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Approche fondée sur ’apprentissage profond pour la détection des illustrations et des
diagrammes dans des bases de données a large échelle d’images de documents
historiques

Zohreh HAJABEDI

RESUME

Les manuscrits historiques contiennent des informations précieuses sur les cultures et les
connaissances de 1’étre humain dans de nombreux domaines. Ces précieuses ressources
doivent étre préservées, entretenues et partagées. A cette fin, de nos jours, des référentiels de
documents numérisés ont été¢ créés a partir de ces ressources et, par conséquent, de larges
volumes d'images de documents numérisés sont maintenant disponibles. Le défi est alors de
récupérer des informations a partir des ressources numérisées extrémement volumineuses.
D'autre part, la diversité de la structure et de la mise en page de ces manuscrits anciens, ainsi
que la détérioration habituelle des documents historiques, font de l'extraction des
informations et de leur analyse une tache difficile qui est peu susceptible d'étre effectuée par
des étres humains.

Outre le contenu du texte, les documents historiques contiennent également des objets
typographiques tels que des illustrations et des diagrammes qui portent des connaissances
visuelles et soutiennent le contenu du document en fournissant une vue abstraite des
concepts. Ces objets aident a comprendre le contenu du texte de maniere plus productive.
L'identification de ces objets typographiques nous renseigne sur la structure des documents.
De plus, des informations sur les objets typographiques seraient utiles pour créer un index et
des métadonnées pour les grands référentiels de documents numérisés.

En raison du récent succés des approches d'apprentissage profond dans les applications de
vision par ordinateur, dans cette thése, une approche basée sur CNN a été utilisée pour
détecter les illustrations et les diagrammes et classer les images du document en fonction de
la présence de ces objets typographiques. Le modele proposé a été appliqué a de grandes
bases de données d'images de documents historiques d'ECCO et de NAS. Ces deux bases de
données contiennent respectivement plus de 32 millions et 500,000 images de documents
anciens.

A linstar des autres applications du monde réel, dans nos bases de données cibles, nous
avions acceés a un nombre limité de données étiquetées pour l'ensemble d'entrainement et de
test. De plus, notre base de données d'entrainement est déséquilibrée et il y a une distribution
inégale des classes. Pour faire face a ces problémes et aussi pour atténuer le sur-
apprentissage qui en résulte, nous avons rai forcé notre approche avec des techniques de
régularisation et d'augmentation pour améliorer les performances. Le mod¢le final a obtenu
des résultats prometteurs sur les grands ensembles de données ECCO et NAS.



VIII

Mots-clés: analyse d'image de document, images de documents historiques, détection
d'illustration, détection de diagramme, classification d'image de document, deep learning, Jeu
de données déséquilibré, augmentation



Deep learning-based approach for Illustration and Diagram detection in large-scale
datasets of historical document images

Zohreh HAJABEDI

ABSTRACT

Historical manuscripts contain precious information regarding human being’s cultures and
knowledge in many different domains. These valuable resources need to be preserved,
maintained and shared. To this end, nowadays, repositories of digitized documents have been
created from these manuscripts and as a result, huge volumes of scanned document images
are available. Retrieving information from extremely large digitized resources is the next
concern. On the other hand, the diversity in structure and layout of these ancient manuscripts,
as well as the deterioration that is usual in historical documents, make extracting information
and analyzing them a challenging task that is unlikely to be done by human beings.

Besides text contents, historical documents also contain some typographical objects such as
illustrations and diagrams which carry visual knowledge and support the document content
by providing an abstract view of the concepts. These objects help to understand the text
content more productively. Identifying these typographical objects gives us information
regarding the structure of documents. Moreover, information about typographical objects
would be beneficial in creating indexes and metadata for large repositories of digitized
documents.

Due to the recent promising success of deep learning approaches in computer vision
applications, in this thesis, a CNN-based approach has been used to detect illustrations and
diagrams and classify the document images based on the presence of these typographical
objects. The proposed model has been applied on large datasets of historical document
images of ECCO and NAS. These two datasets contain over 32 Million and 500,000 ancient
document images respectively.

Similarly to the other real-world applications, in our target datasets, we had access to only a
restricted number of labelled data as training and test set. Furthermore, our training dataset is
imbalanced and there is an unequal distribution of classes. To deal with these issues and also
to alleviate the resulting overfitting, we have empowered our approach with regularization
and augmentation techniques to improve the performance. The final model achieved
promising results on the large datasets of ECCO and NAS.

Keywords: document image analysis, historical documents images, illustration detection,
diagram detection, document image -classification, deep learning, imbalanced dataset,
augmentation
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INTRODUCTION

0.1 Relevance and motivation

Historical and ancient documents are precious sources of knowledge regarding the human
being’s cultural heritage. These valuable resources need to be preserved, maintained and
shared with interested researchers all over the world would (Cheriet, Farrahi Moghaddam, &
Hedjam, 2013).

Historical documents are located physically in a variety of libraries around the world. To
make them accessible for more people and also protect them from more degradation,
digitizing these resources has become a top priority for their holders. As a result, nowadays
tremendous volumes of scanned document images are available (Zhalepour, 2018). Due to
the large volume of these digital libraries, human beings are unable to extract information
from them. As a result, the precious information contained in these resources is prone to get
lost or never seen (Kavasidis, et al., 2018).

On the other hand, retrieving information and also analyzing the contents of these scanned
documents are challenging tasks regarding the various structures and formatting, besides the
degradation, which is common in old documents (Mehri, 2015). Considering the mentioned
challenges, nowadays, large numbers of researchers around the world have concentrated on
automated document analysis approaches. Considerable numbers of these researches are
focused on Natural Language Processing (NLP) which is engaged with syntax and semantics
of the document texts to extract and summarize information from scanned documents. While
the text is one of the most important ways to transmit information, sometimes graphical
elements are far more effective (Kavasidis, et al., 2018). For instance, in scientific
manuscripts, the experimental results can be expressed more specifically through tables and
illustrations in comparison with pure text. Examples from our target datasets are shown in
Figure 0.1 in which demonstrating the theory and concepts would not be possible without
including diagrams. As a result, detecting these graphical elements as part of the document

layout analysis process would be a vital step in information extraction.
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Figure 0.1 Examples of the necessity of diagrams along with text

Categorizing document images into specific categories is the first and necessary step for
document analysis and information extraction (Kang, Kumar, Ye, Li, & Doermann, 2014).
As mentioned earlier, due to the importance of layout in document image analysis, we can
consider the layout and graphical structure of document images as a discrimination factor to
classify them. This also provides us information to create meta-data for the document image
repositories. Considering the large volume of historical manuscripts images, creating
informative meta-data to describe and introduce these resources more efficiently is a must.
This meta-data information could be descriptions of the content or layout of the images. It
creates the possibility of categorization and indexing of the huge historical document
repositories (Zhalepour, 2018).

Furthermore, indexing and categorizing document images based on layout analysis can be a
step before OCR!, providing OCR modules helpful information regarding the visual structure
of the documents, leading them to more precise content analysis and information extraction

(Harley, Ufkes, & Derpanis, 2015).

! Optical Character Recognition



0.2 Thesis focus, problem statement and thesis objectives

The four major typographical objects which are more informative and important in document
image analysis are ‘footnotes’, ‘tables’, ‘illustrations’ and ‘diagrams’ (Zhalepour, 2018).
These graphical elements provide a visual summary of the manuscript’s most important
content (Saha, Mondal, & Jawahar, 2019). In 2018, (Zhalepour, 2018) has addressed the
detection of ‘footnotes’ and ‘tables’ in large-scale historical documents.
In this thesis, our focus is on detection of ‘Illustration’ and ‘Diagram’ in large-scale historical
document image repositories. The common definitions of these two informative
typographical objects are as follows:
[llustrations: “An illustration is a decoration, interpretation or visual explanation of a text,
concept or process” (Illustration Definition, 2021). Illustrations, as one of the most important
visual objects in manuscripts, play a significant role to make humans more engaged with the
document’s content. Sometimes they present an abstract view on the complicated and long
content and provide the reader with a better perspective to understand the underlying text.
Some examples of illustrations in our datasets of historical document images are shown in
Figure 0.2.
Diagrams: diagrams can be specified as a subcategory of illustrations. “The essence of a
diagram can be seen as:

e A display that does not show quantitative data (numerical data), but rather

relationships and abstract information,
e With building blocks such as geometrical shapes connected by lines, arrows, or other
visual links” (Diagram Definition, 2021).

With visualizing systems patterns and structures, illustrations and diagrams, create the
possibility of deeper analyzing and understanding the scientific concepts.

Four examples of diagram pages in our dataset are displayed in Figure 0.3.
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Figure 0.2 Examples of illustrations in our dataset of historical document images
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Figure 0.3 Examples of diagrams in our dataset of historical document images

In this thesis, we aim to retrieve information from historical document images with a focus
on detecting illustrations and diagrams which are among the most important graphical
information containers in documents. In order to achieve this objective, we are going to
categorize document images based on the presence of illustrations and diagrams in them. The

main issues should be addressed to achieve this objective are as following:



e Intra-class variability and various structures,
[llustrations and diagrams might have various structures in different manuscripts.
This issue will result in an intra-class variability problem which makes the
classification task more challenging and prone to errors. As it can be seen in Figure

0.4, the three images are labeled as illustration pages in ground truth but they have

totally different structures and layouts.
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Figure 0.4 Intra-class variability issue

e Inter-class similarity,

There are similarities between some visual objects in different classes. Some
diagrams, for instance, have a comparative structure with tables and prone the
classification problem to inter-class similarity which inevitably would affect the

performance of the model. An example of structure similarity between illustration and

diagram is showed in Figure 0.5.



a. Illustration b. Diagram

Figure 0.5 Inter-class similarity

e Scarcity of labelled data,
The same as most of the real-world problems, in our target domain we have access to
restricted labelled samples to train our model. This could result in deficiency in
learning capacity and generalization power of the model.

e Imbalanced dataset.
Another issue with our labelled dataset is imbalance classes. In imbalanced datasets,
the distribution of classes is not uniform and we have over sampled and under
sampled classes that leads model to have difficulties in detection of under sampled

class specifications.

