggregated Descriptors (VLAD)

When considering a codebook denoted as B = {b;,i = 1,... M} learned using k-means and a
collection of local descriptors represented as X = {z;,t = 1,...,T}, the VLAD computation involves

three distinct stages:

Stage 1: Assignment of Nearest Neighbors - Each local descriptor x; is assigned to its nearest visual
word using the expression NN () = argmin, [lz; — b;.

Stage 2: Residual Vector Computation - Residual vectors v; are computed for each visual word
b; by aggregating the differences between the local descriptors x; and their assigned visual word, i.e.,
Ui = D NN (er)=b; (Tt = bi).

Stage 3: Concatenation and Lo Normalization - The final representation is obtained by concatenating

the computed residual vectors and then performing Lo normalization on this concatenated vector.

As illustrated in the above stages, the ultimate representation is a concatenated and Lo normalized
feature obtained from each visual word. In this representation, we characterize each visual word by
aggregating the residual vectors representing the first-order moment of all the descriptors in X assigned
to that particular visual word. It is important to note that compared to earlier coding schemes, which
resulted in a dimensionality of M (where M is the number of visual words), the VLAD representation

exhibits increased dimensionality of d x M, with d being the dimensionality of the descriptor.
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2.1.2.2 Fisher Vectors (FV)

Fisher Vectors (FVs) represent an application of Fisher Kernels (FK) on visual vocabularies, offering
a dense description of an image while utilizing smaller vocabularies. FK serves as a method for mea-
suring the similarity between a data sample and a statistical model, aiming to combine the advantages
of both generative and discriminative approaches. For a given sample X and a likelihood function P

with parameters A, the scoring function is expressed as follows:

PA(X) = Vialogp(X | N) (2.3)

This scoring function signifies the direction in which the model parameters A should be adjusted to
better align with the data, resulting in a fixed-length vectorial representation whose size is determined

by the number of parameters. The Fisher Kernel is defined as:

K(X,Y)=¢(X | N F (Y | A) (2.4)

Here, F), represents the Fisher information matrix (FIM), which normalizes the input vector and is
defined as:

F\ = Ex [Valogp(X | A\)Valogp(X | A)] (2.5)

Perronnin and Dance [93] introduced Fisher Kernels (FK) for visual vocabularies, representing vocab-
ularies using a Gaussian Mixture Model (GMM). Let X = {z4,t =1,...T} denote a set of T i.i.d.
d-dimensional local descriptors from an image, and let A represent the parameters of the GMM, which
includes w;, p;, and X; for Gaussian component ¢, where w; is the weight, y; is the mean vector, and 33;
is the covariance matrix. M denotes the total number of Gaussians in the GMM. The scoring function

for X is given as follows, reflecting average pooling due to the i.i.d. assumption:

T
1
OA(X) = 7 D Valogp (ay | A) (2.6)
=1
M
where, p (¢ | A) = > wip; (¢ | A) 2.7)
=1
M

Z w; =1 (2.8)

exp{—% (x— ) 57" (x — ) }

pi(z | A) =
CARY (27m)D72 [, /2

(2.9)

The scoring function ¢ (X) is computed by taking derivatives with respect to each w;, p;, and ¥;,
normalized by the Fisher Information Matrix, and concatenated to obtain the final image representation.

This results in a representation size of (2 x d + 1) x M.
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2.1.3 Layout segmentation in Pre-deep learning era

In the era before the widespread adoption of deep learning, layout segmentation was a technique
in computer vision and image processing. Its primary objective was to partition a document or image
into distinct regions or segments based on the arrangement of visual elements, including text, images,
graphics, and other visual components. This segmentation process played a vital role in enabling the
interpretation of the spatial organization of these elements within a document or image. It also paved the
way for various tasks such as optical character recognition (OCR), document categorization, and content
extraction. Researchers typically categorise layout segmentation methods into three main approaches:
Bottom-up, Top-down, and Hybrid.

2.1.3.1 Bottom-up approach

In the Bottom-up approach, the segmentation of a document or image commences with analysing
lower-level visual features and components, such as individual pixels, lines, or regions. This process
involves examining and grouping these foundational elements based on their visual characteristics, sim-
ilarities, or other relevant criteria. As a result of this hierarchical grouping, higher-level segments or
regions are gradually formed, ultimately leading to the complete segmentation of the document or im-
age. The term “bottom-up” denotes the method’s starting point at the most fundamental visual compo-
nents, allowing for the potential capture of the document’s hierarchical structure and layout. Some of

the bottom-up approaches are as follows:

* Docstrum: The document spectrum, or docstrum, is a structural page layout analysis method [12].
The approach determines a page’s format by analyzing the connected components. The docstrum
method involves bottom-up, nearest-neighbour clustering of page components to accurately mea-
sure skew, within-line and between-line spacings and locate text lines and text blocks. It offers
advantages over other methods, such as independence from skew angle and different text spac-
ings and the ability to process local regions of different text orientations within the same image.
The docstrum method is versatile and effective in analyzing various page formats and randomly

oriented subpages.
However, these approaches come with certain drawbacks:
— Computational Complexity The docstrum method tends to be more computationally inten-

sive, especially when dealing with a larger number of image components, making it com-

paratively slower than top-down methods.

— Skew Estimation Precision In cases where documents exhibit only slight skew, the preci-

sion of skew estimation in the docstrum analysis may be inferior to that of baseline methods.

— Block Segmentation The block segmentation stage of the docstrum analysis is less robust
when compared to text line detection. In scenarios where the spacing between functional

blocks becomes similar to the spacing within a block, segmentation requires more than
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just structural layout analysis. Additional page-specific formatting information becomes

necessary.

— Handling Joined Characters The docstrum method may not accurately handle joined char-

acters in handwriting or characters that lack clear separation.

— Lack of Skew Precision Comparison The docstrum method may not accurately handle
joined characters in handwriting or characters that lack clear separation. The docstrum anal-
ysis must provide a means to compare skew estimation precision against different methods,

making it challenging to assess its accuracy relative to other techniques.

— Dependency on Connected Components The docstrum method relies on connected com-
ponents for analysis, which may not be suitable for all page layouts, potentially limiting its

applicability in some instances.

* Area Voronoi Diagram: Kise ef al. [13] introduce an approach to page segmentation utilizing
an approximated area Voronoi diagram. This method facilitates the identification of potential
document component boundaries in page images characterized by non-Manhattan layouts and
skew. This approach leverages the identified candidates to estimate intercharacter and interline
gaps without requiring domain-specific parameters. This design choice enhances the method’s
flexibility and efficiency. Experimental findings validate the method’s efficacy in extracting body
text regions, demonstrating efficiency levels comparable to other connected component analysis
methods. The paper underscores the significance of page segmentation in the broader context
of document image understanding, particularly in page classification. It addresses the growing
prevalence of pages featuring non-Manhattan layouts and document components with arbitrary
shapes. The drawback of this approach is as follows:

— The proposed approach frequently results in the fragmentation of figures, tables, halftones,

and titles featuring larger fonts, headers, and footers with wider interword gaps.

— It is important to note that the method does not consider ruled lines that may be present in
page images. This omission can result in segmentation errors, especially in low-resolution
images, where it may break solid ruled lines or incorrectly filter out dotted ruled lines as

noise.

— While the method proves effective in extracting body text regions, it may encounter chal-
lenges when accurately segmenting other document components, such as auxiliary text re-
gions and non-text regions. The rates of fragmentation and over-merging, which can sub-
sequently pose issues in further stages of document image understanding, are not explicitly

addressed with these components.

— The paper acknowledges that there is room for improvement in the method and suggests that

additional research is required to address these limitations.
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2.1.3.2 Top-down approach

Top-down document image segmentation is used in computer vision and image processing to divide
a document or image into meaningful regions or segments based on a predefined set of rules or criteria.
Unlike bottom-up segmentation, which starts with low-level visual features and progressively builds up
to form segments, top-down segmentation begins with a high-level understanding of the document’s
structure and content. Top-down image segmentation is beneficial for scenarios where the document
layout and structure are well-defined or follow specific conventions. It relies on a priori knowledge of
document formats and content patterns to guide the segmentation process. However, it may encounter
challenges when dealing with documents that deviate from established norms or exhibit complex and
irregular layouts. Some of the approaches that belong to this category are as follows:

* Run Length Smearing Algorithm The Run-Length Smoothing Algorithm [14], abbreviated as
RLSA, is a robust technique employed in document analysis systems for top-down block seg-
mentation. This algorithm is specifically designed for binary images and leverages the presence

of white runs in both horizontal and vertical directions.

The RLSA method comprises three primary stages: horizontal smoothing, vertical smoothing, and
an additional round of horizontal smoothing. During the horizontal smoothing stage, it eliminates
white runs shorter than a designated threshold smoothing value (SV). This same process is applied
vertically. The outcomes from horizontal and vertical smoothing are combined using a logical
AND operation to generate a new smoothing image. The RLSA method functions as a top-down
procedure, successively applied to isolate significant blocks such as paragraphs, images, text lines,
words, and character blocks. Choosing appropriate smoothing values is paramount for each stage
of this process. The Horizontal Smoothing Value (HSV) and Vertical Smoothing Value (VSV) are
contingent upon the number of pixels spanning the length of long words. At the same time, an
HSV should encompass a few character widths. While various document analysis systems have
adopted the RLSA method, they have traditionally relied on heuristic approaches to determine the

smoothing values, lacking a systematic calculation method.
The main drawbacks of this approach are the following:
— RLSA is sensitive to document skew, which can affect the accuracy of the segmentation
process.

— The RLSA method depends on heuristic parameters determined subjectively, potentially

resulting in inconsistencies and failures if the parameters assumptions have the wrong value.

— The RLSA method requires training the system with documents with similar fonts or mor-

phological characteristics, making it less robust and adaptable to different documents.

— RLSA imposes a smoothing process on the document using heuristic parameters, which may

only sometimes yield optimal results and can lead to suboptimal segmentation.
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* X-Y cut Nagy et al. [15] proposed the X-Y tree-based document image segmentation and la-
belling. The X-Y tree data structure is employed to partition the document page into nested
rectangles. In this structure, each node represents a rectangular block, and its children denote
subdivisions of the parent block in either the horizontal or vertical direction. This representation

effectively captures the document’s layout structure.

Syntactic analysis plays a pivotal role in recognizing and parsing the document’s layout and struc-
ture, encompassing elements like headings, paragraphs, lists, and other structural components. It
facilitates the segmentation and labelling of different document parts based on their syntactic at-
tributes. Specialized software tools, formal grammar, and parsing algorithms achieve syntactic

analysis, interpreting the syntactic structure within text and images.

The application of syntactic analysis progressively enhances the refinement of image blocks. This
refinement entails converting the two-dimensional challenge of page decomposition into a series
of one-dimensional problems. The approach identifies logical entities of interest within the docu-

ment page by examining the page image’s vertical and horizontal projections.

Researchers employ block grammar to assign labels to entities like abstracts, title blocks, byline
blocks, reference entries, and figure captions at the subblock level. Different document formats
may employ alternative grammar. During the parsing of a block, each subblock receives a unique
label.

Block grammar extension encompasses the entire page’s segmentation and labelling. Each sub-
block within a given block is interpreted as a specific labelled entity, enabling the identification
and labelling of significant information blocks on the page. The X-Y tree approach strives to
preserve the original document’s layout and typography faithfully, which improves readability
compared to OCR results that might retain only partial information. This is especially crucial
for graphics, equations, and tables, which may need more standardized computer representations.

However, the approach has the following limitations:

— Document images often contain noise caused by flawed fibers, imperfect printing, photo-
copying, and digitization, which can complicate automated analysis. This can affect the

accuracy of the segmentation process.

— The X-Y tree approach relies on the layout structure of the document, which may vary across
different document formats and styles. Hence, developing a universal approach that works

effectively for all documents is challenging.

— Syntactic analysis, a vital component of the X-Y tree approach, can be computationally
intensive and require sophisticated algorithms. The complexity of analyzing the structure
and grammar of sentences or documents can impact the efficiency and scalability of the

segmentation process.

— Incorporating OCR and image-grabbing techniques into the X-Y tree approach can enhance

it, but the accuracy of these techniques can affect the quality of the segmentation results.
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Errors in OCR or image grabbing can lead to incorrect labelling and segmentation of the

document image.

2.1.3.3 Hybrid approach

The hybrid approach merges bottom-up and top-down techniques, resulting in a more comprehensive
examination of page layouts. The hybrid method adeptly manages intricate non-rectangular layouts, as
seen in contemporary magazine pages, while preserving an understanding of the overall structure. The
hybrid approach effectively addresses the constraints of exclusively top-down or bottom-up method-
ologies, which may require assistance in dealing with various formats and the frequently encountered
non-rectangular regions within magazine pages. In summary, the hybrid approach in page layout anal-

ysis provides a more resilient and adaptable solution for accommodating diverse page layouts.

* Tab-Stop based Layout Analysis Smith [16] introduces a hybrid document layout analysis using
Tab-Stop detection. The algorithm aims to identify a page’s column layout by detecting tab-
stops used during formatting. Tab-stops are considered as useful features for finding the column
structure of a page and can handle complex non-rectangular layouts of modern magazine pages.
The hybrid approach overcomes the limitations of purely bottom-up or top-down methods by
combining them, allowing for a more comprehensive analysis of page layouts. The algorithm

imposes structure and reading order on the detected regions based on the column layout.

Tab-stops are fixed x-positions on a page that define the boundaries of regions such as margins,
column edges, indentation, and table columns. Tab-stops play a crucial role in distinguishing
tables from body text and bounding non-column elements like inset images and pull-out quotes.
This layout analysis algorithm utilizes tab-stop detection to identify the column layout of a page.
By tracking text lines from one tab-stop to another, the algorithm connects tab-stops and asso-
ciates them as likely opposite sides of a text column. Tab-stops provide useful features for page

layout analysis and table detection, making them valuable for analyzing complex layouts.

The main disadvantages of this approach are as follows:

— While the proposed hybrid page layout analysis algorithm focuses on tab-stop detection and
column layout, it does not encompass logical layout analysis tasks, including identifying

headers, footers, body text, numbered lists, and the segmentation of content into articles.

— The algorithm may encounter challenges in dealing with non-rectangular regions and cross-
column headings that smoothly blend into the columns below. These difficulties arise be-

cause the algorithm primarily depends on bottom-up and top-down methods.

— The algorithm assumes the presence of isothetic region polygons, characterized by edges
alternating horizontally and running parallel to the mean tab line. However, this assumption

may not accurately represent complex layout structures.
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— The algorithm’s utilization of stroke width calculations for filtering text-connected compo-
nents (CCs) may not be universally practical, especially when dealing with various font

types. This approach could lead to both false positives and false negatives.

Table 2.1 summarizes the pre-deep learning approaches on document image segmentation and their

observations.

2.2 Deep Learning Approaches

This section delves into applying deep learning techniques in document image analysis, encompass-
ing feature design and layout segmentation. The advent of the deep learning era has brought about a
significant shift from traditional ’feature engineering’ to ’feature learning,” driven by the resurgence of
neural networks. An early example of this shift is in LeNet-5 [94], which introduced an end-to-end
trainable pattern recognition framework that could take raw pixel data as input, learn feature represen-
tations, and then classify handwritten digits. While LeNet-5 provided the foundation for subsequent
architectures, recent developments have led to the utilization of much deeper networks, improved opti-
mization algorithms, larger datasets, and the utilization of enhanced computing power through graphics
processing units (GPUs).

In the forthcoming subsections, we will delve into the core principles of CNN architecture and ex-
plore recent advancements, providing insights into how researchers have skillfully designed these archi-

tectures for document feature extraction and layout segmentation.

2.2.1 Convolutional Neural Networks

A Convolutional Neural Network (CNN) is a specific type of feed-forward network denoted as g that
takes an input 2 € RP and maps it to an output y € R?. To be more precise [95], g = fr o---o fi
represents a sequence of more straightforward functions f;, referred to as layers. Let us denote each
network function’s outputs as zg, x1,...,Zr—1, With g representing the input image. At a specific
layer [, we can express the output as f (x;_1,w;), where w; denotes the layer parameters encompassing
weights and biases. If we have an image I € R7*W>*F where H, W, I denotes the image’s height,
width, and number of channels (typically 3 for RGB images), the output at the /-th layer of the CNN
takes the form of a spatial map x; € RHXWixDi Here, H; and W correspond to the spatial resolution,
while D; represents the number of feature channels in layer [. Various functional layers within the
network perform fixed or learned functions to transform inputs from one space to another.

A convolutional layer performs convolution by convolving an input map x with a set of K multi-
dimensional filters f, resulting in an output y. The dimensions of these tensors are as follows: x is in

. . ! !/ . . 1" 1"
RIXWXE " £ g in R XWXEXK “and the output g is in REXW" <K,

F
y;‘:f(zmz1*w£j),j:{1,...,K} (2.10)
k=1
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In the given context, ‘n’ represents the layer index, ‘%’ is the input channel index, and ij € R>xw
corresponds to the 5" set of filter weights. The ‘+” symbol denotes the convolutional operator, and f(.)
signifies an activation function, with yj’ representing the j th output feature map. Convolution is a linear
and translation-invariant operator acting as a local image detector in this context. It involves using ‘K’
filters, where each filter functions as a sliding window over local regions of the input from the previous
layer, denoted as 2"~ !. Notably, the parameters are shared across different local regions, reducing the
number of learnable parameters. This approach leverages the stationarity principle of image signals
and maintains pixel dependencies within local regions. To capture complex transformations in the input
space, non-linear activation functions are applied after each convolution operation. Standard activation
functions include sigmoid and tanh, but they can suffer from vanishing gradient issues, particularly in
the regions of extreme values, leading to slower training. Rectified Linear Units (ReLUs) [96] address
this issue by having non-saturating gradients, although they can result in “dead” units that learn a high
negative bias. To address this, researchers introduce leaky ReLU units, which progressively alleviate
this issue during training. Maxout [97] activation units are a more generalized version of ReLUs, ap-
proximating non-linear activation functions with multiple piece-wise linear units. Popular activation

functions used in convolutional neural networks (CNNs) include:

1. Rectified Linear Unit (ReLU): ReLU is one of the most widely used activation functions. It
replaces all negative values with zero and leaves positive values unchanged, which helps in miti-

gating the vanishing gradient problem.

2. Leaky ReLLU: Leaky ReLU is a variant of ReLLU that allows a slight, non-zero gradient for negative

values. This helps prevent some neurons from becoming completely inactive during training.

3. Parametric ReLU (PReLU) [98]: PReL.U is similar to Leaky ReLU but allows the negative slope

to be learned during training, making it more flexible.

4. Exponential Linear Unit (ELU) [99]: ELU is another activation function that addresses the van-
ishing gradient problem. It smoothly saturates for negative values and has exponential growth for

positive values.

5. Sigmoid: Sigmoid functions squash the input values into a range between 0 and 1. Researchers

often use it in the output layer of binary classification models.

6. Hyperbolic Tangent (tanh): Tanh functions map input values to a range between -1 and 1. They

are similar to sigmoid functions but have a zero-centered output.

7. Swish [100]: Swish is a relatively new activation function that combines elements of ReLU and

sigmoid functions. It has shown promise in some deep-learning applications.

8. Maxout: Maxout is a generalization of ReL.U that learns piece-wise linear activation functions

and can approximate more complex functions.
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The choice of activation function depends on the dataset’s specific problem, architecture, and empirical
performance. Experimentation is often necessary to determine which activation function works best for

a given task.

The pooling layer is a fundamental component in a Convolutional Neural Network (CNN) used
for feature extraction and dimensionality reduction. Its primary purpose is to reduce the feature maps’
spatial dimensions (width and height) while retaining the most essential information. This spatial down-
sampling helps reduce the network’s computational complexity and makes it more computationally

efficient.

One of the most common pooling operations is Max Pooling, where for each local region in a feature
map (typically a small square window, like 2 X 2 or 3 x 3), the maximum value is retained while the rest
are discarded. This process effectively reduces the spatial dimensions by selecting the most significant
features. Another pooling operation is Average Pooling, which takes the average value within each local
region, providing a smoothed down-sampled representation. Pooling layers are typically applied after
one or more convolutional layers in a CNN, helping to create translation-invariant features, meaning

that the network can recognize patterns regardless of their exact position in the input.

The pooling layer is vital in handling spatial hierarchies of features in CNNs. By iteratively applying
pooling layers, the network can capture features at different scales and progressively reduce the spatial
dimensions. This leads to a more compact representation that retains the critical information for clas-
sification or detection tasks. However, it is essential to strike a balance between pooling aggressively
(which may result in loss of fine details) and not pooling enough (which may lead to excessive computa-
tional requirements). Fully connected layers follow pooling layers, allowing the network to leverage the
high-level abstractions it has learned for tasks such as image classification, object detection, or semantic

segmentation.

Fully connected layers, also known as dense layers, are crucial in many neural network architectures,
including deep learning models like Convolutional Neural Networks (CNNs) and feedforward neural
networks (FNNs). These layers are responsible for learning complex relationships and patterns within
the input data, making them suitable for tasks such as image classification, natural language processing,

and more.

In a fully connected layer, each neuron (or node) connects to every neuron in the preceding layer. If
the N neurons are in the previous layer, N connections will go into each neuron in the fully connected
layer. Each connection has an associated weight, adjusted during training to learn the best representa-
tions for the given task.

The primary purpose of fully connected layers is to transform the features learned in the previous
layers into a form that’s suitable for the final prediction or decision-making. Neural network architects
often position these layers at the end of the network structure, and they subsequently apply an activation

function (such as ReLU or sigmoid) to introduce non-linearity.
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2.2.1.1 Neural Network training

In CNN network training, the goal is to determine the best weights for every trainable parameter
within the network. These parameters consist of filter weights (referred to as W) associated with con-
volutional layers and biases (referred to as b) associated with both convolutional and fully connected
layers. To achieve this, researchers frame the learning process as an optimization problem centered

around minimizing the following objective function:
N
0* = argmin » L (z",y") + A|W]3 2.11)
9 n=1

In this context, the objective function involves a loss function denoted as £(-), which depends on a
parameter set represented by 6. This parameter set encompasses both W and b, where W signifies the
filter weights, and b represents the biases. The variables ™ and y™ refer to the input sample and the
corresponding ground truth label vector for the nth sample. The latter part of the equation focuses on
minimizing the L2 norm of the weight coefficients, commonly referred to as weight decay. This regular-
ization technique aims to counteract overfitting by reducing the complexity of the network, essentially
acting as a form of regularization.

Typically, the loss function for a deep convolutional network featuring non-linear activation functions
is notably intricate and lacks convexity. The prevailing optimization approach of choice is the mini-batch
stochastic gradient descent (SGD) with momentum. SGD is a first-order iterative optimization technique
that calculates the gradient of the loss function and then iteratively adjusts the weights in a direction that
reduces the loss. This adjustment process can be described as follows:

9n+1 = 0n - T]A (212)
oL
A=pA+ — 2.1
HAT 5g (2.13)

In this context, n represents the learning rate, determining the magnitude of each update. In contrast,
1 represents the momentum factor, influencing the incorporation of the gradient direction from the
previous step into the current update. It is worth noting that several weight initialization techniques [98,
101] exist to facilitate the learning of optimal weights.

To update the parameters of individual layers within the CNN network, the backpropagation algo-
rithm [102] is employed, leveraging the principles of the chain rule for derivatives. Let us examine the
intermediate computational block [95] within the CNN network, denoted as layer f with parameters w,
taking input 2 and producing output y. To facilitate clarity in our explanation, we have omitted the
inclusion of an activation functional block. In this context, the function denoted as h calculates the loss,
resulting in a scalar output represented by z. The derivative of the composition h o f concerning both z

and w is expressed as follows:
0z 0z 0y
222 2.14
ow Oy ow 2.14)

32



0= _0:0y
or  Oyox

The derivatives mentioned above are propagated backward through each intermediate layer to the

(2.15)

input layer, leveraging the chain rule. These principles apply to all directed acyclic graphs (DAG)
with differentiable layer functions. To summarize the training process, we rely on two computational

pathways:
1. Forward Pass: This involves taking input x and parameters w to compute the output y.
2. Backward Pass: In this step, we utilize input x, parameters w, and %ZZJ to calculate g—jj and %.

After computing these gradients, we can apply the Stochastic Gradient Descent (SGD) algorithm, as

shown in Equation 2.13, to update the parameters.

2.2.1.2 Loss Calculation

The loss function assesses the alignment between predictions and the actual ground truth. Re-
searchers and practitioners commonly employ several well-known loss functions for tasks such as clas-

sification and retrieval:

* Cross-entropy loss: Given by L = — ). y; log (¢;), this function employs one-hot encoding (y;)

for the i class and ); represents the predicted probability of the i class after the softmax layer.

* Mean square loss: Expressed as L = % lyi — Ui 3 this loss measures the squared difference

between the ground truth (y;) and predicted (g;) values.

* Hinge loss: Defined as L = max (0,1 — y;7;), this loss captures the maximum of zero and the
difference between the actual class label (y;) and predicted score (7;). Notably, hinge loss may

not always be differentiable, but sub-gradients exist.

In addition, various other loss functions like negative log-likelihood, KL divergence, cosine embedding,
margin-based ranking loss, etc., cater to different problem domains. Most of these loss functions are

continuous and differentiable, with hinge loss being an exception due to its sub-gradient nature.

2.2.1.3 Popular Architectures

Popular convolutional neural network (CNN) architectures represent a family of deep learning mod-
els widely adopted and achieved state-of-the-art results in various computer vision tasks. Here, briefly

explain some of the most popular CNN architectures:

1. LeNet-5: LeNet-5 [94], developed by Yann LeCun in the early 1990s, was one of the earliest CNN
architectures. It was primarily designed for handwritten digit recognition and was foundational in

developing CNNs. LeNet-5 introduced the concept of convolutional and pooling layers.
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2. AlexNet: Developed by Alex Krizhevsky and his team [103], AlexNet won the ImageNet Large
Scale Visual Recognition Challenge in 2012, significantly advancing the field. It consists of multi-
ple convolutional layers, max-pooling and fully connected layers. AlexNet’s success popularized

deep learning and the usage of CNNs for image classification.

3. VGGNet: The VGG architecture [104], developed by the Visual Geometry Group (VGG) at the
University of Oxford, is known for its simplicity and uniform architecture. It consists of 16 or 19
weight layers with small 3x3 convolutional filters make it easy to understand and train. VGGNet

achieved excellent results on image classification tasks.

4. GoogLeNet (Inception): GoogLeNet [105] introduced the concept of inception modules, which
use multiple convolutional filters of different sizes within a single layer. This architecture reduces
the number of parameters while increasing network depth. GoogLeNet won the 2014 ImageNet

competition with impressive accuracy.

5. ResNet: Residual Networks, developed by Kaiming He and his team, introduced residual con-
nections [106]. These connections allow deep networks (hundreds of layers) by mitigating the
vanishing gradient problem. ResNet architectures, such as ResNet-50 and ResNet-101, have be-
come the basis for many state-of-the-art models.

6. DenseNet: Dense Convolutional Networks (DenseNet) [107] connects each layer to every other
layer in a feedforward fashion. This architecture encourages feature reuse and alleviates the van-
ishing gradient issue. DenseNet has shown excellent performance while being more parameter-

efficient.

7. MobileNet: MobileNet [108] efficiently deploys mobile and embedded devices. It employs
depth-wise separable convolutions to reduce the computational cost while maintaining accuracy.
MobileNet variants, like MobileNetV2 and MobileNetV3, provide different trade-offs between

speed and accuracy.

8. EfficientNet: EfficientNet [109], proposed by Tan and Le in 2019, uses a compound scaling
method to balance network depth, width, and resolution, resulting in highly efficient models in
terms of both computational resources and accuracy. It has set the standard for efficient CNN

architectures.

