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Abstract

U-Net, which was suggested for precise pixel-wise segmentation of biomedical images,
is one of the excellent image-to-image transformation models. Due to its effective
pixel-wise localization representation capability, U-Net is widely used in various re-
search fields. There are lots of studies for improving the performance of U-Net based
models or training U-Net based models with insufficient data. In this paper, two
novel methods, which are based on U-Net, are introduced. First, cascading modular
U-Nets (CMU-Nets) are suggested to train the model by using a limited number of
training data. CMU-Nets are organized with modularized U-Nets trained by a suffi-
cient amount of different training data similar to the target data. The modularized
pre-trained U-Nets are arranged by the optimal order and cascaded as an end-to-end
system. The cascaded modularized U-Nets are connected by the proposed novel inter-
module skip-connections for transferring pixel-wise localization information between
the modules. Consequently, CMU-Nets are trained by the target data as a fine-tuning
process. Second, for improving the performance of CMU-Nets by attention mecha-
nism, an effective improvement method that adopts Squeeze and Excitation network
(SE-Net) is introduced in CMU-Nets. The performance of conventional CNN-based
models can be improved by unconstrained SE-Net utilization. However, CMU-Nets
comprise pre-trained U-Net modules and are connected by the inter-module skip-
connections, a novel method of SE-Net utilization should be suggested. Therefore,
the proposed method, which can be called Attention CMU-Nets (ACMU-Nets), is
suggested by reflecting these characteristics of CMU-Nets. To demonstrate the per-
formance of these two proposed methods, diverse quantitative and qualitative anal-
ysis results are introduced. Since these two proposed methods are designed to ad-
dress complex image transformation issues, the methods are trained by using the
Document Image Binarization Competition (DIBCO) and Handwritten DIBCO (H-
DIBCO) dataset for complex historical document image binarization.
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Chapter 1

Introduction

1.1 Background

Image-informatics is a research area to analyze, generate, and transform images for

various purposes and can be roughly divided into two subareas: image processing and

computer vision. Image processing is a discipline that studies the mathematical signal

processing techniques of images, such as image quality enhancement [1, 2], geometric

transformation [3, 4], color transformation [5, 6], reconstruction [7, 8], compression [9,

10], and comprehension [11, 12]. In contrast, computer vision is research area to

extract useful information into an image for conducting specific purposes such as

object recognition [13, 14], detection [15, 16, 17], and tracking [18, 19].

Early systems for image processing and computer vision were designed based on

specific rules, such as setting optimized threshold values or adjusting the proper size of

filters [20, 21]. In rule-based systems, since setting optimized rules for proper results

is mightily important, these systems require technical know-how to set these threshold

values or filter size. Even though these heuristic rule-based systems can often operate

image processing or computer vision tasks properly [23, 24], the performance of these

rule-based systems can be changed easily by the conditions [22]. Furthermore, as

shown in Fig. 1-1, since recent image-processing and computer vision tasks have been

15
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Output image Attribute values

Image processing Computer vision

 Morphological transformation

 Geometric transformation

 Color transformation

 Noise reduction

 Image filtering

…

Input image Input image

 Traffic lane detection

 Object classification

 Contour estimation

 Segmentation

 Feature descriptor 

(pedestrian detect) 

..

Figure 1-1: The examples and correlation of image processing and computer vision
tasks. Early tasks had been conducted separately. However, since recent tasks have
been more sophisticated, lots of their algorithms have required and been conducted
simultaneously.

more sophisticated, the number of required algorithms for solving the complicated

image-processing and computer vision tasks has increased. These requirements make

rule-based systems more heuristic and a complicated structure.

After introduction of Artificial Neural Networks (ANNs), these heuristic rule-

based systems have been replaced by various ANN-based systems [25, 26]. ANN-based

systems do not need to set an optimized threshold value or finding the proper size of

filters for generating the desired output since the output of ANN-based systems can

be determined by sufficient training with image data. Moreover, since these ANN-

based systems can be trained by using lots of training images in various conditions,

these systems more adaptive compared with the existing rule-based systems [27].
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1.2 Motivation

1.2.1 Importance of Sufficient Training Data in ANN-based

Systems

Even though ANN-based systems are more powerful and adaptive than existing rule-

based systems, a sufficient amount of high-quality annotated training data is required

to train these ANN-based systems effectively [65]. For example, when we want to

train Convolutional Neural Networks (CNNs) for vehicle detection, a large amount

of vehicle images with annotation information like the position values of vehicles is

required as well as input images. However, it is difficult for individuals to create a

sufficient amount of annotations since generating proper annotations has several issues

such as time-consuming, label-ambiguity, and requirement of expert knowledge.

Therefore, researchers have developed their CNN-based systems by using public

datasets with accurate annotation, such as MNIST and ImageNet dataset [25], to

avoid the shortage problem of training data [66, 47, 67]. These public datasets help

researchers optimize the model training of their CNN models. However, since those

datasets are prepared for classification tasks, they only help the classification systems

and are not useful for different tasks. For example, to train CNN models for pixel-wise

image-to-image transformation such as a semantic segmentation task, those datasets

are useless. Instead, training image datasets with pixel-wise annotations are required.

Compared to the case of generating annotations for classification like ImageNet,

generating pixel-wise annotations for image-to-image transformation is time-consuming

much more. Fig. 1-2 shows examples of training data insufficiency for pixel-wise

image-to-image transformation. Compared with the ImageNet dataset that contains

over 14 million images [25], datasets with annotated images such as the Document

Image Binarization Competition (DIBCO) dataset contain only dozens to hundreds

of pixel-wise annotated images. Even though we can consider to generate these pixel-

wise annotations, it is not easy for typical images with millions of pixels. In addition,



18 CHAPTER 1. INTRODUCTION

Datasets for classification
Datasets for pixel-wise

image-to-image transformation

ImageNet (14,000,000)

MNIST (60,000)

DIBCO (10 ~ 25)

ISBI EM images (30)

Figure 1-2: Examples of pixel-wise annotation insufficiency in public datasets.
Datasets for classification like the ImageNet dataset contain a huge amount of an-
notations. However, datasets for pixel-wise image-to-image transformation like the
DIBCO dataset contain only dozens of annotated images.

pixel-level annotation is equivalent to a pixel-level classification and thus it always

encounters ambiguous cases where the correct class (e.g., foreground or background)

is not clear. Moreover, some tasks, such as medical image binarization, require the

participation of experts in the task and thus do not allow us to use crowdsourcing

tasks.

To overcome this limitation, various data augmentation methods such as rotating

and shifting are considered [71]. However, data augmentation methods are not an

optimal method to solve the problem of insufficient data, since data augmentation is

conducted by using existing training images [72].
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Bleed-through

Stain

Blurred

Non-document

(b) H-DIBCO 2018 test image(a) DIBCO 2009 test image

Figure 1-3: Examples of input image variations that may degrade image-to-image
transformation (binarization) performance. Image (a) and (b) are DIBCO 2009 and
H-DIBCO test images. Several noises like bleed-through and non-document noises
are added compared with (a).

1.2.2 Robust Image Transformation of Image-to-image CNN

at The Test Phase

Compared to image-to-values CNN systems, image-to-image CNN systems are more

complicated to acquire training data and require more effort to complete their model

training. Therefore, researchers expect their image-to-image CNN systems to show

robust performance regardless of test data conditions. However, Fig. 1-3 demonstrates

that these image-to-image CNN models should consider newly added noises in the

recently published test images. Compared with Fig 1-3 (a), the H-DIBCO 2018 test

image was exposed at various noises like bleed-through, stain, and non-document

noises. These various noises can lead to the poor performance of well-trained image-

to-image CNN systems at the test phase.

A straightforward remedy to make image-to-image CNN models robust to a large

variation of input images is to prepare sufficient training images. However, as noted
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in the previous section, the preparation of a sufficient number of annotated images

is very difficult in practice. Data augmentation methods also have a limitation to

deal with the unexpected variations in input images. In addition, these tasks are

time-consuming and cannot be fundamental solutions for robust performance at the

test phase.

To solve the problem effectively, researchers have come to realize that after model

training is complete, fixed parameters must be effectively handled in the test phase [181].

Therefore, researchers have performed many studies to deal with the change of in-

put image due to fixed parameters, among them, an attention mechanism has been

applied to solve this problem [75].

1.3 Purpose

The purpose of this thesis is twofold: training an image-to-image transformation

model with insufficient training data and improving the performance of the image-to-

image transformation model with attention mechanisms. The two proposed models

are based on U-Net [49] that was suggested for precise semantic segmentation of

biomedical images since U-Net has been utilized in various image-to-image transfor-

mation tasks [174, 173, 55].

For the first purpose of this thesis, I proposed a novel U-Net based image-to-image

CNN models called Cascading Modular U-Nets (CMU-Nets). CMU-Nets achieves ro-

bust image transformation with a limited number of training data. For the second

purpose of this thesis, I proposed Attention CMU-Nets (ACMU-Nets), which intro-

duces an attention mechanism to CMU-Nets. More specifically, Squeeze and Exci-

tation network (SE-Net) [64] is introduced to ACMU-Nets to improve the complex

image transformation performance.
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Preparing good bricks

Pre-training U-Net 
for specific minor purpose

Cascading pre-trained
U-Net modules

Putting cement into bricks
Constructing 
a brick house

Fine-tuning
cascaded U-Nets
with small data

Figure 1-4: The design process of CMU-Nets can be illustrated as constructing a
brick house.

1.3.1 Complex Image Transformation with Insufficient Image

Data by Cascading Pre-trained U-Net Modules

For robust image-to-image transformation performance of U-Net based systems by

using a limited number of training data, I proposed CMU-Nets in this thesis. If the

training data are insufficient for effective model training, the direct end-to-end gener-

ation in image-to-image CNN models can affect performance degradation [114]. How-

ever, CMU-Nets adopt modularized pre-trained U-Nets for solving the data shortage

problem and the cascading structure of the individual U-Net modules for conducting

complex image transformation.

The design process of CMU-Nets can be illustrated as constructing a brick house

like Fig. 1-4. In the first step of designing CMU-Nets, like preparing good bricks

for constructing a brick house, individual U-Net modules are secured for specific

minor purposes of a target task. CMU-Nets are verified the image transformation

performance in historical document image binarization. Therefore, the individual

U-Net modules are trained for the pre-processing of image binarization by using a

sufficient amount of image data.

Next, the pre-trained modules are cascaded and connected like putting cement into

the bricks. For conducting the target task of CMU-Nets, the pre-trained U-Net mod-
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ules for minor purposes should be cascaded. Compared with the conventional deep-

depth U-Net based models, additional connections between the used U-Net modules

are required since CMU-Nets are organized with pre-trained U-Nets.

Finally, to optimize the cascaded model, fine-tuning is conducted with extremely

small data. The cascaded U-Net modules should be fine-tuned by using a small

amount of target data for conducting the target task.

The key ideas of CMU-Nets can be summarized as follows: 1) the decomposition

of the complex target task into a cascade of simpler image-to-image transformation

tasks and 2) the pre-trained of U-Nets for realizing each simple transformation task

by a different (general) dataset with sufficient training data. Since these pre-trained

U-Net modules can conduct image processing techniques like dilation and histogram-

equalization, CMU-Nets, which are organized with these pre-trained U-Net modules,

can conduct complex computer vision tasks that include these image processing tech-

niques.

1.3.2 Performance Improvement with Attention Mechanism

at The Test Phase

CNN-based models with attention mechanisms have shown significant performance

improvement in various image processing [74]. Since CNN-based models with atten-

tion mechanisms can adjust (recalibrate) the parameters for effective feature extrac-

tion at the test phase, attention mechanisms can be utilized to design adaptive CNN

models. Among these attention mechanisms, the powerful channel-wise recalibra-

tion ability of SE-Nets can improve the representation performance of the network by

modeling the NN’s interdependencies between the convolutional channel features [75].

Moreover, SE-Nets can be utilized easily since SE-Nets can be attached in a network

unconstrainedly and do not burden parameter increase of a network largely.

Since SE-Nets have the strengths of effective performance improvement with sim-

ple attachments of SE-Nets, ACMU-Nets utilizes the SE-Nets for improving the per-
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formance of CMU-Nets. As reviewed before, SE-Net is an attention mechanism and

has a function to re-calibrate the important features adaptively and has given more

accurate results in various image-to-image transformation tasks. Since CMU-Nets

also aims to realize image-to-image transformation, we can expect a similar perfor-

mance by the introduction of SE-Nets.