Thesis Objective: The main objective in this thesis is to propose a reliable framework to
detect visual objects of illustrations and diagrams in large-scale unlabeled datasets of
historical document images. We formulate our sub objectives to empower our model with
techniques as presented in the following:

1. To extract a reliable representation scheme for document images to conquer intra-

class variability and inter-class similarity,



2. To tackle restricted amount of labelled data to train the model,
3. To alleviate the effect of imbalanced training dataset,

4. To validate the proposed approach on large-scale datasets.

Document image analysis approaches can be divided into two categories; ‘region-based
analysis’ in which the document image will be segmented into some regions such as footnote
and body and the discriminative features would be extracted independently in each region.
The second category would be ‘whole image analysis’ in which the whole document image
would go under the feature extraction process at once. Due to our goal in this thesis, we are
not concerned about the exact localization of objects in each document image and so our
proposed approach is not region-based and resides in the second category of ‘whole image
analysis’.

From a different point of view, document image analysis methods can be categorized into;
methods relying on ‘handcrafted features’ and methods based on ‘automatic machine-learned
features’ (Harley, Ufkes, & Derpanis, 2015). Our target datasets, in this thesis, are two large-
scale repositories of historical manuscripts. There are various layout structures in these
historical aged documents and due to variable layouts, degradation, noises and marginalia?,
detecting objects in them cannot rely on any specific assumption regarding the objects
structure and no prior knowledge is applicable on the specification of the objects which
reside in these documents. Considering these characteristics, the handcrafted features-based
methods would not fit our task of classification and in this work, we address the classification
of document images with an ‘automatic machine-learned features’ approach. To implement
automatic feature extraction and overcome the intra-class variability and inter-class similarity
issues, discussed earlier, we have used a CNN-based network as a data-driven and heuristic-

independent approach.

2 Marginalia (or apostils) are marks made in the margins of a book or other document.



0.3 Overview of the thesis structure

This thesis is organized into four chapters. In the Introduction chapter, the motivation and the
thesis focus are presented. It also introduces the issues and the objectives. The First chapter
focuses on reviewing the state-of-the-arts in document image classification. Chapter 2 is
dedicated to explaining the details of the proposed deep learning-based approach to detect
illustrations and diagrams in large-scale document images databases. Chapter 3 covers the
experiments and results of the proposed approach on the datasets and also includes
discussion and analysis of the results. Finally, we conclude this work with conclusions,

recommendations and future works sections.






CHAPTER 1

STATE-OF-THE-ART

In this chapter, we will overview some of the state-of-the-art works that have been done in
the domain of visual object detection in document images. We organized these works into
two categories of ‘Handcrafted feature extraction-based approaches’ and ‘Deep learning-

based feature extraction-based approaches’.

1.1 Handcrafted feature extraction-based image classification approaches

Baluja & Covell (2009) proposed an approach in which SIFT-based local features have been
used to detect images and line drawings in scanned documents. They applied multiple
classifiers trained via AdaBoost to classify document images based on the presence of
images and line drawings. They have used local image features because these features are
more informative in terms of local information content, and besides, they are reliable even
when local and global perturbations such as rotation, skew, and noise is made to images.
However, SIFT algorithm is mathematically complicated and it’s dramatically slow and is

not applicable on large-scale datasets.

Kamola et al. (2014) presented a comprehensive solution for document structure recognition.
Their whole process is categorized into two main steps of ‘localizing the elements’ and
‘labelling the detected elements’ into ten classes of ‘Abstract’, ‘Author’, ‘Caption’, ‘Header’,
‘Page Footer’, ‘Page Header’, ‘Paragraph’, ‘Table’, ‘Title’ and ‘Graphic elements: line,
picture, diagram, scheme, chart’. The input to their method is the image of a document page
and the output is an XML file listing the elements bounding and labelling. This method is a
rule-based approach that had to set some assumptions regarding the textual and graphical
specification of the page elements both in the segmentation step and in labelling. Meanwhile,
due to the variability of page object structures in different manuscripts, these assumptions
wouldn’t work well in real-world problems. On the other hand, the dataset used in this work

are pages that are acquired from the Internet. They assumed that the pages are preprocessed
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and noise-free and they also considered some requirements such as high resolution, uniform
background colour and distinct contrast between background and foreground in document
images. This is what we cannot always rely on in the real world and specifically historical

aged document images.

1.2 Deep Learning feature extraction-based image classification approaches

Kang et al. (2014) proposed a CNN-based approach to classify document images into ten
classes of ‘ad’, ‘email’, ‘form’, ‘letter’, ‘memo’, ‘news’, ‘note’, ‘report’, ‘resume’ and
‘scientific’ based on the document layout. They have mentioned that they’ve employed
CNNs due to their capability to learn hierarchical layout features and identifying complex
document layouts. They also have equipped their model with Rectified Linear Units (ReLU)
to speed up training. Moreover, since dropout reduces the possibility of overfitting by
imposing some noise on the training samples, they employed dropout to alleviate overfitting.
Harley (2015) used CNN-based feature extraction to classify the document images. They’ve
employed CNNs for both ‘region-based feature extraction’ and ‘whole image feature
extraction’. To be more precise, in their model, five CNNs have been used, from which, four
CNNs are targeted to extract region-based features in four regions of interest of ‘header’,
‘right body’, ‘left body’ and ‘footer’. The fifth CNN works on the whole document image
and the final feature vector is created by concatenating the outputs of all five CNNs. To
conquer the scarcity of labelled data in document image scope, they facilitated transfer
learning and pre-trained their model on the ImageNet 2012 (Stanford Vision Lab, 2020)
which contains more than a million labelled images from nature.

Kavasidis et al. (2018) proposed a fully convolutional neural network for detecting tables and
charts in document images. Their method does semantic image segmentation and as a
predictor, they used a fully connected Conditional Random Field (CRF) (Krahenbuhl &
Koltun, 2011). Since tables and charts are usually the most salient regions in the image, to
make their model able to learn basic visual cues, they first trained the model on saliency

detection datasets and then adjusted it on the target document images dataset.



13

Hu et al. (2019) employed the LeNet-5 network (Lecun, Bottou, Bengio, & Haffner, 1998) as
a deep learning-based model for document image classification. LeNet-5 is a simple CNN
consisting of three convolutional layers, two subsampling layers and two fully connected
layers. They have applied some changes to the structure of the LeNet-5 to improve its
performance on their document image classification problem. For instance, their model has
been equipped with L2 regularization to conquer the over-fitting phenomenon. They also
implemented the idea of cross-connected learning, in which the features detected by the first
layer are connected to the last convolutional layer and also fully connected layer and this way
these layers can use more diverse low-level features in their calculations and predictions. The
datasets that have been utilized to evaluate this model are CIFAR-10 (Krizhevsky, 2009) and
Fashion Mnist (Fashion-MNIST Dataset); both include images from nature, cars and clothes.

In 2019, a deep learning-based framework is presented by Saha et al. (2019) to localize and
detect graphical objects in document images. They use Faster R-CNN for the two steps of
proposing graphical regions and prediction of class labels. Their model faces difficulties
when the objects’ structures are ambiguous. For instance, sometimes it misclassifies tables as

figures and vice versa, or some paragraphs are predicted as tables by the model.

In the previous works, datasets used for training and evaluating the models are usually
common preprocessed image datasets and not heterogeneous aged documents images.
Furthermore, the size of our target dataset is extremely larger that the common used image
datasets. Based on our problem’s specification, hand-crafted feature extraction approaches
wouldn’t fit on our requirements. We need to design a deep learning-based approach and
empower it with techniques to tackle the discussed issues and complexities mentioned earlier

in the Introduction chapter.






CHAPTER 2

DEEP-LEARNING BASED APPROACH TO DETECT ILLUSTRATIONS AND
DIAGRAMS IN LARGE-SCALE HISTORICAL DOCUMENT IMAGES

In all classification problems, feature extraction plays an important role in the performance of
the final task. Traditional image classification problems were based on hand-crafted features.
Meanwhile, variability in the structure of historical ancient documents does not allow us to
design specific features which are applicable for all manuscripts. So, considering the most
significant benefit of Convolutional Neural Networks as being independent of hand-crafted
features and its ability to do unsupervised or semi-supervised and hierarchical feature
learning (Wang Z. , 2015), in this thesis, we’ve adopted a CNN-based model to detect
illustrations and diagrams in documents images.
The whole process of our work is done with a deep learning-based framework and in two
major tasks:
® Task 1 : Illustration detection:
It is a two class classification problem: ‘Illustration’ and ‘NON’.
® Task 2 : Diagram detection
It is a three class classification problem: ‘Illustration’, ‘Diagram’ and ‘NON’, which aims

to detect diagrams as a subcategory of detected illustrations in task1

In the following sections, we present the proposed approach and the techniques that were

employed to address our objectives in this thesis.

2.1 Convolutional Neural Network

First CNN was presented in 1998 by Yann LeCun (Lecun, Bottou, Bengio, & Haffner, 1998).
Machine learning techniques, especially Neural Networks, have received much interest in
designing pattern recognition systems in recent years. Traditional pattern recognition systems
consisted of two main modules of ‘fixed feature extraction’ and ‘trainable classifier’. The
overall structure of traditional pattern recognition systems is illustrated in Figure 2.1. The

feature extractor mainly relies on prior knowledge and is usually very specific to the task.
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Moreover, since it is handcrafted, it takes most of the effort in the designing of the overall

system (Lecun, Bottou, Bengio, & Haffner, 1998).

Class scores

$

TRAINABLE CLASSIFIER MODULE

t

Feature vector

t

FEATURE EXTRACTION MODULE

t

Raw input

Figure 2.1 Traditional Pattern Recognition Systems
Taken from Lecun et al. (1998)

The main idea behind introducing Convolutional Neural Networks is designing pattern
recognition systems in which the hand-crafted feature extractor module is substituted with an
automatic feature extractor.

The CNNs have the common neural networks basis with two prominent innovations of
‘convolutional blocks’ and ‘pooling blocks’ which are aimed mainly to do automated feature
extraction and dimensionality reduction, respectively (Fabio, 2018). A common CNN has the

structure shown in Figure 2.2.
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Figure 2.2 Convolutional Neural Network architecture
Taken from Saha S. (2018)

2.1.1 Convolution

Convolution is a mathematical function with two inputs that in computer vision problems
these two inputs are ‘an image matrix’ and ‘kernel’. The kernel is a small matrix that
processes the image matrix and allows us to process small portions of the image.
(Goodfellow, Bengio, & Courville, 2016) Figure 2.3, illustrates an example of a convolution

operator.
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Figure 2.3 Convolution operator
Taken from Goodfellow et al. (2016)

In some circumstances, for instance, for a character recognition problem with small-sized
images, ordinary fully-connected neural networks would be able to gain some success.
However, there are still considerable drawbacks. If the image size is large, the number of
neurons in hidden layers would be large, leading to an increase in the capacity of the network
and accordingly requiring more training data which in most cases is not easily accessible. On
the other hand, the main inefficiency of the common neural networks in image recognition is
their lack of an invariance mechanism regarding the translations and local distortions of the
input image. On the contrary, in CNN, the weight matrix strides over the whole parts of the
image and thereby captures the relevant feature in every part of it. This makes the CNN
architecture resistant to translations and local distortions of the input image (Lecun, Bottou,
Bengio, & Haftner, 1998).
Convolution operation makes use of three major key concepts which could enhance a
machine learning system: ‘sparse interactions’, ‘parameter sharing’ and ‘equivariant
representations’ (Goodfellow, Bengio, & Courville, 2016).
e Sparse interaction: in the traditional neural networks, to calculate the output of a layer
there is a separate weight parameter that corresponds to each input unit therefore

there are interactions between each input unit and output unit. However, in
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convolutional neural networks, kernels or parameter matrixes are chosen smaller than
input which can detect simple and meaningful features out of the input. It results in
reducing computation complexity and memory requirements. Sparse connectivity is

visualized in Figure 2.4.