These CNN architectures have significantly advanced the field of computer vision and deep learning,
making them a critical part of modern Al systems for tasks like image classification, object detection,
and segmentation. Researchers and practitioners often choose these architectures based on the specific

requirements of their applications, balancing model complexity, accuracy, and computational efficiency.
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2.2.2 Deep features

Deep features represent data derived from deep neural networks, particularly Convolutional Neural
Networks (CNNs) and other deep architectures. These representations capture hierarchical and abstract
information from the input data, which proves valuable across a range of machine learning tasks, no-
tably in computer vision, document image analysis, and natural language processing. CNNs consist of
multiple layers, including convolutional, pooling, and fully connected layers, each extracting increas-
ingly abstract and complex features. Early layers identify basic features like edges and textures, while
deeper layers recognize more intricate patterns such as fonts, scripts, and document layouts.

Transfer learning is a typical application of deep features. Pre-trained deep neural networks, like
CNNs trained on datasets such as ImageNet [110] or PubLaynet [41], have learned meaningful features.
These features can be adapted and fine-tuned for other tasks, even when limited task-specific data is
available. This approach is potent for achieving strong performance in tasks like image classification,
object detection, or document layout analysis without building models from scratch. Deep features often
have lower dimensionality than raw data, effectively reducing the complexity of machine learning algo-
rithms. In various applications, deep features are extracted from the hidden layers of pre-trained neural
networks and serve as input for traditional machine learning models such as support vector machines
(SVMs) [111] or random forests [112], creating a synergy between deep learning and pre-deep learning
approaches.

These features capture the high-level semantics of data. In natural language processing, they repre-
sent the meaning of words and phrases through word embeddings. In computer vision, deep features
can signify object classes, poses, or even emotions in facial recognition. In document image analy-
sis, they describe font types, scripts, figures, and document layouts. Moreover, techniques like t-SNE
(t-distributed stochastic neighbour embedding) [113] allows for the visualization of deep features, pro-
viding insights into what the network has learned and enabling clustering and pattern recognition.

In summary, deep features are a cornerstone in solving complex document image analysis problems,
revolutionizing fields such as computer vision and natural language processing. They facilitate the
automatic extraction of rich, hierarchical representations from raw data, substantially enhancing the

performance of diverse applications.

2.2.2.1 Mix and Match deep features

Researchers [114, 115] have explored combining pre-deep learning methods with deep learning ap-
proaches to develop efficient feature representations. They introduced a novel “mix and match” tech-
nique for deep feature extraction.

Girshick et.al [115] introduced a novel approach named R-CNN (Regions with CNN features), which
aims to create a comprehensive hierarchy of image features. This is achieved by integrating region pro-
posals with convolutional neural networks (CNNs), enhancing object detection capabilities. Combining
high-capacity CNNs with these bottom-up region proposals enables the precise localization and seg-

mentation of objects, ultimately improving object detection performance. Their work also highlighted
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the effectiveness of supervised pre-training for an auxiliary task, followed by fine-tuning specific to
the target domain. This strategy proved highly beneficial, particularly in scenarios with limited la-
belled training data, and contributed to significant performance enhancements. Furthermore, their study
unveiled the existence of a complex hierarchy of image features that the network learns during the train-
ing process, shedding light on the insights gained from the network’s internal representations. They
proposed the existence of hierarchical, multi-stage processes involved in computing more informative
features for visual recognition, offering a valuable perspective on the advancements in this field.

Cimpoi et. al [114,115] investigated the recognition of material and describable texture attributes in
complex environments. They proposed a novel texture descriptor, FV-CNN, derived by applying Fisher
Vector pooling to a filter bank within a Convolutional Neural Network (CNN). FV-CNN significantly
enhances texture, material, and scene recognition performance, surpassing the existing state-of-the-art
methods. An advantage of FV-CNN is its ability to transfer seamlessly across domains, eliminating the
need for feature adaptation as required by methods relying on the fully connected layers of CNNs. Ad-
ditionally, FV-CNN can effectively incorporate multiscale information and describe regions of various
shapes and sizes.

While R-CNN features focus on capturing the structure, shape, or arrangement of documents, FV-
CNN features are adept at capturing the inherent texture characteristics within an image. These two
sets of features possess a complementary nature, suggesting that their combination has the potential to

enhance accuracy across a range of problems and applications.

2.3 Features used in document image analysis

2.3.1 Image Classification based on Texture Feature

In recent years, texture feature analysis has undergone tremendous growth. It plays an essential role
in the study of various kinds of images. For several decades, handcrafted texture features have been
popularly used to analyse several document image types in the literature. The underlying assumption
for the methods based on texture features is that the textual regions in any digitized documents are
considered textured areas. In contrast, their non-text contents are considered regions with distinct tex-
tures [116]. Furthermore, the text with different fonts is also distinguishable due to its textual features.
Numerous hand crafted texture features — Tamura [117], Local Binary Pattern (LBP) [118, 119], Gray-
Level Run-Length Matrix (GLRLM) [120], Auto-Correlation [121], Gray-Level Co-occurrence Matrix
(GLCM) [122], Gabor filters [123] and Wavelet transformation [124] are successfully applied on analysis
of various kinds of document images. Examples like — font recognition [125], handwritten classifica-
tion [126,127], printed script identification [128—133], segmentation of historical documents [134-137],
segmentation of printed documents [138-140], document image classification [141-143].

Texture features extracted from GLCM are used to solve script identification problem in different
levels - page [131, 144, 145], text line and word [146] on multi-script document images. Furthermore,

wavelet coefficient based texture descriptor is also employed to identify script in different levels like
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page [147-150], text line [132, 151], word [152], and character [153, 154] of multi-lingual document
images. The researchers used Gabor filter based texture descriptor to identify script in page [128, 130,
131, 144,145,155-158], word [133, 159-161], and character [162—-164] levels on various multi-lingual
documents. Rotation invariant texture feature extracted from multi-channel Gabor filter is applied to
identify script in a multi-lingual printed documents [130].

The performance of a texture feature designed for a specific task degrades for other tasks. It is
because of the lack of generalization capabilities of handcrafted texture features. In contrast, the fea-
tures learned from a large set of training images using deep learning have better generalization capa-
bility [165]. These admirable characteristics of deep features have led to the invention of several deep
learning-based algorithms to solve different tasks on document image analysis [45, 166—-176]. These
works experimentally establish that deep feature is superior to handcrafted features for solving various
tasks on document images.

In classical computer vision, textures can be recognized using filter bank responses [177-179], scale
invariant feature transform (SIFT) [86, 180], Bag-of-Words (Bows) [181] using dictionary learning, and
the multi-texton histogram (MTH) integrates the advantages of co-occurrence matrix and histogram by
representing the attribute of co-occurrence matrix using histogram [182]. Cimpoi et al. [183] proposed
Fisher Vector encoded convolutional neural network to extract texture features and achieved state-of-
the-art performance. In this work, the authors analyzed the performance of two individual features
(i) texture feature (FV-CNN), (ii) global feature (FC-CNN) and their combination for the natural image
segmentation task. The main drawback of this work is that the network is not end-to-end trainable.
Jobin and Jawahar [40] successfully applied this approach to segment historical document images. In
this direction, Zhang et al. [184] proposed an end-to-end trainable texture encoding network with a
novel encoding layer integrated on top of convolutional layers. Dictionary learning and encoding have
been done in a single module. This network has no global feature extraction head, which is necessary

for a general-purpose network.

2.3.2 Image Classification based on Discriminative Patch

Discriminative patches are the key patches that help make the classification decision accurately based
on subtle differences. Earlier works from this category [185, 186] depend on additional semantic part
annotations, while more recent ones [187-189] only require category labels. These [187—189] motivate
us to design an image classification network that learns the most discriminative part of an image and

encodes the texture nature separately.

2.3.3 Image Classification based on Global Feature

Global features or shape-preserving features are commonly used for classifying document images.
Several studies on document image classification using hand-crafted global features have been done in
the recent past [190,191]. A related survey [141] discussed the performance of hand-crafted features and
classifiers for document image classification tasks. Large variations in content, style and layout make it
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difficult to achieve good accuracy using these approaches for generic document classification. Recently,
numerous approaches [45, 166—-168, 192] have been developed based on deep features to improve the
accuracy in the classification of generic document images.

Kang et al. [192] considered a convolution neural network (CNN) to automatically learn the hierar-
chical layout features to classify document images into predefined categories. In the same direction,
Harley et al. [166] explored the hierarchical feature learning capability of CNN for document image
classification tasks. Here, CNN is trained on non-document images and transferred to document analysis
tasks. Furthermore, Kolsch ef al. [168] proposed a deep network to extract features and then considered
extreme learning machines for classifying document images. Replacement of fully connected layers by
extreme learning machine makes classification faster and suitable for real-time applications. Afzal et
al. presented an exhaustive investigation of deep learning architectures, algorithms, and strategies for
document image classification in [45]. The authors used deep neural network architectures including
— VGG-M [193], VGG-V [104], ResNet [106] and GoogleNet [194] and transfer learning (from real
images) for document image classification. Similarly, Tensmeyer and Martinez [167] analyzed the deep
network architectures, data augmentation, and training strategies to classify document images. These
deep learning-based approaches performed better than hand-crafted texture feature-based techniques for
the document image classification tasks. These deep architectures extract global image features that are
sometimes ineffective for document classification due to the large inter-class document similarity. The
deep network we designed extracts texture and local discriminative features, supplementary to the global
feature for fine-grained document image classification. Table 2.1 depicted the various feature extraction

approach and its observations.

2.3.4 Document Image Segmentation

Various methods have been presented in the literature to perform the document image segmentation
task. Most of these approaches focus on improving any of the stages of the segmentation pipeline, such
as pre-processing, feature extraction, feature modeling, etc.

The work [195], presents an entropy-based segmentation algorithm for document images. The al-
gorithm eliminates the noise inherent to the document itself, specially in documents written on both
sides. The algorithm presented in [196] uses two background light intensity normalization algorithms
to enhance the quality of images before a local adaptive binarization algorithm is applied. The image
normalization algorithms use adaptive linear and non-linear functions to approximate the uneven back-
ground of the images due to the uneven surface of the document article, aged color and light source of
the cameras for image lifting.

The recent article on historical document images [197] utilizes the idea of an autoencoder to learn
the features automatically. Generally, an autoencoder is a neural network trained to reconstruct its input.
In this work, the encoder output of the autoencoder is extracted as features and fed to an off-the-shelf
classifier to segment an image. Training an autoencoder is a time-consuming task, and in [198], the

SLIC superpixel extraction stage was incorporated to speed up the process in [197]. Another work [199]
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uses a Conditional Random Field (CRF) [200] to model the local and contextual information jointly. It
helps to refine the segmentation results of [198]. Another recent approach [178] segments document
images with a simple CNN architecture. Inspired by [198], we consider the segmentation problem as a
pixel labeling problem. In contrast to the above-discussed approaches, our work extracts deep features
from each superpixel and classifies them using SVM. Our results show that deep features are more robust

than handcrafted features, the autoencoder-based approach [197] and the CNN-based approach [178].

Textual regions and graphics regions dominate document images. Graphics include natural images,
various graphs, plots, and tables. Historically, the document image segmentation task is considered
dividing a document into various regions. Existing techniques [201,202] are either bottom-up or top-
down. In the bottom-up [201] case, individual words are first detected based on hand-crafted features.
Therefore, detected words are grouped to form lines and paragraphs. Segmenting textual regions (like
paragraphs) into lines and words helps to find semantic regions present in the document in the case of
top-down [202]. These methods mostly use feature engineering and do not require training data while
applying clustering or thresholding.

Several neural-based models have been proposed to segment document images with the recent ad-
vancement in deep convolutional neural networks (CNNs) [170, 197,203-205] have been proposed to
segment document images. Chen et al. [197] considered a convolutional auto-encoder to learn features
from cropped document image patches. Thereafter, those features are used to train an SVM classi-
fier [111] to segment document patches. Vo et al. [203] and Renton et al. [204] proposed a lines detec-
tion algorithm in the handwritten document using FCN. In [205], Yang et al. proposed an end-to-end,
multi-modal, fully convolutional network for extracting semantic structures from document images. In-
spired by document image segmentation and natural image segmentation using deep CNNs, Haurilet
et al. [7, 8] explore DeepLab [29] architecture on classroom slide segmentation tasks. More recently,
DANet [10], HANet [9], and DRANet [11] capture long-range dependency to improve performance by
extending the self-attention mechanism. The proposed LEANet is strongly influenced by DANet [10],
HANet [9] and DRANet [11].

Textual regions and graphics regions dominate document images. Graphics include natural images,
artificial images like graphs, plots and tables. Historically, the document image segmentation task is
considered as segmentation of the document into various regions. Existing techniques [206-208] are
either bottom-up or top-down in nature. In the case of bottom-up [206], individual words are first
detected based on handcrafted features. Therefore, detected words are grouped to form lines and para-
graphs. Segmenting textual regions (like paragraphs) into lines and words helps to find semantic regions
in the document in the case of top-down [207,208].

Analysis of logical structure presented in document images is another way of segmentation. Mao
et al. [209] defined logical structure in documents as a hierarchy of logical components, such as titles,
headings, paragraphs and lists. Early works [210] in the analysis of coherent structure in document im-

ages have been done using a set of heuristic rules based on text location, font, etc. Instead of rule-based
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approaches, learning-based techniques [211] have been developed to understand the logical structure of
the documents. Strategies based on learning produce better results than rule-based methods.

Features play an important role in document image segmentation tasks. Various hand-crafted fea-
tures [212, 213] were successfully considered for segmenting document images. With the recent ad-
vancement in deep convolutional neural networks, several neural-based models [197, 205, 214] have
been proposed to segment document images. Chen et al. [197] considered a convolutional auto-encoder
to learn features from cropped document image patches. In [205], Yang ef al. proposed an end-to-end,
multi-modal, fully convolutional network for extracting semantic structures from document images. Li
et al. [214] proposed an effective method for page segmentation using convolutional neural network
(CNN) and graphical model. The CNN extracts visual features, while the graphical model explores the

relationship between visual features and regions.

2.3.5 Document Image Classification

The researchers solve the document image classification tasks using various types of features — (i)
visual feature, (ii) textual feature, (iii) combination of textual and spatial features, and (iv) combination
of visual, textual, and spatial features. The approaches using only visual features used no external
feature extraction modules such as OCR and layout detector. Harley et al. [166] solve document image
classification tasks using deep Convolution Neural Networks (CNNs). The researchers improve the
performance of the document image classification task using various CNN architectures such as VGG-
16 [45], AlexNet [167], GoogLeNet [215], InceptionResNetV2 [216], and LadderNet [217]. There is
a limitation to improving accuracy by changing network architectures. Das el at. [44] use a stacked
generalized ensemble technique to combine predictions generated by different base networks.

Other than visual features, several methods explore textual and spatial features for classifying doc-
ument images. Xu et al. [218] successfully utilize the language representation model (BERT) [219] for
classifying document images. This model interacts with the textual and layout features to improve clas-
sification accuracy. Works [218, 220, 221] combine visual, textual, and spatial features for document
image classification and obtain the best results. All the above-discussed methods utilize only global
visual features and not local discriminative and texture features for document image classification. In-
stead of global visual features, sometimes local discriminative and texture features help to discriminate
one category of documents from other categories. Our work aims to extract three visual features and

judicially combine them for the classification task.

2.3.6 Genre Classification from Book Cover

In recent years, there has been an increasing interest in automated genre classification based on
images by leveraging the strength of the deep neural network. Iwana et al. [42] introduce a Book-Cover
dataset with 30 genres and solve it using the AlexNet [165] pre-trained on ImageNet [165]. Zujovic et
al. [222] classity paintings based on genres. The authors utilize gray-level features and color features

from the images and feed these features to different classifiers for prediction. Holly et al. [223] use
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textual features and visual features in a transfer learning framework to classify the genre of the book
covers. In the same direction, Biradar et al. [224] use both the textual and image features to determine
the genre of the book. The work [225] benchmarks a set of state-of-the-art image classification models

for book cover classification.

2.3.7 Document Figure Classification

Figure classification is the primary step for information retrieval/extraction from a figure in a doc-
ument image. Various figures like charts, tables, and natural images are used to visually represent a
wide range of textual information in books, scientific articles, newspapers, etc. Text recognition us-
ing Optical Character Recognition (OCR) is the primary process for understanding the content of the
document images. Increasing use of figures in documents suggests figure classification can be an im-
portant sub-task for OCR for a better and complete understanding of the document images [226]. In early
works [31,35,37,53, 54], different handcrafted features are used to recognize various types of charts in
the document images.

Zhou et al. [53,54] considered Hough transformation to recognize bar charts in the document images.
Prasad et al. [35] considered SIFT and HOG features to recognize five different types of chart images.
Due to the large visual similarity among subordinate categories, the handcrafted features fail to achieve
good accuracy on the figure classification task.

To solve the limitation of handcrafted features for the figure classification task, Kavasidis et al. [227]
recently proposed a saliency-based Convolutional Neural Network (CNN) for localizing different types
of figures in the documents. This work is limited to localize tables, Bar charts, and Pie charts. Tang
et al. [33] proposed a novel framework (DeepChart) to classify charts by combining (CNNs) and Deep
Belief Networks (DBNs). The authors experimentally established that their method is far better than
handcrafted features. In the same direction, Siegel et al. [34] proposed various document figure clas-
sification algorithms using learnable features. Similarly, the work [228] used a deep neural network to
rank the figures. The work [229] focuses on the full-text indexing of all text referring to the images and

filtering for disciplines and image types.

2.3.8 Script Identification

Script identification is an inevitable step for text understanding under multi-lingual scenarios. The
main challenge for script identification is the interference caused by the similarity between texts in
different languages. Other are complex background, noise, and low resolution. Pre-deep learning
approaches used handcrafted features to identify the script. Shijian ef al. [230] proposed a docu-
ment vectorization technique that transformed documents into electronic document vectors. Therefore,
scripts/languages are identified using vertical component and shape analysis. The properties of the
connected component are used to identify the script in [231]. Similarly, Sharma et al. [232] extracted
local binary pattern, histograms of oriented gradients, and gradient local auto-correlation features and

exploited SVMs and ANNSs to classify the scripts.
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Advancement deep neural architectures motivate researchers to use networks for script identification.
Mei et al. [233] integrated CNN and LSTM-RNN to identify the scripts of natural scene images. Lu et
al. [234] discussed a method for script identification by integrating the local and the global CNN features.
The local features help to extract subtle differences from the scripts. The final decision was obtained
by combining the results using the AdaBoost algorithm. Shi e al. [52] introduced a discriminative con-
volution network that can identify subtle discriminative features for the script. Bhunia et al. [235] used
an attention-based Convolutional-LSTM network for script identification. Ghosh er al. [236] proposed a
lightweight script identification network to identify video scripts.

2.3.9 Semantic Segmentation

Pixel-wise classification tasks like semantic segmentation achieve significant improvement inspired
by replacing the fully connected layer in the image classification network with the convolution layer
called a fully convolution network (FCN) [26]. Limitations of FCN model [26] are ignoring small objects
and mislabeling the large objects due to fixed receptive field size. To address this issue, Noh et al. [237]
proposed a semantic segmentation algorithm by learning a deconvolution network composed of both
deconvolution and unpooling layers. Several methods [29, 238] used dilated convolution to enlarge
the receptive field of the neural network. Since in deep networks, higher-layer feature contains more
semantic meaning and less location information. Various methods [26,238] have been developed by
combining multi-scale features to improve the segmentation performance. The reader can find various
semantic segmentation models in [239-241]. Table 2.1 summarizes the deep learning approaches on

document image segmentation and their observations.

Table 2.1: Overview of the feature extraction and layout segmen-
tation works with its approach and observations

Approach Key Idea Observations

Feature Extraction

Bag of Words | BoW/BoVW is a model for visual data anal-
(BoW) / Bag of | ysis that represents an image as a collection
Visual Words | of visual words analogous to a text document
(BoVW) [82,83] being a collection of words. It involves de-
tecting keypoints, computing descriptors, cre-

ating a visual vocabulary and representing im-

ages as histograms of visual words.

This model assumes independence be-
tween visual words and does not ac-
count for spatial relationships between
them, which can limit its ability to cap-

ture the structure of the visual data.
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Approach

Key Idea

Observations

Interest Point De-

tection

In the BoVW framework, interest points
or keypoints are extracted to compute de-
scriptors.  Methods include the unsuper-
vised discovery of mid-level discriminative
patches [84] and identifying distinctive com-
Re-

peatability is a crucial characteristic for ro-

ponents for scene classification [85].

bustness against noise and degradation.

Selecting the optimal detector for a
specific domain the task can be chal-
lenging. Some detectors may not be
robust under various conditions, and
dense sampling can be computationally

expensive.

Keypoint  Detec-
tors: Harris Affine

Detector [60]

A keypoint detector that specializes in detect-
ing corner points and preserving those with
higher response values. It is commonly used

in feature detection for image processing.

Sensitive to changes in scale and rota-
tion, which can affect its robustness in

varying conditions.

Keypoint  Detec-

tors: Difference
of Gaussians

(DoG) [86]

Part of the SIFT descriptor, the DoG the de-
tector identifies local maxima within a scale-
space created by the difference of Gaussian
pyramids, useful for identifying keypoints at
multiple scales.

It may produce a large number of key-
points, including redundant ones, lead-
ing to increased computational com-

plexity.

Dense
points [87, 88]

Key-

Uses dense or regularly distributed keypoints
across various scales, providing robust perfor-
mance in various applications by not relying

on specific feature points.

It can be computationally intensive due
to the large number of keypoints pro-
cessed, especially in high-resolution

images.

Hierarchical Clus-
tering [89]

A clustering method that builds a hierarchy of
clusters, which can be represented in a tree-
like structure. It helps reduce computational

complexity in large datasets.

Can be computationally expensive for
very large datasets due to the need to

calculate all pairwise distances.

Approximate
k-Means
Randomized
kd-Trees [90]

using

An approximate clustering method using ran-
domized kd-trees for efficient nearest neigh-
bor search, significantly reducing the com-

plexity of assigning a sample to a cluster.

While efficient, it may not achieve the
same accuracy as exact k-means clus-
tering, especially when clusters are not

well-separated.

Vector
tion (VQ)

Quantiza-

A coding technique where each descriptor
is assigned to its nearest codeword from
the codebook, using a hard quantization ap-

proach.

It leads to a loss of geometrical infor-
mation, reducing the ability to build ro-
bust image retrieval or recognition sys-

tems.

Spatial Pool-

ing [91]

A pooling method that divides an image into
spatial pyramids and combines weighted his-
tograms from individual regions, aiming to

regain some lost geometrical information.

Only partially regains geometric in-
formation, and the effectiveness de-
pends on the chosen pyramid levels and

weightings.
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Approach Key Idea Observations
Vector of Lo- | An encoding method that aggregates the dif- | Higher dimensionality than traditional
cally Aggre- | ferences between local descriptors and their | coding schemes, increasing computa-

gated Descriptors
(VLAD) [92]

assigned visual words, capturing the first-

order moment.

tional requirements.

Fisher
(FV) [93]

Vectors

An encoding method applying Fisher Kernels
to visual vocabularies, capturing the first, sec-
ond, and third moments, providing a dense

image description.

Computationally expensive due to the
use of Gaussian Mixture Models
(GMMs) and the calculation of Fisher

information matrices.

Document Layout segmentati

on

Bottom-up approac

Docstrum [12]

The document spectrum, or docstrum, is a
It

involves bottom-up, nearest-neighbour clus-

structural page layout analysis method.

tering of page components to measure skew,
within-line and between-line spacings, and
locate text lines and text blocks. It can han-
dle different text orientations within the same

image.

- Computationally intensive, especially
with more image components.

- Less robust block segmentation, es-
pecially with similar spacing between
blocks.

- May not handle joined characters ac-
curately in handwriting.

- Depends on connected components,
limiting applicability for all layouts.

Area Voronoi Dia-
gram [13]

Introduces a page segmentation method us-
ing an approximated area Voronoi diagram
to identify document component boundaries
in non-Manhattan layouts and skewed pages.

Efficient in extracting body text regions.

- Fragments figures, tables, titles with
larger fonts, and wider interword gaps.
- Does not account for ruled lines, po-
tentially causing segmentation errors in
low-resolution images.

- May struggle with accurate segmen-

tation of the auxiliary text and non-text

regions.
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Approach

Key Idea

Observations

Top-down approach

Run Length Smear-
ing Algorithm
(RLSA) [14]

A top-down block segmentation method for
binary images, smoothing white runs horizon-
tally and vertical directions to isolate blocks
like paragraphs, images, and text lines. Re-
quires choosing appropriate smoothing val-

ucs.

- Sensitive to document skew, affecting
segmentation accuracy.

- Relies on heuristic parameters, poten-
tially causing inconsistencies.

- Requires training with similar docu-
ment fonts or characteristics, limiting

adaptability.

X-Y Cut [15]

Uses a tree-based data structure to partition
document pages into nested rectangles, aiding
in segmentation and labelling based on docu-
ment layout structure. Applies syntactic anal-
ysis to refine image blocks and recognize doc-

ument layout.

- Noise in document images can com-
plicate automated analysis.

- Dependent on document layout,
which may vary, limiting a universal
approach.

- Syntactic analysis can be computa-

tionally intensive and complex.

Hybrid approach

Tab-Stop based
Layout Analy-
sis [16]

A hybrid approach using tab-stop detection to
identify column layout in documents. Com-
bines bottom-up and top-down methods to
manage complex layouts and impose struc-

ture based on column layout.

- Does not include logical layout anal-
ysis like identifying headers or footers.
- May struggle with non-rectangular re-
gions and cross-column headings.

- Assumes isothetic region polygons,
which may not represent complex

structures accurately.

Object detection ap

proaches

Layoutparser [242]

It offers a library of models, including Faster
R-CNN and Mask R-CNN, trained on various
document datasets such as HJDataset [243],
PubLayNet [41], PrimalLayout [43], News-
paperNavigator [244], and TableBank [245].
The library is easy to integrate into document

analysis tasks.

All the models are designed for object
detection, so preprocessing steps like
non-maximal suppression of the output
are necessary. In contrast, transformer-
based approaches offer greater flexibil-
ity and more accurate results compared

to traditional detection-based methods.

Transformer-based

approaches
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Approach

Key Idea

Observations

Shehzadi et.
al [246]

The decoder utilizes a deformable attention
mechanism to improve the efficiency of both
self-attention and cross-attention processes.
Additionally, it employs contrastive denoising
on the object queries, which helps the model

learn more quickly.

Because this approach combines both
CNN and transformer networks, it is
computationally intensive and involves

complex learning procedures.

DLAFormer [247]
is an end-to-end

transformer model

designed for
comprehensive
document layout
analysis.

It unifies multiple layout analysis tasks, in-
cluding text region detection, text line extrac-
tion, and relation prediction, within a single
framework. By consolidating these tasks into
a unified model, DLAFormer enhances effi-
ciency and consistency in processing complex
document structures, eliminating the need for

separate models for each task.

The model exhibits limited generaliza-
tion capabilities, particularly when ap-
plied to diverse or unseen data, which
hampers its effectiveness in real-world

applications

Language-based approaches

LayoutLM

integrates

[218]
both
textual content
and visual infor-
mation, such as
the
of text blocks, to

effectively under-

coordinates

document
based

on a transformer

stand

structures

model.

Pretrained on large-scale datasets, including
scanned documents, it demonstrates strong
performance across various document-related
tasks, such as form understanding and receipt
processing. By combining textual data with
the document layout, the model is able to cap-
ture the relationships between different sec-
tions, such as headers and footers, enhancing
its ability to interpret the overall organization

and context of the document.