However, since CMU-Nets adopt two different strategies compared with the exist-

ing U-Net based models: pre-trained U-Net modules and connections between U-Net

modules, conventional utilization of SE-Nets can be not proper to be adopted in CMU-

Nets. Therefore, in ACMU-Nets, effective SE-Net utilization should be suggested for

improving the model performance at the test phase.

1.4 Contribution

The focus of this thesis is to develop methods that are efficient model learning methods

of image-to-image transformation model. According to the studies on CMU-Nets and

ACMU-Nets, I confirmed that the studies make several contributions in complex

image transformation.

The contributions of this thesis are as follow:

∙ To solve the problem of an insufficient amount of training samples, CMU-Nets

were introduced. CMU-Nets adopted pre-trained U-Net modules and connec-

tions between U-Net modules to be trained with a limited number of target

images. CMU-Nets achieved robust historical document image binarization as

complex image transformation. Since CMU-Nets are organized with pre-trained

U-Net modules for various image processing, CMU-Nets proved that a com-

plex computer vision task like document image binarization can be conducted

well. CMU-Nets proved that improving the model performance and training

the model with an insufficient amount of data are possible simultaneously.

∙ For improving the performance of CMU-Nets, CMU-Nets incorporating SE-
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Nets called ACMU-Nets are proposed. In the ACMU-Nets’ research, the proper

utilization of SE-Nets in CMU-Nets is suggested. Also, the modified training

method of individual U-Net modules affects the performance improvement of

ACMU-Nets.

∙ Qualitative and quantitative results of CMU-Nets are demonstrated in detail. I

evaluated CMU-Nets by using all DIBCO and Handwritten DIBCO (H-DIBCO)

datasets from 2009 to 2018 [76, 77]. Moreover, I evaluated CMU-Nets by various

types of noise. By demonstrating various comparative results with several image

binarization methods, I confirmed that CMU-Nets achieve the state-of-the-art

performance of historical document image binarization.

∙ Qualitative and quantitative results of ACMU-Nets are also demonstrated. I

experimentally demonstrate the value of SE-blocks in CMU-Nets and simply

cascaded U-Nets to verify how SE-Nets can contribute to model performance.

I evaluated ACMU-Nets by using DIBCO 2017 dataset [78]. I confirmed that

ACMU-Nets achieve better performance in document image binarization com-

pared with several image binarization systems including CMU-Nets.

1.5 Organization of Thesis

The remainder of this thesis is organized as follows:

Part I describes the complex image transformation of historical document im-

age binarization. Chapter 2 provides the background and the related work of com-

plex image transformation deep learning methods and document image processing.

Chapter 3 demonstrates the detailed information of CMU-Nets that are novel cas-

caded pre-trained modularized U-Nets. Chapter 4 demonstrates experimental results

with quantitative and qualitative results by using all DIBCO [79] and H-DIBCO [77]

datasets.
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Part II describes the complex image transformation of ACMU-Nets. Chapter 5

provides the background and related work. Chapter 6 introduces the detailed informa-

tion of ACMU-Nets. Chapter 7 demonstrates evaluated quantitative and qualitative

results by using DIBCO 2017 [78] dataset.

The conclusion of this thesis is drawn in Chapter 8.



Part I

Complex Image Transformation with

Insufficient Data
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Chapter 2

Background and Related Work

2.1 Image Analysis with CNNs

2.1.1 Deep CNNs

The first CNN model was introduced by LeCun et al. for handwritten zip code

recognition [80], and then LeNet5 was suggested as a supplemented CNN model [28].

In Fig. 2-1 LeNet5 consists of two convolutional layers, two sub-sampling layers, and

two fully-connected layers. After the introduction of LeNet5, with various studies for

improving the performance of CNN [81, 82], Krizhevsky et al. suggested an improved

architecture of a CNN model, called AlexNet [25]. AlexNet utilized various strategies

used in recent years such as Rectified Linear Unit (ReLU), dropout, overlapping

pooling, Local Response Normalization (LRN), and data augmentation to improve

CNN performance.

After the introduction of AlexNet, CNN studies have been conducted to develop

deeper models for better performance [48]. Among them, GoogleNet [83] and VG-

GNet [47] focused to improve the performance of CNN through designing a deeper-

depth architecture of CNN. In particular, VGGNet reduced the kernel size of the

convolutional layer from 7×7 or 5×5 to 3×3 to design a deep-depth CNN model. Ac-

27
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: Convolutional layer
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: Fully connected layer
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“ 2 ”

LeNet-5

Figure 2-1: The architecture of LeNet5.

cording to the architectural changes, the network was made deeper and the amount

of total weight used at the same time was reduced. Afterward, He at al. solved the

performance deterioration caused by blindly increasing the depth of a CNN model by

using the residual block [84]. These studies are still being used as base models for

recent CNN-based models.

Since deep-depth CNNs have shown robust performance in object classification,

numerous CNN-based models have been proposed for conducting diverse image pro-

cessing tasks [29, 30]. CNN-based models have shown their powerful ability of image

processing in various fields such as classification [31, 32], tracking [33, 34], image gen-

eration [35, 36], and semantic segmentation [37, 38]. Among them, CNN-based models

for semantic segmentation enable to perform a pixel-wise image-to-image transforma-

tion since these models utilize the extracted features of an image to generate an image

output [39, 40].

2.1.2 Image-to-image transformation by CNNs

Among various image processing studies, image-to-image transformation is a research

field that is actively being performed from existing rule-based systems [41, 42] to re-

cent CNN-based systems [43, 44]. These image-to-image transformation tasks include
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(a) Image-to-values network

(b) Image-to-image network

“ wall clock ”

Figure 2-2: Examples of a difference between CNN-based image-to-values and image-
to-image models. Fig. 2-2 (a) is an example of an image-to-values network, VG-
GNet [47]. Fig. 2-2 (b) is an example of an image-to-image network, U-Net. U-Net
is based on VGGNet.

simple tasks such as morphological or geometrical image transformation as well as

complex tasks such as instance or semantic segmentation. The existing rule-based

systems can generate their output image by passive criteria through thresholds [45]

or find their optimal threshold values for effective image transformation by calculat-

ing the pixel value of the image. In contrast, CNN-based models for image-to-image

transformation can generate their output image by learning not only information

on a single-pixel value but also global information such as attribute information.

Therefore, CNN-based models for image-to-image transformation have shown robust

image transformation, although their image transformation tasks include complicated

issues [46].

Early CNN-based models took image-to-values transformation structures, such as

image classification and detection [47, 48]. Since image-to-values CNN models capture

and learn proper features in an image well, these image-to-values CNN models can

output attribute information like class labels of a classification task as shown in
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Fig 2-2. However, for an image-to-image transformation task such as segmentation

and generation, the architecture of image-to-values CNN models should be revised.

Therefore, robust image-to-image models have been introduced such as FCNs [39],

SegNet [37], and U-Net [49].

Compared with image-to-values CNN models, image-to-image transformation mod-

els are designed to produce an image output with attribute information. As shown in

Fig 2-2, an image-to-image network can output an image compared with the attribute

outputs of image-to-values networks like class labels. Due to the strength of these

image-to-image transformation models, image-to-image transformation models such

as U-Net are being developed to perform complex image transformation, such as med-

ical image processing [50, 51], document image binarization [52, 53], and autonomous

driving cognitive systems [54, 55].

The purpose of semantic segmentation is to classify all pixels in an image into

a pre-defined number of classes, which is called dense prediction because it makes

predictions for all pixels. Existing CNN models lose detailed location information

due to the number of parameters such as AlexNet and VGGNet, and the use of layers

that reduce overtaking. To solve the problem of loss of location information, Long

et al. proposed a Fully Convolutional Network (FCN) that uses convolutional layers

instead of fully connected layers [39].

For effective semantic segmentation, FCN has applied two techniques different

from existing CNN-based models. The first is 1×1 convolution process instead of a

fully-connected layer and the second is a deconvolution process using skip-connection.

FCN gained the ability to process the entire image at once while maintaining spatial

information by using 1×1 convolution. In addition, FCN can perform effective pixel-

wise prediction through an up-sampling process and a process of combining pooled

features through skip-connection to restore the reduced feature map that has been

subjected to several convolution and pooling processes to the original image size.

These FCN studies have had a great influence on the semantic segmentation and
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Figure 2-3: The architecture of U-Net.

image-to-image transformation task.

2.1.3 U-Net for Precise Image Segmentation

After introducing FCN, a CNN-based model for precision biomedical image segmenta-

tion called U-Net was proposed by Ronneberger et al [49]. In Fig. 2-3, the structure of

U-Net is demonstrated. U-Net’s contracting path is organized by using VGGNet that

includes 3×3 convolution layers, 2×2 max-pooling operations, and ReLU as activation

functions. That is, 3×3 Conv → ReLU → 2×2 max-pooling → 3×3 Conv → ReLU

→ 2×2 max-pooling. On the other hand, the expending path of U-Net conducts up-

sampling operations with concatenating between the upsampled and downsampled

feature map. After that, the last part of U-Net performs a 1×1 convolution operation

to map 64 component feature vectors to the desired number of classes.

U-Net has two different important points compared to FCN. The first is that the

number of feature channels is large during the upsampling process. This means that

context can be propagated to successive resolution layers. The second is that possible

to conduct robust segmentation by using the overlap-tile technique. In Fig. 2-4, it

describes the overlap-tile technique of U-Net, where tiles of different sizes overlap each
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Figure 2-4: Overlap-tile strategy of U-Net. Red bounding box is patch as an input
and yellow box is predition of segmentation.

other to perform prediction. In this process, missing data is extrapolated through the

mirroring method.

In the end, U-Net showed effective semantic segmentation performance in the

biomedical field by applying the up-sampling architecture and the skip-connection of

an extended concept than FCNs. These strengths of U-Net have led to various U-Net

based models being proposed, and are used not only in the field of image segmentation

but also in various image transformation tasks.

2.1.4 Data Shortage Issues and Solutions in U-Net

Since U-Net is also a CNN-based model, the model training of U-Net should be per-

formed using image data. CNN-based models basically face the problems of under-

fitting or overfitting when researchers optimize model training by using insufficient

training data. Even though these problems can be solved by using the validation

process, dropout, etc., securing sufficient high-quality data and performing model

training with using these sufficient data can solve these problems effectively. How-

ever, obtaining enough high-quality data is a very difficult task. For example, to
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perform U-Net training for comprehensive document image analysis, various types of

document images from printed document images to handwritten document images

must be secured. In addition, time-consuming manual work is sometimes required to

create ground truth images of the acquired images. In the end, the problem of secur-

ing sufficient data led researchers to develop new U-Net models, and new approaches

to overcome the data problems.

Data augmentation is the method of increasing the amount of learning data

through various physical changes [71]. It crops, rotates, flips, translates, and re-

sizes the image to increase the amount of data by giving morphological changes, and

it also increases the total amount of data by changing information inside the image

such as color modification and noise addition. These data augmentation strategies

have been still considered since it is an easy way to increase insufficient image data.

Even though the data augmentation strategy is an effective data utilization method

on CNN, the data augmentation method is limitedly used since it is performed using

only the given data. Furthermore, excessive changes in the process of data augmen-

tation may cause deterioration in learning performance.

Transfer learning is a method of using the weight of a pre-trained model as an

initial value [73]. When researchers want to train CNN-based models for specific pur-

poses, training a randomly-initialized CNN-based model is a hard and time-consuming

task. Therefore, researchers can utilize a well-trained CNN model as a pre-training

process and train their CNN-based models by using their specific data for the pur-

poses. In addition to the effect of shortening the overall training time, transfer learn-

ing is also used for model training using insufficient data due to the advantage of

being able to easily apply optimal weights to the model. However, to perform trans-

fer learning, it is easy to have the same structure as the model in which weights are

to be used. Moreover, if the training data of the base model for weight transfer and

the data for fine-tuning are not similar, the performance of the newly trained model

may be degraded.
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Domain adaptation is a method that enables learning even when there is no in-

formation on the target domain or is very sparse [87, 88, 89]. Domain adaptation is

a method when the domain of the task, such as object recognition, is changed to a

different domain (target domain) that is somewhat related but not the same from the

previously learned source domain, and then transfers the trained information. The

domain adaptation method also utilizes the method of using the domain of external

source data like transfer learning, but it also trains the target data domain so that

model training can be performed even in extreme situations.

