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 ملخص
 

 رمقنهاملكتبات يف  رشعت، لهذا السبب .للباحثنيواخملطوطات ذو أ مهية ابلغة ملا يقدمه من معلومات قمية البحث يف جمال الواثئق يعترب 

 :وذكل هبدف الواثئق،

 ،الثقايف لإرثا فظحلتطوير منصة ( أ   

 ،املصادرع املعلومات من اسرتجعمل عىل اتطوير نظام حبث فعال ي( ب

 .عرب الإنرتنتمنصات  ونرشها من خالل الواثئق رمقنه( ج

من أ جل حتسني . صور الرمقية السيئةالبسبب  معقدالبحث عن املعلومات املطلوبة  ، مما جيعلالتدهورمن  ةخمتلف لكشال  واثئق تتعرض ال

ىل حيث  علهيا؛والتعرف  وحتليل الصورعاجلة م، يعترب الرتمزي الثنايئ خطوة هممة قبل الصور هذه جودة  .النص عن اخللفية فصلهيدف اإ

ىل مبارشة وغري مبارشة،  عىلال ساليب غري املبارشة د تعمت ، بيامنأ و حمليةعامة تس تخدم الطرق املبارشة عتبة  تصنف الطرق املتوفرة اإ

 .الآيل ميخوارزميات التعل

 واخملطوطات، حيث تمتثل الإسهامات البحثية أ ساليب الرتمزي الثنايئ من أ جل حتسني جودة الواثئقال طروحة مجموعة متنوعة من  هذه تقدم

 :يف النقاط التالية

  ىل اقرتاح  .احملليةالعتبة العامة و  بنيجزج املطريقة ترمزي ثنايئ جهينة استناًدا اإ

   الرتمزي الثنايئطرق تقيمي ساليب حتليل مقارن ل . 

  وتسهيل الرتمزي الثنايئ الواثئقاس تعامل حتويالت املوجيات يف حتسني جودة صور. 

 قئلصور الواثوأ وتوماتيكية  أ ليه ترمزي ثنايئ طريقة. 

 .وجيات متعددة تالاجاهاتامل التدهور، حتويلنوع  وغري مبارشة،طرق مبارشة  ثنايئ،ترمزي  متدهورة،صورة وثيقة : اللكامت املفتاحية
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Abstract 

 
Research in historical document analysis has received considerable attention over the last years since 

historical documents contain valuable knowledge. However, searching the appropriate information 

requires very time consuming for the researchers. 

Hence, libraries have started to digitize the historical documents, with the objective of: i) developing 

repository platform to preserve local history resources; ii) developing an effective and efficient search 

system that retrieve information from resources; iii) making the resources accessible through the Internet. 

However, historical documents suffer from various degradation due to faded ink, stained paper and other 

factors. Therefore, searching the required information remains difficult because of the bad digitized 

document images. In order to improve the quality of degraded images, binarization is the first important 

preprocessing step of document image analysis and recognition; it aims at distinguishing text from 

background. The simple binarization method is based on fixing an empirical thresholding for separating, 

the foreground degradation from background degradation. However, this method is not efficient for 

various degradation types. Hence, finding an effective binarization method can eliminate the degradation 

influence. For this, various thresholding methods have been reported in the literature, which can be 

categorized into direct and indirect methods. Direct methods use a global or local threshold. Global 

methods calculate the threshold for the entire image and assign the pixels to foreground or background. In 

contrast, local methods compute a threshold for each pixel using its neighborhood. However, indirect 

methods consider the binarization as binary classification problem. Therefore, supervised and 

unsupervised machine learning algorithms have been exploited. 

This thesis tries to propose a variety of binarization methods in order to improve the quality of historical 

document images for facilitating the information search. The research works can be divided in several 

goals and their corresponding contributions: 

 Global to local thresholding binarization: A hybrid binarization method is proposed based on the 

combination of a global and local methods. The objective is to remove a wide part of the background 

pixels in order to facilitate the final binarization by using local threshold. 

 Blind versus unblind performance evaluation of binarization methods: A comparative analysis for 

evaluating binarization methods on unblind dataset based on a degradation typology and takes into 

account the written types  (handwritten or printed). Unblind dataset is produced by categorizing 

DIBCO images according to the dominant degradation and written types. 