Only uses text coordinates as visual in-
formation but does not fully exploit im-
ages or complex visual elements like
logos, diagrams, or tables. Heav-
ily reliant on accurate OCR to ex-
tract the text and corresponding coor-
dinates, leading to performance degra-
dation when OCR fails or the docu-
ment has low text quality. Lacks fea-
tures from raw image pixels, limiting
its ability to understand non-textual or

graphical elements in documents.
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Approach

Key Idea

Observations

LayoutLMv?2 [248]

Enhances LayoutLM by incorporating actual
image features alongside text and layout, al-
lowing the model to better handle images, lo-
gos, tables, and charts. Introduces spatial-
aware self-attention mechanisms that capture
both relationships between text blocks and
their spatial positions, improving document
layout understanding. Pretrained on multi-
modal tasks (text and images) to further en-
hance document understanding beyond pure

text-based documents.

The addition of image features in-
creases model complexity, resulting
in higher memory and computational
costs during training and inference. Al-
though it adds visual features, it still
relies on accurate OCR for text extrac-
tion. Errors in OCR can still negatively
affect its performance.

LayoutLMv3 [249]

improving the model’s understanding of both
the visual and textual elements of documents.
It uses sophisticated image feature extraction
techniques, which allows the model to un-
derstand more complex visual elements. It
reduces the dependency on OCR, making it

more robust in handling documents

computationally intensive and requires
significant hardware resources for
training and inference due to the
inclusion of advanced multimodal
techniques. The increased complexity
and size of the model may not be
suitable for applications with limited
computational resources, especially

when real-time processing is required.

UDOP [250]

It pretrains the network using self-supervised
tasks such as Layout Modeling, Visual Text
Recognition, Joint Text-Layout Reconstruc-
tion, and Masked Image Reconstruction.
These tasks help the model learn robust mul-
timodal representations, which improve its
performance across a variety of downstream
tasks, including document classification, lay-
out segmentation, information extraction (IE),
question answering, and document natural

language inference.

The approach is dependent on accurate
text detection and OCR for its function-
ality. Furthermore, the method lacks
an explanation or strategy for synthe-
sizing and handling color documents,
which poses a significant limitation
when dealing with complex or multi-
colored layouts. This absence of clar-
ity in processing such documents high-
lights a gap in the approach’s adaptabil-
ity to more diverse and visually intri-

cate document types.
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Approach

Key Idea

Observations

XYLayoutLM [251]

The approach leverages a combination of text,
visual, and layout features to enhance docu-
ment understanding tasks. By utilizing the
XY Cut algorithm, it ensures that the read-
ing order of the document is accurately main-
tained, which significantly improves the sys-
Additionally, the in-

troduction of Dilated Conditional Position

tem’s performance.

Encoding enables the system to effectively
handle longer sentences, allowing for better
processing of complex document structures
while maintaining the integrity of both textual

and visual information.

The approach heavily relies on the XY
Cut algorithm, which struggles with
documents that have complex layouts
or various background color combina-
tions, leading to potential inaccuracies
in reading order. Additionally, the sys-
tem’s performance is sensitive to er-
rors in OCR, as inaccuracies in text ex-
traction can further degrade its ability
to process and understand documents
effectively. These limitations make it
less reliable for documents with non-
standard structures or visual complexi-

ties.
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Approach Key Idea

Observations

Self/semi-supervised

SelfDocSeg [252] The approach eliminates the need for man-
ual labeling, relying solely on visual features
without requiring OCR-based text extraction.
Mask generation is straightforward and easy
to implement, making the process efficient.
The pretraining learning objective is formu-
lated as a combination of cosine similarity
and focal loss, enabling the model to learn
robust representations from document images

effectively.

The approach involves a complex train-
ing procedure, with its overall perfor-
mance heavily dependent on the ac-
curacy of the mask generation task.
However, it faces challenges when ap-
plied to certain types of documents,
such as those captured by a camera or
color documents with varying shades
of gray. In these cases, the method is
likely to fail, as the generated masks

may not accurately represent the doc-

ument’s structure or content.

2.4 Applications of Document Image Analysis

Researchers have created various applications to diminish the human effort required for document
image analysis and assist individuals with disabilities. In this section, we delve into some of these
works closely aligned with the applications we have developed, all centred around document image
segmentation and classification.

2.4.1 Visual Assistance System

According to the World Health Organization (WHO), at least 2.2 billion people have a vision im-
pairment or blindness worldwide. The computer vision community has undertaken significant efforts
to deploy automated assistive systems for such people. Some of the unique assistive systems based on
computer vision are — (i) voice' [253] vision technology is a sensory substitution system for blind
people, which gives visual experience through live camera views by image-to-sound renderings, (ii)
Electro-Neural Vision System (ENVS) [254] provides a virtual perception of the three-dimensional pro-
file and color of the surroundings through pulses, (iii) a wearable travel aid for environment perception
and navigation [255], (iv) a smartphone-based image captioning for the visually and hearing impaired
people [256]. (v) Currency Recognition using Mobile Phones [257] (vi) Facebook’s Automatic Alt-Text
(AAT) [258] system is one of the most widely used assistive features, which automatically recognizes a
set of 97 objects present in Facebook photos, (vii) FingerReader [259] is a wearable text-reading device
to assist blind people and dyslexic readers. All these existing assistive systems fail to narrate properly

the classroom slides for a VI student due to various logical regions present in the slides.

"https://www.seeingwithsound.com
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2.4.2 Image-to-Image Translation

Researchers [260,261] formulated image-to-image translation problems as pixel-wise classification
or regression tasks. In all these formulations, the output space is treated as “unstructured” because
each output pixel is conditionally independent of input image pixels [262]. On the other hand, condi-
tional GANs learn a structured loss, which inspired many successful methods in image-to-image trans-
lation [262,263].

Isola et al. [262] proposed a general-purpose solution for image-to-image translation, which required
a significant number of labeled image pairs. Zhu et al. [263] proposed CycleGANs for image-to-image
translation without labeled image pair. Yi ef al. proposed dualGANs for general-purpose image-to-

image translation using unpaired labeled images in [264].

2.4.3 Cross model image retrieval

Examining images of classroom slides has been an active area of research. Early works such as
Deshpande et al. [265] showcased a real-time interactive virtual classroom multimedia distance learn-
ing system; Zhu et al. [266] presented a virtualized classroom project that emphasized automatic data
collection, analysis, multimodal synchronization, compression, cross-media indexing, and archiving.
Recent works like Haurilet et al. [7, 8] focused on layout segmentation for classroom slide images.
Building on this, Jobin et al. [56] expanded the approach by implementing a narration system for class-
room slides using the identified layout regions. In this section, we briefly present a literature survey
on datasets and cross-modal retrieval in the space of lecture slides and outline the distinctions of our

proposed dataset and approach.

2.4.4 Lecture Slide Retrieval Datasets

Several lecture slide datasets for the retrieval task have been introduced in the literature [59, 267—
272]. Some of the popular datasets are listed here: (a) The LectureBank [268] comprises 1, 352 online
lecture PDF files extracted from 60 Computer Science courses covering the following five sub-domains:
Machine Learning, Natural Language Processing, Deep Learning, Artificial Intelligence, and Informa-
tion Retrieval. Additionally, the dataset includes more than 1K concepts automatically extracted to
form an in-domain vocabulary, along with annotations for prerequisite relation pairs that involve 208
concepts. (b) The VLEngagement dataset [267] includes content-based features, e.g., stop-word fre-
quencies and video-specific features, e.g., silence and video duration, extracted from publicly accessible
4K scientific video lectures. The tasks related to this dataset are to predict context-agnostic engagement
in video lectures and rank video lectures based on their engagement levels. (c) The ALV dataset [269]
contains lecture videos that were generated using automatically created transcripts from academic on-
line videos. (d) The LectureVideoDB [270] comprises 5K frames. These frames contain annotated text
characters, with a focus on detecting and recognizing text within lecture videos. The videos cover a

range of 24 distinct courses in science, management, and engineering. (e) The Googlel/O dataset [271]
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contains 209 presentation videos from the Google I/O conferences held between 2010 and 2012. The
authors provide textual information from the spoken content and the slides in this dataset. (f) The
LaRochelle dataset [272] comprises 47 French lecture recordings, totaling 65 hours of video, conducted
in the author’s lab. Each lecture, on average, features 50 slides. The researchers investigate cross-modal
retrieval, employing a bag-of-words approach for both textual content and visual tokens. (g) The MLP
Dataset [59] includes slides and spoken language, encompassing over 180 hours of video and more than
9000 slides, featuring contributions from 10 lecturers across diverse subjects such as computer science,

dentistry, and biology.

Features Size
Datasets Slide Segments  Sketches Slide Text Transcript Summary # Slides
VLEngagment [267]
LectureBank [268] v (M) v (A) 51,939
ALV [269] v (A) v (A) 1,498
LectureVideoDB [270] v (M) v (M) 5,000
Googlel/O [271] v (A) v (A)
LaRochelle [272] vV (A) vV (A) v (A) 2,350
MLP Dataset [59] v (M) vV (A) vV (A) 9,031
LecSD Dataset (ours) v (M) v (M/A) vV (A) v (M/A) 54,000

Table 2.2 Proposed LecSD Dataset as a comparison to the existing related datasets. The A and M
represent that the features are extracted automatically and manually, respectively. Our dataset is larger
with respect to the number of slide images and it has unique features of hand-drawn figure sketches and
slide summaries as queries.

Most of these datasets retrieve slides or videos based on the corresponding transcript. However, in
real-world scenarios, the query may differ from the transcripts. We assess our proposed dataset — LecSD
in comparison with these datasets in Table 2.2. The baseline model for retrieving slide images given text
and sketch query has been derived from the existing cross-modal image retrieval methods [59,273-275].
Of these models, CLIP [273] stands out as a popular benchmark for aligning images with text. CLIP
undergoes training to excel in a diverse range of tasks, and this acquired task learning can be effectively
harnessed through natural language prompting, enabling seamless zero-shot transfer to numerous exist-
ing datasets. Further, two successful approaches in this area are: (a) PCME [274]: which characterizes
each modality by modeling probabilistic distributions in a shared embedding space, employing Hedged
Instance Embeddings [276]. This approach captures the uncertainty associated with mapping an im-
age to a latent embedding space by dispersing density across plausible locations. The embeddings are
treated as random variables, and the model is trained based on the variational information bottleneck
principle [277]. (b) PVSE [275]: which captures one-to-many alignment for cross-modal retrieval. It
learns diverse representations for the data samples by fusing global context with locally-guided features

through multi-headed self-attention and residual learning.
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2.5 Discussion

This chapter provides an extensive account of the methodologies employed for feature extraction
and document image segmentation, encompassing both pre-deep and deep learning periods. We briefly
discuss various feature extraction and image segmentation techniques developed for document and gen-
eral images. Features explicitly crafted for one classification task may not exhibit optimal performance
in alternative tasks. Consequently, developing a versatile, all-encompassing feature holds considerable

promise, particularly in the context of numerous document image analysis challenges.
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Chapter 3

Deep Multi-modular Features

3.1 Introduction

Features play an essential role in various classification tasks related to document image analy-
sis [44-47], such as document image classification [44,45,48-50], document figure classification [46],
book cover classification [42], and script identification [47, 51, 52]. Researchers have proposed vari-
ous approaches to tackle these classification tasks [278]. Each approach focuses on a specific problem,
thereby failing to take cognizance of other problems. A Feature responsible for one particular task may
not perform well on other tasks. We explore various deep features tailored for specific applications in
the previous chapter. This chapter focuses on efficiently extracting general-purpose deep features from
document images, which can be applied to various document tasks.

In script identification problems, characters or unique curves in a language are the key features
for distinguishing it from other languages. Fig. 3.1(c) shows sample images of various languages. The
texture features uniquely represent the curves and characters of a script to solve this problem [47,51,52].
On the other hand, most of the existing approaches to document image classification tasks focus on
global shape features [44, 166, 167,215] that capture the arrangement of various logical regions such as
heading, paragraph, and figure. For example, the shape of documents with double-column formatting
differs from documents with single-column formatting. Hence, shape features are more useful than
texture features for solving this problem. However, both the texture and shape features are required to
solve document figure classification [46] and book cover classification [42] tasks.

It is well established that the features corresponding to local image regions (patches) are more dis-
criminative than the global features for various tasks [189]. These patches are called discriminative
patches. Researchers designed various deep networks to extract discriminative features for fine-grained
image classification tasks [189,279]. These architectures extract only specific features (global, texture,
or local discriminative) to solve a particular type of problem. Hence, the existing methods lack a generic
model that extracts all the features discussed to solve the aforesaid tasks.

This work proposes a general-purpose deep network architecture to extract three types of features
(i.e., global, texture, and local). We consider four different document image analysis tasks such as:

(i) document image classification, (ii) genre classification, (iii) scientific document figure classifica-
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Figure 3.1 Shows sample images from various considered datasets — (a) Book-Cover, (b) RVL-CDIP,
(c) cvsl, and (d) DocFigure.

tion, and (iv) script identification. We choose these four tasks to show the effectiveness of our deep
multi-modular feature on document image analysis, mainly the classification of the document images
at various units. The document image and genre classifications act on whole document images. The
document figures (e.g., Bar chart, Natural image, Pie chart, etc.) and words are smaller document units.
The proposed approach performs various classification tasks by a judicial combination of these features.
The extensive experiments on public benchmark datasets show that the proposed method outperforms
the state-of-the-art on genre and document figure classification tasks and obtains comparable results on

script identification tasks.
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3.2 Deep Multi-modular Features

The traditional deep convolutional neural networks (CNNs) such as VGG-M [193], VGG-V [104],
ResNet [106] and GoogleNet [194] learned the generic global features from the given input images.
The learned global features may not always be capable of efficiently representing the input image’s
textural nature and enhancing the discriminative power of the networks [114]. As a result, these generic
global features fail to classify sub-categories presented in an object category.

We propose a deep network shown in Fig. 3.2 capable of extracting global, discriminative local,
textural features for document image classification. The proposed model consists of two blocks — (i)
the first block consists of several convolution layers, and (ii) the second block consists of three different
heads, mainly the global feature head, discriminative feature head, and encoding feature head. Each of
the heads extracts a specific type of feature. The global feature head extracts the global feature. The
discriminative feature head extracts the features corresponding to the discriminative local image patches.
While the encoding feature head learns the encoded feature. Finally, the three types of extracted features

are concatenated to represent the discriminative feature.

Encoding feature ;@;
head | loss '
Global feature : Toa ! o
Discriminative T
feature head . '
| loss !

Input image Feature map Multimode loss head

Concatenation approach i Loss addition approach

Figure 3.2 Presents a block diagram of the proposed approach. The input image passes through the
layers of convolutional filters of an CNN architecture to extract convolutional features. From the convo-
lutional feature, the model extracts three different modalities of features: an encoding feature, a global
feature, and a discriminative feature. Here, ® and @ indicate concatenation and loss addition of features,
and e represents sharing of the same features, respectively.

3.2.1 Encoding Feature Head

The texture feature extraction using deep learning proposed by Cimpoi et al. [114] lacks end-to-
end training. Since, the model is not end-to-end trainable, it may not learn the discriminative texture
features. In order to get discriminative texture features, we adapt the encoding network called Deep
Texture Encoding Network (Deep TEN), proposed by Zhang et al. [184]. This network learns a code-
book C = {c1, c2, ¢3, ..., cx} containing K codewords, where ¢; € RP and smoothing factor
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s = {s1, s2, 83, ..., Sk} from a set of feature vector X = {x1, x2, 73, ..., x5}, where 2; € RP.

Irrespective of the number of feature vectors N, the encoder output is a fixed length representation

E ={ey, e, €3, ..., ex}, where e; € RP, and each ey, is calculated using Eq. (3.1).
N N
k=D Cik= Y aTik, (3.1)
i=1 i=1

where 7,1, is calculated by r;;, = x; — ¢ and a;y, is the weight associated with each pair of x; and ¢ and
it is calculated by Eq. (3.2).

syl |12
ay = —cmp(=slirinl[%) (3.2)

K
> i1 exp(—s;lri;l?)

The output of the encoder F is differentiable w.r¢ the input X, codebook C' and smoothing factor

s. The codebook C' and smoothing factor s are initialized with the random values within the range

( \/;W’ \/ﬁ) and (\;—%, J%)’ respectively. The encoder is differentiable w.r.t the loss function and

learn the codebook and smoothing factor in a supervised manner.

3.2.2 Discriminative Feature Head

We propose a discriminative feature head to learn features corresponding to the discriminative im-
age patches, inspired by the work [189]. The discriminative feature head consists of an asymmetric
two-stream architecture. The discriminative patch learning is a 1 x 1 convolutional layer followed by a
Global Max Pooling (GMP) layer and a classification layer (fully-connected layer and a softmax layer).
This architecture is not guaranteed to fire at discriminative patches as desired. A Cross-Channel Pool-
ing (ccP) layer followed by a softmax layer is introduced to learn class-specific discriminative image
patches.

The cCP layer is an average pooling layer. Instead of a fully connected classification layer, each
classification output node’s value is calculated by averaging the consecutive m values of the output of
GMP layer. Hence, the number of output channels of the GMP layer should be m x L, where L is the
number of classes, and m is the number of filters per class. Since there are no learnable parameters in
the cross-channel pooling layer, the 1 x 1 convolutional layer weights are adjusted directly via both loss

functions of the classification layer and the softmax layer.

3.2.3 Global Feature Head and Backbone Neural Network

The global feature head consists of a convolutional layer, a fully connected layer, and a softmax layer.
It captures the structural attributes and global nature of the input image. It is the same as the traditional
image classification networks such as VGG-M [193], VGG-V [104], ResNet [106] and GoogleNet [194].
Like ResNet [106], we use a global average pooling layer before the fully connected layer. Hence, the
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proposed architecture can handle arbitrarily shaped images. Fig. 3.3 shows the detail of the proposed

architecture.

Discriminating head Global head Encoding head
Tx7, 64, stride 2
33 max pool, stride 2
[ 1x1, 128 ]
3x3,128,C=32 | X3
| 11,256
[ 1x1,256
3x3,256,C=32 | x4
| 11,512
[ 1x1,512
3x3,512,C=32 | x6
| 1x1,1024

Ix1,mxL 1x1, 1024 1x1,512

CCP layer| max pool 3x3, 1024, C=32 | x3 |Encoding layer

1x1,L 1x1,L I1x1,2048 L—dfc

global average pool, L —d fc
4L — d fc , softmax

Figure 3.3 Presents the detailed architecture of the proposed network. The thicker horizontal line rep-
resents a branching point where all the blocks touching a thicker horizontal line are connected.

3.2.4 Network Design

We have two design choices to combine the encoding, discriminative, and global feature heads.
These are (i) adding the losses calculated with individual feature heads as suggested in [189] and (ii)
concatenating all three feature heads followed by a linear layer to calculate the loss. In the first choice,

the total loss (L;otq;) can be calculated using Eq. (3.3)

Ltotal = Lepe + Ldis + Lgl0b7 (33)

where the losses Leyc, Lais and Loy are calculate using the cross-entropy loss function as

1 & exp(7i,1)
Loss(y, ) = —— > 3 yi - log (l) . (34

= . .
N i=1 I=1 Zk:l exp(Yi.k)
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Here, NV is the number of samples in the batch, L is the number of classes, y; ; is the ground truth label
for sample 7 and class [. y;; is a one-hot vector, where the true class is 1, and others are 0. ¢;; is the
predicted label for sample ¢ and class I.

The direct sum of all the losses is a way to combine the various feature head. The contribution of
multiple feature head losses depends on the numerous problems. For example, the encoding feature
head loss is more relevant than the global feature head loss for a script identification in a word image.
The second option of concatenating all the three feature heads, followed by a linear layer to calculate
the loss. In this option, the linear layer learns the weight for each feature head based on the problem.
The discriminative feature head fails to understand the discriminative patches for two reasons. These
are — (i) the discriminative feature head consists of asymmetric two-stream architecture, and (ii) direct
loss from the label is required as explained in Section 3.2.2 to learn the CCP layer.

To overcome these issues, we propose an auxiliary loss to learn the discriminative feature head as
introduced in [238]. Similarly, we train the encoding feature head with an auxiliary loss to calculate
between the labels and the prediction of the encoding head. Apart from the global feature head using
softmax loss, another classifier is applied to learn the encoding and discriminative feature heads indi-
vidually as an auxiliary loss. The additional loss helps optimize the learning process, while the master
branch loss takes the most responsibility. Fig. 3.2 illustrates the detailed architecture of the proposed
model.

3.2.5 Training Details

We train the proposed network using Stochastic Gradient Descent (SGD) with a momentum of 0.9
and a learning rate updated based on Cosine annealing strategy proposed in [280]. The initial learning

rate 77 is set to 0.001 and after each epoch the learning rate is updated based on Eq. (3.5)

1
N = 3 <1 + cos (?)) 7. 3.5)

The number of codewords, K in the encoder layer is set to 64 and the number of channels, m per
class in the Cross-Channel pooling layer is set to 20. The size is set to 32 and the total number of
iterations set to 100 K.

3.3 [Experiments

We run all the experiments in an Intel i7 CPU processor with Nvidia GTX 1080Ti GPU, and our
program utilizes 3259MiB of GPU memory and 2240MiB of CPU memory for the batch size of 32
during the training. We evaluate the performance of the proposed network architecture for four different
tasks — (i) document image classification, (ii) genre classification, (iii) script identification, and (iii)

scientific document figure classification.
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3.3.1 Document Image Classification

In this task, our goal is to assign a pre-defined category label (like Advertisement, Email, Form,
Letter, and Memo) to a given document image. It is often a prerequisite step towards high-level docu-
ment image analysis tasks. Various types of document images contain distinct textural properties. More
specifically, the different categories of document images can be discriminated against concerning the
features corresponding to their local patches. This experiment combines global, discriminative local,

and texture features to classify a given document into a pre-defined category.

3.3.1.1 Dataset and Pre-processing

We use the existing benchmark RVL-CDIP! [166] dataset to analyze the performance of the proposed
approach on document image classification task. The dataset consists of scanned grayscale images of
16 categories of documents from lawsuits against American Tobacco companies. The dataset is divided
into training, validation, and test sets, each containing 320K, 40K, and 40K images. The sample images
of this dataset are shown in Fig. 3.1(b).

As discussed in [167], we apply similar pre-processing steps to the dataset. The steps are — (i) the
images are resized to 384 x 384, and (ii) we duplicate a single image channel into three channels for
network compatibility. Fig. 3.4 shows the challenges of intra-class dissimilarity and inter-class simi-
larity present in the RVL-CDIP dataset. The first row of Fig. 3.4 highlights that different categories of
documents (e.g., Advertisement, News article, Presentation, Scientific report, and Specification) have
similar structural properties. While the second row of Fig. 3.4 highlights that documents of one partic-
ular category (e.g., Questionnaire) have distinct structural properties. High structural similarity among
various classes of documents and high structural dissimilarity among document images of a specific

category present in RVL-CDIP dataset makes document image classification tasks more complicated.

Table 3.1 The ablation study on the performance of document classification task under various settings,
where @ represents the addition of the losses separately, and ® represents the concatenation of all in
the last layers followed by a linear neural network.The number of codewords (k) and the number of
channels per class in the CCP layer (m) are set to 16 and 20, respectively.

Feature Mode Accuracyt
Global 91.18%
Global + Discriminative ® 92.23%
Global + Encoding ® 91.21%
Global + Encoding + Discriminative ® 92.67%
Global + Discriminative @ 92.44%
Global + Encoding &) 91.83%
Global + Encoding + Discriminative @ 92.94%

"http://www.cs.cmu.edu/~aharley/rvl-cdip/
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Advertisement News art. Presentation Sci. report Specification

Questinare Questinare Questinare Questinare Questinare

Figure 3.4 Shows challenges on the RVL-CDIP dataset. The first row indicates document images from
different categories share similar structural properties. The second row highlights the document images
from a specific type, namely “Questionnaire” with the separate structural property.

3.3.1.2 Ablation Study

Table 3.1 shows the ablation study to understand the contributions of various feature heads in doc-
ument image classification tasks. The table also shows the improved performance of adding separate
feature heads over the feature head’s concatenation. The base network provides an accuracy of 91.18%.
The concatenation of discriminating feature head to the global loss improved the accuracy by 1.05%.
Adding the discriminative head to the global head improved the accuracy by 1.26%. The table also high-
lights that the addition of a discriminative feature head to the global feature head in both cases improves
the accuracy (i.e., 92.23% and 92.44% )as compared to adding an encoding head to the global feature
head (i.e., 91.21% and 91.83%). This result shows that the discriminating feature head is more infor-
mative than the encoding and texture features for the document image classification problem. However,

the three feature heads’ combination improves performance further in both cases (92.67% and 92.94%).

3.3.1.3 Learned Feature Visualization

We visualize the effects of the discriminative feature head shown in Fig. 3.3 for solving document
image classification. For this purpose, we calculate the Lo norm of the 1 x 1, m x L convolutional layer
(shown in Fig. 3.3). We create a 2D heat map using the Lo norm values to visualize the discriminative
patches learned by the discriminative head. Similarly, we also visualize the Lo norm calculated at the
feature obtained after the 1 x 1, 1024 convolutional layer in the global feature head (shown in Fig. 3.3).

Fig. 3.5 shows the heat map, which is overlayed on the input image to visualize the learned dis-

criminative patches and the global features of the input image. From Fig. 3.5, we observe that the
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discriminative feature head concentrates on the meaningful discriminating regions of the image, which

helps the network to differentiate one particular category of the document from other classes.

Memo Letter email News art. resume Sci. Publication

Form Specification Presentation Scientific report Handwritten Invoice

Figure 3.5 Visually shows the importance of global features vs. discriminative features for document
image classification tasks. The ‘a’ rows show the sample images of RVL-CDIP dataset with category
labels — Memo, Letter, Email, News article, Resume, Scientific Publication, Form, Specification, Pre-
sentation, Scientific report, Handwritten and Invoice. The ‘b’ rows illustrate the heat map calculated as
the Ly norm of the last convolutional layer before global average pooling, which is overlayed on the
input image (i.e., global feature). The ‘c’ rows show the heat map calculated as the Lo norm of the last
convolutional layer before the discriminative feature head, which is overlayed on the input image (i.e.,

discriminative feature).
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From Fig. 3.5, we observe that the global feature head gives importance to the top corners of the im-
age irrespective of the category labels. While the discriminative feature head focuses on the meaning of
fully discriminating regions, which is essential to discriminate one particular category of the document
from other classes. For example, the discriminative feature head concentrates on the “address part” for
both Memo and Letter categories of documents, while it focuses on “signature” only for Letters. In this
case, “signature” is the discriminative feature to discriminate between Memo and Letter. The tabular
structures generally occur in Form, Specification, Scientific report, and Invoice categories of documents
and the discriminative feature head focuses on this tabular region (shown in Fig. 3.5). While the discrim-
inative feature head fails to localize the handwriting region in the Handwritten category of documents.
The encoding head overcomes this disadvantage by learning the textural pattern of the Handwritten type
of documents. Figure 3.6 shows the confusion matrix obtained by the proposed approach. In the confu-
sion matrix, the ‘email’ class performs with higher and lower accuracy for the class ‘presentation’ and

‘form’. The most confusion is between ‘sci. Report’ and ‘presentation’.
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Figure 3.6 Shows the confusion matrix heat-map of RVL-CDIP dataset, obtained by the proposed
approach

3.3.1.4 State-of-the-Art Comparison

Table 3.2 presents a detailed comparison between the proposed method and the recent methods for
document image classification task on the RVL-CDIP [166] dataset. The works [44,45,166,167,215,217]
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Table 3.2 Presents the document image classification accuracy on RVL-CDIP dataset, obtained by vari-
ous methods based on the combination of images, text, and spatial features.