2.2 Document Image Analysis

2.2.1 Rule-based Document Image Analysis Systems

With the development of computers and various scanning devices, documents can

be easily captured as images, and various image processing technologies have been

utilized for document image analysis [90]. The purpose of document image analysis

is to recognize the text and graphic components of document images. Document

image analysis research has been conducted in a variety of ways not only to improve

the quality of document images [91] but also to recognize the components of docu-

ment images [92]. Document image analysis techniques have been developed along

with various image processing techniques [93]. For effective and efficient document

image processing, various pre-processing processes are required [94, 95]. Since these

pre-processing methods are applied as part of a single integrated document analysis

system, they should be lighter and less complex than the main algorithms. There-

fore, many preprocessing processes adopt filtering or thresholding methods to simply

provide the converted image.

Even though these rule-based pre-processing technologies have been efficiently

used in document analysis systems, they are often sensitive to user intervention. In

Fig. 2-5, threshold-based image binarization techniques produce very different re-
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Figure 2-5: Examples of a threshold-based image processing technique’s results. Im-
ages from upper left to lower right correspond to the original image, the binarized
result controlled by the threshold value 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8 and 0.9.

sults depending on the threshold value. Therefore, early threshold-based technologies

showed a huge preformation according to the threshold value set by the user. To com-

pensate for the problem of these global threshold-based technologies, locally adaptive

threshold-based technologies and hysteresis threshold-based technologies have been

suggested. Although these threshold-based technologies are designed with a relatively

simple structure, they have been used in recent document analysis systems since they

show robust performance.

2.2.2 Neural Network-based Document Image Analysis Sys-

tems

Compared with rule-based document image analysis systems, neural network-based

document image analysis systems can generate appropriate results with minimal user

intervention [28, 58]. For robust document image transformation performance, neural

networks only require a sufficient amount of high-quality training images. In addition,

since neural networks have been improved tremendously [96], the neural network-

based systems have been also improved significantly [97]. These improved document

analysis systems can be adopted in various document analysis tasks such as page

analysis [98], text recognition [99], and non-textual information recognition [100].
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Early neural network-based document image analysis systems used early neural

networks such as MLP [28]. Since then, CNN-based document analysis systems have

had great success, e.g. achieving 100% accuracy on the NIST tax forms dataset or

higher accuracy than existing fine image processing based feature extractors [97, 101].

These successes stimulated the emergence of more diverse CNN-based document anal-

ysis systems [66, 102], among which document analysis systems using image-to-image

transformation networks were proposed [43, 103]. These image-to-image transforma-

tion networks based systems showed superior performance compared to previous sys-

tems, such as the DIBCO 2017 winner system [78]. In DIBCO 2017, Bezmaternykh et

al. won by suggesting a U-Net based document image binarization system [104], and

H-DIBCO 2018 also showed better binarization performance than the image process-

ing based H-DIBCO 2018 winner system [105]. That is, well-trained image-to-image

transformation models can replace great traditional document analysis systems.

2.3 Related Work

In this chapter, U-Nets, stacked U-Nets, and document image binarization systems

are described briefly.

2.3.1 U-Nets and Stacked U-Nets for Complex Image Trans-

formation

Due to the significant achievements of CNN models [106, 107, 108], lots of vari-

ants of CNN have been studied for tackling complex tasks. Among these variants,

image-to-image transformation CNN-based models have shown significant semantic

segmentation [49, 39, 37].

U-Net was proposed to deal with biomedical image segmentation, has been shown

to have significant pixel-wise segmented results [49]. Due to the strength of U-Net,

variants of an U-Net have been studied to transform the shape of the traditional U-
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Net [109], to segment liver and tumor with densely connected DenseNet [110] and U-

Net, to expand 2-dimension operation to 3-dimension operations [111], and to generate

outputs by conditional U-Net [112].

To improve the performance of U-Net, studies on the utilization of cascaded

U-Nets has been implemented [113, 114, 115]. In the case of [114], stacked U-

Net (SUNet) is suggested for complex natural image segmentation. SUNet applied

customized U-Net modules included outer residual connections. Therefore, SUNet

cascades a large number of U-Net modules that are downsized the conventional U-

Net. Sevastopolsky et al. suggested a novel U-Net-based model that diagnoses glau-

coma effectually [113]. Their model comprises several stacked U-Nets by using the

conventional U-Net and residual U-Net (RUN) blocks. They adopted a method of

copying and cropping features by simply cascading the features of the contracting

path, which is referred to as skip-connections. They also utilized a method of elastic

deformation and weighted cross-entropy strategies to augment the data. Isensee et

al. proposed a cascaded 3D U-Net architecture in the case of large size images [116].

They utilized cascaded 3D U-Nets for minimizing global contextual information loss

since conventional U-Net adopted local feature extraction. Moreover, Tang et al. pro-

posed coupled U-Nets (CU-Nets) for robust human pose estimation [117]. CU-Nets

coupled each U-Net pair with their proposed coupling connections. CU-Nets achieved

state-of-the-art performance with fewer parameters than other approaches.

2.3.2 Document Image Binarization Systems

Image binarization is to classify all pixels of an image by black and white. Since

the binarized image can be utilized to detect features of objects included in the

image such as character recognition, image binarization is known as a basic work for

utilization in various applications of document image analysis. In rule-based image

banarization methods, setting proper threshold values is required for robust image

binarization [118].
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Rule-based image binarization can be defined by three types: global fixed thresh-

olding, locally adaptive thresholding, and hysteresis thresholding. Otsu’s binarization

method [20] is one of global fixed thresholding methods to find an optimal threshold

value that minimizes intra-class variance between two classes or maximizes inter-class

variance when pixels of an image are classified into two classes based on an optimal

threshold value. Since a global fixed thresholding method utilize a single value to clas-

sify pixels of an image, binarizing an image with drastic changes in brightness such

as high-contrast is a difficult task. Therefore, locally adaptive thresholding methods

that calculate threshold values applied to different small areas of an image [22, 119]

and hysteresis thresholding methods that are techniques in which one’s own classifica-

tion result can vary depending on the classification result of surrounding pixels [120]

have been applied instead of global fixed thresholding methods. These rule-based

image binarization methods had shown robust binarization performance, and thus

these methods had been applied in historical document image binarization. Among

them, various rule-based document image binarization systems have been introduced

in DIBCO and H-DIBCO.

In 2009, the 1st DIBCO was held [79] and has released about 20 images almost

every year since. According to DIBCO and H-DIBCO, various and novel binarization

methods have been suggested [77, 78, 105]. Early document binarization systems

in DIBCO and H-DIBCO were implemented by applying traditional image process-

ing techniques [79, 76]. These studies focused on explicitly defining the optimal

thresholds for separating foreground and background areas. Alternatively, there were

studies that tackle automatically setting the thresholds [20, 22, 121]. However, these

rule-based approaches have limitations. They cannot always be generalized to ev-

ery task. In historical document image binarization, the binarization systems would

have to handle unexpected cases such as bleed-through, fading ink, and paper aging.

Moreover, they sometimes rely on manually-tuned parameters.

To overcome the problems of traditional image processing techniques, several doc-
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ument image binarization systems in recent DIBCO and H-DIBCO have been sug-

gested that were based on ANNs. In DIBCO 2017, the winner team suggested a

U-Net based document image binarization systems [104]. The winner established two

main strategies in their image binarization system. First, they put effort into aug-

menting the data for model training due to the limitations of contest images provided

by DIBCO and H-DIBCO. They acquired thousands of document images similar to

contest images and used them for model training. Second, they implemented a single

robust U-Net through optimization techniques, various reinforcement strategies, and

a tiling coverage method instead of a sliding window method in conventional U-Nets.

CNN-based Document binarization methods have been also introduced in the

various international conferences as well as DIBCO. Akbari et al. suggested two-

channels convolutional networks are trained to classify foreground pixels [122]. Their

two-channel models utilize original images and its binarized images by using the

structural symmetric pixels (SSPs) [123]. Peng et al. suggested multi-resolution

attention FCN [39] model [124]. Their method infers the probability of text areas by

utilizing a multi-resolution attention model for overcoming conventional document

binarization methods that adopt hand-craft and empirical processes. In addition,

Mondal et al. suggested a 2D morphological network by concatenating feature maps

that are generated by dilated and eroded layers [125]. Hollaus et al. suggested a

multispectral document binarization system inspired by the U-Net [126]. Their model

utilized pre-trained ResNet-50 [127] in the contracting path of the U-Net for reducing

training time and enhancing segmentation performance. According to these studies,

CNNs based document binarization systems have been demonstrated that they can

replace the techniques based on image processing technologies.

However, the limited historical document binarization ground truth is a challenge

for traditional deep learning architectures. Because of this difficulty, there are still

lots of systems based on traditional image processing technologies in recent DIBCO.

For example, Mondal et al. suggested an image binarization system based on fast
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Fuzzy C-Means with image processing techniques [128]. Since their system adopts

image processing techniques such as stroke width calculation, SSPs, and Niblack’s

thresholding [129], the system is a learning-free system by contrast with ANNs-based

systems. Also, the winner of H-DIBCO 2018 [105] is composed of morphological trans-

formations, stroke width transform (SWT) [130], and Howe’s binarization [131] to di-

vide foreground and background pixels. Their system adopted image post-processing

to decrease noise effect and conserve text stroke connectivity. Even though the H-

DIBCO 2018 winner team did not utilize an ANN scheme for building their system,

they clinched the victory of H-DIBCO 2018.

2.4 Summary

Rule-based image processing systems have shown good performance in various image

analysis, although these systems adopt relatively simple structures. These rule-based

systems can be optimized by the user’s know-how to set the optimum threshold value

or the filter size. However, the outputs of these rule-based systems can vary with the

set threshold values. Therefore, these rule-based systems aimed to find the optimal

threshold values such as adaptive and hytheresis thresholding methods.

In contrast, since CNN-based models can easily produce great results with minimal

user intervention, CNNs have been used for various image analysis. CNN started

from a very simple structure like LeNet and has been actively utilized not only for

fundamental and theoretical studies such as effective activation function and deeper

architecture, but also for complex image analysis applications such as classification,

tracking, and segmentation. Due to these significant achievements of CNN-based

models, recent CNN-based models have shown cognitive abilities beyond humans in

many fields.

CNN-based models not only have been improved their performance, but to per-

form tasks that were not possible before. Among them, U-Net has been proposed
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for image-to-image transformation. Since U-Net have shown significant a pixel-wise

prediction ability in biomedical image analysis, various improved U-Net variants have

been suggested [109, 111]. Among various U-Net studies, studies of stacked U-Nets

have been suggested for enhancing U-Net’s performance [113, 114, 132].

In the document image binarization research, like general image processing sys-

tems, rule-based systems [20, 22] to U-Net-based systems [133] have been proposed.

Among them, U-Net-based image binarization systems have achieved significant bi-

narization performance in DIBCO and H-DIBCO [78, 104].
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Chapter 3

Cascading Modular U-Nets

(CMU-Nets)

CMU-Nets have several differences from existing stacked U-Net models. In Fig. 3-1,

I illustrated the differences between the existing stacked models and the proposed

model visually.

• Compared with the existing stacked U-Nets studies, CMU-Nets are designed

for a different purpose. Existing stacked or cascaded U-Net research aims to

enhance the model performance by organically connecting two or more U-Nets.

However, the proposed model is designed to improve the performance with a

limited number of training images. Therefore, CMU-Nets are comprised of pre-

trained U-Net modules, whereas the existing stacked U-Net models are trained

with sufficient samples from scratch.

• Compared with the individual U-Net module in the existing stacked U-Nets,

the role of an individual U-Net is different. Each U-Net in the existing stacked

U-Nets has no specific role by itself, whereas each U-Net in CMU-Nets is trained

to solve a specific image processing task. Although, CMU-Nets are finally op-

timized with fine-tuning.

43
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Figure 3-1: The difference between CMU-Nets and existing stacked U-Nets.

• The last and most important difference is their network structure. The proposed

CMU-Nets has a novel structure between modular U-nets called inter-module

skip-connections. The proposed inter-module skip-connections are important

for achieving better performance as proved experimentally in the later section.