 Nonsubsampled Contourlet transform (NSCT) and k-means clustering for historical document 

images binarization: The aim of exploiting NSCT is to provide an enhanced image with clear 

foreground as well as a uniform background to facilitate the binarization with k-means clustering. 

 Self-training learning binarization method for degraded document image: Pixels in the historical 

document image are categorized into foreground, background and degraded pixels. Then learning 

framework consists to classify the degraded pixels into either foreground or background. 

Keywords: Degraded document image, binarization, direct methods, indirect methods, degradation type, 

multidirectional wavelet. 
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Résumé 

 
La recherche en analyse de documents historiques a fait l’objet d’une attention considérable ces dernières 

années car ces documents contiennent des connaissances précieuses. Cependant, rechercher les 

informations appropriées nécessite beaucoup de temps pour les chercheurs. 

Par conséquent, les bibliothèques ont commencé à numériser les documents historiques dans le but de : i) 

développer une plateforme pour préserver les ressources historiques ; ii) développer un système de 

recherche efficace permettant de récupérer des informations à partir de ressources ; iii) rendre les 

ressources accessibles via Internet. 

Cependant, les documents historiques souffrent de diverses dégradations dues à l'encre fanée, au papier 

taché et à d'autres facteurs. Par conséquent, la recherche d'information requise reste difficile en raison de 

la mauvaise qualité des images de document. Afin d’améliorer la qualité des images dégradées, la 

binarisation est une étape importante du prétraitement pour l’analyse et la reconnaissance des images de 

documents ; il vise à distinguer le texte de l'arrière-plan. La méthode de binarisation simple est basée sur 

la fixation d’un seuil empirique. Cependant, cette méthode n'est pas efficace pour divers types de 

dégradation. Par conséquent, trouver une méthode de binarisation efficace peut éliminer l’influence de la 

dégradation. Pour cela, diverses méthodes de seuillage ont été rapportées dans la littérature, qui peut être 

classées en méthodes directes et indirectes. Les méthodes directes utilisent un seuil global ou local. Par 

contre, les méthodes indirectes considèrent la binarisation comme un problème de classification binaire. 

Par conséquent, les algorithmes d'apprentissage automatique supervisés et non supervisés ont été 

exploités. 

Cette thèse tente de proposer diverses méthodes de binarisation afin d'améliorer la qualité des images de 

documents historiques afin de faciliter la recherche d'informations. Nos contributions principales sont : 

 Hybridation des techniques de seuillages globale et locale pour la binarisation. 

 Évaluation des méthodes de binarisation sur les protocoles aveugle et non-aveugle. 

 Transformée en Contourlet non échantillonnés associée au classifieur k-moyenne pour la 

binarisation. 

 Binarisation basée sur l'auto-apprentissage. 

Mots clés : Image de document dégradé, binarisation, méthodes directes, méthodes indirectes, type de 

dégradation, ondelettes multidirectionnelles. 
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CHAPTER 1 
Introduction 

 
To protect cultural heritage presented in the form of handwritten documents and printed books, 

libraries and national archives around the world started a mass of digitalization to save and 

preserve these documents. Nowadays, the increasing development of the preservation project for 

heritage documents attracted the attention of researchers in document image analysis (DIA). The 

objective of DIA is to recognize the text and graphics components in images, and extract the 

intended information as a researcher would (O’Gorman and Kasturi, 1995).  

DIA requires the assembly of a number of tools like image preprocessing and character 

recognition. Preprocessing attempts to transform the given images into more appropriate 

versions. For instance, preprocessing contains noise reduction, binarization, deskew, 

segmentation. 

Extracting information from historical document images is easier when images are clear. 

Consequently, preprocessing algorithms remove degradation from historical document images 

and produce high quality images for the next processing phases. The importance of this task is 

obvious. Hence, this thesis addresses the binarization of degraded document images for 

generating clearer images. 