Method Accuracy(%)
Methods based on only visual feature:
Harley et al. [166] 89.80
SelfDoc [281] 90.49
Csurka et al. [215] 90.70
Tensmeyer et al. [167] 90.94
Afzal et al. [45] 90.97
Das et al. [44] 92.21
Sarkhel et al. [217] 92.77
Ours 92.94
Methods based on textual feature:
BERT-base [219] 89.81
UniLMv2-base [282] 90.06
LayoutLMv1-base [218] 91.78
Methods based on textual + spatial features:
UniLMv2-large [282] 90.20
LayoutLMvl-large [218] 91.90
Methods based on visual + textual + spatial features:
Single Modal [220] 93.03
Ensemble [220] 93.07
SelfDoc [281] 93.81
LayoutLMv1-large [218] 94.43
LayoutLMv2-large [248] 95.65
DocFormer [221] 96.17
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used only visual features for classifying document images. Among all existing methods using only
visual features, Sarkhel et al. [217] obtained the highest accuracy (92.77%). Our method judicially
combines visual features like global, textural, and local discriminative features for document classi-
fication and obtains an accuracy of 92.94% on the RVL-CDIP dataset. The proposed method obtains
state-of-the-art performance while using only visual features.

Methods like BERT-base [219], UniLMv2-base [282], and LayoutLMvl1-base [218] use only tex-
tual features for document classification. The LayoutLMv]1-base [218] technique obtains the highest
accuracy (91.78%) among all these methods. The proposed method using only visual features obtain
1.16% better accuracy than the LayoutLMvl-base [218] method using only textual features. Meth-
ods like UniLMv2-large [282] and LayoutLMv1-large [218] use both textual and spatial features for
document classification. Among them, the LayoutLMv1-large [218] method obtains the highest accu-
racy (91.90%). Methods such as Single Modal [220], Ensemble [220], SelfDoc [281], LayoutLMvl-
large [218], LayoutLMv2-large [248], and DocFormer [221] use visual, textual, and spatial features
for document classification. Among all these methods, DocFormer [221] obtains the state-of-the-art

performance (96.17% accuracy).

3.3.2 Book Cover Classification

It is the task of identifying the genre of the book from its cover image. It is one of the challenging
tasks in document image analysis [42] because books come with a wide variety of covers and styles,
including nondescript and misleading covers. Unlike other object detection and classification tasks,
genres are not concretely defined. Another problem is the large number of books that make it unsuitable

for exhaustive search methods.

3.3.2.1 Dataset and Pre-processing

We use the Book-Cover dataset [42], which contains 57K book cover images of 30 different genres.
Each genre contains 1.9K images. Table 3.4 lists all the genre categories. Fig. 3.1(a) shows the sample
images. This particular task is solved by the various global features extracted from deep neural networks
such as LeNet [94] and AlexNet [165], and the results are reported in [42]. Even though our network
takes input images of various sizes, we resize the input image to 227 x 227 to compare the result with

the reported results of the existing approaches.

3.3.2.2 Ablation Study

Table 3.3 shows the ablation study on genre classification accuracy of various strategies. The table,
shows that we obtain genre book classification accuracy of 35.10% only using the global feature. The
use of the discriminative feature head and encoding feature head further improves the accuracy. The
use of discriminative and encoding feature head along with global feature head enhance the accuracy by

0.52% and 0.14%, respectively, in the case of concatenation strategy. The combination of all the three
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Table 3.3 The ablation study on the books’ genre classification from their cover images in various
settings, where @ represents the addition the losses separately and & represents the concatenation of all
in the last layers followed by a linear neural network. The number of codewords (k) and the number of
channels per class in the CCP layer (m) are set to 32 and 20, respectively.

Feature Mode Accuracyt
Global 35.10%
Global + Discriminative ® 35.62%
Global + Encoding ® 35.24%
Global + Encoding + Discriminative ® 35.82%
Global + Discriminative S5) 35.70%
Global + Encoding &) 35.32%
Global + Encoding + Discriminative &) 36.17%

feature heads further improves the result by 0.72%. As we expect, the addition of feature heads loss
gives the best result (36.17%), which is 0.35% better than the concatenating feature head strategy. We
also observe that the classification accuracy using discriminative and global feature heads is better than

encoding and global feature heads.

3.3.2.3 Learned Feature Visualization

We visualize the Ly norm of the learned global and discriminative features, shown in Fig. 3.7. The
global feature highlights the background region containing the word “MAQO”, but the discriminative
feature highlights the face region for the cover pages of the category Biographies. A human face is
ubiquitous and appears on the cover pages of the books in the Biographies category. We observe that
the discriminate feature head highlights the representative words of each category of book, which ap-
pear on the cover pages. A few examples are - the discriminative feature head focuses on the words
“SAVE MORE” in Business, year “2016” in Calendar, “BISCUITS” in Cookbooks, “LAW” in LAW,
and “PHARMACOLOGY” in Medical categories of books.

65



Biographies Business Calendars Comics Cookbooks Health

Law Medical Religion Romance Self-Help Sports

Figure 3.7 Shows the importance of global and discriminative features for genre classification tasks.
The ‘a’ rows show the sample images of the Book-Cover dataset with category labels - Biographies,
Business, Calendars, Comics, Cookbook, Health, Law, Medical, Religion, Romance, Self-Help and
Sports. The ‘b’ rows illustrate the heat map calculated as the Ly norm of the last convolutional layer
before global average pooling, which is overlayed on the input image (i.e., global feature). The ‘c’ rows
show the heat map calculated as the Lo norm of the last convolutional layer before the discriminative

feature head, which is overlayed on the input image (i.e., discriminative feature).
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Table 3.4 Shows the class wise genre classification accuracy of Book-Cover dataset, obtained by various
approaches.

Genre Classification Accuracy?

LeNet [42] AlexNet [42] FV-CNN+ FC- Our

CNN [46]

Arts & Photography 05.80 12.10 17.37 27.37
Biographies & Memoirs 05.30 13.20 17.37 19.47
Business & Money 10.00 12.60 16.84 28.95
Calendars 18.90 47.90 44.74 71.58
Children’s Books 24.70 42.10 40.53 44.74
Comics & Graphic Novels 15.80 47.40 59.47 67.89
Computers & Technology 29.50 44.70 51.58 55.79
Cookbooks Food & Wine 14.20 43.70 47.37 56.84
Crafts Hobbies & Home 07.40 17.40 30.00 40.53
Christian Books & Bibles 08.40 07.40 13.16 18.42
Engineering & Transport 10.00 20.00 35.26 36.84
Health Fitness & Dieting 04.20 12.60 13.16 18.95
History 06.30 12.60 25.79 19.47
Humor & Entertainment 05.30 10.50 11.58 18.95
Law 14.70 25.30 35.79 40.53
Literature & Fiction 03.20 11.10 12.11 17.37
Medical Books 12.60 19.50 25.79 34.74
Mystery Thriller 23.70 34.20 36.84 48.42
Parenting & Relationships 14.70 24.20 30.53 31.58
Politics & Social Sciences 03.70 06.80 11.58 13.68
Reference 13.20 20.00 23.68 28.42
Religion & Spirituality 08.40 16.30 18.95 29.47
Romance 27.40 45.30 48.42 56.32
Science & Math 08.40 14.20 24.21 23.68
Science Fiction & Fantasy 14.70 35.80 14.74 41.05
Self-Help 13.70 14.20 1947 15.79
Sports & Outdoors 05.30 14.70 32.11 32.11
Teen & Young Adult 07.90 12.10 15.79 27.37
Test Preparation 47.90 68.90 58.42 73.68
Travel 19.50 33.20 36.84 45.16
Total Average 13.50 24.70 29.00 36.17

67
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Figure 3.8 Shows the confusion matrix heat-map of Book-Cover dataset, obtained by the proposed
approach.

3.3.2.4 State-of-the-Art Comparison

Table 3.4 presents a detailed comparison between the proposed and state-of-the-art approaches to
book genre classification tasks. The proposed approach improves average accuracy by 22.67%, 11.47%
and 7.17% over state-of-the-art methods — LeNet [42], AlexNet [42] and FC-CNN+FV-CNN [46], re-
spectively. Compared to the proposed approach, FC-CNN+FV-CNN [46] feature outperforms in History,
Science, Math, Self-help, & Sports and Outdoors classes. Iwana er al. [42] studied that the History
category images have a high visual similarity with the images of other classes, such as Biographies &
Memoirs, Politics & Social Sciences. The authors also pointed out that many miss-classifications occur
in Biographies & Memoirs category. Figure 3.8 shows the heat-map of the confusion matrix obtained

by the proposed approach.

3.3.3 Document Figure Classification

It is a task of assigning category labels like Block diagrams, Natural images, and Bar charts to
the given document figure images. Classification of figures present in document images is complex
due to inter-class visual similarity and intra-class visual dissimilarity. The existing methods [37, 53]

using handcrafted features, fail to achieve good accuracy due to the extensive visual similarity among
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subcategories. Recently, a few techniques [33, 34] convolutional neural networks have developed to

solve this problem.

Bar plot Pareto chart Box plot Histogram
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Figure 3.9 Shows challenges on the DocF igure dataset. The first row indicates images from different
categories share similar visual properties. The second row highlights that the sample images from a
specific type, like “Pie chart” and “Histogram” have distinct structural properties.

3.3.3.1 Dataset

We use the DocFigure dataset [46] for this particular experiment. The dataset contains 32K
images of 28 different categories of figures, which are collected from scientific document images that
correspond to scientific articles published in the CVPR, ECCYV, and ICCV conferences in the last several
years. The sample images are shown in Fig. 3.1(d). Jobin et al. reported results of three baselines — FC-
CNN, FV-CNN, and FC-CNN+FV-CNN in [46]. The DocFigure dataset is the biggest dataset compared
to the other document figure dataset Figureseer [34], Revision [37], Deepchart [33], and Karthikeyani
and Nagarajan [36]. Fig. 1.3 illustrates the inter-similar and intra-dissimilar visual properties of the

DocFigure dataset.

3.3.3.2 Ablation Study

Table 3.5 shows the ablation study for solving document figure classification tasks using various set-
tings. Using the global feature alone gives an accuracy of 95.91% on the document figure classification
task. It also shows that combining the discriminative feature with the global feature yields better re-
sults than combining the encoding feature with the global feature in concatenation and addition settings.
Combining all three - discriminative, encoding, and global features gives the best classification accuracy
(96.24% and 96.22%, respectively) for both scenarios.
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Table 3.5 The ablation study on the document figure classification task in various settings, where &
represents the addition of the losses separately, and ® represents the concatenation of all the last layers
followed by a linear neural network. The number of codewords (k) and the number of channels per class
in the CCP layer (m) are set to 32 and 20, respectively.

Feature Mode Accuracyt
Global 95.91%
Global + Discriminative ® 96.13%
Global + Encoding ® 96.05%
Global + Encoding + Discriminative ® 96.22%
Global + Discriminative S5) 96.15%
Global + Encoding &) 96.08%
Global + Encoding + Discriminative &) 96.24 %

3.3.3.3 Learned Feature Visualization

We visualize Ly norms of global and discriminative features (shown in Fig. 3.10) to get an insight
and analyze the importance of the feature for document figure classification tasks. From Fig. 3.10, we
observe that the global feature head focuses on the complete object region while the discriminative fea-
ture head highlights only essential parts of the object region. These essential parts of the object region
are vital for recognizing one category of figure from other categories. We noticed that discriminative
feature head focuses on (i) a 3D-shaped region in a 3D Object, (ii) the trips of the bar in a Bar chart, (iii)a
bubble circle in Bubble chart, (iv) lines in a Line graph, and (v)“India” region in Geographic map cat-
egories of document figures. Fig. 3.10 highlights the discriminative head learns features corresponding

to the meaningful region of the input figure image.

3.3.3.4 State-of-the-Art Comparison

Table 3.6 shows the class-wise accuracy of the DocFigure dataset using various methods. The
proposed method obtains improved accuracy over the state-of-the-art techniques — FC-CNN, FV-CNN,
and FC-CNN+FV-CNN for 15 categories of document figures. The proposed method obtains the max-
imum accuracy improvement (i.e., 19.15%) of the Contour plot over state-of-the-art techniques. The
proposed technique also improves average classification accuracy by 7.28%, 5.44%, and 3.34% over

FC-CNN, FV-CNN, and FV-CNN+FC-CNN, respectively.

3.3.4 Script Identification in Multi-lingual Document Images

It is the task of identifying scripts in multi-lingual document images. It has a wide range of ap-
plications, including automatic storage of multi-script document images, document image retrieval,
video indexing and retrieval, and document sorting in digital libraries [47]. Features play an impor-

tant role in the script identification system. The article [47] summarizes the various feature categories
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Table 3.6 Class-wise document figure classification accuracy of DocFigure dataset, obtained by
various approaches.

Labels Classification Accuracy?
FC-CNN [46] FV-CNN [46] FV-CNN+ Our
FC-CNN

3D object 98.24% 94.73% 98.53% 97.81%
Algorithm 93.81% 91.75% 93.81% 96.77 %
Bar chart 93.97 % 91.97% 93.64% 93.10%
Box plot 91.39% 88.07% 92.95% 92.05%
Flow chart 92.53% 91.04% 91.38% 97.01%
Heat map 99.25% 95.89% 96.27% 99.62 %
Histogram 94.89 % 88.26% 94.89 % 91.69%
Medical image 97.87% 92.55% 98.93 % 96.90%
Pie chart 91.66% 89.81% 94.44% 97.69 %
Polar chart 85.71% 78.57% 85.71% 89.55%
Area chart 84.61% 91.02% 92.30% 100.00%
Block diagram 97.26% 97.65% 98.43 % 91.93%
Bubble chart 80.95% 91.66% 90.47% 97.78 %
Confusion matrix 85.22% 89.65% 93.10% 91.36%
Contour plot 59.34% 74.72% 72.52% 91.67 %
Geographic map 88.59% 95.81% 95.43% 98.57 %
Line graph 98.49% 98.84% 99.33% 98.50%
Mask 99.23% 99.23% 99.23% 98.34%
Natural image 98.04% 98.25% 99.23 % 98.57%
Pareto chart 87.17% 96.15% 97.43% 95.97%
Radar chart 78.94% 86.84% 85.52% 90.00 %
Scatter plot 90.14% 91.19% 93.66 % 89.89%
Sketches 95.65% 96.37% 98.18% 94.78%
Surface plot 76.76% 89.89% 88.88% 93.59%
Tables 97.25% 98.73% 97.67% 99.34%
Tree Diagram 67.04% 68.18% 70.45% 82.14%
Vector plot 79.86% 81.94% 86.80% 94.32%
Venn Diagram 87.03% 93.51% 93.05% 96.00 %
Average Accuracy 88.96% 90.80% 92.90% 96.24 %
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3D objects Bar plots Block diagram Box plot Bubble Chart Confusion matrix

Geographic map Line Graph Pareto charts Venn Diagram Pie chart Polar plot

Figure 3.10 Shows the importance of global features vs. discriminative features for document figure
classification tasks. The ‘a’ rows show the sample images of the DocFigure dataset [46] with selected
category labels - 3D object, Bar chart, Block diagram, Box plot, Bubble chart, Confusion matrix, Geo-
graphic map, Line graph, Pareto chart, Venn diagram, Pie chart, and Polar chart. The ‘b’ rows illustrate
the heat map calculated as the Ly norm of the last convolutional layer before global average pooling,
which is overlayed on the input image (i.e., global feature). The ‘c’ rows show the heat map calculated
as the Lo norm of the last convolutional layer before the discriminative feature head, overlaying on the
input image (i.e., discriminative feature).

popularly applied in the script identification techniques. Various texture features like the Gabor fil-
ter, gray level co-occurrence matrix and wavelet are considered for script identification in multi-script
documents [144, 155, 158-164]. Due to generalization capability, recently, deep features have been
considered to identify scripts in multi-lingual document images [283].
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Figure 3.11 Shows sample images of CVSI-2015 dataset. Each row of the image represent the sample

images of (a) Arabic, (b) Bengali, (c) English (Roman), (d) Gujarathi, (e) Hindi (Devnagari), (f) Kan-
nada, (g) Oriya, (h) Punjabi (Gurumukhi), (i) Tamil, and (j) Telegu, respectively.

3.3.4.1 Dataset

We use the cVSI-2015 dataset [284] for this particular experiment. The dataset is composed of
images from news videos in various Indian languages. It contains 6412 training text images and 3207
test text images from 10 different scripts, namely Arabic, Bengali, English, Gujarati, Hindi, Kannada,

Oriya, Punjabi, Tamil, and Telugu. The sample images of ten languages are shown in Fig. 3.11.

To handle the arbitrary size of the word image and enhance the unique curves in the script, we
perform the following pre-processing steps: (i) conversion of all color images to grayscale images in
which the character’s areas are darker than the background, (ii) re-scale the image with widths 100, 40,
80 and 160, respectively, by keeping the aspect ratio constant, and (iii) arranging these scaled images in

a 384 x 384 canvas as shown in the second-row and sixth-row in Fig. 3.12.

3.3.4.2 Ablation Study

Table 3.7 shows the ablation study on the script identification task under various network configura-
tions. The global feature obtains 97.00% accuracy. In this particular problem, the encoded i.e. texture
feature is more effective than the discriminative feature, as indicated in Table 3.7. The encoded feature
combined with the global feature obtains 0.5% and 0.57% improved accuracy over the combination of
discriminative and global features under concatenation and addition settings. The classification accu-
racy is further improved using a combination of global, discriminative and encoded features in both

strategies.
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Table 3.7 The ablation study on the performance of script identification task under various settings,
where @ represents the addition of the losses separately, and ® represents the concatenation of all
the last layers followed by a linear neural network. The number of codewords (k) and the number of
channels per class in the CCP layer () are set to 8 and 20, respectively.

Features Mode Accuracyt
Global 97.00%
Global + Discriminative ® 97.71%
Global + Encoding ® 98.21%
Global + Encoding + Discriminative ® 98.64%
Global + Discriminative S5) 97.78%
Global + Encoding &) 98.35%
Global + Encoding + Discriminative &) 98.83 %

3.3.4.3 Learned Feature Visualization

We visualize the heat map calculated as the Lo norm of the last convolutional layer of global average
pooling and the convolutional layer before the discriminative feature head, shown in Fig. 3.12. From
the figure, we notice that the global feature head focuses on words of various scales. However, the

discriminative feature head fails to learn a discriminative patch from the scrips, e.g., Arabic, Gujarati,

Oriya, and Telugu.

Table 3.8 The script identification accuracy of CVSI-2015 dataset [284], obtained by various ap-
proaches.

Approach Accuracy?
C-DAC 84.66%
CUK 74.06%
HUST 96.69%
CVC-1 95.88%
CVC-2 96.00%
Shi et al. [52] 96.70%
Sing et al. [51] 98.13%
Our 98.83%
Google 98.91%

3.3.4.4 State-of-the-Art Comparison

We compare the performance of our method with state-of-the-art techniques on the script classifica-
tion task. These results are summarized in Table 3.8. The table highlights that the proposed approach

obtains a very close result to Google.
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3.4 Ablation Study on Hyperparameters

The more effective hyperparameters in the proposed architecture are the number of codewords (K) in
the encoding feature head and the number of channels per class in the CCP layer (m) of the discriminative
feature head. We conduct a study to determine the optimum value of K and m for four classification

problems.
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Figure 3.13 Shows the variation on accuracy with the changes in number of codewords K for four tasks
— document image classification, book cover classification, document figure classification, and script
classification corresponding to four datasets — RVL-CDIP, Book cover, DocFigure, and CVSI. Here,

we combine the global feature head loss with the encoding feature head loss.

In the study of codewords (K'), we use the architecture having global and encoding feature heads
with the addition of the losses. We calculate the classification accuracy of four tasks - document image
classification, book cover classification, document figure classification and script classification corre-
sponding to four datasets — RVL-CDIP, Book cover, DocFigure, and CVSI with varying K from 4 to
256. Fig. 3.13 shows the variation in accuracy with the change of K. From the figure, we observe that
the variation in accuracy is much less with the change in K for all tasks (almost flat curve). We also
observe from the figure that the best value of K for each dataset directly relates to the total number of

classes present in the dataset. The CVSI dataset has 10 classes and the best K is 8 for this dataset. The
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RVL-CDIP dataset has 16 classes and the best K is 16. The Book cover and DocFigure datasets have
30 and 28 classes, respectively, the best K is 32 for both datasets.

In the study of the number of channels per class in the CCP layer (m), we use the architecture
with global and discriminative feature heads with the addition of the losses. First, we calculate the
classification accuracy of four classification tasks with m value ranging from 5 to 35. Fig. 3.14 shows
the variation on accuracy with the changing m for four different tasks corresponding to four datasets.
From the figure, we observe that the best accuracy is obtained when the value of m is equal to 20,

irrespective of the dataset.

3.5 Discussion

We introduce a deep multi-modular feature extraction architecture for various classification tasks
in document image analysis. The proposed architecture extracts three features - discriminative, en-
coded/texture, and global. Diverse experiments conclude that a combination of discriminative, texture,
and global features performs better for various classification tasks - document image classification,
genre classification of book, document figure classification, and script identification. We visualize the
Lo norm of the learned global and discriminative features in the form of the heat map, highlighting their
importance for various classification tasks. The heat maps highlight that discriminative features are
more useful for document image classification, document figure classification, and genre classification
than other features. In contrast, the encoded feature is more essential than other features for the script
identification task. In the future, we will explore the proposed architecture for classroom slide retrieval

and signature verification.
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Figure 3.12 Shows the importance of global vs. discriminative features for document figure classifica-
tion tasks. The ‘a’ rows show the sample images of the CVSI dataset [284] with languages — Arabic,
Bengali, English, Gujarati, Hindi, Kannada, Oriya, Punjabi, Tamil, and Telugu. The ‘b’ rows show the
pre-processed word image before being fed into the classification network. The ‘c’ rows illustrate the
heat map calculated as the Ly norm of the last convolutional layer before global average pooling, which
is overlayed on the input image (i.e., global feature). The ‘d’ rows show the heat map calculated as the
Lo norm of the last convolutional layer before the discriminative feature head overlayed on the input
image (i.e., discriminative feature).
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Figure 3.14 Shows the variation in accuracy with the changes in the number of channels per class in
the CCP layer (m) for four tasks - document image classification, book cover classification, document
figure classification and script classification corresponding to four datasets - RVL-CDIP, Book cover,
DocFigure, and CVSI. Here, we combine the global feature head loss with the discriminating feature
head loss.
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Chapter 4

Document Image Segmentation

4.1 Introduction

In the last chapter, we analyze deep features and their effectiveness in various document classification
tasks. Following classification, we categorize documents into specific types, such as scientific papers,
emails, forms, and handwritten documents, each with its own logical regions. For instance, equations
are typically found in scientific documents but not in news articles. As discussed in the Chapter 1
introduction, identifying logical regions is a crucial step in any document understanding system. This
chapter focuses on segmenting three types of document images: scientific documents, classroom slide
images, and historical document images.

Document image layout segmentation is pivotal in unlocking the wealth of information encapsulated
within diverse forms of documents, spanning historical manuscripts, scientific papers, to modern educa-
tional resources like classroom slide presentations. These documents, each with unique characteristics,
pose distinct challenges and opportunities for layout segmentation techniques. This introductory section
embarks on an exploratory journey to illuminate the significance of layout segmentation in the context
of these varied document types.

Historical document images, often aged and fragile, represent invaluable records. They offer insights
into the cultures, languages, and knowledge of bygone eras. However, their aged nature can introduce
intricate layouts, scripts, and visual artifacts that challenge traditional segmentation methods. The suc-
cessful segmentation of historical documents is vital for unlocking the troves of historical knowledge
they contain.

In the realm of scientific documents, we encounter a vastly different landscape. Scientific papers are
the lifeblood of the academic world, encapsulating groundbreaking discoveries and research findings.
However, they present their unique challenges in layout segmentation. From multi-column layouts
to intricate figures, tables, and mathematical notations, scientific documents’ structured but intricate
organization requires tailored segmentation approaches to facilitate information retrieval and content
analysis.

Educational materials, in the form of classroom slide presentations, have also emerged as a promi-

nent source of knowledge dissemination. As educational technology advances, these materials often
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integrate multimedia content, text, and images. Efficient layout segmentation is crucial for improving
accessibility, aiding content navigation, and enhancing the understanding of complex subjects, particu-
larly for students with disabilities.

This exploration of document image layout segmentation will delve into the challenges and advance-
ments specific to these domains, unravelling the methods and techniques that enable us to transform

these documents into valuable resources for research, education, and preserving our historical heritage.

4.2 Historical document image segmentation

Document image segmentation can be considered the primary stage of document image analysis
(D1A) system. The objective of this module is often to segment the document image into semantically
similar regions such as text, graphics, comments, decorations, backgrounds, etc. These segmented
regions are processed and analyzed separately in DIA for a meaningful understanding of the content of
the document. Thus, the segmentation module enables the DIA system to handle the document images
having complex layouts.

Compared to the well-structured printed document images, the document segmentation problem is
more challenging for historical handwritten documents. Hence, analysing and understanding of his-
torical document images is an active area of research. Challenges of historical handwritten document
images, such as unstructured layouts, degradation, various handwritten styles, etc., are exemplified in

Figure 4.1.

The early approaches for document segmentation (such as [285]) are based on binarization and con-
nected component analysis. This approach fails with images that have non-uniform background colors
(Figure 4.1(b)). To get rid of this issue researchers started to classify image patches or superpixels to
segment the image instead of taking connected components. Various features such as color and tex-

ture [134], SIFT, SURF, LBP, HOG, etc., are extracted for segmentation.

Inspired by the success of deep features over the hand-crafted features in the recent past [114], in
this article, we explore the effectiveness of deep features in document segmentation. Document images
have many practical difficulties in using CNNs directly. The main difficulty is that the input image should
be resized to fit the size of the input of the CNN architecture. It may badly affect the performance of
the method. Moreover, the time and data required to train deep neural networks are larger than those
required for standard statistical machine learning methods such as Support Vector Machines (SVM). This
article investigates how to utilize the non-linear filters of a pre-trained deep CNN without fine turning
for the document segmentation.

In our study, we choose the deep features FC-CNN and FV-CNN, which produce the state-of-the-art
results in texture, material and scene recognition [114]. Different text in the document has different tex-
ture properties. The results of our study conclude that these deep features are capable of distinguishing

the texture of different writing styles (text and comments) and decorations very efficiently. To study the
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effectiveness of the deep feature for historical document images, we visualize the deep features using
the t-SNE [113] method.

In this article, we experimented on six different historical handwritten challenging segmentation
datasets. The sample images from these datasets are shown in figure 4.1, and details can be found in
Table 4.1. G. Washington, Parzival, and St. Gall document images are from the 1AM historical document
database.! A new dataset with a more complex layout introduced [286] are CB55, CSG18 and CSG863.

We pose the document image segmentation task as a semantic segmentation problem. Semantic seg-
mentation is a popular problem in computer vision in which each pixel is assigned to its most appropriate
label from a predefined label set. Many approaches that use CNN for semantic segmentation [287]. In
this work, we first extract deep features from document image pixels and train an SVM classifier to label
the pixels. The performance of the proposed approach is compared with the following approaches: (i)
local MLP [198], (ii) CRF [288] and (iii) CNN [289] on six different historical document image datasets.

The experimental studies conclude that the proposed method gives superior results consistently.
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Figure 4.1 Sample historical handwritten document images for layout segmentation from the following
datasets: (a) St. Gall, (b) Parzival, (c) G. Washington, (d) CB55, (e) cSG18, (f) cSG863. The bottom
part of each image is the zoomed view of red rectangular region.