In Fig. 3-2, I illustrate the overall structure of CMU-Nets visually. Before explain-

ing the detailed information of the proposed model, I explain U-Net’s two primary

characteristics. First, U-Net’s structure is consists of the contracting path and ex-

panding path structures for pixel-to-pixel prediction. The contracting path in U-Net

extracts context features through convolutions and down-sampling (max-pooling) and

the expanding path contains up-sampling and de-convolutional layers. Second, U-Net

adopts skip-connections for transmitting features from the contracting path to the ex-

panding path. The skip-connections in U-Net induce more accurate localization in the

expanding path. According to these characteristics, U-Net has shown robust image

segmentation results. I was inspired by these characteristics of U-Net and I utilize

them for designing CMU-Nets.
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Figure 3-2: Concept of CMU-Nets. Individual U-Net modules are trained for spe-
cific image processing tasks. Then, they are cascaded and connected with inter-
module skip-connections. Finally, the cascaded modular U-Nets are fine-tuned by
using DIBCO datasets.
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3.1 Pre-trained U-Net Modules in CMU-Nets

As shown in Fig. 3-2, CMU-Nets are comprised of pre-trained modular U-Net blocks.

Each modular U-Net conducts a specific images-to-image transformation task. Since

CMU-Nets are trained to conduct document image binarization, each modular U-Net

is trained to conduct a specific document image processing. Therefore, I consid-

ered emulating traditional image processing techniques for procuring the pre-trained

U-Net modules. According to the methods of the DIBCO participants, lots of docu-

ment image binarization systems adopt pre-processing for decreasing obstacles such

as unnecessary noise [79, 105]. Similar to the general image binarization systems, I

designed the modular U-Net blocks to target the same image processing techniques.

Before procuring pre-trained modular U-Nets, in the first step, I should define

which modules are needed. Since the goal is document image binarization and thus I

prepare five image pre-processing modules, dilation, erosion, histogram-equalization,

Canny-edge, and Otsu’s binarization [20] in the beginning. Like Fig. 3-2, I build a

standard U-Net for realizing modular U-Nets, and then I train these U-Nets using

a large generic image dataset [134] that is external to DIBCO. According to this

process, I secure five pre-trained U-Nets in the beginning.

3.2 Cascading Structure in CMU-Nets

In Fig. 3-2, after securing pre-trained U-Net modules, I stack these pre-trained U-Net

modules for document image binarization. Compared with the conventional stacked

U-Nets, since the individual U-Net module of CMU-Nets is pre-trained as transfer

learning, an arbitrary cascading method can be improper. Therefore, One of the

most important points to be considered for CMU-Nets is how to cascade the modular

U-Nets.

In Fig. 3-3, I demonstrate how to order the pre-trained U-Net modules before

connecting them. I can describe cascading U-Net modules as assembling bricks for
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Figure 3-3: Examples of ordering pre-trained U-Net modules.
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(a) Simple cascading

(b) Dense inter-module skip-connections

(c) Selective inter-module skip-connections

Figure 3-4: Visual examples of cascading pre-trained U-Net modules.

constructing a building. When constructing CMU-Nets, I should consider the order

that the bricks should be used. In the proposed model, the optimal cascading order

of the pre-trained modules is found through experimental results. After cascading the

pre-trained U-Net modules, connecting them with the proposed module connection

method and the fine-tuning process by using DIBCO data are conducted.

3.3 Selective Inter-module Skip-connections in CMU-

Nets

Simply cascading U-Nets can cause the information to be lost between modules. This

phenomenon can cause deterioration or excessive processing of noise removal in a

portion of the foreground in the image. Therefore, to address this problem, I adopted

inner skip-connections of U-Net to the cascading U-Nets.
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Inner skip-connections in U-Net are utilized to transfer the features of contracting

path’s layers to expanding path’s layers. In the conventional U-Net, according to this

process, precise image re-composition can be conducted. Due to the strength of the

inner skip-connections, cascaded U-Nets with inter-module skip-connections between

modules have been proposed [117]. The features of the previous U-Net modules

also can be transferred by utilizing the inter-module skip-connections as inner skip-

connections.

As shown in Fig. 3-4, there are three possible strategies of cascading modular U-

Nets: (a) simple cascading, (b) cascading with dense inter-module skip-connections,

and (c) cascading with selective inter-module skip connections.

The inter-module skip-connections transfer information that can be lost within in-

dividual U-Nets. However, using a dense inter-module skip-connection scheme might

carry excessive information and can be difficult to train. Therefore, I use a selective

inter-module skip-connection strategy for the proposed CMU-Nets. In the experimen-

tal results in Section 4, I compare the proposed selective inter-module skip-connection

strategy with a dense one to confirm this.
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Chapter 4

Experiment for Document Image

Binarization

4.1 Experiment Setup

4.1.1 Dataset for Fine-tuning

Since the target task of CMU-Nets is document image binarization, I utilized DIBCO

and H-DIBCO datasets for fine-tuning of CMU-Nets. In the International Conference

on Document Analysis and Recognition (ICDAR), there are several competitions

for various document image analyses. Among them, DIBCO and H-DIBCO have

been held to share various robust document image binarization methodologies since

document image binarization is an important step in the document image analysis

and recognition pipeline. The DIBCO and H-DIBCO benchmarking datasets that are

used in the contest contain machine-printed and handwritten document images that

are representative of the potential problems which are challenging in the binarization

process. As shown in Fig. 4-1, the foreground areas of original images are binarized

(black) areas.

51
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(b) Ground truth images(a) Original images

Figure 4-1: Examples of all DIBCO and H-DIBCO datasets. Images (a) and (b) are
the original images and the ground truth images of DIBCO and H-DIBCO datasets.

The total number of DIBCO and H-DIBCO images is about 20 images per year,

for a total of 116 images. Even though I utilize all DIBCO and H-DIBCO images

for fine-tuning, the number of these images is insufficient for conducting a fine-tuning

task. Therefore, I cropped and resized the DIBCO and H-DIBCO images to 256×256.

From this, 100 images from each DIBCO and H-DIBCO are extracted for the training

sets, and I obtained a total of 900 images for fine-tuning. For a fair evaluation of each

DIBCO and H-DIBCO competition, a leave-one-year-out strategy is taken for the

fine-tuning. For example, when evaluating the H-DIBCO 2016 dataset, 100 images

from each competition other than H-DIBCO 2016 are used as the training set. This

is repeated for each competition evaluation. In other words, the fine-tuning is only

done using images independent from the test set.

4.1.2 Dataset for Pre-training

Due to the limited amount of images, optimizing a binarization system by utilizing

only the DIBCO images is a challenging task. For many machine learning methods,

there is usually a focus on data augmentation. However, in the proposed method, I

do not need to secure a large number of document binarization specific images, since

I can train the U-Net modules on a dataset that is easier to secure.

Thus, before training CMU-Nets, I obtained images for training the pre-trained

U-Net modules. An advantage of using the proposed modular U-Nets is the ability to



4.1. EXPERIMENT SETUP 53

(d) Equalized(c) Dilation (e) Binarization(b) Erosion(a) Original

Figure 4-2: Examples of the MSCOCO images for the modularized U-Nets. Images
from (a) to (e) correspond to the original, eroded, dilated, histogram-equalized, and
binarized image.

utilize transfer learning using only a small number of DIBCO and H-DIBCO images

to enhance the binarization performance. In this experiment, I used the COCO-

Text [135] dataset for training the U-Net modules. Using the COCO-Text images,

I created 10,000 images using Canny-edge, histogram-equalization, erosion, dilation,

and the Otsu’s binarization methods for each module. An example of an image in

the created dataset is shown in Fig. 4-2.

The ground truth for the specific image processing modules is as follows. I set

the kernel size to 2×2 for the dilation and erosion data. This kernel size is selected

so that the respective modular U-Net learns the minimum morphological transfor-

mation. Furthermore, I utilized a module for histogram-equalization, which makes

the histogram of the values uniform. There are variants of histogram-equalization

techniques, such as adaptive histogram-equalization, contrast limited adaptive his-

togram equalization (CLAHE) [1], multi-peak histogram equalization (MPHE) [136],

and multi-purpose beta optimized bi-histogram equalization (MBOBHE) [137]. These

variants show the robust redistributing performance of the brightness values. How-

ever, I decided to use a simple histogram-equalization method to train the modular

U-Net. The reason is that the final purpose of the proposed system is the document

image binarization and not histogram-equalization, specifically.
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4.1.3 Experimental Environment

The experimental conditions for model training are as follows. For procuring pre-

trained U-Net modules, each U-Net module is trained for 40,000 iterations using

batches of 4. The fine-tuning for optimizing the cascading U-Nets is performed 10,000

steps using batches of 4. The size of all used images is 256×256.

The basic architecture of the single modular U-Net is based on the original U-

Net. In the contracting path, I adopted 3×3 convolution blocks, a ReLU activation

function, and 2×2 max-pooling with stride 2. In the expanding path, these modular

U-Nets operate the reverse process of the contracting path with concatenating inner

skip-connections. The output of each modular U-Net is a grayscale image. The result

of the binarization U-Net module is binary and thus the range of the output value

is 0 or 1. The number of convolutional layers in each modular U-Net is 13. In the

proposed method, I use four modular U-Nets with 6 inter-module skip-connections.

I applied Adam optimizer [138] for model training with an initial learning rate of

0.0001. I used a sigmoid activation function in the output layer of CMU-Nets. The

final results use a threshold of 0.5 on the output.

4.2 Evaluation Results

4.2.1 Evaluation Criteria of DIBCO

The DIBCO and H-DIBCO have standard metrics and evaluation criteria for each

respective competition [77]. In recent competitions, DIBCO adopted four criteria,

F-measure (FM), pseudo-F-measure (𝐹𝑝𝑠) [139], Peak Signal-to-Noise Ratio (PSNR),

and Distance Reciprocal Distortion measure (DRD) [140]. I explain these criteria

briefly for understanding the following quantitative results.

FM is the harmonic mean of precision and recall. According to a comparison

between the output image and the ground truth image, I can calculate the FM value.
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Namely, the 𝐹𝑀 is calculated by:

𝐹𝑀 = 2
𝑃 ·𝑅
𝑃 +𝑅

, (4.1)

where precision 𝑃 is:

𝑃 =
𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+ 𝐹𝑎𝑙𝑠𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
, (4.2)

and recall 𝑅 is:

𝑅 =
𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+ 𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
. (4.3)

However, in [139], Ntirogiannis et al. mentioned that pixel-based evaluation mea-

sures such as FM can cause poorly binarized images with broken characters and false

alarms to obtain higher precision and recall value than a better binarized image. The

𝐹𝑝𝑠 is suggested to overcome erroneous pixel-based evaluation method by weighing

the distance between foreground and background boundary pixels. 𝐹𝑝𝑠, which adopts

pseudo-recall (𝑅𝑝𝑠) and pseudo-precision (𝑃𝑝𝑠) to solve this problem.