Figure 2.4 Sparse connectivity on the top versus tight connectivity on the bottom
Taken from Goodfellow et al. (2016)

e Parameter sharing:

In traditional neural networks, to calculate the output of a layer, each parameter of the
weight matrix is visited just once. On the other hand, in CNNs, the filter (weight
matrix), slides through the input and each parameter of the kernel is used at every
position of the input and this is called parameter sharing.

e Equivariant representation: the parameter sharing which is done in CNNs equipped
these networks with the ‘equivariance to translation’ property which indicates
changes in the inputs cause the output change in the same way.

Deep convolutional neural networks facilitate multiple levels of abstraction in the learned

features. Features extracted in the early layers contain low-level information, mostly related
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to spatial properties of the objects such as edges. On the contrary, the latter layers abstract
semantic information (Ma, Huang, & Yang, 2017). In Figure 2.5, an example regarding the

feature learned through the layers of a CNN is illustrated.

Lanyper 3

Layer 2

Layer 1

Was. A'MT N e LW 5

Figure 2.5 Learned features from a Convolutional Neural Network
Taken from Saad et al. (2017)

As it can be seen in the above figure, edges are determined in the first layer, simple shapes
are detected in the second layer and finally, the higher-level features such as shapes and faces

are detected in the last layer (Saad, Tareq, & Saad, 2017).

2.1.2 Pooling

As mentioned in the section 3.1, pooling is the second important concept that discriminates
CNNs over traditional neural networks. The main goal of pooling is to reduce the complexity
of subsequent layers through down-sampling. In the CNN, the pooling algorithm will apply
to the output of convolutional layers to reduce the size of the feature maps. One of the most

common pooling methods is max pooling in which the input is divided into rectangular sub-
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regions and the algorithm just returns the maximum value in each rectangular. An example is

shown in Figure 2.6.

12 120 [ 30 | O

8 12 2 0 2 x 2 Max-Pool 20 | 30
34 | 70 | 37 | 4 112 | 37

112|100 | 25 | 12

224x224x64

pool

I 112x112x64

112
224 downsampling %

224

Figure 2.6 Max pooling
Taken from Max-pooling (2018)

By applying pooling on the feature maps, the model would be invariant to small translations
in input. It indicates that if small changes apply to the input, the pooled output would not
change. This property would be beneficial whenever we are only interested to detect whether
an object is present in an image and it’s not important to detect the exact position of the
object in the image. (Goodfellow, Bengio, & Courville, 2016)

In 2012, Krizhevsky (2012) trained a deep CNN that outperformed the state-of-the-art and
won the contest of classification 1.2 million images in the ImageNet LSVRC-2010. Their
CNN had five convolutional layers and 60 million parameters. They also applied the dropout
method to alleviate the overfitting. This achievement triggered much interest in the

application of CNN in computer vision problems.
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2.2 Preprocessing

In machine learning-based solutions, the prominent prerequisite step before applying the
algorithm on the target dataset is preprocessing data. It is an essential step to make the data
fit into the algorithm and also contribute to the performance of the learning algorithm.

In this thesis, the document images of our datasets of ECCO and NAS have different sizes in
ranges [1:3000] % [1:3000] which are too large to be fed to the CNN model. Furthermore, the
images should be in the same size to be compatible with the CNN model architecture. So we
down sampled the images into the size of 224 x 224. In this new size, although the details
such as text character cannot be distinguished clearly, the overall structure of the document
images is preserved and this is what we need to categorize the images in this work. Figure

2.7, shows a document image before and after down sampling.
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Figure 2.7 A document image before and after down sampling

As another preprocessing step, the images are normalized. Normalization is an important step

through which the range of input parameters (pixel intensity values) will be changed and
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pixel values would have a similar data distribution. This will facilitate the network to

converge faster and more smoothly.

2.3 MobileNet network architecture

In this thesis, we have adopted MobileNet CNN-based network as the base model of our
approach to classify the large historical document image repository based on the presence of
illustrations and diagrams. We adopted this network since it is a light and fast network and
due to its different implementation of convolution operator, it has shown promising accuracy
while being mindful of computation costs.

In 2017, Howard (2017), presented MobileNet architecture which was optimized for mobile
and embedded vision applications. MobileNet is designed based on a smoothed architecture
that builds lightweight deep neural networks leveraging depth-wise separable convolutions.
The general trend in recent years has been to construct deeper and more complex networks to
achieve better accuracy. However, these improvements in accuracy might not always imply
that networks are more effective in terms of size and speed, especially in mobile applications.
To address this issue, MobileNet has been designed with two hyper-parameters which enable
us to design small and fast networks (Howard, et al., 2017). Figure 2.8 illustrates some

mobile applications of MobileNet.
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Figure 2.8 MobileNet models can be applied to various recognition tasks for efficient on-
device intelligence

Taken from Howard, et al. (2017)

The prominent difference of MobileNet with other CNNs networks is its depth-wise
separable convolutions in which the standard convolution has been substituted by two steps
of a ‘depth-wise convolution’ and a ‘1*1 convolution’ called a point-wise convolution. These

steps are presented in Figure 2.9.
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Figure 2.9 The standard convolutional filters in (a) are replaced
by two layers: depth-wise convolution in (b) and point-wise
convolution in (¢) to build a depth-wise separable filter.

Taken from Howard et al. (2017)

In the first step, a filter is applied to each input channel and in the second step a 1*1
convolution would occur to combine the outputs of the previous step. By factorizing the
convolution operation in this way, the computation complexity reduces considerably
(Howard, et al., 2017). Considering M as the number of input channels (input depth), N as
the number of output channels (output depth), Dk as the spatial width and height of the
convolution filter and Dr as the spatial width and height of a square input feature map,

standard convolutions have the computational cost which is illustrated in (2.1).

Dk x Dk x M x N x DF X DF (2.1)
Taken from Howard, et al. (2017)
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On the other hand, with depth-wise separable convolutions in the MobileNet, the convolution
operation is divided into two steps of ‘depth-wise convolution’ (Figure 2.9.b) and ‘point-wise
convolution’ (Figure 2.9.c) and as a result the computation cost of convolution is as
presented in (2.2) which is computationally less complex than standard convolution

operation.

Dk x Dk x M x Dr X DF + M X N x Dr X Dp (2.2)
Taken from Howard, et al. (2017)

The MobileNet architecture is illustrated in Figure 2.10.

Type / Stride Filter Shape Input Size
Conv / s2 3 %3 x3x32 224 % 224 x 3
Conv dw / s1 3 x 3 x 32dw 112 x 112 x 32
Conv / sl 1x1x32 %64 112 x 112 x 32
Conv dw / s2 3 x 3 x 64 dw 112 x 112 x 64
Conv / sl 11 %64 x 128 56 x 56 x 64
Conv dw / s1 3 x 3 x 128 dw h6 x Hh6 x 128
Conv / sl 11 % 128 x 128 56 x 56 x 128
Conv dw / s2 3 x 3 x 128 dw 56 x Hhb x 128
Conv / sl 1 x 1 x 128 x 256 28 x 28 x 128
Conv dw / s1 3 x 3 x 256 dw 28 x 28 x 256
Conv / sl 1 x 1 x 256 x 256 28 x 28 x 256
Conv dw / s2 3 x 3 x 256 dw 28 x 28 x 256
Conv / sl 1 x 1 x 256 x 512 14 x 14 x 256
Conv dw / sl 3 %3 x 512dw 14 x 14 x 512
Conv / sl 1x1x 512 x 512 14 x 14 x 512
Conv dw / s2 3 x 3 x512dw 14 x 14 x 512
Conv / sl 1 x1x512 x 1024 Tx7Tx512
Conv dw / s2 3 % 3 x 1024 dw T x T x1024
Conv / sl 1 x1 %1024 x 1024 | T x 7T x 1024
Avg Pool / sl Pool 7 x 7 T x T x 1024
FC /sl 1024 =< 1000 1 x1x1024
Softmax / sl Classifier 1 x 1 x 1000

Figure 2.10 MobileNet architecture
Taken from Howard, et al. (2017)
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2.4 Regularization

A critical challenge in machine learning is developing a model that works well on new
unseen data as well as the train data and this indicates the generalization power of the model
(Goodfellow, Bengio, & Courville, 2016). In other words, we are interested in the
generalization capability of the model that could be evaluated by generalization error, also
called test error.
In practice, the effort to fit the model precisely on the train data usually results in a complex
model with a very low error rate on train data, which sometimes will result in a higher test
error rate and this is referred to as over-fitting. It happens when there is a significant
difference between train and test errors.
The performance of a machine learning algorithm can be evaluated by these two metrics:

e Ability to reach low training error,

e The small gap between training and test error.
These two aspects refer to the challenges of under-fitting and over-fitting in machine
learning. If the model can't get an enough low error value on the training collection, it's
called under-fitting. On the other hand, over-fitting occurs when there is a large gap between
training and test error. (Goodfellow, Bengio, & Courville, 2016) Under-fitting and over-
fitting can be controlled by the model complexity. The more the complexity, the higher risk
of over-fitting. The complexity of a model refers to its learning capacity which is determined
by the number of model’s parameters. For the training set in Figure 2.11, as it can be seen on
the left, a linear function cannot learn the data. In the center, it’s been shown that a quadratic
function is sufficient to present this data. On the right, a polynomial of degree 9 is fitted on

the data which results in over-fitting.
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Underfitting Appropriate capacity Overfitting

Figure 2.11 Under-fitting and over-fitting
Taken from Goodfellow et al. (2016)

In Figure 2.12, the typical relationship between model capacity and error rate is illustrated.
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Figure 2.12 The relationship between model capacity and error rate
Taken from Goodfellow et al. (2016)

There are many strategies in machine learning to mitigate over-fitting. One of the efficient
strategies is ‘Regularization’. Regularization is a strategy for reducing the model's
complexity.