This chapter reports the scopes of this thesis by introducing the research context and appreciating 

the challenges, motivations and objectives of the research. The research assumptions are clearly 

acknowledged. This chapter ends with a summary of contributions of this thesis.  
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1.1 Motivation 

Libraries across the world contain wide collections of historical documents. Typically, only 

groups of researcher are allowed access to such collections, because the preservation of the 

material is of great concern. Integrating intellectual content into the information and 

communication technologies environment can only be achieved by digitization i.e. transforming 

images of scanned documents into electronic text. 

Libraries and national archives have started to digitize the historical documents, with the aim of: 

 Developing repository platform to preserve local history resources, 

 Developing an effective and efficient search system that retrieve information from 

resources, 

 Making the resources accessible through the internet. 

Digitization protects documents against deterioration caused by inept usage or poor storage 

conditions. Hence, researchers and public via computer networks, smart phones, etc. can exploit 

the digital resources. 

Currently, it is a common practice among institutions to create digital libraries for the storage, 

organization and access to the large collections of historical documents. Therefore, their use has 

been widely extend and some big projects have been undertaken, such as Google Books1, the 

Million Book Project2 or the European Library3, Impact4, Europeana5, Qatar Digital Library6 

among others. 

For example, Google Book Search1 provides an online information access services in a large 

number of digitized books. Figure 1.1 shows the screenshot of the Google book search service 

where a book is opened and its text can be searched using the text search option. 

                                                 
1
 http://books.google.com 

2
 http://ulib.isri.cmu.edu/ 

3 http://www.theeuropeanlibrary.org/ 
4 http://www.impact-project.eu/ 
5 http://www.europeana.eu/ 
6 https://www.qdl.qa/en 

http://books.google.com/
http://ulib.isri.cmu.edu/
http://www.theeuropeanlibrary.org/
http://www.impact-project.eu/
http://www.europeana.eu/
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Figure 1. 1 Screenshot of the Google book search service7 

Digitization alone is not sufficient to provide historical document collections useful for such 

research. However, collections are generally unstructured and have big size, which makes hard 

to quickly find documents of interest. Figure 1.2 shows an example of scanned Arabic historical 

document image (Sharh sharh al-majisti, Nisapuri Al-Hassan ibn Muhammad). 

 

Figure 1. 2 Example of Arabic historical document8 

                                                 
7 http://books.google.com 
8 https://www.qdl.qa 

http://books.google.com/
https://www.qdl.qa/en/archive/81055/vdc_100023403504.0x000001
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Document image analysis is the way to recognize the text and graphics components in document 

image, and to extract the intended information as a researcher would. Therefore, document 

analysis systems will become progressively more evident in the form of daily document systems. 

For instance, Optical character recognition (OCR) is widely used when the document image is 

not degraded contemporary. OCR enables converting documents for more efficient storage and 

instant delivery to computer. However, when the document image is historical or ancient, word 

spotting system is considered as an alternative instance of content based image retrieval. Given a 

query, the goal is to retrieve the most relevant instances of words in a collection of scanned 

documents. 

Preprocessing is the first step in document image analysis; the goal is to prepare the image for 

further analysis. Such preprocessing includes: binarization, noise reduction, deskew and 

segmentation to enable easier subsequent detection of pertinent features and objects of interest. 

Consequently, binarization remains a challenging preprocessing task for its important step in 

DIA system. Its main objective is to produce a binarized image that allows distinguishing the 

foreground (text) from the background (no text). Hence, the binarization allows enhancing the 

poor quality of the digitized image for various uses. For instance, the binarization allows 

maintaining the most significant information in documents (text) for facilitating the reading; this 

is achieved by reducing the number of grayscale levels in document image to black and white 

levels. A further advantage of binary image is reduced storage for large archives and the easy 

access of information using word spotting (Zemouri and Chibani 2019). 

Historical documents can have a high variation in the contrast of the image. In addition, 

background clutter can produce errors if simple binarization method is applied. Beside historical 

documents, images contain various potential degradations such as: 

 Effect of the bleed-through 

 Background variation 

 Different text stroke widths 

 Low contrast 

 Distortions / background clutter 

In order to produce a high quality binarized image, various methods have been proposed for 

finding an efficient binarization but there is always some area for improvement. The results of 
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state of the art binarization methods show that “there remains for improvement in the quality of 

binarization”. 