𝑅𝑝𝑠 is calculated by:

𝑅𝑝𝑠 =

∑︀
𝑥

∑︀
𝑦 𝐺(𝑥, 𝑦) ·𝐵(𝑥, 𝑦)∑︀

𝑥

∑︀
𝑦 𝐺(𝑥, 𝑦) ·𝑊𝐺(𝑥, 𝑦)

, (4.4)

and 𝑃𝑝𝑠 is calculated by:

𝑃𝑝𝑠 =

∑︀
𝑥

∑︀
𝑦 𝐺(𝑥, 𝑦) ·𝐵(𝑥, 𝑦)∑︀

𝑥

∑︀
𝑦 𝐵(𝑥, 𝑦) ·𝑊𝐵(𝑥, 𝑦)

, (4.5)

where 𝐺(𝑥, 𝑦) and 𝐵(𝑥, 𝑦) are defined as the ground truth image and the binarized

result image at pixel coordinate (𝑥, 𝑦), respectively. 𝑊𝐺(𝑥, 𝑦) and 𝑊𝐵(𝑥, 𝑦) are weight

maps for the ground truth and binarized image, respectively. 𝑅𝑝𝑠 and 𝑃𝑝𝑠 weigh the

ground truth images based on the distance of pixels to the text regions.
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The PSNR evaluates the amount of noise in the result compared to a result image

and a ground truth image. If the PSNR value is high, there is more similarity between

the ground truth and the result image. PSNR can be expressed by:

𝑃𝑆𝑁𝑅 = 10 log

(︂
𝑀𝐴𝑋𝑖𝑚𝑎𝑔𝑒

2

𝑀𝑆𝐸

)︂
,

= 20 log

(︂
𝑀𝐴𝑋𝑖𝑚𝑎𝑔𝑒√

𝑀𝑆𝐸

)︂
,

= 20 log (𝑀𝐴𝑋𝑖𝑚𝑎𝑔𝑒)− 10 log (𝑀𝑆𝐸) ,

(4.6)

where 𝑀𝐴𝑋𝑖𝑚𝑎𝑔𝑒 represents the maximum value of an image (e.g. 8-bit grayscale

image is 255). MSE is the mean squared error or:

𝑀𝑆𝐸 =

∑︀
𝑥

∑︀
𝑦(𝐺(𝑥, 𝑦)−𝐵(𝑥, 𝑦))2

𝑋𝑌
, (4.7)

DRD can be used to measure the visual distortion specific for images. It is asso-

ciated with human visual perception and measures distortion of every pixel. where

𝑋 and 𝑌 are the number of pixels in the 𝑥 and 𝑦 directions. DRD can be used to

measure the visual distortion specific for images. It is associated with human visual

perception and measures distortion of every pixel. DRD is expressed by:

𝐷𝑅𝐷 =

∑︀
𝑘 𝐷𝑅𝐷𝑘

𝑁𝑈𝐵𝑁
, (4.8)

where 𝐷𝑅𝐷𝑘 is the distortion of the 𝑘-th pixel and is defined by:

𝐷𝑅𝐷𝑘 =
2∑︁

𝑖=−2

2∑︁
𝑗=−2

+ 4 |𝐺𝑘(𝑖, 𝑗)−𝐵𝑘(𝑖, 𝑗)| ×𝑊𝑛𝑜𝑟𝑚(𝑖, 𝑗), (4.9)

where |𝐺𝑘(𝑖, 𝑗)−𝐵𝑘(𝑖, 𝑗)| is the difference between the ground truth and the binarized

result at pixel (𝑖, 𝑗) within a 5×5 block surrounding 𝑘. 𝑊𝑛𝑜𝑟𝑚 is a normalized weight

matrix. In Eq. (4.8), NUBN is the number of non-uniform 8× 8 blocks in the ground

truth image.
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Table 4.1: Comparative Results on DIBCO 2009 and H-DIBCO 2010

Year Method FM PSNR NRM MPM

2009

Otsu [20] 82.17 15.06 5.63 13.86
Sauvola and Pietikäinen [22] 87.26 16.69 6.61 3.39
Guo et al. [141] 83.31 16.64 – –
Zhao et al. [142] 94.10 20.30 – –
Competition winner [79] 91.24 18.66 4.31 0.55
Proposed 96.67 20.91 2.45 0.41

2010

Otsu [20] 85.27 17.51 9.77 1.35
Sauvola and Pietikäinen [22] 75.30 15.96 16.31 1.96
Guo et al. [141] 86.75 17.93 – –
Zhao et al. [142] 94.03 21.12 – –
Competition winner [76] 91.50 19.78 5.98 0.49
Proposed 95.90 21.69 2.74 0.33

Negative Rate Metric (NRM) and Misclassification Penalty Metric (MPM) are

depreciated measures that are no longer used by current DIBCO competitions. They

are only used for reporting comparison results to older DIBCO winners.

4.2.2 Quantitative Evaluations

I compare the quantitative results of the proposed method with the previous DIBCO

and H-DIBCO competition winners and other reported state-of-the-art results. Ta-

bles 4.1, 4.2, 4.3, 4.4 and 4.5 consist of comparative results for DIBCO and H-DIBCO

separated by year. I divided the tables according to the evaluation criteria applied by

DIBCO and H-DIBCO. In addition, Table 4.5 is separated to effectively compare the

results of recent datasets. Note, the results of DIBCO 2015 is missing since DIBCO

was not held in 2015.

In these tables, there are the results of Otsu’s method [20] and Sauvola and

Pietikäinen [22] reported by DIBCO and H-DIBCO. The results of Howe’s method [131]

are based on image processing techniques. The results from Vo et al. [52], Guo et

al. [141], He and Schomaker [27], and Zhao et al. [142] method are based on ANNs.

The proposed method has the highest performance in 27 out of 36 evaluation crite-
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Table 4.2: Comparative Results on DIBCO 2011

Year Method FM PSNR DRD MPM

2011

Otsu [20] 82.1 15.7 9.0 –
Sauvola and Pietikäinen [22] 82.1 15.6 8.5 –
Howe [131] 91.7 19.3 3.5 –
Vo et al. [52] 93.3 20.1 2.0 –
Guo et al. [141] 83.82 16.50 6.55 –
He and Schomaker [27] 93.4 19.9 1.9 –
Zhao et al. [142] 93.8 20.3 1.8 –
Competition winner [143] 80.9 16.1 104.4 64.4
Proposed 95.5 19.9 1.8 0.5

Table 4.3: Comparative Results on H-DIBCO 2012 and DIBCO 2013

Year Method FM 𝐹𝑝𝑠 PSNR DRD

2012

Otsu [20] 80.18 82.65 15.03 26.46
Sauvola and Pietikäinen [22] 82.89 87.95 16.71 6.59
Guo et al. [141] 86.40 89.00 17.86 4.67
Zhao et al. [142] 94.96 96.15 21.91 1.55
Competition winner [77] 89.47 90.18 21.80 3.44
Proposed 95.16 96.44 21.37 1.13

2013

Otsu [20] 83.94 96.52 16.63 10.98
Sauvola and Pietikäinen [22] 85.02 89.77 16.94 7.58
Howe [131] 91.3 91.7 21.3 3.2
Vo et al. [52] 94.4 96.0 21.4 1.8
Guo et al. [141] 82.35 85.16 17.37 8.09
Zhao et al. [142] 95.28 96.47 22.23 1.39
Competition winner [144] 92.12 94.19 20.68 3.10
Proposed 95.88 96.38 22.97 1.46

Table 4.4: Comparative Results on H-DIBCO 2014

Year Method FM 𝐹𝑝𝑠 PSNR DRD

2014

Otsu [20] 91.78 95.74 18.72 2.65
Sauvola and Pietikäinen [22] 86.83 91.80 17.63 4.90
Howe [131] 91.7 19.3 3.5 1.08
Vo et al. [52] 96.66 97.59 23.23 0.79
Guo et al. [141] 92.30 94.86 19.17 2.37
He and Schomaker [27] 95.9 97.2 22.1 0.9
Zhao et al. [142] 96.41 97.55 22.12 1.07
Competition winner [145] 96.88 97.65 22.66 0.902
Proposed 97.05 97.91 22.37 0.91
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Table 4.5: Comparative Results on H-DIBCO 2016, 2018 and DIBCO 2017

Year Method FM 𝐹𝑝𝑠 PSNR DRD

2016

Otsu [20] 86.61 88.67 17.80 7.46
Sauvola and Pietikäinen [22] 82.52 86.85 16.42 5.56
Vo et al. [52] 90.10 93.57 19.01 3.58
Guo et al. [141] 88.51 90.46 18.42 4.13
He and Schomaker [27] 91.4 94.3 19.6 2.9
Zhao et al. [142] 91.66 94.58 19.64 2.82
Competition winner [146] 87.61 91.28 18.11 5.21
Proposed 93.09 94.85 19.18 3.03

2017

Otsu [20] 77.73 77.89 13.85 15.54
Sauvola and Pietikäinen [22] 77.11 84.1 14.25 8.85
Zhao et al. [142] 90.73 92.58 17.83 3.58
Competition winner [78] 91.04 92.86 18.28 3.40
Proposed 91.57 93.55 15.85 2.92

2018

Otsu [20] 51.45 53.05 9.74 59.07
Sauvola and Pietikäinen [22] 67.81 74.08 13.78 17.69
Zhao et al. [142] 87.73 90.60 18.37 4.58
U-Net [49] 82.08 84.79 15.91 7.15
Competition winner [105] 88.34 90.24 19.11 4.92
Proposed 89.71 91.62 19.39 2.51

ria and has significant performance improvements compared to the previous winners’

results. According to the results from Table 4.1 to Table 4.5, I obtained an average

FM of 94.50±4.79% and an average 𝐹𝑝𝑠 of 95.12±3.50%. The largest performance im-

provement between the proposed and the previous winner’s method was in H-DIBCO

2012. The performance difference between the proposed and the previous winner’s

method was 5.69 in FM. Also, the largest performance improvement in 𝐹𝑝𝑠 was 6.26.

In Table 4.5, I added the results of the conventional single U-Net in DIBCO 2018.

Also, I demonstrate the results of simply cascading U-Nets and CMU-Nets with dense

inter-modules skip-connections in Section 4.3.1.
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4.2.3 Qualitative Evaluations

The qualitative results are illustrated in Figs. 4-3 and 4-4. The examples in Fig. 4-

3 are from recent competitions in which the winners use modern methods and the

examples in Fig. 4-4 are older competitions. The figures consist of the original images,

the ground truth images, the competition winner’s result images, and the proposed

method’s result images. According to the figures, I demonstrate that the proposed

method performed better compared to the previous competition winners’ methods.

In Fig. 4-3, I can especially confirm that the proposed method has a significant

performance improvement on binarization in the most recent DIBCO datasets. The

reason for this is due to the recent datasets having more noisy images with more room

for improvement when compared to the older datasets.

Furthermore, I can confirm that the proposed method can handle various kinds

of noise in document images. In the case of Fig. 4-3 (a), the proposed method can

erase the stain and extract the blurred character areas compared to the DIBCO 2018

winner’s results. In the next example, Fig. 4-3 (b), the proposed method demonstrates

robust binarization performance on bleed-through images. Finally, in Fig. 4-3 (c), the

proposed method can erase the perpendicular line.

In the case of Fig. 4-4, the proposed method also demonstrates good binarized

results. However, I could not find a large performance difference in the case of the

older DIBCO and H-DIBCO datasets. The reason is due to the older DIBCO and

H-DIBCO datasets consisting of document images with less noise compared to recent

DIBCO and H-DIBCO datasets. In addition, the qualitative results of the older

DIBCO and H-DIBCO were not introduced sufficiently.

4.2.4 Results for Types of Noise

In this section, I demonstrate the binarized results on various types of noise. There

are five types of noise in the DIBCO and H-DIBCO datasets, non-document regions,
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(a) H-DIBCO 2018

(b) DIBCO 2017

(c) H-DIBCO 2016

Figure 4-3: Result images compared with the previous DIBCO and H-DIBCO winners
from 2016 to 2018. Images in the columns from left to right correspond to the original,
the ground truth, the previous winner, and the proposed.
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(a) H-DIBCO 2014

(b) DIBCO 2013

(c) H-DIBCO 2012

(d) DIBCO 2011

(e) H-DIBCO 2010

(f) DIBCO 2009

Figure 4-4: Result images compared with the previous DIBCO and H-DIBCO winners
from 2009 to 2014. Images in the columns from left to right correspond to the original,
the ground truth, the previous winner, and the proposed.
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bleed-through, texture, luminance, and stains. Fig. 4-5 demonstrates the results of

the proposed method on examples of documents with these types of noise. According

to the Fig. 4-5, it can be observed that the proposed method is effective in removing

the noise while preserving the text.

4.3 Discussion

4.3.1 Analysis of the Inter-module Skip-connections

In this section, I evaluate the proposed inter-module skip-connections and justify

why they should be used in CMU-Nets. Before justifying the proposed inter-module

skip-connections, I compared the result images between CMU-Nets without any inter-

module skip-connections and a conventional single U-Net in Fig. 4-6. When I trained

the CMU-Nets without any inter-module skip-connections, I pre-trained with the

COCO-Text dataset and fine-tuning with DIBCO datasets. The pre-training process

using the COCO-Text dataset is conducted using only binarized label images. I fol-

lowed the same training conditions in this fine-tuning when I fine-tuned the proposed

method.

According to Fig. 4-6, I confirmed that there is a tiny performance improvement

between a conventional U-Net and the CMU-Nets without any inter-module skip-

connections. The degraded case of the CMU-Nets without the inter-module skip-

connections compared with a conventional U-Net is shown in Fig. 4-7. Furthermore,

since the CMU-Nets contain four conventional U-Nets, training the CMU-Nets by

using only a binarized COCO-Text dataset is difficult compared to a conventional U-

Net. Therefore, I confirmed that training the CMU-Nets without inter-module skip-

connections is not efficient compared with a conventional U-Net, and using separately

pre-trained U-Net modules helps the model training of cascaded U-Nets models.