When over-fitting occurs, the model is complex and usually, parameters of the model have
large values. Regularization provides a way to control model complexity and thereby
alleviate the over-fitting (Bishop, 2006). This is accomplished by penalizing the loss
function. Two common regularization algorithms are ‘L1 regularization’ that is also called

‘lasso’ and ‘L2 regularization’. L1 regularisation imposes an L1 penalty equal to the absolute
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magnitude of the parameters' magnitude. In other words, it sets a restriction on the
parameters’ size. Models with L1 can be sparse. (i.e. models with few parameters); some less
informative parameters can become zero and eliminated from the model, resulting sparse
models.

L2 regularisation imposes a penalty equal to the square of the parameter magnitude. Models
based on L2 would not be sparse and all parameters are shrunk by the same ratio (none are
eliminated) (Hastie, Tibshirani , & Friedman , 2009). In L2, a penalty factor is added to the
objective function to penalize the model’s parameters to be large and set a restriction on their
values. (Murphy, 2012)

The key difference between L1 and L2 regularisation is that L1 regularisation attempts to
estimate the data's median, while L2 regularisation attempts to estimate the data's mean to
prevent overfitting. In this work, we have applied the combination of L1 and L2 which is also

called Elastic Regularization:

Regularized Loss Function = YN (y; — Z;‘-’LO x;jW;)? + LI penalty + L2 penalty (2.3)
L1 penalty = A13,|W| (2.4)
L2 penalty = A2 ¥ W7 (2.5)

The results indicate that training our model with this regularised loss function prevents our
model from having a wide generalisation gap between training and test error, making it less

prone to over-fitting.

2.5 Imbalanced dataset

An imbalanced classification problem arises when the distribution of classes is not equal in
the training dataset and there is a small amount of samples representative for minority class
and against there are a large number of samples from the majority class. A comparative
example of balanced and imbalanced datasets is illustrated in Figure 2.13. Imbalanced
datasets are common in real-world classification problems. This issue would affect the

prediction performance of the trained model negatively.
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Example of balanced and imblanced data

male female normal gene oncogene
MNegatives = Positives Megatives > Positives
Balanced Imbalanced

Figure 2.13 A comparative example of balanced and
imbalanced datasets

Taken from Tripathi (2019)
Due to insufficient samples from minority classes, the model would have difficulties learning
the minority class’s specifications. If we consider minor class as the positive class and major
class as the negative one, imbalanced training datasets lead to models with good specificity’
but poor sensitivity*. (Kuhn & Johnson, 2013)
To tackle difficulties of the models in learning from imbalanced data, three main categories
of approaches could be considered: (Krawczyk, 2016)
e Data-level techniques, which try to create balance in the training data samples, with
over-sampling or under-sampling;
e Algorithm-level techniques, which make changes in the learning algorithms to lead
the model to be more focused on the minority class;

e Hybrid techniques are equipped with the advantages of the first two approaches.

In this thesis, the training datasets are imbalanced. They are depicted in Figure 2.14. (More

detailed information regarding our datasets specification is presented in chapter 3).

3 Specificity is the rate of actual negatives, which predicted as negative (true negative)
4Sensitivity is the rate of actual positive cases which predicted as positive (true positive).
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ECCO Illustration Detection training dataset
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NAS Illustration Detection training dataset
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Figure 2.14 Imbalanced datasets of ECCO and NAS

We have applied an algorithm-level approach to alleviate the effect of imbalanced data. In
this approach, class weights are calculated with the formula given in (2.6). As it can be seen,
a class’s weight is calculated in the inverse proportion of the number of samples representing

that class.

total number of samples

class; weight = (2.6)

number of classes Xnumber of samples in class j

Figure 2.15 shows an example of calculating class weights.

classqiqe weight = 0.6
classgoctanguiar Wwetght = 1.0

classgquare weight = 3.0

00000
dd
O

Figure 2.15 Calculating class weights in an unbalanced dataset
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As it is depicted in Figure 2.15, the class that has the fewest number of samples (square
class) has the highest class weight value. These class weights will be applied as coefficients
for data samples in the loss function. This way, we make the model pay more attention to the
classes that are under-sampled. The aim is to penalize the minority class more for
misclassification by giving them a higher class weight. In other words, the model would be
penalized more with the minor class’s misclassified samples.

The majority class's cost function has a small weight, which leads to a lower error value and,
as a result, fewer updates to the model parameters. For the minority class, a higher weight
value is added to the cost function, resulting in an increased error calculation and, as a
consequence, greater changes would be made in model parameters. This way, the model is
biased to pay more attention to the minority class.

To evaluate a model which is applied to imbalanced data, accuracy would not be a reliable
metric. When considering user interest in minority (positive) class samples, accuracy is not
reasonable since the effect of the least represented, but more important, class is decreased

when compared to the majority class ( Branco, Torgo, & Ribeiro, 2015).

2.6 Transfer learning

Transfer learning creates the possibility of reusing the knowledge learned on a task in a
different but related task to improve the learning process in the second task. The concept of

transfer learning is depicted in Figure 2.16.
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Figure 2.16 Transfer Learning
Taken from Bouhamed et al. (2020)

E

“Transfer learning is the idea of overcoming the isolated learning paradigm and utilizing
knowledge acquired for one task to solve related ones.” (Sarkar, 2018). In recent years, deep
learning methods have achieved considerable success in many complicated domains such as
computer vision. On the other hand, compared with other machine learning algorithms, they
require more amounts of data and time to train.

Nowadays, many deep learning-based pre-trained networks are already trained in computer
vision domains. Most of these pre-trained networks have been shared by their developer to be
used by others. We can use these networks to implement transfer learning in our domain of
interest. (Sarkar, 2018)

In Figure 2.17, training error and loss are compared when transfer learning is implemented

versus training the model from scratch. (Baykal, Dogan, Ercin, Ersoz, & Ekinci, 2019)
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Figure 2.17 The effect of transfer learning in training accuracy and loss

Taken from Baykal et al. (2019)

In a classification task, whenever sufficient labelled data is not available to train the model
from scratch, transfer learning would be significantly effective to facilitate the learning
algorithm with rapid learning and higher performance.
Since deep learning algorithms require an enormous amount of data to train and on the other
hand in most real-world problems, accessing large labelled data is not possible except with
high cost, transfer learning has attracted more attention in CNN-based networks.
There are two common strategies to facilitate deep learning algorithms with transfer learning
(Sarkar, 2018) :
e Off-the-shelf Pre-trained Models as Feature Extractors:
Deep learning models leverage layered architecture to learn different features through
different layers in a hierarchical way. There is another final layer that yields to the final
output that in the classification problems is the label of the target classes. In off-the-shelf
pre-trained models (Figure 2.18), the pre-trained model without the final layer is used as

a fixed feature extractor for other tasks.



[ loss "-
t Shallow classifier (e.g. SVM)
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Figure 2.18 Off-the-shelf Pre-trained Models as Feature Extractors,
Taken from Sarkar (2018)

Razavian et al. (2014) investigated the results of using different feature extraction methods in
‘fine-grained

the performance of ‘object image classification’, ‘scene recognition,
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recognition’, ‘attribute detection’ and ‘image retrieval’ tasks. Figure 2.19 shows the results.
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Figure 2.19 Off-the-shelf Pre-trained Models performance
Taken from Razavian et al. (2014)
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According to the above results, the features from the pre-trained models significantly
outperformed specialized task-focused deep learning models, as shown by the red and
pink bars in the above figure.

e Fine Tuning Off-the-shelf Pre-trained Models: This strategy is more common in
computer vision problems. In this type of transfer learning, in addition to replace the last
layer of classification, some previous layers are also retrained on the target task.

Li and Plataniotis (2020) have used the concept of transfer learning in deep learning-base

pathology image classification. They aimed to investigate to what extent transferring

knowledge from a nature image classification problem to a pathology classification problem
would be beneficial. Their experiment suggested the parameters learned in the nature images
are also reusable in the pathology images.

In this thesis, we leverage the knowledge learned on the image classification problem on

ImageNet dataset to empower our model with transfer learning. The strategy employed in our

work to implement transfer learning is ‘Fine Tuning Off-the-shelf Pre-trained Models’.

Following this strategy to implement transfer learning, allows us to include knowledge and

parameters learned on the source task into our model, as well as adjust some model

parameters on our target dataset to focus on extracting more relevant features.

As mentioned earlier, we have used the MobileNet network as the base model to classify

historical document images. We leveraged the parameters learned in a pre-trained MobileNet

network which was trained on ImageNet, a large dataset containing over 14 million images
from over 10,000 categories, to initialize our model’s parameters.

The first layers in the CNN capture generic features, while the last ones focus more on

sophisticated ones, specific to the task. Since our target datasets of historical document

images have different structures in comparison with natural images datasets on which the
base model had been pre-trained, we configured the last 18 layers of the MobileNet to be
tuned on our datasets. These layers will concentrate on extracting features relevant to our

target dataset.
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2.7 Data Augmentation

Deep learning models significantly rely on the availability of enough data to present the best
performance. Small datasets have the disadvantage that models trained on them do not
generalize well to data from the validation and test sets. As a result, over-fitting is an issue
with these models. (Wang & Perez, 2017).

Data Augmentation is a data-space approach to the issue of data scarcity. It enhances the size
and diversity of the datasets by creating new copies of the existing data with random
transformations. In other words, augmentation is a technique applied to training datasets to
expose the model to more and more data during the training step to alleviate over-fitting.
Similar to most real-world problems, in the domain of this project we did not have access to a
large amount of labelled data to fulfill the requirement of the model to yield promising
results. We leveraged augmentation techniques to conquer the scarcity of the training data. In
our implementation of augmentation, during the training process of the model, in each epoch,
the model is applied on new randomly augmented images from the original dataset.
Therefore, at the end of the training process, the model has been exposed to the total number

of samples depicted in equation 2.7.