The research contribution of this thesis inside the topic of historical document image binarization 

is to investigate the effective use of multidirectional wavelet transforms. For instance, the 

nonsubsampled Contourlet transform (NSCT) is able to capture efficiency the small contours 

along directions and scales contained into the image. Hence, the NSCT would be efficient to 

discriminate between the foreground and the background. 

When handling with historical document image, various problems can be presented. Hence, these 

problems can be categorized in three main categories such as follows: 

 Humanities; 

 Degradation of documents; 

 Preprocessing of image and evaluation protocols. 

Table 1.1 summarizes the overall correspondence between low level issues of preserving cultural 

heritage and problems related to the high level processing of the document image. 

Table 1.1 Summary of the research problem 

Handling problems Degradation of documents Preprocessing of image 

Legibility, 

Accessibility. 

Before acquisition: 

Variation of documents in age, 

source, etc. 

After acquisition: 

Noise, 

Loss of information, 

Geometrical deformation. 

Binarization: 

Degradation identification, 

Overlapping between foreground and background, 

Selection of a binarization method, 

Adjustment of parameters. 

Evaluation protocols: 

Benchmarks, 

Evaluation Metrics. 

1.2 Contributions of the thesis 

Within this thesis, binarization is necessary preprocessing stage for document image analysis like 

word spotting. The developed binarization method must be able to deal with degradations 

presented in historical documents. Hence, four contributions can be reported in this thesis: 

The first contribution of this thesis is presenting a hybrid binarization method by combining the 

global and local thresholding methods. The global threshold removes a wide part of the 

background pixels in order to facilitate the final binarization by using the local threshold. The 
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experiments are conducted on Arabic ancient documents, and the performance is evaluated with 

widely used binarization methods using word spotting system.   

Then, the second contribution focuses on the evaluation of binarization methods on blind and 

unblind datasets. Usually, the binarization is performed on blind datasets without knowing the 

type of degradation. The goal is to show the efficiency of a binarization method on unblind 

dataset based on a degradation typology and the written type (handwritten or printed). Unblind 

dataset is produced by categorizing DIBCO images according to the dominant degradation and 

written types. 

The third contribution lies in the joint use of the nonsubsampled Contourlet transform (NSCT) 

and k-means clustering for historical document image binarization. The aim of exploiting the 

NSCT is to provide an enhanced image with clear foreground as well as a uniform background to 

facilitate the binarization with k-means clustering. 

Finally, the last contribution of this thesis is proposing a self-training learning binarization 

method for degraded document image. The proposed method categorizes the pixels in the 

document image into foreground, background and degraded pixels. Then, learning framework 

consists to classify the degraded pixels into either foreground or background. 

In order to assess the performance of the proposed approaches in this thesis, detailed 

experimental evaluations on variety of datasets (Arabic historical document images, DIBCO and 

H-DIBCO datasets) according to recognition and pixel based evaluation metrics.  

1.3 Structure of the thesis 

The thesis is organized in chronological way starting with the description of state of the art 

methods in document image binarization in chapter 2. Existing methods are categorized and 

discussed in detail in order to give an overall idea of what is going on in this field. This chapter 

ends by reviewing a set of multiscale and multidirectional wavelet transforms. 

After the background information and prior works are introduced, chapter 3 proposes a 

binarization method. This proposed method relies the advantages of global and local 

thresholding methods. Hence, experiments on historical Arabic document images are presented 

and discussed. 

Chapter 4 introduces an unblind datasets categorization for evaluating a binarization method 

using pixel-based evaluation metrics proposed in DIBCO contests. Consequently, experiments 
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are conducted to show the efficiency of assessing a binarization method on specific type of 

degradation and written type.  

Chapter 5 presents the proposed binarization scheme based on NSCT enhancement and k-means 

clustering. This chapter reports the detailed description of each task of the proposed scheme: the 

enhancement of degraded document image, k-means binarization and post processing. This 

chapter also describes the adjustment of parameters and the experiments on blind and unblind 

datasets. 

Chapter 6 presents self-training learning framework for historical document image binarization. 