Also, I demonstrate the quantitative results compared with the results of using no

inter-module skip-connections and dense inter-module skip-connections in Table 4.6.
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(a) Texture (b) Non-document regions

(c) Bleed-through (d) Stains

(e) Luminance

Figure 4-5: Binarization results of the proposed model according to the type of noise.
Images in the columns from left to right correspond to the original, the ground truth,
and the result images.
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Figure 4-6: Comparative results between the CMU-Nets without any inter-module
skip-connections and a conventional single U-Nets. Images in the columns from left
to right correspond to the original image, the ground truth image, the result image
of single U-Net, and the result image of CMU-Nets without any inter-module skip-
connections.

Figure 4-7: Worse case of the CMU-Nets without inter-module skip-connections.
Images in the columns from left to right correspond to the original image, the ground
truth image, the result image of single U-Net, and the result image of CMU-Nets
without any inter-module skip-connections.
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Table 4.6: Comparative results according to differences of inter-module skip-
connections by using the DIBCO 2018 dataset for evaluation.

Method FM 𝐹𝑝𝑠 PSNR DRD
Without inter-module connections 83.71 85.94 14.29 7.19
With dense inter-module connections 85.19 86.59 13.26 6.37
Proposed method 89.71 91.62 19.39 2.51

Figure 4-8: The reason why I adopt the proposed inter-module skip-connections in
CMU-Nets. Images in the columns from left to right correspond to the original image,
the ground truth image, the image without inter-module skip-connections, the image
by adopting dense inter-module skip-connections and the proposed method.

The dense inter-module skip-connection approach uses skip-connections between each

expanding path layer and each contracting path layer of the other modules. The model

without inter-module skip-connections lacks skip-connections between modules, how-

ever, they still contain intra-module skip-connections.

The skip-connections in the original U-Net can transfer useful information that can

be lost between layers. Due to this, I considered a dense approach for inter-module

skip-connections. However, I found that using excessive (dense) inter-module skip-

connections caused interference between modules. The reason for this is because most

layers of the modular U-Nets are only relevant to their pre-trained task and might

hinder the performance of unrelated intermediate tasks. However, some information

is lost without the inter-module skip-connections, therefore, the more sparse approach

from the proposed method is more effective. According to Fig. 4-8, I demonstrate

why the proposed inter-module skip-connections are used in CMU-Nets.
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Figure 4-9: Results indicating why the pre-trained modules should be used. Images
in the columns from left to right correspond to the original images, the ground truth
images, the result images of the proposed model, and the result images of randomly-
initialized cascaded model.

4.3.2 Analysis of Pre-trained U-Net Modules Utilization in

CMU-Nets

In this section, I verify CMU-Nets that are randomly initialized cascading U-Nets.

I demonstrate the evaluated results of the randomly initialized cascading U-Nets

compared with the proposed model in Fig. 4-9. According to Fig. 4-9, I illustrate

why these pre-trained U-Net modules should be utilized in CMU-Nets. Even though

randomly initialized cascading U-Nets are the same architecture as CMU-Nets, the

performance of the randomly initialized cascading U-Nets is worse than the proposed

model. Due to the utilization of the pre-trained U-Net modules, CMU-Nets have

shown significant performance by using an insufficient amount of training data.

4.3.3 On The Order of U-Net Modules

When I design CMU-Nets, I should consider the number of used pre-trained U-Net

modules in CMU-Nets and the order of pre-trained U-Net modules since CMU-Nets
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utilize these U-Net modules that are pre-trained for specific tasks. In the beginning, I

demonstrate the result images of various cascaded U-Nets in Fig. 4-10. According to

Fig. 4-10, I confirmed that the proposed model, which included four pre-trained U-Net

modules, show significant performance compared with various cascaded U-Nets.

To find another good order to arrange the modules, I combined used four U-Net

modules. The arranged order of CMU-Nets is as follows: histogram-equalization

→ dilation → erosion → binarization. Fig. 4-11 demonstrates some of the results

of a different order of U-Net modules. In Fig. 4-11 (b), there is potential for uti-

lization for CMU-Nets’ order. However, since the histogram-equalization module is

located behind erosion and dilation modules, the module’s effect is not reflected well

in CMU-Nets. Also, according to Figs. 4-11 (c), (d), and (e), I recognized that two

things in CMU-Nets for document image binarization. First is that the erosion and

dilation modules should be adjoined for effective noise removal. The second is that

the binarization module should be placed at the last.

4.4 Summary

This chapter demonstrated the ability of CMU-Nets by various analyses and results.

CMU-Nets are designed to conduct a historical document image binarization task.

The proposed model adopts pre-trained modularized U-Nets trained by sufficient data.

After then, the proposed model adopts a novel inter-module skip-connections in the

cascaded pre-trained U-Nets. The proposed model proved that the utilization of pre-

trained modular U-Nets and the proposed scheme of inter-module skip-connections in

cascading U-Nets achieved robust binarization performance. The experiments were

evaluated on all currently existing DIBCO and H-DIBCO datasets. It was able to

maintain an average FM of 94.50±4.79% and an average 𝐹𝑝𝑠 of 95.12±3.50% for all

DIBCO and H-DIBCO datasets.

Moreover, I justified some of the design choices, such as the proposed inter-module
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Figure 4-10: The result images of various cascaded U-Nets. Images in the columns
from upper left to lower right correspond to the original images, the ground truth
images, single U-Net for binarization, cascaded modular U-Nets with histogram-
equalization and binarization modules, cascaded modular U-Nets with erosion, di-
lation, and binarization modules, and cascaded modular U-Net with the histogram-
equalization, erosion, dilation, and binarization modules.

(a) Proposed (b) E-D-H-B (c) B-H-D-E (d) E-H-B-D (e) H-B-E-D

Figure 4-11: Result images of models arranged in a different order than the proposed
method. For simplicity, I use abbreviations for the words as follows: B: binarization,
D: dilation, E: erosion, and H: histogram-equalization.
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skip-connection scheme. In the discussion section, I demonstrate detailed considera-

tions when I design CMU-Nets such as the order of cascading U-Net, the necessity of

the proposed inter-module skip-connections.
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CMU-Nets Incorporating SE-Nets
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Chapter 5

Background and Related Work

5.1 Attention Mechanism

In this section, I introduce the background knowledge of attention mechanisms in

various research fields. Also, the related studies on the utilization of attention mech-

anisms and SE-Nets in U-Net is introduced briefly.

5.1.1 Attention Mechanism in Natural Language Processing

The attention mechanism was suggested to improve sequence to sequence model

(seq2seq) [147] of Natural Language Processing (NLP) [56]. Seq2seq, which was pro-

posed by Sutskever et al., is to solve a language model task. Seq2seq is designed for

transforming an input sequence to a target sequence like a translation task. As shown

in Fig. 5-1, seq2seq extracts a fixed-length context vector from an input sequence and

generates an output by using the context vector. However, as the length of the se-

quence gets longer, there is a limit to remembering since seq2seq uses a fixed-length

context vector.

For solving the limitation of seq2seq, an attention mechanism was utilized that

73
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저 는 좋은 학생 입니다.

私 は 良い 学生 です。

0.1 1.3 0.7 1.8 0.4

Context vector 
(length: 5)

Figure 5-1: Example of seq2seq’s sequence transformation process. The encoder of
seq2seq generates fixed-length context vectors and the decoder generates an output
sequence by using the context vectors.

저 는 좋은 학생 입니다.

私 は 良い 学生 です。

0.1 1.3 0.7 1.8 0.4

Context vector
Attention
module

Figure 5-2: Example of attention mechanism process. Compared with the conven-
tional seq2seq’s process, the attention mechanism extract context vectors regardless
of its length.
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was suggested by Bahdanau et al. The conventional seq2seq needs to compress all

the necessary information of an input sentence into a fixed-length context vector.

However, Bahdanau et al. proposed to encode an input sentence into a sequence of

vectors and to use a subset of these vectors in the decoder called attention mechanism

like as Fig. 5-2. By using the attention mechanism, the information of an input

sentence does not need to be squashed into a fixed-length vector.

After the introduction of attention mechanisms, various attention mechanism

studies have been conducted. Luong et al. suggested an improved attention mech-

anism [148] that simplifies the computation path of the conventional mechanism.

Vaswani et al. suggested a non-recurrent sequence to sequence model with attention

mechanism [149]. Since various attention mechanism-based models have shown robust

performance in NLP [150, 151], attention mechanism is utilized in various research

fields [152, 59].

5.1.2 Attention Mechinism in Computer Vision

Early CNN-based models with attention mechanism were proposed for an image cap-

tioning task [152, 153] and visual question answering [154]. Image captioning is

desired to generate an explanation sentence by using an image as input data. Since

image captioning can generate the description of an image, it can give the informa-

tion of an image to a blind person. Among various image captioning research, Xu

et al. suggested a novel visual attention network that generates an output sentence

by looking at a certain part of an input image [152]. In the case of the conven-

tional image captioning methods without attention mechanism, the architecture of

these methods is to inject the output of a CNN’s fully connected layer into a Long

Short-Term Memory (LSTM) [155]. However, in [152], Xu et al. realized attention

modules by using CNN’s convolutional feature map and inject them into an LSTM.

Since their proposed method utilizes the convolutional feature map, the spatial in-

formation of an input image is not lost. Due to the significant achievements of the
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Attention

Hot-air 
balloon

"              "

Figure 5-3: Example of attention mechanism process in CNN-based models. Due
to an attention module, a CNN can generate a well-extracted feature mask. This
attention module improves the accuracy of CNN’s visual processing.

attention-based image captioning method, various image captioning methods have

been suggested [156, 157, 158].

Visual question answering is a task that generates a proper answer when a ques-

tion related to an input image is given [159]. Visual question answering requires a

high-level image understanding and complex inference ability compared with image

captioning [160]. Lots of visual question answering networks have been developed

with various novel attention modules [161, 162, 163].

Attention mechanism has been also applied in CNN-based models for improving

CNN’s’ image processing ability such as classification [164]. As shown in Fig. 5-3,

Wang et al. suggested a residual attention network that is based on ResNet [127] with

attention mechanism [74]. Sarafianos et al. suggested an effective visual attention

mask for imbalanced attribute classification [165]. Wang et al. a novel residual atten-

tional Siamese network for online visual tracking [166]. Sun et al. proposed a novel

attention-based CNN which controls multiple object parts between different input

images for fine-grained image recognition [167]. Among these attention mechanisms,

novel attention mechanisms have been suggested to re-calibrate features of CNN’s

feature maps called SE-Nets [64].

Since SE-Nets won the ImageNet Large Scale Visual Recognition Competition
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Figure 5-4: The architecture of a SE-block. According to the process of squeezing and
exciting features, a SE-block can control the channel-wise feature response properly.

(ILSVRC) 2017 [64], various advanced studies on SE-Nets have been suggested [168].

In the squeeze operation of SE-block, important features of each channel are extracted

by Global Average Pooling (GAP). After the squeeze operation of the SE-block, the

excitation operation is conducted to perform feature re-calibration. In the excitation

operation, channel-wise dependencies are calculated by tuning FC layers and the

ReLU activation function. They adopted SE-blocks in VGGNet, GoogleNet, and

ResNet evaluated them. SE-Net has two strengths: first is that attaching SE-blocks

in anywhere of various NN models and second is the significant improvement with

less parameter increase. In Fig. 5-4, visual architecture of SE-block is illustrated.

After introducing SE-Nets, Park et al. suggested a novel attention mechanism,

called Bottleneck Attention Module (BAM), that is localized in the spatial pooling

as a bottleneck part of a network [61]. BAM conducts channel and spatial attention

operations parallelly. The refined convolutional features by these attention opera-

tions are transformed by a 3-dimensional attention map as the same size of an input

tensor. They also suggested Convolutional Block Attention Module (CBAM) that

adopts the revised connection method between spatial and channel attention [169].

These self-attention mechanisms have been utilized for improving various CNN-based

models [170, 171].
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5.2 Related work

5.2.1 U-Net based Models with Attention Mechanism

Due to the significant achievements of CNNs with attention mechanisms, studies of

U-Net with attention mechanisms have been proposed. Oktay et al. proposed a novel

attention U-Net that applied the stacked residual attention mechanism in U-Net [172].