Number of training epochs * Size of the training dataset (2.7)

This increase in the number of samples to which the model is exposed, would significantly
add to the generalization power of the model. We have used the following augmentation
techniques.
e Mean subtraction (Zero centrings)
To make data zero-centred, the mean of the data will be subtracted from each of the data
points (Figure 2.20). Consider a situation in which a neuron's (unit) inputs are all positive
or all negative. The gradient measured during back propagation would be either positive
or negative in this scenario (the same as the sign of inputs). As a result, parameter
changes are limited to a few unique paths, making convergence inefficient. Zero

centrings will conquer this issue (Parmar, 2018);
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original data zero-centered data

Figure 2.20 Mean subtraction

Rotation

The image is rotated right or left on an axis between 1° and 359° for rotation
augmentations. The rotation degree parameter has a significant impact on the safety of
rotation augmentations. Slight rotations, such as 1 to 20 or 1 to 20, have yielded positive
outcomes. (Shorten & Khoshgoftaar, 2019) In this work, we have used the same degree

range for rotation augmentation;

Width and Height shifting

To prevent positional bias in data, shifting images left, right, up, or down can be a highly
effective transformation. (Shorten & Khoshgoftaar, 2019) We have used width and height
shifting in which images will be translated vertically or horizontally at random;

Horizontal flipping

Horizontal flipping is more frequently used than vertical flipping. It's used to turn half of

the pictures horizontally at random (Figure 2.21).

Figure 2.21 Horizontal flip
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This is one of the simplest augmentations to use, and it worked well on image datasets

like CIFAR-10 and ImageNet. (Shorten & Khoshgoftaar, 2019)

2.8 Specifications of the proposed approach

The concepts and techniques implemented in our proposed model are described in detail in
the previous sections. In this section, we present an review of our model specifications.

Figure 2.22, shows the architecture of our proposed model.

/ Mobile Net pre-trained network on ImageNet \

4 additional dense layers

/ /\\

V\/

10 frozen layers 18 runed layers /

- /

Figure 2.22 The overall architecture of our proposed model

Softmax classification Laver

As it is depicted in Figure 2.22 and also as described in previous sections, we have used the
MobileNet (Howard, et al., 2017), 28 layers CNN based network, as our base model. To
leverage the transfer learning, the base model we have used is pre-trained on ImageNet
(Stanford Vision Lab, 2020), a well-known large image classification dataset. We configured
the first 10 layers of the base model to be fixed and dedicated these layers to detect the lower
level image features. The last 18 layers, on the other hand, are tuned during the training to be
more specifically focused on the learning features related to our target datasets. We also
added four additional dense layers on the top of the based model to increase the learning
capacity of our model. Finally, the last layer of our network which is the output layer is

equipped with a Softmax activation function.
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To conquer overfitting, our model is equipped with L1 and L2 regularization techniques.

We used SGD (Stochastic Gradient Descent) algorithm as optimizer in our model. It is a
variation of gradient descend algorithm that is largely used in cases in which there are large
amounts of data. SGD works remarkably well on tasks with large datasets (Murphy, 2012).
In each iteration of SGD algorithm, a few random samples from the dataset are picked to
consider in the calculations of updating model parameters which result in less time
complexity in comparison with the common gradient descent algorithm that go through all
the dataset samples in each iteration (Brownlee, 2016).

In SGD, in each iteration, few random samples are considered, so the path to the minimum
cost would not be as smooth as typical gradient descend algorithms and there will be some
noises. However, it is worthwhile when the minimum cost can be meet within significantly
less training time (Roy, 2020). In Figure 2.23, the path to minimum cost is compared in batch
gradient descend and stochastic gradient descend. Besides higher speed, due to adding some

noise, SGD is less likely to get stuck in local minima (Murphy, 2012).

a. The path taken by Batch Gradient b. The path taken by Stochastic

Descent Gradient Descent

Figure 2.23 Comparison of the path to minimum cost in gradient descend algorithms
Adapted from Roy (2020)
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We have selected the learning rate of ‘0.01° to train our model. The learning speed of the
network is regulated by the learning rate (Brownlee, 2019). Since the learning rate
determines the step size with which the parameters of the model are updated, specific
considerations should be taken into account in setting its value. Too large values would result
in a higher speed of learning with the cost of probable stuck in local minima. Small learning
rates, on the other hand, make the learning process very slow and demands more
computational resources and time. We have tried learning our model with different values of
learning rate and found the value of ‘0,01’ best fitted to our task.

As mentioned earlier, to alleviate the scarcity of available labelled training data, we
empowered our model with augmentation techniques. This way, we exposed our model to
more data and also increased the generalization power of the model.

Our two main tasks as ‘Illustration Detection’ and ‘Diagram Detection’ on ECCO and NAS

datasets are depicted in Figure 2.24.

—
a
S
k

Apply Iustration
detection model

ECCO_2
detected
IMustration

ECCO_1 ECCO_2 NAS
detected detected detected
Diagrams Diagrams Diagrams

Figure 2.24 Two main tasks of this thesis

In the next chapter, the results of applying our proposed model on two large datasets of

historical document images, ECCO and NAS, are presented and discussed.






CHAPTER 3

EXPERIMENTS AND RESULTS

3.1 Evaluation metrics

Results of classification problems can be divided into four categories of ‘true positive’, ‘true
negative’, ‘false positive’ and ‘false negative’ (Figure 3.1). These parameters are usually
integrated into a matrix called ‘Confusion Matrix’ whose purpose is to present the

performance of a classification model.

Predicted Values

Positive Negative

True Positive [REEINEEEGAYE
(TP) (FN)
IEVENS Al True Negative

(FP) (TN)

Positive

Negative

Actual Values

Figure 3.1 Confusion Matrix

To evaluate the classification model from different perspectives, there are four common

metrics of ‘accuracy’, ‘precision’, ‘recall’ and ‘F1-score’.

The number of correct predictions divided by the total number of samples equals Accuracy.

TP+TN (3'1)

Accuracy = ——
y TP+TN+FP+FN

The ratio of correctly predicted positive samples to total predicted positive samples is known

as Precision.

.. TP
Precision = (3.2)
TP+FP
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Recall is the proportion of positive samples that were correctly predicted to the total number

of samples that should have been predicted as positive.

TP
TP+FN

Recall = (3.3)

Fl-score is determined by taking the Harmonic Mean between precision and recall. We can
determine both how precise our classifier is (how many instances it classifies correctly) and

how reliable it is (does it miss a significant number of instances).

PrecisionxRecall
F1—score = 2 x ———0nx7ecd (3.4)

Precision+Recall

In this thesis, we are more focused on Precision and Recall to evaluate our model. Precision
refers to the percentage of relevant results which are results that we are looking for.
Alternatively, recall is the percentage of relevant results classified correctly by the algorithm.
We haven’t considered accuracy for our domain because our domain includes an imbalanced
dataset. Accuracy is not a proper indicator in the context of imbalanced data-sets, since it
fails to distinguish between the numbers of correctly classified examples of different classes

(Galar, Fernandez, Barrenechea, Bustince, & Herrera, 2012).

3.2 Dataset Specification

In this thesis, our target datasets are ECCO®> and NAS datasets which are used for the
Visibility of Knowledge (VOK Project, 2016) project. ECCO aims to preserve historical
documents printed from 1701 until 1800 in Britain. The manuscript collection consists of
more than 32 million pages from over 155,000 manuscripts. The manuscripts are categorized
into 7 subjects of "Religion and Philosophy" (RelAndPhil), "Literature and Language"
(LitAndLangl, LitAndLang2), "History and Geography" (HistAndGeo), "Social Science and

5 Eighteenth Century Collections Online
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Fine Arts" (SSAndFineArt), "Medicine, Science, and Technology" (MedSciTech), "Law"
and "Reference" (GenRef).

This repository of historical document images is divided into two parts:

e ECCO _1: consists of around 150,000 manuscripts and more than 26,000,000 pages;

e ECCO_2: consists of more than 52,000 manuscripts and around 7,000,000 pages.

Figure 3.2 illustrates the distribution of the pages through years and subjects in ECCO 1 and
ECCO 2.
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Figure 3.2 Distribution of ECCO document pages over year and subject

In this thesis, we also used another dataset of historical documents called NAS. The

manuscripts in this dataset are categorized based on the language in which they were

published into five groups: ‘DE KoenigAkamie Berlin’,

‘RU_Academielmperiale Petersburg’, SE KonglSwenska Stockholm’ and

‘FR_JournalScavans Paris’,
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‘UK _RoyalSociety London’. NAS consists of 827 journals and 530,544 images.
Figure 3.3, illustrates the distribution of the pages through years and subjects in the NAS

dataset.

NAS total pages by year(bins) and subject

year (bin) Subject
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P
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Sum of Total for each year (bin). Color shows details about Subject. The view is filtered on year (bin), which excludes Null.

Figure 3.3 Distribution of NAS document pages over year and subject
3.3 Illustration detection results

As mentioned in section 1.2, in this work, in the first step we have applied our proposed
model on the ECCO and NAS dataset to categorize the document images into two categories
of ‘pages with illustrations’ and ‘pages without illustrations’. The results and discussion

regarding these two-class classification tasks are presented in the following sections.

3.3.1 Illustration detection training dataset specification

The specification of the datasets used for training and evaluating our proposed model for

[llustration detection on ECCO and NAS datasets are presented in Table 3.1 and Table 3.2.
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Table 3.1 ECCO Illustration detection labelled dataset specification

class Number of labelled document images
Training set Testing set
Illustration 1,343 133
NON (Table, Footnote, Text) 18,095 9,852

As illustrated in the above table, in the ECCO dataset, we have access to a total of 29,000
labelled document images which are categorized into two classes of ‘Illustrations’ and
‘NON’. NON category consists of pages containing Tables, Footnotes or pure texts. About
10,000 of these images have been used for final evaluating the model and the rest have been
used for training the model. Moreover, out of the training set, 20% is used as a validation set

to evaluate the model during the training and per each epoch.

Table 3.2 NAS Illustration detection labelled dataset specification

class Number of labelled document images
Class Training set Testing set
Illustration 2,421 328
NON (Table, Footnote, Text) 16,977 8,853

In the NAS dataset, there are 28,000 labelled document images, from which 9000 images
have been used for the final test process of the model and the remainder for training. The

same protocol as the ECCO dataset has been respected regarding the evaluation set.

3.3.2 Results of Illustration Detection

Our proposed model, introduced in detail in Chapter 3, has been applied to the ECCO and

NAS datasets. The results are presented in the next two sections.
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Our proposed model is trained through 50 epochs on the ECCO Illustration dataset. The loss

diagram through these 50 epochs is illustrated in Figure 3.4.

loss
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40 50

Figure 3.4 Loss diagram of ECCO Illustration detection task

As we can see in Figure 3.4, the general trend of the loss diagram both in the train and

validation set is descending and this is what we expected. There are some fluctuations in the

validation loss diagram. It can occur when in one batch we have mislabelled samples which

can lead to an update that does not reduce, but rather increases the global loss.