"http://www.fki.inf.unibe.ch/databases/iam-historical-document-database
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4.2.1 Proposed Method

We pose the document image segmentation problem as a pixel labeling problem. Consider a docu-
ment image I of size w X h X d, where w, h and d are the width, height and the number of color channel
of the image respectively. Let x; ; is the pixel of image [ at position (4, j), where s € {1,...,w} and
j €{1,...,h}. We train a statistical model which learns the label [ from a set of labels L for each pixel
x; ;. The label set L for historical document images is set as L = {body text, comments, decoration,
background} similar to the past methods. We extract deep features proposed by Cimpoi et al. [114] from
image patch surrounding to each of pixel x;; in document image I. Finally, using an SVM classifier, on

top of the extracted features, a label [ to each pixel x;; is assigned.

4.2.1.1 Image pre-processing

In our approach, we apply the SLIC superpixel segmentation algorithm. In document images, most of
the pixels in a superpixel share the same label. The superiority of the superpixel based labeling approach
over the pixel labeling approach for the page segmentation task has been demonstrated in [134].

-----------------------

Input Image

. / SVM classifier
l - C1 C5 f1 f2 & l
Extract — e -
superpixels .. . output Image
(a)
Input image & FY-CNN % SVM classifier
l ] Fisher / l
. C1 C5 — vector .
Extract o encoder .
superpixels . . pldakege
(b)

Figure 4.2 The proposed approaches: (a) and (b) are separate pipelines for segmenting a document
image using FC-CNN and FV-CNN features. The dotted box represents the feature extraction module, c1,
..., 5 represent convolutional layers of CNN and f1 and f2 represent the fully connected layers of CNN.

4.2.1.2 Texture of document images

In early works such as [293], the texture is characterized by the arrangement of local patterns by
the distribution of local filter bank responses. The filter banks can capture edges, spots, and bars at

different scales and orientations. The work [294] proposes textons which are defined by combining the
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Table 4.1 Details of of the dataset used in our experiments. TR, TE, and VA denote size of the training,
test, and validation sets respectively.

Dataset Image size (pixels) TR TE VA
G. Washington [290] 2200 x 3400 10 5 4

St. Gall [291] 1664 x 2496 20 30 10
Parzival [292] 2000 x 3008 20 30 10
CB55 [286] 4872 x 6496 20 13 2

CSG18 [286] 3328 x 4992 20 10 10
CSG863 [286] 3328 x 4992 20 10 10

filter responses. The idea of fextons is improved by new pooling schemes such as soft-assignment [295]
and Fisher Vectors (Fvs) [296]. The work [67] uses FV encoding on the SIFT features, which achieved

state-of-the-art results in textures, objects and scene detection tasks.

One of the key observations made while visualizing the weights of a learned CNN [297] is that the
initial layer learns to detect low-level patterns such as dots, line edges, strokes, etc. While later layers
in the network learn the higher-level structures from images like faces, the shape of an object, etc.
Even if the CNN is trained with a different dataset or non-document images, the filters are capable of

emphasizing various texture patterns in an image.

This article proposes two types of deep features, namely FC-CNN and FV-CNN, inspired from [114].
Both descriptors are based on the same CNN features [103] obtained from an off-the-shelf CNN pre-
trained on the ILSVRC 2012 dataset [110]. We evaluate the performance of segmentation using both

features.

The FC-CNN descriptor is obtained by extracting the output of the penultimate fully connected layer
of a CNN, including the nonlinear gating function, applied to an input image. This feature can be
considered as an object descriptor because a fully connected layer captures the overall shape of an
object. However, it has some drawbacks in the case of document images: 1) since it is using a fully
connected neural network, the input image patch should be resized, which makes the feature faulty
ii) the FC-CNN feature represents the entire shape of an object rather than the texture. However, in
document images, there is no importance in the shape of the object in a patch because it may be very

random.

The FV-CNN feature overcomes the above disadvantages because the feature is extracted by FV pool-
ing of the convolutional filter response rather than the fully connected layer. Hence, the FV-CNN is a
more efficient way to describe the texture of an image than the FC-CNN. Since the feature responses
are taken from the convolutional layer, no input patch/image rescaling is required. In the work [114], it
is proved empirically that the efficiency of the FV-CNN feature improves from the initial convolutional
layer to the final convolutional layer monotonically. Hence, in all our experiments, we use the final

convolutional layer of the pre-trained neural network.
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4.2.1.3 Document image segmentation

First, from the given training data, we generate superpixels by running the SLIC algorithm using
an appropriate region size and regularization parameters. To get the contextual information about a
superpixel, we crop each superpixel into patches of size p x p with the center aligned to the center
of the superpixel. The optimum patch size p is calculated by minimizing the superpixel classification
error (Figure 4.5). Then we extract the deep features for each superpixel region from the corresponding
patches.

In FV-CNN, from the densely pooled response of the input image in the convolutional layer, we learn a
Fisher Vector (FV) encoder with 64 Gaussian components. This encoder is used for creating the FV-CNN
features from the densely pooled response of the convolutional layer of pre-trained CNN architecture.
We use VGG-M [193] architecture trained on the ILSVRC 2012 dataset in all our experiments. The
feature dimension in FV-CNN depends on the number of components of the Fisher Vector encoder and
the number of filters in the convolutional layer. However, the dimension of FC-CNN is the same as the
dimension of the fully connected layer.

We train an SVM classifier with predefined labels to model the extracted features. In the testing stage,
first we extract features from each superpixel. Then, we classify the feature and label the superpixel
region in the output image with the corresponding label of the superpixel. The proposed approaches
using features FC-CNN and FV-CNN are described in Figure 4.2.

4.2.2 Dataset

We consider various datasets to demonstrate the effectiveness of the proposed algorithm on different
kinds of document images.

The George Washington dataset is the manuscript written by George Washington and his associates
in the year 1755. This dataset is very neat and less complicated, and it has only two regions, namely
text and background.

The Parzival dataset manuscript contains the epic poem Parzival, one of the most important epic
works in the European Middle Ages and was written with ink on parchment in the Middle High German
language in the year of 13th-century. The entire document is written in the two-column format and the
background color fades and ink spreads are present in the dataset. Currently, the author of the manuscript
is unknown, but researchers are expecting that more than one author wrote the entire dataset.

The St. Gall dataset is the manuscript describing the hagiography of St. Gall by Walafrid Strabo.
This is the oldest dataset used in our experiment, and the manuscript was created in the 9th-century.
The Latin manuscript is written by a (probably) single experienced hand in Carolingian script with ink
on parchment. It is a single-column document with predominantly Carolingian minuscules and fewer
upper script letters that emphasize the structure of the text and some richly ornamented initials. The
Carolingian minuscules were written in black ink, but the upper script letters and the richly ornamented

initials were written in an unstructured way with different colors.
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The very recent and challenging historical document image layout segmentation database is the
DIVA-HisDB [286]. The dataset consists of 50 pages of three different medieval manuscripts with
challenging layouts, namely CB55, CSG18, and CSG863. The three datasets represent the special class
of manuscript layout, which have the main text column and marginal notes and /or interlinear glosses,
additions, and corrections, as shown in figure 4.1. The CSG18 and CSG863, dating from the 11th cen-
tury, were written in Latin language using the Carolingian minuscule script, but the writer is unknown.
The CB55 manuscript is written by a single author from the 14th century and that shows a different

script (chancery script), language (Italian and Latin), and layout.

4.2.3 Experiments

We use the standard evaluation scheme to analyze the performance of the proposed method. Since
document image segmentation can be considered a semantic segmentation task, for comparisons, we
use pixel accuracy and region of intersection over union(IoU) [26] as the evaluation metrics. Let n;;
and n.; be the number of pixels of class 7 predicted to belong to class 7 and the total number of classes,
respectively. Let t; = > ; Tij 1s the total number of pixels of class 7. The following are the metrics we

use to evaluate the segmentation:
* pixel accuracy: >, nii/ >, ti
* mean accuracy: (1/n¢) >, nii/ Y, ti
e mean IoU: (1/ne) 32, mai /(30,6 + D2, mji — nii)

* frequency weighted IoU:

(e te) ™ 20 tina/ (3 ti + 22 nji — i)

4.2.3.1 Evaluation on historical document images

To evaluate the proposed method, we use six different historical handwritten document datasets In
the SLIC superpixel extraction stage, we chose 10 pixels as the region size and the regularizing parameter
as 0.01.

The quantitative results are presented in Table 4.2, and the qualitative results are shown in Figure 4.3.
From Table 4.2, it is seen that the proposed method with the FV-CNN feature achieves a maximum of
9%, 19%, 19%, and 14% improvements over the CNN method [289] in pixel accuracy, mean accuracy,
mean loU, and frequency-weighted IoU, respectively. However, the recent approaches like SegNET,
Deeplabv3 [300], MT-FCN [299], dhSegment [298] outperformed the proposed approach. These ap-
proaches utilize the fully convolution network-based architecture with larger contextual information

than the proposed approach.
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Table 4.2 Comparison on results of historical document image segmentation on the six different dataset
with Local MLP, CRF, CNN and the proposed methods FC-CNN and FV-CNN.Uses the patch size of 30,
we compare our approach with the latest result from dhSegment [298], MT-FCN [299], Deeplabv3 and
SegNet [300]

Datasets G. Washington Parzival St.Gall

Evaluation pixel mean mean fw. | pixel mean mean fw. | pixel mean mean f.w.
acc. acc. IoU. IoU. |acc. acc. IoU. IoU. |acc. acc. IoU. IoU.
Local MLP [198] | 87 89 75 83 91 64 58 86 95 89 84 92
CRF [288] 91 90 76 85 93 70 63 88 97 88 84 94
CNN [289] 91 91 77 86 94 75 68 89 98 90 87 96
FC-CNN (ours) 94 92 80 &9 97 74 71 94 929 91 88 98
FV-CNN (ours) 95 93 81 91 97 76 71 94 99 91 88 98
Datasets CB55 CSG18 CSG863
Evaluation pixel mean mean f.w. | pixel mean mean f.w. | pixel mean mean fw.
acc. acc. IoU. IoU. | acc. acc. IoU. IoU. | acc. acc. IoU. IoU.
Local MLP [198] | 83 53 42 72 83 49 39 73 84 54 42 74
CRF [288] 84 53 42 75 86 47 37 77 86 51 42 78
CNN [289] 86 59 47 77 87 53 41 79 87 58 45 79
FC-CNN (ours) 91 64 52 86 89 64 52 85 91 66 55 87
FV-CNN (ours) 95 73 64 91 92 72 60 89 94 71 61 91

SegNET [300] - - 869 - - - 753 - - - 81.6
Deeplabv3 [300] | - - 929 - - - 73.1 - - - 86.7
MT-FCN [299] - - 96.7 - - - 954 - - - 94.4
dhSegment [298] | - - 97 - - - 92 - - - 90

4.2.3.2 Deep feature analysis

To validate the utility of deep features in the document image, we visualize the deep features us-
ing t-SNE [301] paper. Figure 4.4 represents the deep feature visualization of a sample image taken
from CB55. From the figure, we can observe that even though the feature extraction technique is unsu-

pervised, the feature representations of each class are clustered together.

A rectangular patch around super pixels is chosen before feeding it to the CNN for feature extraction.
Large patch size gives more contextual information about the superpixel it covers, and it eventually
reduces the importance of the superpixel because the local feature is extracted uniformly from a patch.
Hence, the patch size needs to be optimum. The graph shown in Figure 4.5 explains the effect on SvM

classification accuracy while increasing the patch size at 150 dpi for various document regions.
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Figure 4.3 Qualitative results of the proposed method. The first column shows the original test images
from various datasets (1) St. Gall, (2) Parzival, (3) G. Washington, (4) CB55, (5) CSG18, (6) CSG863
from top to bottom respectively. The second column shows the ground-truth images. The third and
fourth columns are the output of the proposed methods with FC-CNN and FV-CNN, respectively. The
black, red, green and blue colors of ground truth and output images represent the page/background, text,
comments and decoration, respectively.
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(a) (b) (c) (d)
Figure 4.4 T-sNE [301] visualization of deep feature (FC-CNN) extracted from a sample image from the
CB55 dataset. The black squares, red pluses, green rounds and blue stars represent the background, text
body, comments, and decorations features, respectively. Subfigure a, b, ¢, and d are the corresponding

sampled image patches of these regions, respectively (better viewed in colour).
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Figure 4.5 The graph showing SVM classification accuracy of superpixels by extracting deep features

with various patch sizes at 150 dpi
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4.3 Lecture Slide Image Segmentation

The classroom slides have a complex design, as shown in Figure 4.6. The exact text could appear
in various labels such as “heading”, “paragraph”, and “list”. Hence, only the visual features learned by
the existing semantic segmentation networks (e.g., FCN [26], Deeplab [29], and PSPNet [238]) are not
sufficient to distinguish various logical regions. Limited works [7, 8] on classroom slide segmentation
utilize (x, y) coordinate values to enhance the quality of segmentation results. However, none of these
works [7, 8] utilize location information efficiently for segmentation. In contrast, Choi et al. [9] utilize
position encoding [30] to impose the height information in HANet for semantic segmentation of urban-
scene images. In the case of slide images, the height and width information of each logical region are
equally crucial for segmenting regions accurately. In this work, we propose a Classroom Slide Segmen-
tation Network, called CSSNet, to segment slide images accurately. The proposed network consists of
(i) An attention Module, which utilizes the location encoding of the logical region (height and width
of a region), and (ii) An atrous Spatial Pyramid Pooling (ASPP) module, which extracts multi-scale
contextual features. The experiments on publicly available benchmark datasets WiSe [7] and SpaSe [8]
establish the effectiveness of the proposed LEANet over state-of-the-art techniques — Haurilet et al. [7],
Haurilet ez al. [8], HANet [9], DANet [10], and DRANet [11].

Several neural-based models have been proposed to segment document images with the recent ad-
vancement in deep convolutional neural networks (CNNs) [170, 197,203-205] have been proposed to
segment document images. Chen et al. [197] considered a convolutional auto-encoder to learn features
from cropped document image patches. Thereafter, those features are used to train an SVM classi-
fier [111] to segment document patches. Vo et al. [203] and Renton et al. [204] proposed a lines detec-
tion algorithm in the handwritten document using FCN. In [205], Yang et al. proposed an end-to-end,
multi-modal, fully convolutional network for extracting semantic structures from document images. In-
spired by document image segmentation and natural image segmentation using deep CNNs, Haurilet
et al. [7,8] explore DeepLab [29] architecture on classroom slide segmentation tasks. More recently,
DANet [10], HANet [9], and DRANet [11] capture long-range dependency to improve performance by
extending the self-attention mechanism. The proposed LEANet is strongly influenced by DANet [10],
HANet [9], and DRANet [11].

4.3.1 Classroom Slide Segmentation Network

CSSNet is the segmentation network utilized in this work to accurately segment classroom slide
images. The CSSNet aims to learn more discriminating features for semantic associations among pixels
through the location encoding attention mechanism. We propose a location-encoded attention module
that utilizes the location encoding of logical regions of slide images. To enhance the segmentation
accuracy, we concatenate the attention module output feature with the multi-scale features through an
Atrous Spatial Pyramid Pooling (ASPP) layer [29], as shown in Fig 4.7. Finally, a simple decoder
network predicts the high-resolution, multi-label, dense segmentation output.
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Figure 4.6 Sample slide images with large diversity in theme and content. First Row: a wide variety in
slide themes. Second Row: a large scale diversity in content of the slides.
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Figure 4.7 Illustrate the architecture of the proposed CSSNet for classroom slide segmentation. The
network consists of three modules — (i) attention module (upper dotted region), (ii) multi-scale feature
extraction module (lower region), (iii) feature concatenation module. Here, ¢ and ® represent the
element-wise summation and multiplication of features, respectively.

4.3.1.1 Attention Module:

The previous attempts [29,238] suggest that the local features generated by traditional Fully Convo-
lutional Networks (FCNs) could not capture rich context, leading to erroneous object detection. While
Choi et al. [9] discussed that urban-scene images have common structural priors depending on a spatial
position. The authors also discussed height-wise contextual information to estimate channel weights
during pixel-level classification for urban scene segmentation. Fu et al. [10] also discussed the self-

attention mechanism to capture the spatial dependencies between any two positions of the feature maps.
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Inspired by the works [9, 10], we introduce an attention module that utilizes location encoding to en-
hance the local feature’s contextual information and relative position. The attention module selectively
encodes a broader range of contextual and location information into each pixel according to semantic-
correlated relations, thus enhancing the discrimination power for dense predictions.

As illustrated in Fig. 4.7 (inside the dotted box), we use a convolution layer to obtain features of re-
duced dimension A € REXH*W e feed A into a convolution layer to generate two new feature maps
B and C, respectively. {B, C} € RE*H*W We add the location encoding L (refer Section 4.3.1.2) to
the B and obtain L + B. Then we reshape it to R“*V, where N = H x W is the number of pixels.
We perform a matrix multiplication between the transpose of C and B + L, and apply a soft-max layer

to obtain spatial attention map S € RV*N:

Sji = ;Xp ((Bz =+ Lz) i C]) ’ (41)
> iz exp ((Bi + Li) - Cj)

where s;; measures the impact of ith position on j* position. A more similar feature representation
of two positions contributes to a greater correlation between them. Meanwhile, we feed feature A into
a convolution layer to generate a new feature map D € RE*H*W and reshape it to R®*N. Then we
perform a matrix multiplication between D and transpose S and reshape the result to RE*7*W Finally,
we multiply it by a scale parameter « and perform an element-wise sum with the features A to obtain
the final output E € RE*TXW yging:

N
Ej=a) (siDi)+ (1—a) x Aj, (4.2)
i=1

where « is initialized as 0 and learned gradually.

4.3.1.2 Location Encoding

We follow strategy proposed by [9, 30] for location encoding and use sinusoidal position encod-
ing [30] as L matrix. In our approach, we give importance to both height and width location encoding.
The dimension of the positional encoding is the same as the channel dimension C' of the intermediate

feature map that combines with L. The location encoding is defined as

PE,(v,2i) = sin (0/100%/0) . PE,(0,2i+1) = cos (v/mo%/c) :

PE(h, 2i) = sin (h/loo%/c) . PER(h,2i+1) = cos (h/mo?i/c) ,
where v and h denote the vertical and horizontal location index in the image ranging from 0 to H/r — 1
and 0 to W/r—1, and 7 is the channel location index ranging from 0 to C'—1. The r is called the reduction

ratio, which determines the frequency of sin or cos wave. Here, we apply sin and cos location encoding

for intermediate layers of the features. The new representation L incorporating location encoding is
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formulated as
L =pBPE, @ (1 - B)PE,,

where & is an element-wise sum, [ is initialized with O and learned gradually. Adding both the hori-
zontal and vertical position encoding enables the attention module to learn the location information in
both directions. The 3 value is learned based on the importance of width and height locations. Fig. 4.8
shows the location encoding value of a layer in L matrix. Finally, we add random jitters to the location
encoding PE, and PE}, for better generalization of location encoding. The height and width of the

location encoding matrix L are adjusted to the dimension of the feature vector.

frequency: 2 [———_—] frequency: 1 frequency: 0.5
- _»
R
-_»
’ -
B=0 B=1 B=05 B=0 B=1 B=05 B=0 B=1 B=0.5

Figure 4.8 Presents visualization of various location encoding with frequency 2, 1, and 0.5 with 3
values 0, 0.5, and 1.

4.3.2 Experiments
4.3.2.1 Experimental Setup

We use the residual network (e.g., ResNet-101) pre-trained on ImageNet [103] as the backbone
network for all the experiments. We replace a single 7 x 7 convolution with three of 3 x 3 convolutions
in the first layer of ResNet-101. We use We also adopt an auxiliary cross-entropy loss in the intermediate
feature map. Since we need to predict multiple classes per pixel for the multi-label segmentation task,
we replace the softmax output layer in the previous deep models with a sigmoid activation function and
train these models using binary cross-entropy loss. We train the network using SGD optimizer with an
initial learning rate of 2e — 2 and momentum of 0.9. We set the weight decays of 5e — 4 and le — 4

for backbone networks and segmentation networks, respectively. The learning rate schedule follows the

iteration )0.9
max teration

polynomial learning rate policy [302]. The initial learning rate is multiplied by (1 —
We use typical data augmentations such as random scaling in the range of [0.5, 2], Gaussian blur, color
jittering, and random cropping to avoid over-fitting. We set crop size and batch size of 540 x 720 and
2, respectively. We use mean Intersection over Union (mloU) [29] and Pixel Accuracy (PA) [7, 8] for

evaluation purposes.

4.3.2.2 Dataset

WiSe: The WiSe [7] dataset consists of 1300 slide images. It is divided into a training set, validation
set, and test set consisting of 900, 100, and 300 slide images annotated with 25 overlapping region

categories.
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SPaSe: The SpaSe [8] dataset contains dense, pixel-wise annotations of 25 classes for 2000 slide
images [8]. It is split into training, validation, and test sets containing 1400, 100, and 500 images,

respectively.

4.3.2.3 Ablation Study

In the ablation study, we use the ResNet-101 backbone with an output stride of 16 and evaluate the
WiSe dataset. First, we examine the best feature vector for adding location encoding in the LEANet
architecture. Based on Fig. 4.7 of CSSNet architecture, the location encoding can be added to any of the
feature vectors, including, A, B, C, and D. We empirically find the best feature for adding location
encoding. In addition to it, we also conduct experiments by changing the frequency of the sin wave

encoding in the L matrix. Finally, we also compare with the CoordConv [303] approach.

Features
A B C D Frequency | mloU
1 51.07
v 1 51.44 f__ mloU
0 51.73
v 1 52.26
1 50.25
v 1 52.12
0.5 51.83
v 1 50.04 1 i 5796
v 2 51.14 catming o=
v 0.5 50.32 (b)
A + CoordConv [303](width+ height) | 51.12
(a)

Table 4.3 Shows ablation studies and the impact of hyper-parameters on a validation set of the WiSe
dataset. Table (a) shows the result of segmentation by adding location encoding to the features A, B,
C, and D. Table (b) shows the effect of manual 3 values and as a learnable parameter.

Table 4.3 shows the ablation studies conducted in the proposed network architecture by changing
the various hyper-parameters. Table 4.3(a) shows that the location encoding on the feature vector out-
performed the traditional CoordConv [303] approach. The experiment also shows that adding location
encoding to the intermediate features B and C is comparatively better than adding it to A and D. The
best frequency of sin wave in the L is found as 1. While Table 4.3 (b) shows the learnable /3 value

outperforms the manually assigned J value.

4.3.2.4 Comparison with State-of-the-Art Techniques

Comparison results of the proposed network with state-of-the-art techniques are presented in Ta-
ble 4.4. From the table, we observe that none of the attention mechanisms (e.g., HANet [9], DANet [10],
and DRANet [11]) is better than Haurilet er al. [8] on SPaSe dataset. In the case of the WiSe dataset,
all attention architectures HANet [9], DANet [10], and DRANet [11] are better than Haurilet er al. [7].
DRANet [11] obtains the best performance (35.77% mean IoU and 78.64% PA) among all existing
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techniques on SPaSe dataset. While DANet [10] obtains the best performance (44.85% mean IoU and
88.80% PA) among all existing techniques on the WiSe dataset. The proposed network obtains the best
results (46.74% mean IoU and 89.80% PA) on Wise and (36.17% mean IoU and 79.11% PA) on the
SPaSe dataset compared to the existing techniques.

Methods Datasets
SPaSe WiSe
mean IoU \ PA || mean IoU \ PA

Haurilet ef al. 35.80 77.40 - -

Haurilet et al. - - 37.20 88.50
HANet 32.37 76.54 39.35 88.72
DANet 33.12 77.39 44.85 88.80
RANet 35.77 78.64 43.31 88.77
Ours 36.17 79.11 46.74 89.80

Table 4.4 The comparison of the proposed method with state-of-the-art techniques on benchmark
datasets WiSe and SPaSe datasets.

4.4 Document Image Segmentation

As shown in Figure 4.9, our segmentation module has a pyramid pooling module to construct prior
global information upon the deep neural network’s final layer feature map. We observe that several
semantic-based classes, such as figure caption, table caption, and section heading, usually occupy small
areas in document images. On the other hand, tables, figures, abstracts, and paragraphs occupy large
areas. Our observation suggests that global contextual information and the sub-region (local) context

segment both the large and small regions with accurate boundaries.

The pyramid pooling module constructs a hierarchical global prior containing information with dif-
ferent scales and varying among different sub-regions. It fuses features on four different pyramid scales.
The pyramid level separates the feature map into different sub-regions and forms a pooled representa-
tion for different locations. In the pyramid pooling module, output at different levels contains the feature
map with varied sizes. A 1 x 1 convolution layer after each pyramid level is considered to reduce the
dimension of context representation to 1 /N of the original one if the pyramid’s level size is N, maintain-
ing the global feature’s weight. Therefore, low-dimensional feature maps are up-sampled by bi-linear
interpolation to get the same size feature as the original feature map. Finally, features at different levels
are concatenated to obtain the final pyramid pooling global feature. Pyramid pooling considers bin sizes
of 1 x1,2x2,3x3and6 x 6 corresponding to four levels. Average pooling operation is considered

due to the better performance on document image segmentation.
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Figure 4.9 Overview of our document image segmentation module. Given an input document image
(a). CNN is considered to get the feature map of the last convolutional layer (b). Therefore, a pyramid
pooling module is applied to gather different sub-region representations, followed by up-sampling and
concatenation layers to form the final feature representation, which carries both local and global context
information (c). Finally, this representation is fed into a convolution layer to get the final pixel-wise
prediction map (d).

4.4.1 Segmentation Network

Our segmentation network is illustrated in Figure 4.9. Given an input document image in Fig-
ure 4.9(a), a pre-trained ResNet [106] model with a dilated convolution strategy [29,304] is considered
to extract the feature map. The obtained final feature map is of 1/8 of input image size, as shown in
Figure 4.9(b). On top of this feature map, the pyramid pooling module, as shown in Figure 4.9(c),
harvests contextual information. The pooling kernels corresponding to four pyramid levels cover the
whole, half, and a small part of the input document image. They are fused as global prior. This global
prior is concatenated with the original feature map at the end of (c). Finally, this concatenated feature

map is followed by a convolution layer that generates the final segmentation map (d).

4.4.2 The Document Segmentation DataSet

The semantic segmentation of images requires a large quantity of annotated data. Also, each im-
age needs to be annotated at the pixel level with appropriate labels. Unfortunately, the available data
sets [43, 205, 305] for this purpose are limited to their size and labels. Annotating large data sets is
time-consuming and expensive. At the same time, noisy, real, and accurate synthetic data sets are more
easily obtained. Therefore, we see a generation of noisy, authentic and realistic synthetic data sets as
an alternative for training the network. We introduce two approaches for generating many document

images with minimal annotation errors and realistic synthetic document images for training purposes.
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Figure 4.10 An example of document image segmentation. (a) document image (b) its corresponding
functional regions and (c) segmentation label colors.

4.4.2.1 Document Image Data Set with Minimal Annotation Error

Rolnick et al. [306] experimentally established that deep neural networks can generalize with mas-
sively incorrect labels. Inspired by their experiments, we consider PDFFigures 2.0 [307] to a generate
document image data set with minimal erroneous labels (referred to as Doc-Seg-Err). This data
set consists of 67K document images with 9 labels. The labels are background, title, abstract, section

heading, paragraph, table, table caption, figure, and figure caption.

4.4.2.2 Synthetic Document Image Data Set

We also generate synthetic document image data sets Syn—-Doc—Seg for segmentation tasks and
Syn-Doc—Tem for document reformatting purposes. Syn-Doc—Seqg data set consists of 84K docu-
ment images with similar labels to the Doc-Seg-Err data set. The Syn—-Doc—-Tem data set consists
of 45K document pairs of two different styles with the same labels as the Doc-Seg-Err data set. We

divide the Syn-Doc~-tem data set into 1K for validation, 1K for testing, and 43K for training.