This chapter starts by describing the proposed framework, then detecting and classifying the 

degraded pixels. Experiment on blind and unblind datasets as well as parameters tuning are 

presented in this chapter.  

Finally, chapter 7 summarizes conclusions of the work presented in this thesis, and gives 

limitations of the proposed approaches and the possible improvements for future work. 
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CHAPTER 2 
Background and related works 

 
In this chapter, an overview on DIA preprocessing methods is given. The focus is based on 

document image binarization. Section 2.2 reviews the state of the art methods and summarizes 

recent efforts of binarization methods. A survey of multiscale and multidirectional wavelet 

transforms is presented in section 2.4. 

2.1 Introduction 

Many libraries across the world are working on the preservation and digitization of the historical 

documents and books. The importance of digital libraries for information retrieval cannot be 

estimated. The historical documents contain valuable knowledge that is very time consuming for 

the researchers to search the required information in these documents. The aim of historical 

document analysis and retrieval is to facilitate the access to information by spotting a given key 

word in the text. With the facility to search in historical documents, digital libraries enhance their 

importance. Recently, research in historical document analysis has received considerable 

attention. A variety of systems has been proposed in literature. However, the field remains 

challenging, especially when the document includes degraded quality of images, which is the 

subject of our research. 

The digitization is the process of creating a digital image through scanning. Hence, the low 

quality of the historical documents cannot be exploited directly. Therefore, an efficient 

binarization can improve the performance of DIA system. 
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Document image binarization is a challenging research topic for historical documents due to 

degradations. Figure 2.1 illustrates an example of historical document image binarization. 

  

(a) 

  

(b) 

Figure 2. 1 Historical document image (left) and binary image (right): (a) Handwritten and (b) printed 

It is worth noting that degradations in historical documents are acquired over time, and make 

them difficult to read and understand. Degradations can be caused by a physical phenomenon 

(chemical, biological, or human), or by acquisition tools. Following are description of these 

sources of degradation: 

 Chemical is largely caused by manufacturing processes. A sheet of paper is made from 

cellulose fibers of plant or animal origin. 

 Biological is caused insects, rodents, high levels of temperatures and humidity that are 

primary contributors to degradations, as they feed the organic substrates they find. 

 Human interventions, such as restoration, the addition of notes for archiving, etc., can hide 

portions of the writing. Improper storage and careless handling of the documents can cause 

tears, folds in the paper, etc., and frequent consultation by readers accelerates the destruction 

of the document. 

 Acquisition process generates various defects, for example: the physics of the apparatus 

used, the coursing that results from finite spatial sampling; geometric deformation, such as 

nonzero "skew". 

The previews factors, influencing the quality of historical documents and making them difficult 

to read. The most frequently seen degraded artifacts are: 



2. Background and related works 

10 

 

Uneven illumination caused by non-uniform trajectory of light between the camera and the 

document to be acquired, which results in non-uniform contrast along the surface of the 

document image (Figure 2.2(a)). 

Contrast variation: Contrast refers to differences between high/low pixels of an object in an 

image and the background pixel values. Factors such as noisy environment, sunlight, 

illumination, and occlusion often cause contrast variation, which is non-linear and expressive 

(Figure 2.2(b)).  

Bleed-through (ink-bleed) occurs when document is written on two sides of the paper and the ink 

from one side appears on the other side of the paper (Figure 2.2(c)). 

Faded ink (faint characters): The ink can disappear completely, becoming invisible to the human 

eye. In some harsh conditions, the properties of the ink itself may change. Even a chemically 

neutral solvent (e.g. water) used in a chemical restoration procedure can affect the ink adversely 

(Figure 2.2(d)). 

Smear (Show through) appears when ink impressions from one side appear on the other side 

(Figure 2.2(e)). 

Blur, which can be motion blur and out-of-focus blur. Motion blur is caused by the sudden rapid 

movement of camera. However, out-of-focus blur is shown when light fails to converge in the 

image (Figure 2.2(f)). 