In Table 3.3 and Table 3.4, the results of the ECCO illustration detection regarding the

evaluation metrics of precision, recall and Fl-score are reported. Moreover, Table 3.4 also

shows the results in detail for each class.

Table 3.3 ECCO Illustration detection evaluation metrics

precision recall F1-score support(number of images in the
validation set)
Macro average 0.97 0.97 0.97 9998
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Table 3.4 ECCO Illustration detection evaluation metrics per class

precision recall F1-score Support(number of images in the
validation set)
Ilustration 0.94 0.95 0.94 146
NON 0.99 0.99 0.99 9852

As depicted in Table 3.4, the precision in detecting the illustration class is 0.94 in percent
which means out of the total number of illustration predicted images, 94 percent of them are
correctly predicted. Regarding recall, the illustration class recall ratio is 0.95 that shows from
the total number of images which should be classified as illustrations, 95 percent of them are
correctly detected as illustrations.

To be more specific in results, the confusion matrix of ECCO Illustration Detection is

presented in Table 3.5.

Table 3.5 ECCO Illustration detection Confusion Matrix

Predicted
ILLUS NON
ILLUS 138 8
Ground Truth
NON 9 9843

As illustrated in the confusion matrix, 8 out of 146 images from the illustration category in
the test set are mislabelled as the NON category by the model. In the NON category, 6
images out of 9843, in other words, only 0.06% of the data are misclassified as ILLUS. As
expected, due to enough training images in the NON category, the model is quite effective in
detecting this category.

Most of the False Negative samples have a structure similar to the illustration in Figure 3.5.
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Figure 3.5 A False Negative sample in the
[lustration detection in ECCO

According to the ground truth images, we expected the image in Figure 3.5 to be predicted as
illustration but the model predicted it as NON. When investigating the labelled images in the
NON category, we found that there are also some images with the same structure as the
image in Figure 3.5 which are wrongly labelled as NON in the ground truth. This made the
model confused to predict the correct label of this kind of image. The image in Figure 3.6 is
in the False Positive samples. This image is labelled as NON in ground truth but it seems that
it was mislabelled and it should have been labelled as illustration. However, the model was

predicted as an illustration based on the patterns that had been learned through the training

step.
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Load the Waggon heavy belare, and leave the hind Pare as light as pofiible.

Thefe Precautions oblerved, every Quwrer will find his Account in foch Carriages
from the very firft ; for no Road or Country can prevent their being ufed with Advantage,

N.B. When Horles draw hockzontally, they cannot exect their matarsl Strength, for Wart of Abutment,

Taving no more Power than what their Weight cnables them to ule; buty if the Line of Draftis affered 1o

defeend from the Barkband of the Horle to the Center of e fors Wheel, then the Animal wifl gain Abiliy 10

ufe his Strength, and this in Proportion us the Size of the Wheel s diminifieds The Thilt and Body Horles,

' by this Mode of ecquiricg Abutmenr, will have the molt Power, whilftthe Leadess, by dawing borfzcatally,
have e Powes beyond the Proportion of their Weight; but the Fosee of the whale Team topether, with Rew

fpect 10 the Waggon, will be applied by Elevarion, the Rody-Hurles bearing the Proffime of the Leaders,

swhich, by Experience, is not more than they een cafily fuppart; and which, befides, will be 3 marerial Ad.

wantage 1o them, by giving thetn mere Power than they could otbierwife obtain withoutit, $eethe Print abeve,

Figure 3.6 A False Positive sample in the Illustration
Detection in ECCO

3.3.2.2 NAS dataset Illustration detection results

The results of experimenting with the illustration detection task on the NAS dataset are given
in this section. Figure 3.7 shows the loss curve of the illustration detection model during the

training of the model on the NAS dataset.



53

model loss

1.30 A
— training
—— validation

1.25 A

1.20 4

1.15 - \\\

loss

1.10 A

1.05 A

epoch

Figure 3.7 Loss diagram of NAS Illustration detection
The same as the ECCO dataset, the overall trend of the loss diagram is descending and it

yields that the training process is reasonable. Table 3.6, Table 3.7 and Table 3.8, demonstrate

the results of the NAS illustration detection from different perspectives.

Table 3.6 NAS Illustration detection evaluation metrics

Support
precision recall Fl1-score
(number of images in the validation set)
Macro average 0.89 0.96 0.92 9179

Table 3.7 NAS Illustration detection evaluation metrics per class

Support
precision recall F1-score
(number of images in the validation set)
Ilustration 0.77 0.93 0.84 327
NON 0.99 0.99 0.99 8852

As it is illustrated in the tables, in the NAS dataset, illustrations are detected with 0.77
percent of precision and 0.93 percent of recall. Although the precision is less in comparison
with the ECCO dataset, the reported recall rate is promising. It indicates that 93 percent of

the actual illustrations are detected correctly.
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Table 3.8 NAS Illustration detection Confusion Matrix
Predicted
ILLUS NON

ILLUS 303 24

Ground Truth
NON 88 8764

According to the confusion matrix, in our class of interest, Illustration, 24 images were
misclassified as NON. On the other hand, 88 images from the NON category were
incorrectly indicated as illustrations by the model. In Figure 3.8, an instance of the False
Negative images is illustrated. As highlighted in the image, there is a very small illustration
in the image surrounded by text and it seems that the model found it difficult to predict it as

an illustration due to the small size of the illustration in comparison to the text surrounding it.

484 JOURNAL DES SAVANTS. — AODT 1901.

«Aprés donc que ces choses furent arrivées, on ramena Pharaon
Simmon cn lgypte, Jes reins de coups excessivel t, et il se
coucha dans la chapelle de ia ville de I'Horus i, les reins moulus de
coups excessivement. » Le lend, in matin, il se plaignit aux courtisans
du peu de zéle qu'ils mettaient i le garder; il leur montra son arriére-
train tout meurtri, leur conta sa lumentable aventure etilss'exclamérent,
sans savoir que faire pour empécher le retour d'un attentat pareil a i«
majesté royale. « Or, Manakhphri Siamon avait un chef du secret des
livres, de son nom lorus fils de Panishi, qui était savant extrémement.
Quand il vint & Ja place ol le roi était, il poussa un grand cri, disant :
« Monseigneur, ce sont la les sorcelteries des Iithiopiens. Par la vie de ta
«maison, je les ferai venir & ta maison de torture ct d'exécation ! » Pha-
raon lui dit : « Fais vite, que je ne sois emmené au pays des Négres une
« autre nuit ! » Le chef du secret Horus, fils de Panishi, alla & I'instant, il
prit ses livres avec ses amulettes a la place ot Pharaon était, il lui lut
une formule, il le plit d* 1 pour empécher les sorcelleries des

Ithiopiens de lui faire violence, puis il s'en alla de devant Pharaon, il

prit ses boules de parfums ¥ et ses vases & libations, il s'embarqua a la
berge sur un bateau, et il se rendit sans tarder & Hermopolis. Il entra
dans le temple. d'Hermopolis, il offrit 'encens et {'cau devant Thot,
neuf fois grand ¥, le seigneur d'Hermopolis, le dieu grand; il pria devant
lui, disant : « Tournc ta face vers moi, monseigneur Thot, si bien que
«les Kthiopiens ne rapportent pas l'infériorité de I'Egypte 4 a terre des
« Négres ! Clest toi qui as créé la magie par grimoire, toi qui as suspendu
. «le ciel, établi Ja terre et 'Hadés, mis les dieux avec les étoiles; puissé-je
« connaitre le moyen de sauver Pharaon des sorcelleries des Ethiopiens! »
Horus, fils de Panishi, se coucha dans le temple, et il réva un songe,
cette nuit méme. La figure du grand dieu lui parla, disant : « Es-ta pas
« Horus, fils de Panishi, le chef du secret de Pharaon Manakhphra Sia-
- «mon? Au matin de demain, entre dans Ja maison des livres du
« temple d’'Hermopolis ; tu'y découvriras un naos clos et scellé, tu 'ou-
«\riras, et tu y trouveras une boite qui renferme un livre, celui-la

“ La ville ou le chdtearn de U Horns dicux. Il y a la place de neuf fois le mot
n'est aulre qu alais royal da, grand, et c'est bien neuf da qu'il y
- eprésente les  “¥ait: Thot slappelnit deaz fois grand,
. ce qui était comme un comparatif, et
houlen@s A paFlms, petites ou grosses, trois fois yrand, ce qui est le superlatif
qa’on brilait pendant Follrande. wéyilos; Vépithete TpopéyioTos signi-
@ M. Griffith rétablit ot Jfois grand, . fie'3 proprement parlec le irois fois rois
parce qu'Hleemopolis est la ville des huit  fois grand . c'est-a-dive le neaf fois yrand.

Figure 3.8 A False Negative sample in the Illustration
Detection in NAS
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Figure 3.9 shows some samples of False Positives in Illustration detection on the NAS

dataset.

18 A Keren,

Y ¢ Geicotmninl .
Vhiomiliee - Phtomileas o 3,90, atereineas  — 8,17,
Nopot Wepntar  — 85 Nupatos - hd

Forsion.
Hupotor B0
TRlzidean Neputear w8
Hazaeniear - nn
Ajgrace . TE
Stachrican — 158

Halrsielesener winl 10 folrendan et

-l
pach Wost amaeluecinle Veisclielsolieit aiprtyor Grapme

e

TeiRn Theriscks albioid, e AralaTnagicn
Az e BT oy - TG
Shtariac X}
Srarngilese - 103
Mupotaan - ]
T hlomideme: — —+ .5
ey sk asnsehardicher dasct Eefde Daystellony der eharaktoristisua Tronsodsries

Boae 5 Yot

e Egenthtimehleeitan cines jodeas Gebivdes sind ans dicsen Yahlere Teleht m enl-
Sy st ilwreh e Ajugeen st snsindander Cherfipme dor Di
ortretemlee Bavdilatba, w0 wie Sk rhensn s duvelr bl Satare-
e elnnzaichck B Girinebenlaad, wrmentlich ez
e At gehidbn, o mum,w., 1 W el Ik b 61 i wadeutlicl
naitingis anerr hervar. Sadon ﬂr'uNlrlwr
e ohiyficon s doel i<t i Gber-
¢

eakrome und

ot mcm smm.wm-hnfunmy, olog nd i §
T Pesia et it i st i Npitze, wl Vorbetbeclanul blasen, doutiil, pesBipe
-

elen dheihemehigen Kroses, usd dureh ibe L

a4 Da Masrus Nyeas,

TET w0 [2 u) — g1 6+ 26— 2P
BRI cax (2 fin oo ) one B e Ref
2t A — 2 P
— i, g1
DAGETE o [ o s, p'h e
o AT oo (7,
080232 cos [
0102 cus [a]
00T £ [{as,

s BANITH gon [ 4
— ag0naz
i seldtesalicl

B oven 1,0 == 300015

o L BO81T s 28 = s (o e B0 8

9,768 v Jim, — 18 e n P
O038Y o 2 Do) — 017 - 28 —
QBT rus Jlou e e & w2 2]