We introduce a method for generating a synthetic document image data set. We generate LaTeX
source files in which title, abstract, section headings, paragraphs, equations, lists, figures, tables, fig-
ure captions, and table captions are arranged to make the double column (i.e., IEEE) formatted and/or
the single column (i.e., Springer) formatted PDFs. Therefore, we convert each page of the generated
PDFs into the corresponding image. The procedure for creating a synthetic document image data set is

summarized in Algorithm 1.

The candidate title includes the title of the article, author’s name, institute name, institute address,
and mail-id. In comparison, candidate figures include academic-style figures, graphic drawings, and

natural images extracted from real document images.
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Algorithm 1 Generation of Synthetic Document Image Data Set

1: while d # d¢ do > d¢: total no. of document
. sand sgt < containing necessary packages of a LaTeX source file.

3 Select a LaTeX source file type 7" € { IEEE double column format, Springer single column format }
4 Select an element type E € {title}

5: Select an example ¢ of type E/

6: st «—a string of LaTeX code that generates t

7: si <— astring of LaTeX code that generates colored ¢

8 s<—s+stand.sgf,<—sgt+sz

9 Select an element type E € {abstract}

10: Select an example ab of type E

11: s « astring of LaTeX code that generates ab
2 g

12: 5% « astring of LaTeX code that generates colored ab

c g I
132 s<—s+sabandsgt<—sgt+sgb
14: while I # I+ do > L4 total no. of elements in a document
15: Randomly, select an element type E € {section heading, paragraph, list, equation, figure, table, figure caption,table caption }
16: Select an example e of type E/
17: s¢ < astring of LaTeX code that generates e
18: s¢ < astring of LaTeX code that generates colored e
19: s s+ sandsgy < sgt + s¢

20:  end while
21:  ifl == i, then

22: Randomly, select an element type E € {reference }

23: Select an example 7 of type E

24 5" <« astring of LaTeX code that generates

25: S; <— a string of LaTeX code that generates colored 7

26: s+ s+ s" and sg¢ esgt+s:

27:  endif

28: s% <~ a PDF document after compiling s

29: sg <— a colored PDF document after compiling s 5+

30: while_p # Pt do > p¢: total no. of pages in a document
31: s"and szt <— conversion of each document page of document s and s 4+, respectively, into image
32: Syn-Doc-Seg «— Syn-Doc-Seg U stuU Sgt

33:  end while
34: end while

Figure 4.11 shows several examples of the figures used to generate the synthetic document image
data set. A few sample images of the generated synthetic document image data set and their ground

truths are displayed in Figure 4.12.

4.4.2.3 Document Image Data Set:

We also manually annotate 1.7K document images to create a data set, Doc—Seg, to test the perfor-
mance of segmentation network. Doc—Seg contains 9 labels similar to Doc-Seg-Err data set. We
split Doc—Seg data set into 1K for validation set and 0.7K for test set.

Table 4.5 displays the details of the considered data sets in our experiments. We use Doc-Seg-Err
and Syn-Doc—-Seg data sets only for the segmentation network training. All document images are in
72 dpi.

* For the title of the article, we randomly sample variable numbers of words from a 2016 English

Wikipedia dump?.

* Author names, institute names, institute addresses, and mail-IDs are randomly sampled from the

corresponding lists.

https://dumps.wikimedia.org/
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Figure 4.11 Examples of various figures used to generate synthetic document image data set.

For abstract, variable numbers of words are randomly sampled from Wikipedia dump to generate

sentences.
For section headings, we randomly select variable numbers of words from the dump.

Paragraphs include a variable number of randomly generated sentences by sampling words from

the dump.
* Sentences are randomly selected from the dump for the list.
* We randomly select equations from an equation list.
* Figures are randomly selected from the figure lists.
* Tables with various structures and content are automatically generated.

* Words are randomly sampled from the dump to make sentences for table captions and figure

captions.
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Figure 4.12 Examples of synthetically generated document images. First row: document images of
IEEE two-column format, Second row: ground truth images of corresponding First row images, Third
row: document images of Springer single column format and Fourth row: ground truth images of
corresponding Third-row images.
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Data Sets No. of Pages
Doc—-Seg-Err | 67K
Doc-Seg 1.7K
Syn-Doc—-Seqg | 84K
Syn-Doc—-Tem | 45K

Table 4.5 Statistics of our data sets used in the current experiment. Doc-Seg-Err, Doc—-Seg and
Syn-Doc—Seg data sets are used for segmentation tasks and Syn—-Doc—Tem is considered for refor-
matting experiment.

4.4.3 Evaluation Metrics

We use the mean of class-wise intersection over union (Mean IoU) as the evaluation metric for
the quantitative evaluation of the semantic segmentation. This metric is widely used in the semantic

segmentation of natural images [26].

4.4.4 Training Details of Segmentation Network

We resize each image so that its longer side equals 512 pixels without changing the aspect ratio,
followed by mean subtraction as input. We train the segmentation network with a batch size of 8 for

100k iteration. o (weight of auxiliary loss) = 0.5.

4.4.5 Ablation Studies on Segmentation Module
4.4.5.1 Ablation Study on Auxiliary Loss

We conduct experiments to analyze the effect of auxiliary loss on optimizing the learning process.
We set a weight of a between 0 and 1 and study the performance of the segmentation network on varying
«. Table 4.6 presents the mean IoU of the segmentation results corresponding to the different values of
a. In this setup, we use the Doc-Seg-Err data set for training and a Doc-Seg data set for testing

purposes.

a = weight of auxiliary loss | mean loU
ResNet101(without AL) 70.6
ResNet101(with a = 0.3) 73.4
ResNet101(with o = 0.4) 80.1
ResNet101(with oo = 0.5) 80.8
ResNet101(with o = 0.6) 74.7

Table 4.6 Effect of auxiliary loss on segmentation results (mean IoU). ‘AL’ denotes auxiliary loss. The
baseline is ResNet101-based FCN with a dilated network. Experimentally oo = 0.5 obtained best result
on Doc—-Segq data set.
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4.4.5.2 Ablation Study on Training with Different Data Sets

Analyze the effectiveness of training data sets on the proposed network’s performance for document
image segmentation. Table 4.7 presents the performance comparison of the proposed model on the test
document image data set while the model is trained with different training data sets. The proposed
model obtains 67.3 mean IoU on the test document data set: Doc—-Seg when trained with a synthetic
data set: Syn-Doc—Seg. While the model is trained with document image data set with minimal
annotation error: Doc-Seg-Err, we get 80.8 mean IoU on the same test data set. We get 76.1 mean
IoU on Doc-Seg, while both Syn-Doc—Seg and Doc—-Seg-Err are used to train the model. We get
13.5 improved results while the model is trained with erroneous annotated document images compared
to the accurate synthetic document images. The table highlights that the model is better for learning to

generalize from the document images with minimal annotation error rather than the synthetic document

images.
Training Set mean loU
Syn-Doc-Seg 67.3
Doc-Seg-Err 80.8
Syn-Doc—Seg and Doc-Seg-Err 76.1

Table 4.7 Performance comparison of our segmentation model while training with three different train-
ing data sets.

4.4.5.3 Comparison Segmentation Module with State-of-the-Art Techniques

We also compare our DeepDocSeg model with the MFCN model [205]. Results of MFCN are obtained
using the code given by the author®. The performance comparisons are summarized in Table 4.8. Statis-
tics in Table 4.8 show that our segmentation model outperforms the MFCN model [205] with notable
performance advantage. For all three different training scenarios, our method obtains better mIoU (10%
greater) than the MFCN.

Figure 4.13 compares obtained segmentation results at the page level between MFCN and DeepDocSeg.
For better comparison, we present cropped images (segmentation results) of MFCN and DeepDocSeg in
Figure 4.14. In each of these Figures 4.14(a), (b), (c) and (d), the first row shows the cropped ground
truth segmented regions. The second and third rows show the cropped segmentation results by MFCN
and DeepDocsSeg, respectively. Figure 4.14(b) shows that MFCN fails to properly segment out the figure
region if it contains both text and image. Also, MFCN fails to segment smaller regions like figure cap-
tion, table caption, etc., which is depicted in Figure 4.14(c). The proposed DeepDocSeg can cope with
these challenges and produce better segmentation results.

*http://personal.psu.edu/xuylll/projects/cvpr2017_doc.html

101


http://personal.psu.edu/xuy111/projects/cvpr2017_doc.html

Training Set Method Test data set: Doc—-Seg mean

bg. [tab. |fig. cap.|fig. |para.|tab. cap.[tit. |abs. |sec. hg.[IoU

Syn-Doc—Seg|MFCN model [205]{86.9/40.9|33.3  |56.6|71.6 |30.3 40.3/76.4/49.5 |53.9
Our model 88.9/72.3/60.4  |77.3|87.8 |22.1 50.3/83.1/63.6 |67.3
Doc-Seg-Err|MFCN model [205]|89.6|71.8|52.6  |80.9/84.9 |48.4 54.9|68.2144.6  66.2
Our model 91.3/87.8/84.8  |87.1/90.8 |75.3 64.6/79.466.4 |80.8
Syn-Doc-Seg|MFCN model [205](86.9|72.3|53.5  |76.9(82.5 |44.3 52.5|79.9/47.3  |66.2
Doc—-Seg-Err|Our Model 90.9/88.2/74.5  |83.7/89.7 |67.8 49.2|73.0/67.7 |76.1

Table 4.8 Performance comparisons of DeepDocSeg with state-of-the-art techniques. Our DeepDocSeg
outperforms MFCN. bg.: indicates background, tab.: indicates table, fig. cap.: indicates figure caption,
fig.: indicates figure, para.: indicates paragraph, tab. cap.: indicates table caption, tit.: indicates title,
abs.: indicates abstract, sec. hg.: indicates section heading.
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Figure 4.13 Comparison with state-of-the-art techniques in page-level segmentation. Segmentation
regions are overlaid with the original images. First row: ground truths, Second row: segmentation
results by MFCN, Third row: segmentation results by DeepDocSeg and Fourth row: colors used to
represent segmented regions.
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Figure 4.14 Comparison on segmentation results between MFCN and our DeepDocSeg. Our DeepDocSeg
provides better segmentation results than MFCN. Cropped segmented regions are overlaid with the
original document images for better visualization purposes. Cropped segmented table regions (a), figure
regions (b), figure caption regions (c) and paragraph regions (d). Better view in color.
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Chapter 5

DocFigure and LecSD

5.1 Introduction

In the last two chapters, we study and explore the fundamental problems of document analysis,
proposing solutions and validating them with existing datasets. During this process, we identified a lack
of large datasets for document figures in the research community. In this chapter, we discuss the two
datasets we have contributed to the research field. In this research endeavor, we introduced two distinct
datasets: DocFigure, focusing on figures extracted from scientific documents, and LecSD, centered
around lecture slide decks.

Documents contain various types of figures (e.g., Bar charts, Pie charts, Line plots, etc.) to present
heterogeneous information in a compact and visual form. This visual representation of complex in-
formation helps the easily understand the document’s content. A better understanding of documents
also requires understanding of the figures present in the documents. However, automatic understanding
of these figures is still a complex task. Classification of document figures into various categories like
graphs, block diagrams, natural images, etc., is the initial task for understanding those figures. Clas-
sification of document figures is also a complex task due to inter-class visual similarity and intra-class
visual dis-similarity among figures (refer to Figures 5.3 and 5.4). Limited work on document figure
(mainly various types of charts) classification has been done in the literature [31,33-35,37,53,54]. The
existing methods [31, 35, 37,53, 54] based on handcrafted features accurately classify of figures in the
document images due to large visual similarity among subordinate categories. To solve the limitation
of handcrafted features in the figure classification task, recently, some techniques [33, 34] have been
developed based on deep features by convolutional neural networks (CNNs).

As per the author’s knowledge goes, the existing datasets (e.g., FigureSeer [34], Revision [37],
Deepchart [33], Karthikeyani and Nagarajan [36], Prasad et al. [35], Huang and Tan [32], Zhou and
Tan [31]) on the classification of document figures (mainly charts) are limited with respect to both the
samples (less than or equal to 5K except FigureSeer) and category labels (less than or equal to 10).
All these datasets are created by downloading figure images from the web. Table 1.1 in Section 5.2
highlights the statistics of existing figure classification datasets. In this article, we introduce a dataset

containing 33K document figures annotated with 28 category labels, named as DocFigure. Figure 5.1
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Figure 5.1 Visual illustration of category wise sample figure images of our DocFigure dataset. The
28 categories correspond to (a) Line graph, (b) Natural image, (c) Table, (d) 3D object, (e) Bar plot, (f)
Scatter plot, (g) Medical image, (h) Sketch, (i) Geographic map, (j) Flow chart, (k) Heat map, (1) Mask,
(m) Block diagram, (n) Venn diagram, (o) Confusion matrix, (p) Histogram, (q) Box plot, (r) Vector
plot, (s) Pie chart, (t) Surface plot, (u) Algorithm, (v) Contour plot, (w) Tree diagram, (x) Bubble chart,
(y) Polar plot, (z) Area chart, (A) Pareto chart and (B) Radar chart.

displays the category-wise sample figure images in our dataset. Table 5.1 in Section 5.4 highlights the
comparison of our dataset with the existing datasets with respect to category labels and samples. This
database is created by extracting various figures from 20K scientific articles (corresponding to 130K
document page images) published in various (e.g., CVPR, ECCV, ICCV, etc.) conferences during several
years using an existing technique: PDFFigures 2.0 [307]. Manual annotation of a large number of (33K)
figure images is time-consuming and cost ineffective. Here, we propose a web-based annotation tool to
assign category labels to the figure images efficiently. For this purpose, after extraction of figures, a few
(50) sample images of each category are annotated manually. We consider those few annotated samples
and the concept of incremental learning [308] and the minimal effort of human annotators to annotate

the remaining figures. Finally, we generate annotated DocFigure dataset.

In particular, the contributions of this paper are as follows:

* We introduce a dataset: DocFigure containing annotated 28 categories of 33K figure images

for the document figure classification task.

* We design a web-based annotation tool to efficiently assign category labels to the document fig-

ures using incremental learning and minimal efforts of human annotators.

* We propose three baselines based on deep feature, deep texture feature, and a combination of both

to validate our generated dataset for the document figure classification task.
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5.2 Related Datasets

Some of the datasets that exist in the literature for figure classification in document images are
Figureseer [34], Revision [37], Deepchart [33], Karthikeyani and Nagarajan [36], Prasad er al. [35],
Huang and Tan [32], Zhou and Tan [31]. All these datasets are created by downloading images from the
web. Except for Figureseer [34] with 30.6K images, all other datasets contain a limited number of figure
images (less than or equal to 5K). However, only a part of the Figureseer [34] dataset (i.e., 1K images)
with ground truth is available for figure understanding tasks. Each dataset have limited document figure
categories (less than or equal to 10). Table 1.1 lists existing datasets dedicated to the document figure

classification task.

5.3 State-of-the-Arts Approaches for Document Figure Classification

Various figures like charts, tables, and images are used to visually represent a wide range of tex-
tual information in books, scientific articles, newspapers, etc. Text recognition using optical character
recognition (OCR) is the primary process for understanding the content of the document images. How-
ever, due to the increasing use of figures in document images, figure recognition is a vital sub-task for
OCR for a better and complete understanding of the content of the document images [226]. In early
works [31, 35, 37, 53, 54], different handcrafted features are used to recognize various charts in the
document images.

Zhou et al. [53,54] considered Hough transformation to recognize bar charts in the document images.
Prasad et al. [35] considered SIFT and HOG features to recognize five different types of chart images.
Due to the large visual similarity among subordinate categories, the handcrafted features fail to achieve
good accuracy on the document figures classification task.

To solve the limitation of handcrafted features for figure classification tasks, recently, Kavasidis et
al. [227] proposed a saliency-based convolutional neural network (CNN) for localizing different types
of figures in the document images. This work is limited to localizing tables, bar charts and pie charts.
Tang et al. [33] proposed a novel framework (DeepChart) to classify charts by combining (CNNs) and
deep belief networks (DBNs). The authors experimentally established that their method is far better than
the handcrafted feature-based chart classification techniques. In the same direction, Siegel et al. [34]

proposed various kinds of document figure classification algorithms using deep features.

5.4 DocFigure Dataset

Our generated dataset DocFigure consists of 33K figure images of 28 different category labels.
Table 5.1 highlights the comparison of the DocFigure dataset with existing datasets: Figureseer [34],
Revision [37], Deepchart [33] with respect to category labels and samples. From Table, it is observed

that the DocFigure dataset is a superset of all the existing categories of Figureseer [34], Revision [37]
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Figure 5.2 Work-flow for generation of DocFigure dataset. Annotation is done using two stages.
In stage I, the part of the dataset is annotated using incremental learning and annotator. In stage II,
remaining part is annotated based on the similarity score between the rest of the images and the help of
the annotator. Finally, the annotated dataset is generated.

and Deepchart [33]. Although the Figureseer [34] dataset contains 30.6K figure images, only 1K figure
images are publicly available for figure understanding task.

In this section, we discuss the creation of our DocFigure dataset consisting of mainly three steps:
collection of scientific documents, extraction of figures and its annotation. Figure 5.2 displays the
workflow for annotation of DocFigure dataset. Each of these steps is discussed in the following

subsections in detail.

5.4.1 Collection of Scientific Documents

We choose various conferences (e.g., CVPR, ECCV, ICCV, etc.) that publish various scientific articles
in the computer vision area to collect documents to create our dataset. Most of the published articles
contain various types of figures such as natural images, medical images, charts, tables, etc. We collect
20K published articles in the mentioned conferences . Finally, we have 130K single-page document

images corresponding to 20K articles.

5.4.2 Extraction of Figures

We consider an existing algorithm, PDFFigure 2.0 [307], to extract various types of figures from the
set of collected articles. Note that the PDFFigure 2.0 algorithm is designed to work on raster PDFs.
This pruned the collection to 13.4K articles among the total of 20K articles, which are in the form of a
raster PDF. We choose those articles to extract figures using PDFFigure 2.0. The algorithm analyzes the
structure of each page by detecting captions, graphical elements, and chunks of body text and finally

localizes the figures, and tables by reasoning about the empty regions within the text.
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Category Datasets

Deepchart [33] Figureseer [34] Revision [37] DocFigure

Line graph v v v v’ 9022
Natural image - - - v 3676
Tables v - v v’ 1899
3D object - - - v’ 1369
Bar plot v v v v 1196
Scatter plot v v v v 1138
Medical image - - - v 1128
Sketch - - - v 1105
Geographic map - - - v 1078
Flow chart v v - v 1074
Heat map - - - v’ 1073
Mask - - - v’ 1055
Block diagram - - - v’ 1024
Venn diagram - - v v’ 889
Confusion matrix - - - v 811
Histogram - - - v 783
Box plot - - - v 605
Vector plot - - - v 576
Pie chart - - v v’ 440
Surface plot - - - v’ 395
Algorithm - v - v' 392
Contour plot - - v v’ 368
Tree diagram - - - v’ 360
Bubble chart - - - v’ 339
Polar plot - - - v’ 338
Area chart - - v v’ 318
Pareto chart - - v v 311
Radar chart - - v v’ 309
Total samples 5K 30.6K 2K 33K

Table 5.1 Comparison of our DocFigure dataset with existing Deepchart [33], Figureseer [34] and
Revision [37] datasets with respect to category labels and samples. The last column indicate the number
of images in each class.

The figures present in the scientific documents can be a collection of various categories of sub-
figures, we call them compound figures. PDFFigure 2.0 tool is unable to localize individual sub-figures
in compound figure. To localize individual sub-figures in a compound figure, we use a similar concept
described in [34] to iteratively decompose into sub-figures by identifying valid axis-aligned splits using
the following criteria: (i) both resulting regions must have an aspect ratio between 1 : ¢; and ¢; : 1 where
c1 = b, (ii) ratio of the areas of the resulting regions must be between 1 : c2 and co : 1 where ¢y = 2.5.

The first criterion ensures that we avoid splitting it into extremely narrow sub-figures (this happens
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due to accidentally split-off an axis or legend label). The second criterion enforces a weak symmetry
constraint between the resulting halves (as sub-figures are all often approximately of the same sizes).
Finally, we obtained 143K figures from the 13.4K articles. Due to the limitation of PDFFigure 2.0
and iterative decomposition of compound figures, 32% of total extracted figures are erroneous (i.e., the

figures are over-segmented or they contain text regions).

5.4.3 Assignment of Category Labels to the Extracted Figures

Manual annotation i.e., assigning category labels to 96K figures, is a time-consuming and cost-
ineffective job. Here, we propose an efficient way to assign category labels to many of sub-figures using
the concept of incremental learning [308]. For this purpose, we develop a web-based annotation tool.
Initially, we manually assign category labels to randomly selected 50 figures of each category, and we
term this set of annotated figures as the initial training set. Therefore, a deep feature called
FC-CNN (refer to Section 5.6.1) descriptor corresponding to manually annotated figures is obtained.
We train a one-vs-rest linear support vector machine (SVM) using extracted descriptors corresponding
tothe initial training set. We also generate FC-CNN descriptors for the rest of the figures
and calculate the similarity scores for belonging to each of these categories using the trained SVM.
The annotation tool displays the top 100 figures of a particular class based on their similarity scores.
The human annotators un-tick only those figures not belonging to the selected class and submit their
recommendation. This way, we annotate more figures and create a new training set. We add
additional examples that the annotator has selected and accept their annotations. We again train the SVM
using both initial and new training sets and repeat this process until the recommended

list has less than 50% images from the selected class.

Although the proposed annotation approach is efficient, however, it cannot annotate outlier figures
in a particular category. The outlier figures are the figures which have less visual similarity (< 0.3)
with the commonly occurring figures in a particular class. Those outlier figures make the dataset more
complex. Only top similarity-scored (> 0.3) figures of a particular class are considered as training
samples-while outlier figures of the same class are ignored during annotation (stage I). One possible
solution to overcome this shortcoming is to include more diverse seed figures howevers; it is not always
practically possible. Here, we propose a stage Il annotation approach to include diverse (outlier) figures
of a particular category in our dataset. In this approach, we select IV figures from a set of figures and
extract the FC-CNN descriptors corresponding to these figures [114]. We create a pair-wise similarity
score of N x N matrix based on Euclidean distance between FC-CNN descriptors corresponding to
N figures. Our tool shows 10 random figures from the N figures (10 << N), and the annotator can
choose any random outlier figures. The tools display a set of figures which are similar to the chosen
random figure. The annotator can refine the list by un-ticking and choosing the appropriate labels and
submitting the annotations. This process is repeated until all figures are assigned their corresponding

labels. Table 5.1 display the statistics of our dataset.
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Figure 5.3 Intra-class dissimilarity in Pie chart and Histogram in DocFigure dataset.

5.5 Complexity Analysis of DocFigure Dataset

Intra-class dissimilarity and inter-class similarity among various categories make the DocFigure
dataset complex for classification tasks. Figure 5.3 shows the intra-class dissimilarity among the Pie
chart and Histogram in the DocFigure dataset. This figure highlights that both these Pie charts are
visually different from each other. Intra-class dissimilarity is also found in Histograms.

Figure 5.4 shows inter-class similarity among Bar plots, Pareto charts, Box plot and Histograms in
the DocFigure dataset. From this figure, it is observed that the Bar plot, Pareto chart, Box plot, and
Histogram are visually very much similar to each other. To better understand, we visualize the extracted
feature vectors (FC-CNN and FV-CNN refer to section 5.6.1) using tSNE [301] method. From this figure,
it is observed that all these three categories are overlapped to each other for both these feature: FC-
CNN and FV-CNN spaces. From this figure, it is also observed that the visual similarity among Bar plot
and histogram is more than similarity among Bar plot and Box plot and similarity among Box plot and
Histogram. From the figure, it is also observed that FC-CNN feature is more effective for discriminating

these three classes than the FV-CNN feature.

5.6 DocFigure: Proposed Baseline Approaches

We propose three baselines to validate our generated dataset DocFigure on the document figure

classification task. Features play an important role in classification. It is already well established that
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Figure 5.4 Inter-class similarity among Bar plot, Pareto chart, Box plot and Histogram categories of
DocFigure dataset.

(a) (b)

Figure 5.5 (a) and (b) are T-SNE visualization of FC-CNN and FV-CNN features of Bar plot, Box plot
and Histogram images in DocFigure dataset, respectively.

112



vector
encoder

Category
28

i convolution +ReLLU

' max pooling
ﬁ fully connected+Rel.U

FC-CNN + FV-CNN

Figure 5.6 Basic framework for the proposed three baseline approaches. The red dotted rectangle
corresponds to FC-CCN features extraction block, The blue dotted rectangle indicates FV-CNN features
extraction module and Black dotted rectangle corresponds to the classification module (best viewed in
color).

the FC-CNN descriptor, which is obtained by extracting features as output of the penultimate Fully-
Connected (FC) layer of a CNN, have great success in image classification tasks [103,104, 106]. Cimpoi
et al. [114] proposed FV-CNN descriptors which are obtained by Fisher Vector pooling of a CNN filter
bank for semantic segmentation task. We consider both these descriptors as features for the figure
classification task.

Figure 5.6 displays the basic outline of our three baseline approaches. Each of these approaches
consists of two basic modules: feature extraction and then classification. We consider deep features
(FC-CNN) and deep texture features (FV-CNN) extracted from the feature extraction module and a com-
bination of both these features to represent each figure image. One-vs-rest SVM is chosen as a classifier

to assign category labels to the figure image in the classification module.

5.6.1 Feature Extraction Module

It takes a figure image as an input and extracts deep features: FC-CNN as object descriptor and deep
texture features: FV-CNN as texture descriptor as output. We consider pre-trained VGG-V [193] to extract

these features. Here, we discuss both these descriptors.

5.6.1.1 Object Descriptor:FC-CNN

The FC-CNN descriptor is obtained by extracting features as the output of the penultimate Fully
Connected (FC) layer of Convolutional Neural Network (CNN), which takes figure image as input. The
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red dotted rectangle in Figure 5.6 indicates the module for extraction of FC-CNN. This extracted feature
can be considered as an object descriptor because the fully connected layers allow FC-CNN to capture

the overall shape of the object contained in the region.

5.6.1.2 Texture Descriptor: FV-CNN

The FV-CNN descriptor introduced by Cimpoi et al. [114] based on texture descriptor [183] using
Fisher Vector (FV) encoding technique. We perform FV encoding on the output of the last convolutional
layer of the convolutional neural network. Since the fully connected layer of the network is not involved
in the FV-CNN feature generation, images with various sizes can be used to generate the FV-CNN features.
Different from FC-CNN, FV pools local features densely within the regions by removing global spatial
information. Therefore, this feature describes textures rather than objects. FV is computed on the output
of last convolution layer of CNN. The blue dotted region in Figure 5.6 indicates the FV-CNN feature

extraction module.

5.6.1.3 Combination of FC-CNN and FV-CNN

We also concatenate both the features FC-CNN and FV-CNN to represent figure image.

5.6.2 Classification Module

We use a one-vs-rest linear support vector machine (SVM) [111] to assign category labels to the figure
images. The black dotted rectangle in Figure 5.6 specifies the classification module. SVM is trained with
each of three different representations (FC-CNN, FV-CNN and FC-CNN+FV-CNN) corresponding to the
training set containing figure images. Finally, trained SVM is used to assign category labels to figure

images of the test set.