They demonstrated robust semantic segmentation performance by attaching attention

gates to all expanding paths of U-Net. N. Abraham and N. Khan suggested improved

attention U-Net for lesion segmentation [173]. Jin et al. proposed to extract liver

and tumor in CT scan images by a 2-dimension residual attention-aware U-Net [174].

Fan et al. suggested a novel multi-scale attention U-Net [175]. Li et al. proposed a

novel attention U-Net for accurate retinal vessel segmentation [176].

Various FCN based models with attention mechanism also suggested as well as U-

Net models with attention modules for various image transformation tasks [177, 178,

179, 180]. These attention mechanism based image-to-image transformation models

have shown great achievements in various image transformation tasks.

5.2.2 U-Net based Models with SE-blocks

Since SE-blocks can attach in anywhere of the existing CNNs for improving the CNNs’

performance, several CNN models with SE-Nets also have been proposed as well as

CNN-based attention networks. For example, Roy et al. utilized SE-blocks for channel

re-calibration for image classification with FCNs [181].

Since CNN-based models with SE-blocks have shown significant performance im-

provement, U-Net based models also have adopted SE-blocks for robust image trans-

formation. Rundo et al. demonstrated robust semantic segmentation performance by

applying SE-blocks inside U-Net [75]. They added SE-blocks to the existing U-Net

contracting path and used SE-blocks as a way to concatenating by adding them in

the upsampling process of the expanding path. Zhu et al. proposed 3D SE U-Net
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for fast and fully automated anatomical segmentation [182]. They used SE-blocks to

replace some of the max-pooling and convolution filters in U-Net to transfer features

between layers. Cao et al. suggested a novel non-local network with SE-blocks-based

global context attention blocks [183]. Lee et al. suggested a novel U-Net with SE-

blocks that is designed to segment brain ischemic and white matter hyperintensities

lesions [184].

5.3 Summary

In NLP, an attention mechanism was suggested to concentrate on specific features of

input data. Since NLP systems included attention mechanism have shown significant

performance, various attention-based networks for NLP have been studied. Moreover,

beyond the conventional tasks of NLP, various attention-based networks have been

suggested in various research fields such as computer vision.

Early CNN-based attention networks aim to solve a visual question answering and

image captioning task [152]. After then, the attention mechanism is adopted in CNN

models for improving image classification ability. SE-Net, BAM, and CBAM are

novel attention architectures that improve CNN models’ performance with a simple

application. Due to the significant achievements of CNN-based attention networks,

these attention methods have been applied in various research fields [171].

CNN-based models with attention mechanism have been studied for solving vari-

ous image processing tasks such as classification [169] and segmentation [172]. Since

these attention modules in CNN models can extract the context information of an

input image, the modules improve the performance of CNN models.

Moreover, SE-Nets have been applied in CNN models to enhance the performance

of various image processing tasks. SE-blocks in these CNN models have shown sig-

nificant improvement of segmentation [181]. Due to these achievements of SE-Nets,

researchers have still considered designing U-Net based models when they want to
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improve these U-Net models with SE-Nets [75].

Since the existing SE-Net utilizations on U-Net aims to improve the performance of

U-Net drastically, these U-Net models with SE-Nets are injected lots of SE-blocks for

precise recalibration of channel-wise features. However, CMU-Nets should adopt pre-

trained U-Net modules and the inter-module skip-connections for insufficient training

data problem. Furthermore, CMU-Nets are a deep-depth network since CMU-Nets

are organized with four U-Net modules. Therefore, the existing SE-Nets utilization

can be not proper to adopt in CMU-Nets.



Chapter 6

Attention CMU-Nets (ACMU-Nets)

CMU-Nets, which are the base model of ACMU-Nets, have two major differences

from existing stacked U-Nets. The first is that CMU-Nets adopt skip-connections

between connected modules for robust feature transfer. In CMU-Nets, the proposed

connection method between modules is applied called inter-module skip-connections.

Inter-module skip-connections can transfer pixels’ localization information to the next

modules and prevent excessive interference from the previously used U-Net modules.

Second, to solve the problem of insufficient document image quantity, CMU-Nets

adopted pre-trained U-Net modules by using external datasets for training. Further-

more, since CMU-Nets are organized with four pre-trained U-Net modules, CMU-Nets

are a deep-depth network compared with the existing U-Net models with SE-Nets.

Therefore, if CMU-Nets adopt full attachment of SE-blocks like the existing U-Net

models with SE-Nets, unconstrained SE-block utilization can cause excessive feature

recalibration in CMU-Nets. As a result, ACMU-Nets should consider the utilization

of SE-Nets.

In ACMU-Nets, as shown in Fig. 6-1, three strategies are adopted to design the

proposed model compared with CMU-Nets. The first strategy is to adopt modified

training methods of individual U-Net modules compared with the existing training

method of CMU-Nets. The second strategy is to design the proper utilization of SE-

81
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U-Net for histogram
-equalization 

U-Net for 
dilation

U-Net for erosion U-Net for 
binarization

Concatenate U-Net modules with SE-blocks and inter-module skip-connections

Fine-tuning with (a small number of) target-specific training data

Fine-tuning with DIBCO images

SE-block

Ground truth for each modular task

• histogram-equalization
• Gray-scale

U-Net with SE-block

• Dilation
• Erosion

Figure 6-1: Concept of ACMU-Nets. Compared with CMU-Nets, the individual U-
Net of ACMU-Nets adopt a SE-block in the skip-connection. After then, SE-blocks
are injected in the first layers of the inter-module skip-connections.

Nets in the individual U-Net that is organized with ACMU-Nets. The third strategy

is to design the inter-module skip-connections incorporating SE-Nets. In the later

sections, detailed information on the three strategies will be introduced.
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6.1 Modified Training Method of Individual U-Net

In CMU-Nets, when I trained an individual U-Net module, only gray-scaled images

were used as the input data. The individual U-Net modules of CMU-Nets are trained

by four types: histogram-equalization, erosion, dilation, and binarization. When

these four U-Net modules are trained, the input image is a gray-scaled image since

these four techniques can be conducted by using a gray-scaled image.

However, after cascading the individual U-Net module, the actual inputted image

into the individual U-Net module is not a gray-scaled image. Even though the first

order of the cascaded individual U-Net module utilizes a gray-scaled image as an

input, the other modules utilize the output generated by the previously connected U-

Net module. Therefore, gray-scaled, dilated, eroded, and histogram-equalized images

are allocated as training images for each U-Net module. By adopting these four types

of input images, each cascaded U-Net modules of ACMU-Nets can generate robust

outputs.

Furthermore, the cascading U-Net modules with the modified training method can

conduct robust output generation regardless of the connected order of the pre-trained

U-Net modules. In the CMU-Net research, the connected order of individual U-Net

modules was fixed since I knew the optimal connection order. However, it is difficult

to set an optimal order of individual U-Net modules on CMU-Nets for conducting the

other tasks compared with a document image binarization task. Due to this simple

change, I can create pre-trained U-Net modules that are less affected by the order

in which the modules are arranged. The effect of the modified training method is

demonstrated in the later section.

6.2 SE-Nets in Individual U-Net Modules

According to various studies of CNNs with SE-Nets [168, 182, 75], I expected that

SE-Nets will improve the performance of CMU-Nets. Especially, in [75], nine SE-
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Nets are injected in U-Net for improving the performance of U-Net. Even though

the total parameters of a CNN-based model with a single SE-Net are 10% more than

that of a CNN-based model without a SE-Net [64], the CNN-based model with a SE-

Net achieves significant performance improvement. Therefore, when individual U-Net

modules of ACMU-Nets are designed in the beginning, nine SE-Nets are adopted in

an individual U-Net like [75].

However, the individual U-Net with nine SE-Nets is revised as the U-Net with

a single SE-Net like Fig. 6-1 consequently. Before utilizing SE-blocks in CMU-Nets,

there are two major considerations to design ACMU-Nets. The first is that CMU-

Nets is a model created by combining pre-trained U-Net modules. SE-blocks must be

trained from the initial model training process to learn which features of the input

image are required for accurate image-to-image transformation tasks. However, since

CMU-Nets use pre-trained U-Net modules, the training process of the SE-blocks must

be completed during the fine-tuning process. If I overload the training process of the

SE-blocks intentionally enough, I can face the risk of over-fitting. The second is that

each U-Net module used in CMU-Nets has its role (specific task). Among the used U-

Net modules in CMU-Nets, there is just one module that performs image binarization.

The others are designed to remove noise and improve image quality. Therefore, the

features of the previous module extracted by the SE-block are not unconditionally

required by the next module or image binarization module. Due to these two major

considerations, the modified U-Net module with a single SE-Net is designed by two

reasons.

The first reason to adopt a single SE-Net in an individual U-Net is excessive

parameter increase of ACMU-Nets. Since CMU-Nets are organized four U-Net mod-

ules, 36 SE-Nets should be utilized at least. Furthermore, CMU-Nets should adopt

the strategy of minimum parameter utilization for improving their performance since

the individual U-Net was designed by using the original architecture of U-Net. There-

fore, the most effective position of a SE-Net attachment should be found to minimize
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the used parameters of ACMU-Nets and improve their performance simultaneously.

The second reason is that the degree of the performance improvement increase

is negligible compared to the increase in usage of SE-Nets. In several studies of

SE-Net utilization in CNN-based model [182, 75], these models are designed by us-

ing a single U-Net. However, ACMU-Nets are organized with four U-Net modules.

Furthermore, the each individual U-Net module of CMU-Nets is a pre-trained U-Net

module. Therefore, how each U-Net is trained or how each U-Net is connected is more

important rather than how many SE-Nets are used when CMU-Nets are designed.

6.3 SE-Nets in Inter-module Skip-connections

Inter-module skip-connections of ACMU-Nets adopt three SE-Nets for improving the

performance of ACMU-Nets like Fig. 6-1. Since Global Average Pooling (GAP) within

a SE-Net compress global information into channel descriptors, the position of ex-

tracting global features in CMU-Nets is a proper position of SE-Net attachment.

Therefore, a SE-Net is attached in the first layer of each individual U-Net.

In the inter-module skip-connections of ACMU-Nets, a SE-Net is attached in the

first layer of the inter-module skip-connections like Fig. 6-1. Since global information

of an image is transmitted in the first layer of the inter-module skip-connections,

three SE-Net should be attached at least in ACMU-Nets. Even though SE-Nets can

be attached in the other layers of the inter-module skip-connections, only three SE-

Nets are injected for minimizing the total parameters of ACMU-Nets. After cascading

pre-trained U-Net with the proposed methods of SE-Net utilization, ACMU-Nets are

fine-tuned.
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Chapter 7

Experiment of ACMU-Nets

7.1 Experimental Setup

7.1.1 Dataset

In this experiment, two datasets are utilized for model training and fine-tuning. To

compare CMU-Nets and the proposed method properly, I train the proposed method

on the same conditions. First, I use The COCO-Text dataset for pre-training the

U-Net modules. However, according to Section 6.1, I mention that dilated, eroded,

and histogram-equalized images are used with gray-scaled imaged for training each

U-Net module. Therefore, a total of 10,000 images were acquired, with 2,500 images

in each class. If input and output images are the same results (i.e. input image:

dilated, output image: dilated), relevant images substitute gray-scaled images.

Also, for fine-tuning, I use the previous DIBCO and H-DIBCO datasets. The

total number of all DIBCO and H-DIBCO images is 116 images. Since these images

are insufficient for fine-tuning, 100 images from each DIBCO and H-DIBCO are made

by cropping the original images. Therefore, I can procure a total of 800 DIBCO and

H-DIBCO images for fine-tuning. The dataset of DIBCO 2017 is used for the test.

The size of all images is resized to 256×256.
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7.1.2 Experimental Environment

In this experiment, each U-Net module is trained by 40,000 iterations using batches

of 4 for pre-trained U-Net modules. The fine-tuning is conducted 10,000 iterations.

Since all conditions should be equaled with conventional CMU-Nets, the used U-

Net module is based on the original U-Net. I applied 3×3 convolution filters and

2×2 max-pooling filters. I fixed the value of reduction ratio (𝑟) in SE-block by 16.

The number of used convolutional layers in each U-Net module is 13. I used Adam

optimizer with an initial learning rate of 0.0001 and a sigmoid activation function in

the output layer.

7.1.3 Evaluation Criteria

To evaluate the proposed method, I use the same criteria as CMU-Nets’ criteria.