=+ QBZOHE non [ {o] oo £ e 3 2]

S GOBEEE e {20, b @14 e € e 05 e )

cho DR 1w S o ity — iy 8 S — )

- 16T e
£ 0E0152 e0a
e BOOI0R e
— DT s
e BODITE coy

0%z s
e DDDYUD e
— Q80075 vos
— ey

FS 7}}5*—)‘}
T “WIJ]!»IA(M‘:‘
e ) s — P F
St e P — 1]

par s — F
[ E
e e
NTRTE

Tzaniiess GRAFSIEE st Wan Kun. 7

s jiilisshe Leicdiof, wolber veo des Kars inck-debosebafath b b wbozabiin
To g n Thidesn, howserkt Padlas ') i Braog
st ¥ e, ot ke ssser oy Sadenstale {Sackufitisd) dor it sehines B
or e duden Bréindfic, suf welehus g, mehzenliils
chgirgn bk i, tin Gessate gines & mie. urleitien
dtio wie Hausgiched mstakint sin, uelos FEoden reidouwise, einige aneh
mit cingegrebenen hebratsehen Bsehrifion * stehone Die Jnder, bemeekt Paliax
frner, hadlen dlivser Bheine That Josaphits e wirth, dass dio 4 s all sie von e

it e Dvolg B, ilin B doss

leu Giedd sl Goschonke ary 2
Friedtudi Bllan on lussen, fn Podge dessen die Juden sicle immer Lottt erkifz, ten Wins
sthets e GRS Aneleiontien . Az it ke OPTE 5 #AmEG D, s Palks von Man-
D spricht, mensor die and dum gl Friolote 5
B deatdi g e worseiudopn Furmen des uad dew -
ex Fricallisien in o Krin ik fubondon fzeabstelne, s it
e wn gl Kl
iber i Keizn

Ui s aessch

4

BRI

1 Vo sl Lufclieuslo

A die t
fut amsd s i g

r % Arsehin

L welshe cine AT T el
ralies Unnleclit,
13 Las whone 2 9 dhie sesdehe nfnde Lawseite
Yt welche 2-—3 Wersthok dick i
B end €, dio rviiseite s Grabsieite, welle Yoo Arsehin bt 3s wal v
B alner Nis il siuh etiuier
[ ————————— Kigrpaa olgonde Anhikman

1 stie

[

£r, Hie Langscito das Grabateines.
31 I obeve gicholfireige Docks 20 Ais L
i Trie Dirwitseite, Do der maeln

ol Grsings singmseberls 1.

e
i e P

S ol
+ Bz, 12

Ticlae w.nmm el
ipe. &

L L
HERS S —

SAVARES

220 AOURNAL DLS
e T © ket S PR
Pidumtsats ki this 40 Yoo, s du tlears 10 i

e il gullrrionmtse, e Fadmkg ot

o v
von o Gt gae
Vcimes Cosrant, Janeinria v Doudhor s 5 Dijan, ibeniriv A
e e ot sk Damsiin. b Pucs <550y (5 d8 &% s avez s
e et aarvtage €51 1B FAPPUR 108 ddveloppd 2 cored sk

fapritds e §2 £ e o s o scs dhumidiris, S b panad 28 Toviaat -
o foo Bltns G T cuflme e ¥oetout, siiain & v bifunbures de Shidiienan
Srine. sr ks hords do b Lodgan v prds e bourg do " L aicanverts gas

Tonte v
igaten, am wynt arkale, 18 apeks bai Yalbd
S somblaiont revela Tedslencs d'tne
isfent o proie donin 1y g e

1

o izznadd sl
Vil ot W aslr ot Yoty w,

e
{awageso dos Trulllns farans wocoprises ane de E.)m... o Verimud, <o 1245
smeabrs de la soatiscion ies antlqutés de e Eaiodie. Ces ais, cantnnes
soin=eda 3» conmmaission fursau [ Mm!lms

B o hoctmseeca. atn. wila gl rmtnioa e wodkasrn, discatng . ham &
préacrtibre  mvas ot Soeradthe s topio e thermas, e debain st
et satfee of o pmpgues s stlain, des v s mech <o, La
ngport do A% Nignord ot Castet wa sy bovte pra & s oasong ds
e antao ks Gt ors nbgainly, domi i ool 1n oesin L4 b o
o pianohen bises Exdcblons o ¥ 1inra ik dinerlation hlstarigu gheine dhbr it
et L B twge g T Gocteweion. a3 ceg Hlle se.
b, e asteatrs e sl oo o adiomas e Viguicr st wsice
e . Cepgusin featmii, o Ventiquitd. Quowque babiloment sontius, S8 o
Hors 25t Aipestalta s s, o1 Vo sonsores des e T o dn vllo, un re-
coamaltea, wvee MM, Mignant ot Gentant, qu'rl cor doxizeee svant 1
s o pass, e ot Tom wbesabos aminilion Gt 1t Jeilles varrtbers

4 oits Apoqoni ek, dhaley parl, on by & g atetne anfquits chrftieans.

TABLE,

L
Hes cacacts antagraghés 4o Mosssin. {1 amtfabr ife 35, cwm,}\} o as7
Hefiastens °“J““Am" sheggli gnic] i e, (Q‘ v derator zobicle J }.! “Faowt- w0
e Lt o do Bnane tof, roduit s prnansis e 24T Borow®, s, (4 nzﬂdz

e B Pnctidlemy SiiabHilais LTy
Novebinn BLrsi#ens o o anne s e w10

Figure 3.9

Samples of False Positives in [llustration detection on NAS dataset




56

In Figure 3.9, we can see that the above images contain some small illustrations and are
detected as illustrations by the model but at the same time they had been labelled as NON in
the ground truth and as a result, they are categorized as False Positives. On the other hand, in
Figure 3.9 at the bottom, we can see images of pages that do not contain just pure text; they

include Formula and Stamp that leads model to categorize them as illustrations.

3.3.3 Experiment Results of Illustration Detection on large unlabeled historical

datasets of ECCO and NAS

As mentioned earlier, in this thesis, our main goal is the classification of document images
based on the presence of illustration and diagram on two large datasets of ECCO and NAS
which consisting of historical document images from ancient manuscripts. Figure 3.10 shows

the overall perspective regarding our aim.

€SB >

unlabeled dataset

N—

Train

-

Small labeled dataset

Figure 3.10 Detecting illustrations and diagrams on large-scale unlabeled datasets

After designing, training and evaluating our proposed model on the training and testing
datasets which are described in detail in the previous sections, we have applied the model on
ECCO and NAS large historical document image datasets. In Table 3.9, the results are

summarized regarding the number of illustration pages detected per each dataset.
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Table 3.9 Experiment Results of Illustration detection on large historical datasets of
ECCO and NAS

Number of detected

dataset Number of manuscripts | Total number of pages
Ilustration pages
ECCO_1 154,926 26,019,457 316.956
ECCO_2 52,689 6,894,680 101.416
NAS 822 527,860 21,602

As it is shown in Table 3.9, around 316,000 document images are detected to contain

illustrations in ECCO _1. This number in ECCO_2 and NAS is respectively around 100,000

and 21,000. The line chart in Figure 3.11 compares ‘the ratio of detected illustrations pages

to the total document pages’ in ECCO_1 and ECCO_2 over the years. It can be seen that

although the total number of document images in ECCO 1 is considerably more than

ECCO 2, the ratio of illustration pages in ECCO 2 is more than ECCO 1.

number of detected il lustrations [ total number of pages (%)

Percent of detected Illustrations by year(bins)

Year{bin)

Figure 3.11 Ratio of the detected Illustrations in ECCO_1 and ECCO_2
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The distribution of the detected illustration pages in the three repositories of ECCO 1,

ECCO 2 and NAS, based on their published year and subject is depicted in the bar charts in

Figure 3.12 and Figure 3.13.
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Figure 3.12 Distribution of detected illustration pages in ECCO over year and subject
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NAS Illustration pages by vear(bins) and subject
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Figure 3.13 Distribution of detected illustration pages in NAS over year and subject

As it is illustrated in Figure 3.12, illustrations detected in the scientific manuscripts
outnumbered the other categories and this is what is expected due to the dependency of

scientific documents on the illustrations to describe the concepts and theories.

3.3.4 Evaluating the results of Illustration detection in large datasets

In the previous section, we presented the results of applying our model to detect illustrations
in full datasets of ECCO and NAS. Large-scale datasets of ECCO and NAS aren’t being
labeled so the evaluation metrics of Precision and Recall cannot be calculated on the all
predicted results on full dataset. To evaluate the results on these large unlabeled datasets, we
leveraged the MOE® (Margin of error, 2007). MOE calculates the smallest number of

samples required to satisfy the defined statistical constraints.

6 Margin Of Error
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szp(l_p) (3 5)

Sample size = —

e ziszscore (initializing based on confidence level value)
e p is the population proportion ( for instance in illustration detection problem is the proportion of

illustration images to all images)
® ¢ is the margin of error

The results regarding the required sample size calculated for each dataset are presented in

Table 3.10.

Table 3.10 Samples sizes to evaluate Illustration detection in large datasets

ECCO_1 ECCO_2 NAS
Population Sample Population Sample Population Sample
Proportion size Proportion size Proportion size
Ilustration
5% 1500 %S5 1500 9% 1400
Detection

Based on the calculated sample sizes, the following three steps are performed:
e Samples are selected randomly from the detected illustrations in each dataset;
e Selected samples are labelled manually;
e Assigned manual labels are compared to model predictions to calculate True Positive,
False Positive and estimate the Precision on the full datasets.

The results of the above process are summarized in Table 3.11.

Table 3.11 Performance evaluation of the Illustration detection model on the large datasets

ECCO_1 ECCO 2 NAS
Sample size 1500 1500 1400
Number of True Positives 1452 1369 1178

Number False Positives 48 131 222
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As it is illustrated in the above table, it can be seen that the results on the large datasets of
ECCO and NAS are almost as precise as we had predicted previously based on the results on

small testing datasets.