5.7 Experiments

5.7.1 Implementation details

The FC-CNN and FV-CNN features corresponding to document figure images are extracted using a
pre-trained VGG-V model [193]. This network architecture produces the FC-CNN feature with 4096
dimension and FV-CNN with 512-dimensions. In the FC encoding, 16 Gaussian components are used
on the 512-dimensional convolution features, resulting in 16K-dimensional FV-CNN feature. In order to
accommodate the different image scales, we calculate the FV-CNN feature after re-scaling the image by
factors 2°, s = —3, —2.5, ..., 1.5 (for efficient calculation, we select the scale for which the number of

image pixels in the range 30 to 10242).
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5.7.1.1 Learning details.

The descriptors FC-CNN, FV-CNN and FC-CNN+FV-CNN corresponding to figure images are classi-
fied using a one-vs-rest SVM classifier. We normalize each descriptor using Lo before classification and
set miss classification weight C' = 1. After normalization, C has minimal effect on SVM performance.

Furthermore, to improve SVM performance, we re-calibrate the SVM score after training by scaling
the weight vector and bias such that the median scores of the negative and positive training samples for
each class is mapped to -1 and 1, respectively.

5.7.2 Quantitative Results Analysis

Results obtained using our proposed three baseline approaches are summarised in Table 5.2. We
obtained the best classification accuracy while both FC-CNN and FV-CNN descriptors were concatenated
to represent the figure images. Bold values indicate the best obtained results in Table 5.2. We observed
that FV-CNN is more effective than FC-CNN for the document figure classification task (except 3D object,
Algorithm, Bar plot, Box plot, Flow chart, Heat map, Histogram, Medical image, Pie chart and Polar
plot) as it represents texture rather than object shape. The use of the FV-CNN descriptor improved
average classification accuracy by 1.84% over the FC-CNN descriptor. While combination of both FC-
CNN and FV-CNN improves the classification accuracy over individual features, FC-CNN and FV-CNN for
all categories except Bar plots, Bubble charts, Contour plots, Geographic maps, Radar charts, Surface
plots, Tables and Venn diagrams. We also noticed that the use of concatenation of FC-CNN and FV-CNN
improved the average classification accuracy by 3.94% and 2.10% over individual use of FV-CNN and
FC-CNN, respectively. With this experiment, we concluded that the deep texture descriptor (FV-CNN) is
better than the shape descriptor (FC-CNN) for a few classes.
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FV-CNN

Labels FC-CNN FV-CNN +FC-CNN
3D objects 98.24% 94.73%  98.53%
Algorithm 93.81% 91.75%  93.81%
Bar plots 9397%  91.97%  93.64%
Box plot 91.39% 88.07%  92.05%
Flow chart 92.53% 91.04% 97.01%
Heat map 99.25% 95.89% 99.62 %
Histogram 94.89 % 88.26% 94.89 %
Medical images 97.87% 92.55% 98.93 %
Pie chart 91.66% 89.81%  94.44%
Polar plot 85.71%  78.57%  85.71%
Area chart 84.61% 91.02%  92.30%

Block diagram 97.26% 97.65% 98.43 %
Bubble Chart 80.95% 91.66 % 90.47%
Confusion matrix 85.22% 89.65% 93.10%

Contour plot 59.34% 74.72%  72.52%
Geographic map  88.59% 95.81%  95.43%
Graph plots 98.49% 98.84%  99.33%
Mask 99.23%  99.23%  99.23%
Natural images 98.04% 98.25%  99.23%
Pareto charts 87.17% 96.15%  97.43%
Radar chart 78.94% 86.84%  85.52%
Scatter plot 90.14% 91.19% 93.66 %
Sketches 95.65% 96.37%  98.18%
Surface plot 76.76% 89.89%  88.88%
Tables 97.25% 98.73%  97.67%
Tree Diagram 67.04% 68.18%  70.45%
Vector plot 79.86% 81.94% 86.80%
Venn Diagram 87.03% 93.51%  93.05%
Average 88.96% 90.80%  92.90%

Table 5.2 The class-wise accuracy of 28 classes in our proposed dataset DocFigure using shape
feature (FC-CNN), texture feature (FV-CNN) and combination of both (FC-CNN+FV-CNN). The labels
written in italics are more discriminative in shape feature than texture feature.
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5.8 Lecture Slide Deck (LecSD) Dataset

We present a very large-scale, one-of-a-kind lecture slide dataset, namely the LecSD. This dataset’s
image and associated annotations can be downloaded from our project website upon acceptance of this
paper. The slide images of the LecSD are harvested from the web' for a popular computer science and
engineering course, namely Data Structures. We used the following popular sub-topics to search slide
decks: a) Arrays and Structures, b) Stacks and Queues, c) Lists, d) Trees, e) Graphs, f) Sorting, g)
Hashing, h) Heap Structures, i) Search Structures, j) Algorithms, k) Stacks and Queues, 1) Queues, and
m) Binary trees. By cleaning the collected slide image by removing duplicate slides and slides with
no meaning, we obtained 1700 slide decks with around 54 K slide images. We split the data into train,
validation, and test sets of 30K, 10K, and 10K slide images, respectively. In addition, we collected
and manually annotated 4000 slide images from the topic of Computer Networks and Optimization to

demonstrate the generalizability of the proposed model.

5.8.1 Annotations

We obtain annotations for our dataset to enable retrieval of slide images and their components such
as figures, tables, and equations using multimodal queries, including natural language text and drawing.
We restrict our manual annotation to only the evaluation (test) and validation set since manual anno-
tations of queries for building a large system are time-consuming, cumbersome, and not scalable. We
automatically annotate the training data using state-of-the-art slide segmentation, figure classification,
and OCR modules.

Slide summary writing Figure bounding box annotation Draw sketch image

g g

Summary: system of equations explained  Figure bounding box Drawn sketch image

Slide deck ) : )
using enumeration, and line graph

Figure 5.7 We present the LecSD towards developing a benchmark for retrieving educational con-
tent, specifically lecture slides from computer science topics. Here, we show our proposed annotation
pipeline. First, annotators were asked to write a summary of the slides from the collection of slide image
decks. Then, annotate the bounding boxes for the figures, and finally, draw a sketch image correspond-
ing to the annotated figures. (Best viewed in color).

"https://slideplayer.com/
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5.8.1.1 Manual annotation

We generate organic queries for slide image retrieval with the help of five annotators. To obtain
manual annotations for the test and validation set of our dataset, we provide slide images to the anno-
tators and ask them to write a brief sentence about a given slide image. This brief sentence serves as a
summary query for our dataset. Further, if figures were present in the slide, annotators were asked to
draw the corresponding sketch of the figure on a paper. This paper is scanned, and the cropped sketch
region is used as a sketch query for the slide. Figure 5.7 shows the annotation pipeline for a single
slide image. We provide a modified version of the VGG image annotation tool [309] to annotators for
annotating the slide image summary and figure regions. In order to overcome the annotation bias [310],
we used chatGPT [311] to generate paraphrased sentences of written summary. Sample drawn sketches

and written summaries are shown in Figure 5.8.

5.8.1.2 Automatic annotation

The primary goal of automatic summary annotation is to train the language model to retrieve slide
images and give an organic query. We conducted a study on organic queries to retrieve slide images and
concluded it as follows: i) we noticed that the keyword specific to a slide most frequently occurs in the
title of the slide image. ii) the keywords can also occur in enumerations or paragraphs for the slides with
the slide image having no titles or the title of common words such as overview, conclusion, methods, and
problem. iii) the summary can also contain the list of logical regions such as enumeration, paragraphs,
tables, equations, and various figure classes such as line graphs, bar charts, photographs, etc. iv) the
logical region name need not be consistent in the summaries. As an example, the enumeration can be
mentioned as bullet points. Hence, we designed the automatic slide summary as a predefined sentence
structure, as 1" explained using C'. Where T is the OCR text obtained from slide title, enumeration, or
paragraph regions. C is the list of logical regions such as enumeration, paragraphs, tables, equations,
and figures. We randomly replace the logical region names with their synonyms. The slide layout
segmentation model [56] is used to identify the regions. To identify the type of figures present in slide
images, we use a trained model with DocFigure [46], having 28 various types of figure classes. The
sketches of figures in the slide image are automatically created using Photo-sketching [312]. The Photo-
Sketching model is designed to generate contour drawings and boundary-like drawings that capture the
outline of the visual scene. Hence, the model is well-suited for creating sketches of document figures.
Figure 5.8 shows the sample sketches created by the Photo-sketching model. First, we identify the figure
regions using the layout segmentation model and create sketches using the Photo-sketching model.

We manually extract text, draw the layout, and identify figure types from 100 slide images to evaluate
the quality of automatic extraction of text, layout, and figure class. To extract the text in slide images,
we use Google Lens OCR with a word error rate of 4.63%. The layout segmentation of slide images
is performed using CSSNet [56] trained on SPaSe [8] and WiSe [7] dataset and obtaining the MIoU of
56.4%. Finally, the figure classes are identified by training the Multi-feature head model [313] using
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Figures Auto sketch Hand-drawn sketch

Summary: sample matrices of various
dimensions

Paraphrases by ChatGPT:

1. Matrices of different sizes for
illustrative purposes.

2. Exemplary matrices with varying
dimensions.

Summary: the line graph showing
curve of popular big O functions
Paraphrases by ChatGPT:

1.The plotted line graph displays the
curves of well-known big O functions.
2. Aline chartillustrates the curves
corresponding to widely recognized
big O functions.

Figure 5.8 Sample figures in LecSD dataset. The first column shows cropped figure regions from the
slide image. The second column of sketches is generated using Photo-Sketching [312]. The third column
shows the manually drawn sketches. The last column shows the slide images and its manual summary
and its two paraphrased sentence generated using chatGPT [311].

DocFig [46] dataset and obtained an accuracy of 97.85%. After annotation, the train, validation, and

test have 5607, 1557, and 1487 slide images with figures, respectively.

5.8.2 Dataset analysis

To analyze the distribution of topics in the dataset, we extracted trigram keywords from the text data
of each slide image using KeyBERT [314] and obtained 252K keywords from the dataset. Figure 5.9
shows the sunburst of common keywords, and the data structure topics such as ‘tree’, ‘list’, ‘heap’,
‘queue’, and ‘stack’ are fairly distributed in the dataset. The inner-circle keywords occur at least 10K
times and the outer-circle keywords occur more than 50 times in the entire dataset.

To analyze the collected slide images, we use two approaches: a) an Optical Character Recognizer
(OCR) with text properties and b) layout-based image segmentation. In the first approach, we utilize
off-the-shelf Google lens OCR engine? to extract the text information from the slide images. Further,
we categorize the text in the slide based on font size. Figure 5.12(a) shows the distribution of words with
various font sizes in the dataset. The font size is the height of a word, and the number of pixels represents
the height. As shown in the figure, we divide the histogram into four regions as follows— S: small, M:
medium, H: high, and L: large font size with a height of (0, 15], (15, 30], (30, 45], and > 45 pixels
respectively and create the word cloud images using the words in each region. Word clouds provide
a simple and effective means to communicate the most frequent words of the documents visually. We
further analyzed our dataset — LecSD, using image properties such as the number of color channels
in the image. In the analysis, first, we sorted out the slide images based on their RGB channels and

obtained only 6261 grayscale images out of 54 K slide images. Generally, grayscale slide images have a

Zhttps://cloud.google.com/vision/docs/ocr
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Figure 5.9 The topics and sub-topics in LecSD dataset visualize using a sunburst of trigram keywords
extracted from the text data of each slide images using KeyBERT [314].

less complex layout design than color slide images. Next, we studied the layout components and types
of figures used in the slide images. Figure 5.10 shows the frequency of occurring text layout regions,
and Figure 5.11 shows the types of figures in the slide dataset. Figure 5.10 shows that the ‘Enumeration’
region has a higher frequency, and the ‘Footnote’ has the lowest frequency. Figure 5.11 shows the most

frequently occurring document figure is the ‘flowchart’.

Figure 5.12(b) shows the word cloud of the four regions. The word cloud of regions M, H, and L have
common words, and the word cloud image of the S region has different words related to the copyright
and publication details. Figure 5.12(c) shows the typical example of four regions of text appearing in a
slide image. The L, H, and M regions are ‘title’, ‘section’, and ‘paragraph/list’ items. Hence, it shares
common words on the topic of Data structures. However, the small font size text belongs to represent
‘affiliation’, ‘date’, ‘slide number’, ‘press titles’, ‘footnote’, and ‘website’. Hence, the words in the S

region’s word cloud differ from those in other regions.
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Figure 5.10 Distribution of text logical labels in LecSD dataset.

Figure 5.11 Distribution of figure logical labels in LecSD dataset.
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(a) (b) (c)

Figure 5.12 Visualize various font size text in the slide images (a) histogram of words with various font
sizes and divide the histogram into four regions: .S: small, M : medium, H: high, and L: large font size.
(b) The word cloud images of words from .S, M, H, and L regions. (c) A typical example of text with
various font sizes in a slide image (best view in color)
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Figure 5.13 The word cloud image of the text extracts from the various logical regions in the slide
dataset. The odd rows indicate the logical region, and the figure below is its word cloud image.

We extract the text information from the slide, combine the text from similar logical regions and plot
its word cloud [315], as shown in Figure 5.13. By analyzing Figure 5.13, the layout segmentation has
higher accuracy in segmenting most logical regions except ‘Date’, and ‘Slide number’. The word cloud
of ‘Affiliation’, ‘Pres title’, ‘Website’, and ‘Footnote’ have high similarities, indicating a high confusion
in segmenting these regions. We also plot the word cloud of all texts in the slide, and it is highly similar

to the word cloud of the ‘Enumeration’ text.
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5.8.3 Slide Image summary

We used a modified version of VIA annotation software [309] and a screenshot of the web-based
annotation tool is shown in Figure 5.18. Table 5.4 and 5.5 shows sample slide images and their man-
ual summary, ChatGPT [311] generated paraphrase, Automatic summary, Synonym-based paraphrased
sentences.

In the synonym-based paraphrase generation, first, we Identify the slide topic 7" and semantic regions
C. We replace each semantic region with its corresponding synonyms. Some of the sample synonyms
are shown in Table 5.3. We also randomly change the structure of the sentence. Half of the paraphrased

sentence with structure 7" explained using C', and half with C' is used to explain 7.

block diagram Diagram enumeration equation Line graph | paragraph
Chart of relationships Sketch List items Formula Line chart | Block of text
Conceptual diagram Artwork | Itemized points | Algebraic expression Trendline Section
Schematic diagram | Illustration Key details Numeric expression Graph text Segment
Structural diagram Rendering bullet points | Mathematical formula Chart Passage

Table 5.3 A sample synonyms of commonly occurring words such as "block diagram’, ’sketch’, “enu-
meration’, ’line graph’, and ’paragraph’ in the summary of slide image

5.8.4 Figure bounding box annotation

We manually annotate figure bounding boxes in the slide image. A screenshot of the web-based
annotation tool is shown in Figure 5.14.
5.8.5 Figure sketches drawing

Our annotation team drew the annotated figures on a specially designed A4 paper. A screenshot of

the web-based annotation tool is shown in Figure 5.15.
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FIGURE 10.3 ]

sum(4) result = 3 + sum(2)

sum

sum(3) i result = 2 + sum(1l)
sum(2) - result = 1

S|

Manual Summary: A block diagram depict the recursive calls to the sum methods.
ChatGpt: A block diagram illustrates the repetitive invocations of the sum function.
Manual Summary: Recursive calls to the sum method explains with a block diagram
Synonym based paraphrase: Abstract code Used for describing Recursive calls to the sum method.

Manual Summary: The definition of program explains using enumeration.
ChatGpt: The program’s definition elucidates the utilization of enumeration.
Automatic Summary: What is Program explains using Enumeration
Synonym based paraphrase: Itemized points Employed to elucidate the What is Program

Table 5.4 Showing sample slide images and its manual summary, ChatGPT generated paraphrase,
Automatic summary, Synonym based paraphrased sentences
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Measuring Algorithm Efficiency

Algorithm A Algorithm B Algorithm C
sum = 0 sum = 0 sum=n* (n+1) /2
fori=11n for i=11n
sum=sun+i | { forj=1ri

sum = sum + 1

}

Three algorithms for computing
1+2+...nforaninteger n >0

Manual Summary: three algorithms for calculating sum of n integers given in a table.
ChatGpt: Three methods for computing the sum of a set of n integers provided in a table.
Manual Summary: Measuring Algorithm Efficiency explains using a table and Paragraph

Synonym based paraphrase: Measuring Algorithm Efficiency Describes with tables, and text Segment.

Selection Sort: C++ Implementation

void selectionSort( DataType a[ |, int n)
s

for(int last=n—1; last>=1; last-—)
{ // set imax to the index of the largest element in a[0 . . last]

int imax = 0;

for(int i=1; i<=last; i++)

if( a[i] > a[ imax ]) imax =1i;
// swap a[imax] with a[last]

DataType temp = a[last];

a[last] = a[imax];

a[imax] = temp;
// invariant: a[last]..a[n-1] are the largest elements in sorted order

Manual Summary: The code of Selection sort implementing using C++.
ChatGpt: The C++ implementation of Selection Sort code.
Manual Summary: Selection Sort: C++ Implementation explains using a Pseudocode
Synonym based paraphrase: Selection Sort: C++ Implementation Depicts using algorithm.

Table 5.5 Showing sample slide images and its manual summary, ChatGPT generated paraphrase,
Automatic summary, Synonym based paraphrased sentences
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Figure 5.14 Figure bounding box annotation using a web-based annotation tool.
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Figure 5.15 The web-based annotation tool shows the figure and its cell id to sketch the image.

Figure 5.16 The left side shows the A4 paper canvas with 15 table cells with unique cell id. The right
side shows the A4 paper canvas after drawing the figure image.
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Figure 5.17 Sample slide image figures and their corresponding drawn sketch of our dataset. The figure
columns show the figure annotated from the slide images and the right-side Sketch columns shows its

hand-drawn sketches.
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Figure 5.18 The slide image summary writing using a web-based annotation tool.
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Chapter 6

Applications

Building on the research presented in the previous chapters, this chapter discusses three new docu-
ment analysis applications. The applications centered around document layout segmentation. The first
application addresses the common challenge of adapting document templates for reading on various
electronic devices, such as mobile phones, tablets, and desktop computers. These templates must often
be adjusted adequately, necessitating cumbersome zooming and panning. To overcome this issue, we
propose a novel approach for seamlessly changing document templates, optimizing the reading experi-
ence across different devices.

The second application is a unique slide narration system. While slide presentations have long been
an efficient teaching tool, visually impaired students often need help accessing and engaging with this
teaching format. Recognizing this limitation, we have devised a solution to generate audio descriptions
that align with the content of each slide, thereby enhancing the learning experience for blind and visually
impaired individuals.

The third and final application focuses on accessing required slide images from the Massive Open
Online Courses (MOOCs). These platforms provide easy access to many educational materials, in-
cluding lecture slides. However, the sheer volume of information available demands effective search
mechanisms. We introduce the Lecture Slide Deck Search Engine (LecDeckSearch Engine) to tackle
this challenge. This innovative search engine supports natural language queries and even hand-drawn
sketches, enabling users to perform searches across an extensive collection of slide images on computer

science topics.

6.1 Template Transfer

Smartphones are now successfully used for reading documents due to advancements in digital media
processing and visualization capabilities. Algorithms for reflowing markup documents (e.g., HTML)
across displays of varying resolutions have reached the level of standards. However, when images need
to be viewed on various displays, one must manually adjust their location and change the zoom levels.
For a class of natural images, content-aware seam carving methods [316,317] are attractive. They

find perceptually less critical regions to be removed/cropped, leading to a lossy but visually appealing
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image. However, even a small information loss could be severe for the display/reading of document
images. A document image has textual content recognizable by OCRs and graphics components that
complement the text’s information. For the rest of the paper, we used to document and document

images interchangeably.

Figure 6.1 Is it possible to reformat a sequence of images formatted in CVPR style to that of ECCV style
at the image level? We believe this exploration opens up an important class of image reflowing/resizing
algorithms that can support various displays.

We define a document reformatting problem as reflowing of one or more input document images in
one layout/style to another layout/style. In a way, this is an image-to-image translation problem with
goals beyond the visual appeal. According to Isola et al. [262], image-to-image translation is the task
of translating one representation of an image to another by learning pixel-to-pixel mapping. In most
problems formulated in this setting, image-to-image or pixel-to-pixel correspondence exists. Our inter-
est is in realigning the areas/regions according to a set of constraints available. As an example, we also
demonstrate how a collection of document images (multiple pages) formatted in CVPR (or IEEE two
columns) style can be transferred to an ECCV single column (Springer) style image by working at the
level of images. Figure 6.1 depicts this problem. We formulate the document reformatting problem as
a sequence-to-sequence translation problem inspired by machine translation literature [318]. Regions
from the pages of the source document are considered as the input sequence. In contrast, the predicted
sequence corresponds to the regions’ location and sizes from the target document. Our method first ex-
tracts interest regions with a semantic segmentation algorithm and then learns the style transfer with the
sequence-to-sequence model. Semantic segmentation in document images is still in the nascent stage.

There are not enough labeled data sets available for the training of the popular deep models. We intro-
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duce two data augmentation schemes to address this. The performance of our semantic segmentation
algorithm is shown to be superior to the state-of-the-art.

Contributions of this work are :

* We propose a framework to reformat a source document in one layout style to a target document
with a different layout style.

* Our method is validated on a multi-page document image setting.

¢ Our document image segmentation model reports superior results compared to the state-of-the-
art [319].

* To address the problem of data scarcity in training deep models for semantic segmentation of

document images, we introduce data augmentation approaches that are shown to be very useful.

6.1.1 Template transfer formulation

We formulate a document image reformatting task as a sequence-to-sequence translation problem
inspired by a machine translation network [318]. In our case, segmented document images correspond-
ing to a source document are considered as input sequences, whereas predicted sequence corresponds
to segmented document images of the target document. Finally, the content of the segmented regions of
the source document is transferred to the corresponding predicted regions to obtain the target document.

Each of these modules is discussed in the following subsections.

6.1.1.1 Document Image Reformatting Module

Our document image reformatting module, as shown in Figure 6.2, reformat a source document in
a given style into a target document with another style. This module consists of three sub-modules: (i)
image encoding module, (ii) sequence to sequence translation module, and (iii) content flow module.

Image Encoding Module: We represent the segmented image as a color-embedded image. Each
region of this segmented image is represented by a color corresponding to this region’s label, as shown in
Figure 4.10. Color-embedded image is encoded by extracting deep filter bank features (FC-CNN) [114]
with a pre-trained network. To enhance the discriminating power of FC-CNN, we fine-tune the pre-
trained network with the color-embedded images and their corresponding label images. We use VGG-
16 [104] as a pre-trained model and attach a deconvolution module similar to FCN32 [26] while fine-
tuning the network.

Sequence-to-Sequence Translation Module:

It is a neural network that directly models the conditional probability p(y|z) of translating a source
vector sequence, r1,Z3, ..., Ty tO a target vector sequence, Y1, Y2, --.,Ym. Lhis module consists of

two components: (i) an encoder that computes a representation s for each source vector and (ii) a
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Figure 6.2 Overview of our document image reformatting module. (a) A sequence of segmented images
corresponding to the source document. (b) An image encoder (E) encodes each of them into a vector.
(c) A sequence-to-sequence translation model predicts the target sequence vector. (d) A decoder (D)
decodes each of them into a segmented image. (e) Finally, the source document’s content is rendered
into predicted segmented images to obtain the target document.

decoder which generates one target vector at each time step. Therefore, we decompose the conditional

probability as:
m
loglp(yla)] = logp(y;ly<j si)]. (6.1)
§=0
The source vector sequence 1, T2, ..., X, corresponds to color-embedded images which are generated

by the image encoding module. We use long short-term memory LSTM [320] as an encoder.

The decoder consists of an attention layer similar to [321], LSTM, and a convolution layer. The
attention module is employed to reduce the burden of decoding the entire output sequence from a single
encoded vector s. LSTM decodes the encoded vector s and predicts the output vector sequence yi, yo,

..., Ym. Bach predicted vector is forwarded to a convolution layer to get an output as an image.
Content Flow Module:

Finally, the target document is created by rendering the source document’s content into a predicted
color-embedded image. We consider Tesseract [322], an optical character recognition (OCR) text extrac-
tion tool to extract text from semantic regions like title, abstract, section heading, paragraph, caption,
etc. of the source document. We crop tables and figures from the source document using their semantic
labels.
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Figure 6.3 Reformatting result of CVPR style document images into ECCV style document images. First
row: original CVPR formatted document images, Second row: corresponding layouts of these images,
Third row: Predicted layout of the eccv style, Fourth row: predicted layouts after post-processing,
Fifth row: ground truth layouts of ECCV style document images, Sixth row: reformatted document
images of the ECCV style, Seventh row: original ECCV style document images.
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We render tables, figures, and text information of each of the semantic regions (of the source doc-
ument) into the corresponding predicted (i.e., target) segmented region. ImageMagic' is used for text

rendering. Finally, we get a target document.

6.2 Classroom Slide Narration System

Slide presentations play an essential role in classroom teaching, technical lectures, massive open
online courses (MOOC), and many formal meetings. Presentations are an efficient and effective tool for
the students to understand the subject better. However, the visually impaired (VI) students do not benefit
from this type of delivery due to their limitations in reading the slides. Human assistants could help VI
students access and interpret the slide’s content. However, it is impossible and impractical for the V1
students to have a human reader every time because of the cost and the limited availability of trained
personnel. From this perspective, this would be a primary issue in modern classrooms.

The automatic extraction of logical regions from these slide images is the initial step for understand-
ing the slide’s content. This can be defined as the segmentation of semantically similar regions, closely
related to natural image semantic segmentation in computer vision [26,29,238]. The goal is to assign
logical labels like title, paragraph, list, equation, table, and figure to each pixel in the slide images.
Extracting meaningful regions become a challenging task due to the large variability in theme (i.e., the
layout), style, and slide content. The text extraction from these regions is beneficial for the VI student
only if the text is tagged with its logical function. The left image of Fig. 6.4, the plain text “Discovering
Attention Patterns” is more meaningful to the VI student only if he knows the text is the heading of the
slide. Similarly, detecting figures, equations, and table regions is also essential for understanding the
slides. Our goal is to develop a system meaningfully describing the classroom slides with a markup text,
as shown in Fig. 6.4.

The classroom slides have a complex design. The exact text could appear in various labels, such
as “heading”, “paragraph”, and “list”. Hence, only the visual features learned by the existing semantic
segmentation networks (e.g., FCN [26], Deeplab [29], and PSPNet [238]) are not sufficient to distinguish
various logical regions. Limited works [7, 8] on classroom slide segmentation utilize (z, y) coordi-
nate values to enhance the quality of segmentation results. However, none of these works [7, 8] utilize
location information efficiently for segmentation. In contrast, Choi et al. [9] utilize the position encod-
ing [30] to impose the height information in HANet for semantic segmentation of urban-scene images.
In the case of slide images, the height and width information of each logical region are equally crucial
for accurately segmenting regions. In this work, we propose a Classroom Slide Segmentation Network,
called CSSNet to segment slide images accurately. The proposed network consists of (i) Attention Mod-
ule, which utilizes the location encoding of the logical region (height and width of a region), and (ii)
Atrous Spatial Pyramid Pooling (ASPP) module, which extracts multi-scale contextual features. The

experiments on publicly available benchmark datasets WiSe [7] and SpaSe [8] establish the effective-

"http://www.imagemagick.org
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Figure 6.4 Illustrate qualitative comparison between outputs obtained by the proposed CSNS and the
existing assistive systems — Automatic Alt-Text (AAT) [258] and Tesseract OCR [322]. The proposed
system generates a markup text, where each logical content is tagged with its appropriate logical func-
tion. The audio file generated using this markup text gives a clear picture of the classroom slide’s content
to the blind or VI students.

ness of the proposed LEANet over state-of-the-art techniques — Haurilet et al. [7], Haurilet et al. [8],
HANet [9], DANet [10], and DRANet [11].