Generally, to provide best performance for recognition system, the procedure consists of 

transforming the document image to binary format. However, due to degradations and artifacts 

recognition systems offer wrong results. 
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(a)      (b) 

  

(c)      (d) 

  

(e)      (f) 

Figure 2. 2 Historical documents with different degradations: (a) Uneven illumination, (b) contrast variation, (c) 

ink-bleed, (d) faded ink, (e) smear and (f) blur 

2.2 Binarization 

Binarization aims to find the region of interest from an image by separating the pixels into two 

regions corresponding to the foreground and background. However, the thresholding of degraded 

document image is still unsolved problem due to the high variation between the foreground and 

the background. Hence, the degradations tend to induce the document thresholding error and 

make degraded document image binarization a big challenge to most state of the art methods. 

The binarization methods can be categorized depending on which principal criteria they consider 

in defining the threshold. However, two categories can be distinguished which are direct and 

indirect methods. The direct binarization methods use the thresholding approaches. Unlike, 

indirect methods exploit the machine learning paradigm. In the following, these two categories 

are briefly described. 
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2.2.1 Direct binarization methods 

Direct binarization methods deduce the threshold 𝑇 from the document image and assign all 

pixels having value greater than the calculated threshold to the background, while the rest of 

pixels are set to the foreground.  

For better clarity, let define 𝐵𝐼(𝑚, 𝑛) be the binary image of given grayscale image 𝐼(𝑚, 𝑛), 

binarization is the representation of 𝐼(𝑚, 𝑛) with only two gray levels, 0 (black) corresponds to 

the foreground pixels and 1 (white) corresponds to the background pixels, as follows: 

 
𝐵𝐼(𝑚, 𝑛) = {

1,       𝑖𝑓 𝐼(𝑚, 𝑛) ≥ 𝑇
 0,          𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.    

 (2.1) 

The threshold 𝑇 is calculated from the intensity of the pixels, which can be set by considering 

global or local thresholding methods. In the following sections, we review the most thresholding 

methods for binarizing the document image. 

2.2.1.1 Global thresholding methods 

Global thresholding methods calculate a single threshold for the entire image and assign the 

pixels according to Eq.2.1. In the following, major global thresholding methods are briefly 

reviewed: 

Isodata (Ridler and Calvard 1978) segmented the input image into two equidistant parts 

(foreground and background) with the associated mean values of each part (𝜇1 and 𝜇2). Hence, 

the threshold T is calculated as the closest integer to the mean of the both parts. The process is 

repeated until the threshold value does not change any more. The threshold takes the following 

value: 

 𝑇 =
(𝜇1 + 𝜇2)

2
 (2.2) 

Otsu (1979) is one of the most popular image binarization methods. The threshold assumes a 

bimodal histogram and tries to minimize the intra class variance as follows: 

 𝑇 = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑇

∑ (𝐼(𝑚, 𝑛) − 𝜇1)2

𝐼(𝑚,𝑛)<𝑇

+ ∑ (𝐼(𝑚, 𝑛) − 𝜇2)2

𝐼(𝑚,𝑛)≥𝑇

 (2.3) 

where 𝜇1 and 𝜇2 are the mean of pixel sets that is divided by the threshold 𝑇. 
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Kapur et al. (1985) considered the image foreground and background as two different signal 

sources. The threshold is based on the maximization of the class entropies. Hence, when the 

entropies of the two classes reaches its maximum, the image can be optimally thresholded. 

Global methods can be used for document images with a uniform background. However, 

historical documents need adaptive algorithms due to the low contrast of text and the presence of 

background clutter. 

2.2.1.2 Local thresholding methods 

As opposed to global threshold, local methods compute the threshold 𝑇(𝑥, 𝑦) for each pixel or 

group of pixels in the image using the information contained in its neighborhood. If a pixel 

𝐼(𝑥, 𝑦) in the input image has a higher grayscale than the threshold 𝑇(𝑥, 𝑦), then this pixel is set 

to background, otherwise it is set to foreground. In the following, the well known methods are 

briefly described: 

White and Rohrer (1983) proposed a dynamic thresholding algorithm, which exploits the bias 

parameter and the local mean of the analyzed pixel for generating the binarized image. 