3.4 Diagram detection Results

The second step in this thesis, as mentioned earlier in the Introduction chapter, is Diagram
detection. In this step, we aim to detect the diagrams out of the illustrations detected in the
first step. This is a three-class classification problem with the same network architecture
described in Chapter 3. The classes include ‘Illustration’, ‘Diagram’ and ‘NON’. Three

samples regarding these three classes are shown in Figure 3.14.
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Figure 3.14 Samples of the document image in three classes of Illustration, Diagram and
NON

As it is shown, the NON category here is different from the NON category in the first step of
illustration detection. In the illustration detection step, the NON category consists of pages
containing tables, footnotes or pure text. On the other hand, in the Diagram detection step,

the NON category is a subcategory of illustrations detected in the first step which includes
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pages without meaningful illustrations and diagrams, such as title pages as shown in Figure

3.14.c.

3.4.1 Diagram detection training dataset specification

In Table 3.12, the labelled datasets used for the Diagram detection in ECCO and NAS are
introduced. In each dataset, 20% of the data is put aside untouched for testing and the other

80% considered as the training dataset.

Table 3.12 ECCO and NAS Diagram detection dataset specification

ECCO NAS
Class
Number of samples Number of samples
Ilustration 1,486 2,117
Diagram 276 523
NON 637 54

In the Diagram detection task of our project, we had access to almost 2400 labelled images in
ECCO and 2200 labelled images in the NAS dataset which are quite small numbers of
images required to train a CNN model. That’s why we have applied augmentation techniques

to our model as described in detail in section 3.7.

3.4.2 Results of Diagram Detection

In the following sections, the results of the Diagram detection on ECCO and NAS datasets

are represented in detail.
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3.4.2.1 ECCO dataset Diagram detection results

Figure 3.15, shows the loss diagram of the Diagram detection model on the ECCO dataset.
As it is illustrated in the figure, the training process of the model during the 100 epochs is

quite smooth and according to expectations on a well-behaviour model.

model loss

—— training

2.2
validation

2.0 4 \

1.8 A

loss

1.6 A

1.4 A

1.2 A

0 20 40 60 80 100
epoch

Figure 3.15 Loss diagram of Diagram detection on ECCO dataset

Table 3.13, Table 3.14 and Table 3.15, illustrate the results of the diagram classification on
the ECCO dataset based on ‘precision’, ‘recall’, ‘Fl-score’ and also ‘confusion matrix’

metrics.

Table 3.13 ECCO Diagram detection evaluation metrics

precision recall F1-score support(number of images in

the validation set)

Macro average 0.90 0.91 0.90 479




Table 3.14 ECCO Diagram detection evaluation metrics per each class

precision recall Fl1-score Support
(number of images in the validation set)
Diagram 0.84 0.87 0.86 55
Iustration 0.95 0.95 0.95 297
NON 0.92 0.89 0.90 127

65

The precision and recall in detecting diagrams which is our target class here, in the ECCO
dataset are 0.84 and 0.87 respectively. In comparison with Illustration detection, these
numbers are smaller. This can be justified by the similarity between the illustrations and
diagrams structures that sometimes makes them difficult to be distinguished even by human
beings. On the other hand, the fewer number of labelled images to train the model could be

another support to describe less evaluation metric’s rates of precision and recall.

Table 3.15 ECCO Diagram detection Confusion Matrix

Predicted
DIAG ILLUS NON
DIAG 48 6 1
Ground Truth ILLUS 5 283 9
NON 4 10 113

As it can be seen, out of the diagram pages, 6 pages are misclassified as illustrations and one
image is misclassified as NON. The image in Figure 3.16. a is labelled as diagram in ground
truth but the model predicted it as ILLUS. On the other hand, figure 3.16.b is an illustration
in the ground truth. As it can be seen, the patterns of these two images are quite similar. They
both are made of multiple circles and it seems that is why the model confused to distinguish

them.
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35

Second Course thus.

a: diagram in the ground truth, Predicted as Illustration | b: Illustration in the ground truth

Figure 3.16 Similar structures in DIAG and ILLUS

3.4.2.2 NAS dataset Diagram detection results

The Diagram detection model is then applied to the NAS dataset. The loss diagram can be
seen in Figure 3.17 and the results are summarized in Table 3.16, Table 3.17 and Table 3.18.
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Figure 3.17 Loss diagram of Diagram detection on NAS dataset

Table 3.16 NAS Diagram detection evaluation metrics

precision | recall | Fl-score Support
(number of images in the validation set)
Macro average 0.77 0.83 0.80 523

Table 3.17 NAS Diagram detection evaluation metrics per each class

precision recall | Fl-score Support
(number of images in the validation set)
Diagram 0.73 0.83 0.77 116
Illustration 0.94 0.90 0.92 395
NON 0.64 0.75 0.69 12

According to the above table, out of the detected diagrams in the NAS dataset, 73 percent of

them were detected correctly. If we aim to be more focused in our target class considering

our imbalanced dataset, the recall ratio tells us that from all the actual diagram pages, 83

percent of them were correctly identified by the model which is quite an acceptable ratio.
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Table 3.18 NAS Diagram detection Confusion Matrix

Predicted
DIAG ILLUS NON
DIAG 96 20 0
Ground Truth ILLUS 34 356 5
NON 2 1 9

Two illustration pages that are misclassified as NON are as shown in Figure 3.18.

Figure 3.18 Illustrations misclassified as NON

On the other hand, in Figure 3.19, two instances that are labelled as NON in the Ground

Truth are shown.
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Figure 3.19 Two NON instances in the ground truth

As it can be seen, there are strong similarities between the structure of the images in Figure
3.17 and Figure 3.18 and it makes it difficult for the model to detect them truly.

In Figure 3.20 two diagram pages that are misclassified as illustration are shown.

Figure 3.20 Diagram pages misclassified as Illustrations
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Also, it can be seen, these diagrams have similar structures as illustrations and that’s why the

model failed to detect them correctly.

3.4.3 Experiment Results of Diagram detection on large historical datasets of ECCO
and NAS

Referring to our main goal of the classification of document images based on the presence of
illustration and diagram, in the second step, we have applied our model on the detected
[lustrations from the large repository of ECCO and NAS historical document images to
detect diagrams from the detected illustrations in the first step. The number of diagram pages

detected for each dataset is summarised in Table 3.19.

Table 3.19 Experiment Results of Diagram detection on large historical datasets of ECCO

and NAS
Number of detected
dataset Number of manuscripts | Total number of pages
Diagram pages
ECCO_1 39,281 316,956 67,309
ECCO_2 15,034 101,416 16,543
NAS 767 21,602 13,534

Out of the 316,956 illustrations pages in ECCO_1, 67,309 diagrams pages are detected. In
ECCO 2 and NAS, 16,543 and 13,534 diagram pages are detected out of the 101,416 and
21,602 total illustration pages.

Figure 3.21 and Figure 3.22 show the distribution of the detected diagram pages in the three
subsets of ECCO 1, ECCO 2, and NAS, based on their published year and subject.
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Figure 3.21 Distribution of detected Diagram pages in ECCO over year and subject

As expected, again the Science category is detected to have the most pages containing

diagrams in the ECCO dataset.
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NAS Diagram pages by year(bins) and subject
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Figure 3.22 Distribution of detected Diagram pages in NAS over year and subject

3.4.4 Evaluating the results of Diagram detection in large datasets

Regarding the diagram detection problem, the same protocol as described in section 4.3.4 is
used to evaluate the results on the full datasets of ECCO and NAS.

The calculated sample sizes are presented in Table 3.20.

Table 3.20 Samples sizes to evaluate Diagram detection in large datasets

ECCO_1 ECCO_2 NAS
Population Sample Population Sample Population Sample
Proportion size Proportion size Proportion size
Diagram
) 11% 1650 11% 1650 22% 2900
Detection

Table 3.21, represents the results of the evaluation on large datasets.
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Table 3.21 Performance evaluation of the diagram detection model on the large datasets

ECCO 1 ECCO 2 NAS

Sample size 1650 1650 2900
Number of True Positives 1336 1342 2037
Number False Positives 314 308 862

As we can see in Table 3.21, it can be seen that the precision achieved in Diagram detection
on the large datasets of ECCO and NAS almost corresponds to the value on small testing

datasets.






CONCLUSION

In this thesis, we have proposed a deep learning-based approach to retrieve visual
information from large-scale datasets of historical document images. Considering the
importance of typographical objects of illustrations and diagrams in supporting the content of
the manuscripts and also providing an abstract view to make the complicated texts more
understandable, in this work, we aimed to detect document pages that contain illustrations
and diagrams.

Due to the diversity of layout and object structures in ancient manuscripts and considering
the deficiency of hand-crafted feature extraction-based methods, we have leveraged the
capability of automatic feature extraction of CNN-based approaches to deal with these
complexities. In our target datasets of ECCO and NAS, we also faced the two common issues
the same as other real-world datasets: ‘imbalanced dataset’ and ‘scarcity of labelled data to
train the model’ which usually would result in overfitting. To address these issues, we have
empowered our proposed CNN network with the ‘regularization methods of L1 and L2’,
‘augmentation techniques’ and ‘transfer learning’. In our implementation of augmentation,
during the training of the model, in each epoch, the model is exposed to a new set of
randomly augmented image instances from the training set which results in increasing the
generalization power of the model. With transfer learning, instead of initializing our model’s
parameters, randomly, we have initialized them with parameters that are already pre-trained
on Image Net dataset. This way, we could enhance the performance of our classification
tasks and at the same time decrease the computation complexity and time.

Applying our proposed model on large-scale datasets of ECCO and NAS containing more
than 32 Million historical document images with different layouts complexities yields

promising results regarding both performance and scalability.






RECOMMENDATIONS

In the process of analyzing the false positives and false negative samples, we find out that
despite techniques used for dealing with inadequate training labelled samples, if we had more
labelled data that covered more diversity of illustrations and diagrams, we would have
achieved more promising results.

There is considerable number of document images that were misclassified as illustrations due
to the existence of ‘formula’ and ‘map’ in them which made their layouts different in
compare with document images that contain only text contents. It seems that two objects of
‘maps’ and ‘formulas’ could be considered as two categories along with ‘illustration’ and
‘diagram’. In other words, considering the five class classification problem of ‘illustration’,
‘diagram’, ‘formula’, ‘map’ and ‘NON’ would yield more accurate results.

There are considerable numbers of pages that are degraded and contain illegible lines, it
seems removing them from both training and full datasets would help the model not be
confused in the detection of target classes.

As a future work, combining our model with an NLP module to extract the captions of the
illustrations and diagrams create the possibility of extracting an automatic list of illustration
pages along with their captions. It could be a precious source of information retrieval for

these historical documents.
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