There are four criteria: FM, 𝐹𝑝𝑠, PSNR, and DRD. Since the explanation of these

four criteria is demonstrated in Section 4.2.1, the detailed explanation is omitted.

7.2 Experimental Results

7.2.1 Quantitative Evaluations

In this section, I compare the quantitative results of ACMU-Nets with the DIBCO

2017 winner’s method and CMU-Nets by using the DIBCO 2017 dataset. In Table 7.1,

I obtained the three highest values compared with the others. ACMU-Nets achieved

the value of FM of 92.19 and 𝐹𝑝𝑠 of 94.07. In particular, the value of PSNR is up

by 8.08%. According to these results, I confirmed that SE-blocks can improve the

performance of CMU-Nets.

Also, I conducted a comparative evaluation with the revised training method. The

revised training method is obtained a higher value in all criteria in Table 7.2. However,

the difference of the values between the proposed method without the revised training
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Table 7.1: Comparative Results on DIBCO 2017

Method FM 𝐹𝑝𝑠 PSNR DRD
Otsu [20] 77.73 77.89 13.85 15.54
Sauvola and Pietikäinen [22] 77.11 84.1 14.25 8.85
Zhao et al. [142] 90.73 92.58 17.83 3.58
Competition winner [78] 91.04 92.86 18.28 3.40
CMU-Nets [133] 91.57 93.55 15.85 2.92
ACMU-Nets 92.19 94.07 17.13 2.69

Table 7.2: Results of the proposed method with the revised training method on
DIBCO 2017

Method FM 𝐹𝑝𝑠 PSNR DRD
Conventional training method 92.07 93.86 16.89 2.71
Revised training method 92.19 94.07 17.13 2.69

method and the proposed method is not a large value. According to this result,

if CMU-Nets are designed for more complex tasks, the proposed method can be

considered to avoid a problem with the order of arranged U-Net modules.

7.2.2 Qualitative Evaluations

In Fig. 7-1, ACMU-Nets show robust document image binarization results compared

with the others. I can find out that the proposed method controls global and local

features well according to erased noisy parts and fore-ground pixels’ thickness. Indeed,

since conventional CMU-Nets use dilation and erosion U-Net modules, there is a tiny

difference in fore-ground pixels’ thickness compared with the ground-truth image.

However, since the SE-blocks can calibrate the necessary features, lots of noisy parts

can be erased.

7.2.3 Effectiveness of SE-Nets in ACMU-Nets

As shown in Fig. 7-2, I confirmed that the inter-module skip-connections with densely

connected SE-Nets (6 SE-Nets) cannot give a big performance boost to CMU-Nets.
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Figure 7-1: Comparison results with the DIBCO 2017 winner’s, CMU-Nets, and the
proposed method. Images in the columns from left to right correspond to the original
images, ground truth images, the result images of the DIBCO 2017 winner, the result
images of CMU-Nets, and the result images of ACMU-Nets.
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Figure 7-2: The output images of CMU-Nets with densely attached SE-blocks in
the inter-module skip-connections. Images from the upper left to upper right corre-
spond to the original image, ground truth image, the output image of CMU-Nets,
the output image of CMU-Nets with densely attached SE-blocks in the inter-module
skip-connections. The lower images are enlarged images of CMU-Nets and CMU-
Nets with densely attached SE-blocks in the inter-module skip-connections. Since
the result images of CMU-Nets with densely attached SE-blocks is thicker than the
output of CMU-Nets, the utilization of densely attached SE-blocks is not proper in
CMU-Nets.

Since the role of inter-module skip-connections in CMU-Net is to transmit localization

information between modularized U-Nets, densely attached SE-Nets in the inter-

module skip-connections can degrade the performance of ACMU-Nets. As shown in

Fig. 7-2, the result of ACMU-Nets with densely attached SE-Nets in the inter-module

skip-connections is thicker than the result of CMU-Nets. It means that excessive

interference occured in binarization process of ACMU-Nets.

According to Fig. 7-3, I found better performance improvement results than ran-

domly initialized CMU-Nets compared with CMU-Nets with densely attached SE-

Nets in the inter-module skip-connections. Since CMU-Nets use pre-trained U-Net

modules, it is judged that the effect of the SE-block is much smaller, and thus the

performance change is less. Therefore, the method of densely attached SE-Nets in
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the inter-module skip-connections can improve the performance of randomly initial-

ized CMU-Nets. In contrast, CMU-Nets, which are organized with pre-trained U-Net

modules, cannot be improved by adopting the method of densely attached SE-Nets

in the inter-module skip-connections. According to Fig. 7-2 and Fig. 7-3, excessive

utilization of SE-Nets cannot improve the performance of ACMU-Nets. Moreover,

in ACMU-Nets, I confirmed that the role of the inter-module skip-connections is to

transmit global localization information between the connected U-Net modules.

Furthermore, since CMU-Nets utilize pre-trained U-Nets and inter-module skip-

connections, parameter increase due to the SE-Net utilization should be considered

when ACMU-Nets are designed.

7.3 Summary

In this chapter, ACMU-Nets are analyzed by quantitative and qualitative results.

Since ACMU-Nets have two different strategies: modified training methods of indi-

vidual U-Net modules and SE-Net utilization, the experimental analyses prove that

the proposed methods can improve the ACMU-Nets’ performance. For evaluating

ACMU-Nets, the DIBCO 2017 dataset is used for the model test.

According to the evaluation of ACMU-Nets, I confirmed that the proposed model

shows the improvement of document image binarization. ACMU-Nets achieve FM

of 92.19% and 𝐹𝑝𝑠 of 94.07% for the DIBCO 2017 dataset. To evaluate the pro-

posed SE-Net utilization method in ACMU-Nets, various comparative results were

demonstrated. According to these comparative results, excessive SE-Net utilization

in CMU-Nets cannot improve the performance of ACMU-Nets. Furthermore, exces-

sive SE-Net utilization can occur excessive parameter increase in ACMU-Nets since

ACMU-Nets are organized with four U-Nets and various skip-connections. Therefore,

the proposed SE-Net utilization method is proper to improve the cascading architec-

ture of U-Nets included pre-trained U-Net modules.
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(a) (b)

(c) (d)

(e) (f)

Figure 7-3: Effectiveness of SE-blocks between CMU-Nets and randomly initialized
CMU-Nets. Images from upper left to lower right correspond to the original image,
the ground truth image, the output image of randomly initialized CMU-Nets, the out-
put image of randomly initialized CMU-Nets with densely attached SE-blocks in the
inter-module skip-connections, the output image of CMU-Nets, and the output image
of CMU-Nets with densely attached SE-blocks in the inter-module skip-connections.
By comparing these output images, the method of densely attached SE-Nets in the
inter-module skip-connections is not an effective strategy to improve CMU-Nets’ per-
formance compared with randomly initialized CMU-Nets.
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Moreover, I adopted the revised training method for making pre-trained U-Net

modules. By the quantitative evaluation of the revised training method, the pro-

posed training method can improve the performance of ACMU-Nets. Moreover, un-

like a document image binarization task, setting the optimal order of arranging pre-

processing techniques is difficult in various complex image-to-image transformation

tasks like biomedical image analysis. Therefore, the revised training method of indi-

vidual U-Nets can improve ACMU-Nets’ performance even though the arrangement

of individual U-Net modules is revised.



Chapter 8

Conclusion

8.1 Conclusion

This thesis presented two novel models: CMU-Nets and ACMU-Nets. Since the

purposes of this thesis are as follows: optimizing model training of U-Net-based model

with insufficient training data and improving the performance of CMU-Nets at the

test phase by using SE-Nets. These two proposed models demonstrated a significant

improvement in document image binarization.

Firstly, I suggested CMU-Nets that were trained for historical document image

binarization to prove the performance improvement with insufficient training data.

CMU-Nets are organized with pre-trained U-Net modules. These U-Net modules

were trained by using a sufficient amount of training data such as the MSCOCO

dataset. Since the DIBCO data as the target training data is insufficient to train

U-Net modules, I adopted a transfer learning method by training U-Net modules

with the MSCOCO dataset. In the case of DIBCO 2017 winner [104], 70,000 newly

generated training samples were utilized for the network training. However, since

CMU-Nets can be optimized by only 800 images at the fine-tuning, I confirmed that

the strategy of U-Net modularization enables the network to train with insufficient

data.
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After then, I cascaded these pre-trained U-Net modules by the optimal order

of cascading U-Net modules. The cascading U-Net modules were connected by the

proposed inter-module skip-connection method. The inter-module skip-connections

were utilized for effective pixel-wise localization information between the cascaded

U-Nets. In the end, I conduct a fine-tuning process of the cascading modular U-Nets

by using the DIBCO datasets.

In the CMU-Nets research, I demonstrated the ability of CMU-Nets by quantita-

tive and qualitative results. The proposed method proved that the utilization of pre-

trained modular U-Nets and the proposed scheme of inter-module skip-connections in

cascading U-Nets achieved robust binarization performance. The experiments were

evaluated on all currently existing DIBCO and H-DIBCO datasets. It was able to

maintain an average FM of 94.50±4.79% and an average 𝐹𝑝𝑠 of 95.12±3.50% for all

DIBCO and H-DIBCO datasets. Furthermore, I justified some of the design choices,

such as the proposed inter-module skip-connection scheme and module order.

Secondly, I suggested ACMU-Nets that were trained for historical document image

binarization to prove the performance improvement at the test phase by adopting SE-

Nets. The proposed model is based on CMU-Nets, utilized SE-Nets for improving the

performance of the modified CMU-Nets. Also, I adopted the revised training method

for making pre-trained U-Net modules.

According to the analysis of the quantitative and qualitative results, ACMU-Nets

can be considered if someone wants to make cascading modularized U-Nets with SE-

blocks. I also find out that simple usage of SE-blocks in cascading U-Nets can not

make dramatic performance improvement. ACMU-Nets achieve FM of 92.19% and

𝐹𝑝𝑠 of 94.07% for the DIBCO 2017 dataset. Compared with the existing CMU-Nets,

ACMU-Nets were improved (CMU-Nets: FM = 91.57% and 𝐹𝑝𝑠 = 93.55%).

In this thesis, by diverse quantitative and qualitative results, I confirmed that

CMU-Nets and ACMU-Nets can conduct an effective complex image transformation

task such as historical document image binarization. Since CMU-Nets are organized
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with pre-trained modularized U-Nets as pre-processing, various complex image trans-

formations can be solved by cascading them like rule-based systems.

8.2 Future Work

For future work, I hope that CMU-Nets and ACMU-Nets can contribute to the sig-

nificant improvement of CNN-based models. I explain several potential research di-

rections to further explore CMU-Nets and ACMU-Nets as follows.

• In this thesis, CMU-Nets and ACMU-Nets are suggested for historical document

image binarization by cascading their pre-trained U-Net modules. When the

proposed model was cascaded, pre-trained U-Net modules for pre-processing are

connected by the optimal order. However, since the optimal order was decided

by the general order of rule-based binarization systems, the optimal order for

other tasks should be newly decided. Therefore, in future work, I want to design

an automatic system to find the optimal cascading order.

• CNN-based models of cascading architecture can utilize the strategies of CMU-

Nets for improving the performance of these models. Since CMU-Nets demon-

strated a significant improvement by using pre-trained U-Net modules for solv-

ing an insufficient training data issue, the cascading architecture of CNN-based

models can be trained by using insufficient data. Moreover, the proposed inter-

module skip-connections can be considered when researchers design the cascad-

ing architecture of image transformation networks.

• The research of ACMU-Nets inspires researchers to utilize the attention mech-

anism in the cascading architecture of image transformation networks. The

utilization strategy of ACMU-Nets can be applied to downsize the network size

of cascading image-to-image transformation models as well as improve the per-

formance of these models simultaneously.
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• The downsizing of CMU-Nets should be considered. Even though CMU-Nets

and ACMU-Nets have shown significant performance in complex image transfor-

mation tasks, these models have lots of layers since these models are organized

with four U-Net models. Therefore, for downsizing CMU-Nets, we can adopt

the distillation process.

• For controlling the output of the proposed model, I want to design the proposed

model that included tunable parameters. The proposed model with tunable pa-

rameters can generate the output for the purpose by using insufficient training

data. In addition, since the proposed model with tunable parameters can gen-

erate the optimal output by only learning the tunable parameters, an additional

fine-tuning process does not need.
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