Niblack (1985) defined the threshold based on the local mean 𝜇(𝑥, 𝑦) and local standard 

deviation 𝜎(𝑥, 𝑦) as follows: 

 𝑇(𝑚, 𝑛) = 𝜇(𝑚, 𝑛) + 𝑘𝜎(𝑚, 𝑛 ) (2.4) 

where 𝑘 is user defined parameter. It is used to adjust how much of the total object boundary is 

taken as a part of the given object. 

Bernsen (1986) provided a user contrast threshold (𝐶𝑇). If the local contrast is above or equal to 

𝐶𝑇, the threshold is set at the local midgray value i.e. the mean value of the minimum and 

maximum grayscale values in the local window. Otherwise, the neighborhood consists only of 

one class and the pixel is set to foreground or background depending on the value of the 

midrange. 

Sauvola (2000) is an adaptation of Niblack where the threshold is given by: 

 𝑇(𝑚, 𝑛) = 𝜇(𝑚, 𝑛)(1 −  𝑘 (1 −
𝜎(𝑚, 𝑛)

𝑅
)) (2.5) 

Yang and Yan (2000) proposed an adaptive logical level threshold with an automatic detection 

of the character stroke width. 
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Kim et al. (2002) defined a local adaptive thresholding based on water flow model, which 

considered the image surface as a 3-D terrain. To discriminate foreground from background, the 

water flows down to the lower regions of the terrain and fills valleys. Then, thresholding process 

is used to the amount of filled water for the foreground separation, 

Wolf (2004) addressed the problem in Sauvola threshold when the grayscale of the background 

and text are close. The threshold is computed by normalizing the contrast and the mean value of 

the image as follows: 

 
𝑇(𝑚, 𝑛) = (1 − 𝑘) 𝜇(𝑚, 𝑛) + 𝑘 𝑀 +  𝑘 (

𝜎(𝑚, 𝑛)

𝑅
) (𝜇(𝑚, 𝑛) − 𝑀) (2.6) 

where 𝑀 is the minimum grayscale value of the image and 𝑅 is set to the maximum grayscale 

standard deviation obtained over all the local neighborhoods. 

Bradley (2007) proposed an adaptive thresholding using the integral image of the input. The 

method sets each pixel to black if its brightness is 𝑇 percent lower than the average brightness of 

the surrounding pixels in the window 𝑤𝑠, otherwise it is set to white. 

Khurshid et al. 2009 (NICK) derived a thresholding formula from Niblack threshold which 

considerably improves the binarization for white and light page image by shifting down the 

binarization threshold. The thresholding value is calculated as follows: 

 

𝑇(𝑚, 𝑛) = 𝜇(𝑚, 𝑛) + 𝑘 √
(∑ 𝐼(𝑚, 𝑛)2

(𝑚,𝑛)∈𝑤𝑠 − 𝜇(𝑚, 𝑛)2)

𝑁𝑃
 (2.7) 

where 𝑁𝑃 is the total number of pixels in the window 𝑤𝑠. 

Saha and Ray (2009) introduced an adaptive thresholding through minimax optimization of an 

energy function which consists of non linear convex combination of edge sensitive data fidelity 

and regularisation. The minimax principle finds automatically the weighting parameter and the 

threshold surface. 

Local thresholding methods calculate a threshold for each pixel in a specific window size by 

exploiting a limited amount of information. These later have more complexity to find their 

parameters. 
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2.2.1.3 Hybrid thresholding methods 

In some cases, global or local thresholding methods do not provide satisfactory binarization. 

However, other authors proposed to combine global with local thresholds. These hybrid methods 

take the advantage of global and local methods to generate clearer binary image. For instance, 

the following methods are proposed, which are briefly reviewed: 

Gupta and Bag (2000) proposed a local to global binarization method, which applies an adaptive 

approach to enhance the degraded image for separating the foreground and background 

considerably. After that, a histogram-based global algorithm is applied. 

Gatos et al. (2006) followed several distinct steps: Low-pass Wiener filtering, rough estimation 

of foreground regions, background surface calculation by interpolating neighboring background 

intensities. The threshold combines the calculated background surface with the original image 

while incorporating image up-sampling. 