The proposed Classroom Slide Narration System (CSNS) creates audio content to help VI students
to read and understand the slide’s content. The audio created corresponds to the segmented region’s
content in reading order. We use four existing recognizers —OCR [322], equation descriptor [5], table
recognizer [323], and figure classifier [46] to recognize content from the segmented regions. We evaluate
the effectiveness of the developed system on the WiSe dataset [7] and compare the user experiences with
the existing assistive systems AAT [258] and Tesseract OCR [322]. The proposed system attains a better
user experience than the existing assistive systems.

The contributions of this work are as follows:

* Proposes a CSSNet to efficiently segment the classroom slide images by utilizing the location
encoding.

» Presents a CSNS as a use case of slide segmentation task to narrate the slides content in reading

order. It helps the VI students read and understand the slides content.
* Perform experiments on publicly available benchmark datasets WiSe and SPaSe to establish the

effectiveness of the proposed CSSNet and CSNS over existing slide segmentation and assistive

techniques.
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6.2.1 Classroom Slide Narration System

We developed a CSNS as a use case of slide segmentation to help VI students read and grasp the
slide’s content without human assistance. The proposed CSNS consists of three modules — (i) Slide
Segmentation Module: to identify logical regions present in the slide, (ii) Information Extraction
Module: to extract meaningful information from each segmented region, and (iii) Audio Creation
Module: to create an audio narration of extracted information in proper order. We discuss each of these

modules in detail.
Information Extraction Module

We coarsely group the classroom slide image into four logical regions — text, figure, equation, and

table and use existing recognizers to recognize the content of the regions.

OCR: We use well-known Optical Character Recognition (OCR), Tesseract [322] to recognize the

content of the text regions is presented in slide images.

Figure Classification: Figures mainly different types of plots, sketches, block diagrams,maps, and

others. appear in slides. We use DocFigure [46] to find the category of each figure in slide images.

Equation Description: The equation frequently occurs in the classroom slides. We follow MED
model [5] for describing equations in natural language to interpret the logical meaning of equations for
VI students.

Table Structure Recognition: Recognition of the table present in the slide includes detecting cells,
finding an association between cells, and recognizing the cell’s content. We use TabStruct-Net [323] to

recognize the physical structure of the table and then Tesseract [322] to recognize content.

The information from the four modules is combined and saved as a JSON file. These processes are
done on the server, and then the JSON file is sent to the mobile app, and the VI student understands the

slide’s content by interacting with the app. Audio Creation Module

Based on a study that empirically investigates the difficulties experienced by VI internet users [324],
a mobile application was developed for VI students to read and understand the content of the classroom
slides. For this, we placed a camera in the classroom connected to the server to capture slide images.
The VI students use this mobile app to connect to the server through a WiFi connection. Using the
mobile application (CAPTURE button), the student can request the server to get information on the
current slide. The server captures the current slide image through the camera, extracts the information
as a JSON file, and sends it back to the mobile application. Fig. 6.5 shows a screenshot of the developed
mobile app with one example. The app has two modes — (i) interactive and (ii) non-interactive. In the
interactive mode, the user can navigate various logical regions of slides by themselves. The app shows
the captured slide image with all extracted information. When the user touches one particular area, it
automatically plays the audio sound using the android TTS library of that region’s content along with
the category label. In the non-interactive mode, the app automatically plays the audio corresponding to

the slide’s content. In this case, the screen contains the READ ALL button; when the user touches this
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Figure 6.5 The user interface of the developed mobile application. The mobile screen displays the
camera-captured slide image. Various colors highlight the slide’s logical regions for better visualization.
The READ ALL button plays generated audio sound corresponding to the slide’s content.

particular area, the app automatically plays the audio sound of the full slide’s content. These features

are demonstrated in the demo video?

6.2.2 System Evaluation

We establish the effectiveness of the developed slide narration system by comparing the performance
with Facebook’s Automatic Alt-Text (AAT) [258] and Tesseract OCR [322]. We use 300 test images of
the WiSe dataset for evaluating the system. 30 volunteers who can read and write English are selected.
Each volunteer takes 300 slide images and evaluates corresponding audio outputs generated by various
techniques. The volunteer gives a grade (value in the range [0, 10]) to the generated audio files using
various techniques and comparing them with the original slide content. We collect all these grades and
plot them as a bar chart (shown in Fig. 6.6). The user gives the best grade for the audio file corresponding
to the ground truth segmentation of the slide. However, the proposed CSNS also performs comparatively

better than the existing techniques.

6.2.2.1 Lecture-Slides Retrieval Evaluation

We utilize the suggested framework by training it on train data with automatic annotations and then
assess its performance using a baseline established on manually annotated test data. Our dataset com-
prises two queries for each slide image: in the training set, there is both a generated summary and a
paraphrased version of it, while in the testing and validation sets, we have the manually annotated sum-
mary and a paraphrase generated using ChatGPT [311]. During both the training and testing phases, we
randomly select a sentence from a query associated with a slide image. It is important to note that all

https://youtu.be/PnPYrA8ykEF0
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Figure 6.6 User rating on performance of various approaches. I and N indicate interactive and non-

interactive modes, respectively.
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results presented in this section are obtained by combining 50% of the manual summaries with 50% of

their respective paraphrased sentences.

6.2.2.2 Implementation Details

In training, we use Adam optimizer with a base learning rate of 2~* and weight decay of 1072, In
the VILT [325], we resize the shorter edge of input images to 384 and limit the longer edge to under
640 while preserving the aspect ratio. Patch projection of VILT-B/32 yields 12 x20 = 240 patches for
an image with a resolution of 384 x 640. We interpolate VP* of ViT-B/32 to fit the size of each image
and pad the patches for batch training and the A1, Ay € [0.01,0.001]. To tokenize text inputs, we use
the bert-base-uncased tokenizer and learn the textual embedding-related parameters tjass , 7', and TP®
from scratch. We train the model for 225 K steps on 64 NVIDIA 4 GPUs with a batch size of 8.

6.3 Searching over a Large Collection of Lecture-Slides

Online education has become increasingly popular in recent years, partly due to its convenience and
flexibility. As a result, there is now a greater demand for effective presentation materials to support
this mode of learning. While plenty of lecture slide presentations on various topics are available online,
searching for a relevant and compelling slide deck for a given query can be tedious and time-consuming
for educators and students.

Further, in the retrieval task, using text input may not be the most suitable option in the following
scenarios: i) when the user cannot recall the correct keyword for searching, but he/she has a picture in
mind. ii) Students who have limited language proficiency struggle to express the search intent using text
and may prefer to draw the concept. Towards accelerating research on this important topic, we present
Lecture Slide Deck Search Engine [326](LecDeckSearch Engine) — a search engine that supports both
natural language queries and hand-drawn sketches and performs a search on a very large-scale collection
of slides. This search engine’s functionalities are illustrated in Figure 6.7.

In recent years, researchers have been a growing interest in developing Al systems that use educa-
tional lecture videos and presentation slide images [7, 8,55-58]. By using such a system, multiple Al
systems can easily design new slides by combining search results and reusing figures and graphs from
existing slide images, thereby minimizing manual effort. However, existing recommendation or retrieval
systems [55,59] are designed to retrieve slides from video files and have several limitations. Firstly, they
rely on the transcript in the video to retrieve slides, which are not always contextually aligned with the
slide image and are also not always available, e.g., in lecture slide image collection. Secondly, these
retrieval systems are restricted to text queries and do not support hand-drawn sketches of diagrams as
queries. Finally, text queries often contain logical regions (semantic labels) like titles, bullet points, fig-
ures, etc., and figure types like line graphs, bar charts, Venn diagrams, tree diagrams, etc. The existing
architectures are not explicitly designed to handle and learn these semantic regions and figure types. We

propose the LecDeckSearch Engine Engine to overcome these limitations.
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~ Slide Search

User
system of equations explained using figures
System
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Sketch of the figure
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\ { Search slide here ] /

Figure 6.7 We present LecDeckSearch Engine — a semantic labels-aware transformer model that en-
ables users to query and retrieve relevant lecture slides from a large collection using natural language
summaries or hand-drawn sketches as queries. (Best viewed in color).

The LecDeckSearch Engine is a unique architecture that handles text and sketches and combines
both queries. Compared to other slide retrieval approaches [55, 59], our model utilizes the semantic
labels of slide images in the transformer model, where the text and image modalities of slide images
are combined using a vision and language transformer (ViLT), and the queries are encoded with PIE-
Net proposed in [275]. Our model demonstrates impressive performance on the lecture retrieval task
and clearly outperforms related baselines. Contributions: We make the following contributions: (i)
We present the LecSD — a very large-scale dataset of lecture slide images harvested from the web
and associated annotations. The dataset includes around 50K slide images covering topics of Data
Structures and manually written natural language summaries as well as hand-drawn sketch queries for
searching figures. (i) We propose a novel model that leverages the semantic label of slides and encodes
them into a novel semantic label-aware transformer model. The representation learned using this model
is used to score against the representations for natural language summary query or hand-drawn sketches
to learn the relevance of slides given query. (iii) We perform extensive experiments and ablation to
verify the efficacy and the limitations of our model. Our proposed approach significantly outperforms

competitive approaches , establishing a new state-of-the-art for the task.
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6.3.1 Semantic Labels-Aware Retrieval model for Lecture-Slides

Our goal is to retrieve the most appropriate slide image from the dataset given a query. Let K =
{(ay, bj)}é.v: , be the dataset consisting of a description of slide a; and the slide image b;. The description
a; = (t,s) combines text description ¢ and the sketch description s. Hence, the system supports both
natural language and hand-drawn sketch queries. The goal is to learn an embedding space that can
quantify the similarity between the slide image and description. As a result, given a description (text or
sketch, or both) a;, one could retrieve its similar slide images from {bq,bs,...,bn}.

We propose a novel slide image retrieval system as shown in Figure 6.8. We first describe the layout,
figure type, and text extraction from lecture slide images in Section 6.3.1.1). The lecture slide encoder
that encodes the layouts, figures, and texts along with the slide image is described in Section 6.3.1.2.
The query text and query sketch encoder are explained in Section 6.3.1.3, and finally train the model
with Multiple Instance Learning (MIL) [327] framework (Section 6.3.1.4), and provide the inference
details.

Figure
classification

Layout
segmentation

= Title, Enumeration Line graph System of Equations given ... parallel ‘

33“%-+ -r-r

Transformer Encoder

Query sketch:

Query summary:
System of equation it contains a
line graph of two parallel lines

Sketch
PIE-Net

Text PIE-Net

I

Bi-GRU

Figure 6.8 The proposed LecDeckSearch Engine architecture. The LecSD dataset is indexed by en-
coding features such as layout regions, figure classes, OCR text, slide image, and focus area using a
ViL transformer. The query text and the sketch are independently encoded using PIE-Net [275]. The
architecture predicts the final retrieval result based on the similarity score s!, and s%. (best view in color)

6.3.1.1 Semantic Labelling of Lecture Slides

The query to retrieve a slide image need not contain all the text on the slide image. The query con-
tains the keywords and logical regions of the slide image, such as title, enumeration, table, figures, and
its various types. For example, “system of equations explained using enumeration and a line graph.”
In order to handle these queries, we propose a novel slide image retrieval system, as shown in Fig-

ure 6.8. Our approach utilizes a pre-trained slide image segmentation module [56] and a multi-feature
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head model [313] trained on DocFig [46] dataset to obtain the logical regions ¢; and the type of the
figure present on the slide image ?,, respectively. In addition to these modules, we also use an Optical

Character Recognizer (OCR) to extract the text ¢, on the slide image.

6.3.1.2 Lecture Slide Image Data Encoder

In the dataset indexing, we collect the ¢;, t4, and ¢, information along with the slide image b and a
focus area by from each slide image. The focus area of a slide image is the possible logical region where
the keyword is occurring. Most of the query keywords from our study are from the following logical
regions: title, enumeration, paragraphs, and captions. In our proposed architecture, we chose the title

area as a focus area. We chose the enumeration region if the title region was absent on the slide.

We encode the text and images using a Vision and Language Transformer (ViLT) [325]. The input
text ¢ is the concatenation of ¢, ¢4, and ¢, and ¢ € RE*IV1 is embedded to ¢ € REXH with a word em-
bedding matrix 7' € RIV*# and a position embedding matrix 7P e R(EAD*H  The input slide image
and focus area concatenate to bb = [b,by] and bb € RE*HXW i sliced into patches and flattened to
v € RV(P20) where (P, P) is the patch resolution and N = HW/P?. Followed by linear projection
V e R(PPC)H gpg position embedding VP € RIN+DXH 4 is embedded into 7 € RN *H,

t=[ti;tg;to) - (6.2)

t = [tetass ;01T -+ 5t T + TP, (6.3)

U = [Vetass ;0115 5oL T] + VP (6.4)

20 = [+ ¢WPC g 4 P (6.5)

24 — MSA (LN (zd_1)> +2971 g=1,...,D. (6.6)
24— MLP (LN (zd>> +24 d=1,...,D. 6.7)
2" = tanh (2§ Wpeo! ) - (6.8)

The embeddings are summed with their corresponding modal-type embedding vectors tWP¢  vYPe &
R¥, then, are concatenated into a combined sequence 2°. The z° vector is passed through the ViLT
consisting of layer normalization (LN) stacked blocks, including a multiheaded self-attention (MSA)
layer and an MLP layer. The contextualized vector z is iteratively updated through D depth transformer
layers up until the final contextualized sequence z%. Further, 27 is a pooled representation of the whole
multimodal input. It is obtained by applying linear projection Wy, € RH>H and hyperbolic tangent

upon the first index of sequence 2.
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6.3.1.3 Query Feature Extraction

In our experiment, the query can be either a slide summary, sketch image, or a combination of
both. The words in the text query ¢ are encoded using pre-trained BERT model [219] and used as local
features W(t) € RL*3%0 where L is the number of words in t. Then, we feed the local feature to a
bi-GRU with H hidden units and take the final hidden states as global features ¢(t) € R¥. The query
sketch image s is encoded using ResNet-152 [106]. The feature map before the final average pooling
layer as local features W(s) € R7*7*2048 Fuyrther, we apply average pooling and feed the output to one
fully connected layer to obtain global features ¢(s) € R,

The PIE-net proposed in [275] encodes the local and global features for text and sketch queries.

2! = textPIE-Net(U(t), 4(t)) (6.9)

2% = sketchPIE-Net (U (s), ¢(s)) (6.10)

6.3.1.4 Optimization and Inference

We optimize our model to minimize the following loss function:

L= Emil + )\l'cmmd + >\2'Cdiv- (611)

Where A1 and A9 are the scalar weights. L£,,;; is the multi-instance learning (MIL) loss [327] with the
learning constraint for retrieval tasks.

The loss function £,,;; only considers the minimum distance pair in the loss computation. Hence,
the distribution induced by features may diverge quickly. Maximum Mean Discrepancy (MMD) [328]
based loss L,,mq is introduced to regularize the discrepancy between the two distributions. The Lg;,, is
the diversity loss to ensure that the PIE-Net produces diverse representations of an instance. We follow
these loss calculations described in [275].

In the training slide images of LecSD dataset, all the slide images do not contain figures. Hence, we
first train the ViLT and the text PIE-Net models. Finally, the sketch PIE-Net models learn during the
fine-tuning of the whole network with slide images having both summary and sketch queries.

In the inference stage, we assume that the dataset contains N lecture slide images. Further, the VIiLT
encoded vectors for i* slide are represented as zi. Now, given a query instance of slide summary and
sketch image, we calculate an embedding vector z! and z*, respectively. Then, the similarity between

the query and i = 1°¢ to A*" lecture slides are computed as follows:

sfl = [sz’m(zt,zf), e ,sz’m(zt,zfv)], (6.12)

sy, = [stm(2°, 27), -+, sim(2°, 2}/)], (6.13)
1

Sp = 5(52 +s5). (6.14)
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Summary to Slide

Features
@1 @5 @10 Median
to, b 16.24 3531 44.05 17.00
to. [D; by] 18.27 38.07 46.74 14.00
[tistgito) b 20.70 4147 4994 11.00
tistgl, [b; byl 19.89 40.45 49.00 11.00

[t;
[tl,tg,to],[,bf] 2123 4207 50.58 10.00

Table 6.1 Comparison study on the contribution of various features such as OCR text t,, layout seg-
mentation ¢;, graphics type ¢4, slide image b, and the focus area by on the retrieval task.

Here, s! and s,, are the similarity score of query text, sketch, and the combined respectively with

s On n7

the dataset of N\ instances. We then rank the database images with respect to these similarities.

6.3.2 Lecture Slide Image Retrieval using Natural Language Summary-based Query

To identify the contribution of various features, i.e., OCR text (¢,), layout region (¢;), graphics type
(t4), slide image (), and the focus area (by) for the task, we conducted the ablation study, and the result
is shown in Table 6.1. First, we used the ¢, and 7 features in training and obtained 16.24% recall at one.
Then added the i ¢ feature that improved a 2.03% improvement in the recall at one. Next, we combine
[ti;t4] with t,, with b, which improves an addition of 2.5% improvement in the recall at one. This
indicates that the layout features [t;; 4] are efficient features for slide retrieval. Further, we removed
the t,, which resulted in a recall reduction of 0.81%. Finally, we used all the features and obtained a
21.23% recall at one.

We compare the proposed model on a summary-based slide image retrieval task, and the results are
reported in Table 6.2. The proposed model outperforms the existing cross-model retrieval approaches.
The PolyVilt [59] models inspire our model architecture. It uses the ViLT for image encoding. How-
ever, the proposed model outperforms the PolyVilt by 3.99% in the recall at one. The PVSE [275],
PCME [274] models perform better in retrieving the natural images given a caption. However, these
models are unable to learn logical regions from slide images. Hence, the performance was reduced,
indicating that a layout segmentation module and document figure classification module are essential
for slide image retrieval tasks.

We assessed the ability of the suggested model to generalize. We conducted this evaluation by
testing the model, which was trained on slide images associated with the data structure topic, using
two different sets of slide images related to computer networks and optimization. The results showed
a significant performance decline of over 56%, indicating that all models, including the proposed one,
struggled to retrieve slide images from topics that were previously unknown.

Figure 6.9 shows the qualitative result of the proposed approach. The system retrieves the slide

image with the pseudo-code and block diagram in the first and second rows. We also show retrieval
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Data structure
@1 @5 @10 Medien

Random 0.01 005 0.1 5000
PCME [274] 876 2442 4030 39.00
CLIP [273] 9.61 2747 4250 31.00
PVSE [275] 13.63 31.55 43.72 25.00
PolyViLT [59] 16.24 3531 44.05 17.00
Ours 20.23 42.07 50.58 10.00

Methods

Table 6.2 The summary-based slide image retrieval performance of multi-model slide image retrieval
models, which were trained on slide images from the data structure topic.

Methods Computer networks Optimization
@1 @5 @10 Medien | @1 @5 @10 Medien
Random 0.05 025 05 1000 0.05 025 05 1000
PCME [274] 6.65 18.64 27.56 56.00 6.21 1432 2221 173
CLIP [273] -

PVSE [275] 7.5 1943 2584 57.00 6.32 1454 2254 165
PolyVILT [59] 7.94 21.53 27.75 53.00 6.75 1645 2375 150
Ours 8.87 22.01 30.33 41.00 7.51 17.55 24.18 132.00

Table 6.3 The summary-based slide image retrieval performance of different multi-model slide image
retrieval models, which were trained on slide images from the data structure topic, was evaluated on
slides related to the topics of Data structure, computer networks, and optimization.

results when a hand-drawn sketch of a diagram is used as a query in the last row. The ground truth for

this query is highlighted in the green border.

6.3.3 Refining Lecture Slide Image Retrieval using Hand-drawn Sketch Query

Slide retrieval
@l @5 @10 Median

Sketch 23.63 51.55 62772 5.00
Summary 37.05 61.32 65.67 4.00
Combined 41.50 64.00 68.50 2.00

Query type

Table 6.4 Slide image retrieval result given only sketches, only text summary, and the combination of
text and sketch on the slide images from the topic data structure

In testing, we infer the result based on text summary similarity s’, sketch similarity s, and the

combined similarity s,; the result is shown in Table 6.4. Here, we noticed that the combined similarity

between the sketch and the summary improved the retrieval result to 41.5%. Forth row in Figure 6.9
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shows the sketch query and the successfully re-ranked result, which matches the sketch query. However,

the sketch-based retrieval fails for the figure having a smaller size compared to the slide image size.

Query: Checking the search Method expressed in enumeration and paragraph

Checking the search Mctho Checking the search Method PrisRres 2 p . The

1. There is no infinite recursion
© On each recursive call, the value of £4rat is
Increased, or the value of 1ast is decreased
I the chain of ¢ calls does not end in
some other way, then eventually the method
will be called with £5rst larger than last

Program for Vertical Numbers

Query: Pseudocode for printing Vertical Numbers

Vertical Numbers

Evaluating Postfix Expressions (cont.)

+ Given the argument 1234, the output R et
of the first subtask would be

2
3

* The output of the second part would
be:

u e S

Query: Implementing stack described with a block diagram

‘

Implementing a Stack using Link Lists Implementing a Linked St Implementing Stack as & Linked Structurs

+ Wecan imploment Stack using a inked list

Implementing a Stack Using an Array
(continued)

Figure 6.9 Qualitative result of proposed LecDeckSearch Engine. The text query and its result are
shown in the top three rows. The last row shows the re-ranked result given the sketch query. The slide in
the green bounding box indicates the correct image for the query. More qualitative analysis is provided
in the supplementary material. (best viewed in color).

6.4 Discussion

This chapter delves into three innovative applications that leverage document image analysis and
layout segmentation advancements. These applications, namely template transfer, slide narration sys-
tem, and slide image retrieval, offer remarkable solutions to some pressing challenges in document
management and education.

The evolution of document layout segmentation intricately links the performance of the algorithms

underpinning these applications. As we have explored throughout this work, accurate document layout
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segmentation is a pivotal step in understanding the spatial organization of a document. It provides
the foundation for extracting meaningful content and contextual information from various documents.
Consequently, they empower these applications as segmentation techniques advance by providing more
structured and relevant data.

One of the notable applications that benefit from our work is the slide image retrieval system. This
system could revolutionize education by enabling automatic slide creation based on human commands.
It addresses the growing need for personalized learning experiences in the Massive Open Online Courses
(MOOQCs) era. By allowing users to retrieve and adapt existing slide content effortlessly, this system
promotes interactive and adaptive learning, significantly enhancing the educational landscape.

In the subsequent sections of this chapter, we will delve into each of these applications, shedding
light on their significance and the synergy between document layout segmentation and performance
improvements. These applications exemplify how the continual refinement of document analysis tech-

niques opens up exciting new possibilities in education and beyond.
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Chapter 7

Conclusion and Future Work

In this thesis, we address the intricate challenges within document image analysis, offering innovative
solutions, particularly in document figure classification, layout analysis, and retrieval. Additionally, we
introduce two invaluable datasets: DocFigure and LecSD. As part of this research work, we have
developed three practical applications in document image analysis: document reformatting, a classroom
slide narration system, and a slide deck retrieval system. The comprehensive conclusion section provides

insights into these contributions and outlines potential directions for future research.

7.1 Multi-modular Feature

We introduce a deep multi-modular feature extraction architecture for various classification tasks
in document image analysis. The proposed architecture extracts three features - discriminative, en-
coded/texture, and global. Diverse experiments conclude that a combination of discriminative, texture,
and global features performs better for various classification tasks - document image classification,
genre classification of book, document figure classification, and script identification. We visualize the
Lo norm of the learned global and discriminative features in the form of the heat map, highlighting their
importance for various classification tasks. The heat maps highlight that discriminative features are
more useful for document image classification, document figure classification, and genre classification
than other features. In contrast, the encoded feature is essential compared to the other features for the
script identification task. In the future, we will explore the proposed architecture for classroom slide

retrieval and signature verification.

7.2 Deep Feature based Document Image Segmentation

We have proposed a deep feature-based document image segmentation approach. This approach has
the following advantages compared to other methods: (i) It provides better feature representation for
document image regions. (ii) Since the proposed approach uses a pre-trained network, the training time

is significantly reduced compared to an end-to-end CNN training approach [178] because the proposed
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method uses SVM to train the model. As a future work, we will try the FCN [26] architecture which wil

be more suites in document segmentation.

7.3 DocFigure Dataset

In this article, we introduced a dataset DocFigure with 33K figure images of 28 different cate-
gories present in the scientific articles. Our generated dataset is dedicated to the document figure clas-
sification task. Here, we also designed an efficient web-based annotation tool to annotate 33K images
with minimum efforts of human annotators. We also proposed three baseline approaches based on deep
feature (FC-CNN), deep texture feature (FV-CNN) and concatenation of both these features to validate
our generated dataset on the document figure classification task. Experimentally, we concluded that the
concatenation of the deep feature and deep texture feature is more effective for the figure classification
task.

7.4 Classroom Slide Segmentation Network

This paper presents a classroom slide segmentation network to segment classroom slide images more
accurately. The attention module in the proposed network enriches the learned contextual features
by utilizing the location encoding of the logical region. We developed a Classroom Slide Narration
System as an application of classroom slide segmentation for helping VI students read and understand
the slide’s content. Experiments on benchmark datasets WiSe and SpaSe conclude that the proposed
LEANet achieves the best slide segmentation results as compared to the state-of-the-art methods. We
also demonstrate the effectiveness of our developed Classroom Slide Narration System over existing

assistive tools in terms of user experiences.

7.5 Document image reformatting

We propose a document image reformatting framework based on a sequence-to-sequence translation
model. Segmentation of document images is the first step of our solution. For this purpose, we employ
a document image segmentation model developed using PSPNet. We introduce two approaches for gen-
erating many document images with limited annotation errors on document image segmentation tasks
due to the scarcity of annotated pixel-wise ground truth document images. Furthermore, we demon-
strate the performance of our reformatting framework on reformation of CVPR style document images
into target document images of ECCV style. Since the reformatting module is trainable and can learn
the document’s layout, it produces good results. However, the performance of the reformatting task
depends on the accuracy of the segmentation task. The segmentation module performs well with the
limited annotated training images. However, it sometimes fails to produce good segmentation output

for regions (like figure caption, table caption, and figure with sparse content). For the reformatting task,
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after transferring layouts from CVPR to ECCV, we render tables, figures, and text information of each of
the semantic regions (of the source document) into the corresponding predicted (i.e., target) segmented
region. In the future, we will concentrate on designing a network that will transfer the source document’s

layout and content to the target document automatically.

7.6 LecDeckSearch Engine

We introduced the LecSD - a comprehensive collection of lecture slide decks intended to serve as
a benchmark for the development of educational Al systems. The dataset is unique and has rich an-
notations, and it was specifically created to tackle two challenging research tasks that are relevant to
education: i) retrieval of lecture slide images based on brief descriptions that include logical regions
and figure classes and ii) retrieval of lecture slide images with figures based on hand-drawn sketches
of the figures. Our benchmarking efforts revealed that existing retrieval models fall short of accurately
identifying logical regions and figure classes. On the contrary, we proposed a new retrieval model
called LecDeckSearch Engine, which is semantic labels-aware and includes sketch-based retrieval func-
tionality. Nonetheless, the LecDeckSearch Engine does have a few drawbacks. First, it relies on an
off-the-shelf layout segmentation module. Second, it struggles to retrieve diagrams with limited areas
compared to slide images when given a sketch. Lastly, the model is unsuccessful in finding slides from

unfamiliar subjects. We leave this as the future scope of this paper.
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