Biswas et al. (2014) used Canny edge after blurring the image with Gaussian filter. Next, the 

grayscale values of the two pixels at the left and right of each edge pixel are noted to form the 

histogram; the lowest valley between the two distinct peaks provides the global threshold. All 

pixels greater than the threshold are set to background. Consequently, local threshold computed 

on small window around each non-background pixel turned it either background or foreground.  

Liang et al. (2017) combined Otsu and Sauvola thresholds. Hence, the trade-off between the 

employed thresholds is determined using variational minimax thresholding method (Saha and 

Ray 2009). 

The main disadvantage of the direct methods is that cannot adapt well to the different 

degradations presented in the historical document image. 

2.2.2 Indirect methods 

Binarization can be considered as classification problem. If the grayscale distributions of the 

foreground and background pixels are known or can be estimated, then the optimal thresholding 

decision can be obtained using machine learning paradigm. The idea is based on extracting 

features from degraded document image and assigning the pixels into foreground and 

background class. Various classification algorithms have been proposed for document 

binarization. In the following, the well known methods are briefly described: 
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k-means clustering based binarization categorizes the pixels into two clusters. Hence, the pixels 

belonging to the cluster with the smaller centroid are set to foreground, and the pixels belonging 

to the greater centroid are set to background (Djema and Chibani 2013). 

Oh et al. (2005) presented an improved approach of Kim et al. (2002) which includes the 

extraction of the regions of interest (ROI), an automatic stopping criterion, and hierarchical 

thresholding. 

Lai and Lee (2008) binarization method divides the text region into local areas having uniform 

illumination, and then k-means clustering with Euclidean distance is applied to segment the 

foreground from background. 

Kita and Wakahara (2010) presented multicolored characters binarization. First, tentatively 

binarized images are generated via every dichotomization of k clusters obtained by k-means 

clustering in the HSI color space. After, SVM with mesh and weighted direction code histogram 

features determine the degree of “character-likeness.” Finally, an optimal binary image is 

selected with the maximum degree of “character likeness”. Wakahara and Kita (2011) present an 

extended binarization version for multicolored degraded character strings. 

Valizadeh and Kabir (2012) mapped the image into a 2-D feature space in which the foreground 

and background pixels are separable, and then the feature space is partitioned into small regions. 

The purity of regions is examined and labeled to either foreground or background. Finally, each 

pixel is classified as either foreground or background based on the label of its corresponding 

region in the feature space. 

Djema and Chibani (2013) combined the k-means clustering with local binarization method to 

generate pure foreground, background and conflict classes. And then, SVM classifier manages 

the conflict class to construct the binary image. 

Ahmadi et al. (2015) used conditional random fields (CRF) to model the conditional distribution 

and are used in structural classifications. However, the binary image distribution is modelled 

with respect to set of features generated from the document image. 

Mitianoudis and Papamarkos (2015) removed first the background information. Then, the 

remaining misclassified background and foreground pixels are then separated using a local co-

occurrence mapping, local contrast and two-state Gaussian mixture model (GMM).  
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Vo et al. (2016) used Gaussian mixture Markov random field (GMMRF) for the binarization of 

music score documents, the staff lines are extracted by applying a stroke width transform. The 

color and spatial information of the staff lines model the foreground and background color 

distribution. Then, the staff line information is exploited for conducting GMMRF labeling 

process. 

Vo et al. (2018) learned a hierarchical deep supervised network (DSN) architecture for the 

prediction of the text pixels at different feature levels. With higher level features, the network 

can discriminate foreground pixels from background noises, whereby severe degradations that 

occur in document images can be managed. Otherwise, foreground is predicted at lower level 

features. 

Defining the number of classes, finding training samples, appropriate set of features and a 

separation plan for classifying foreground and background pixels are the most common 

challenges. 

2.3 DIBCO and H-DIBCO 

In the last years, a great amount of progress has been made in the field of historical document 

image binarization. Binarization methods are either evaluated on a pixel basis compared to a 

ground truth (GT). Within DIBCO and H-DIBCO 2009-2014, 2016-2017 (Gatos et al. 2009, 

Pratikakis et al. 2010-2013, 2016-2017, Nitrogianis et al. 2014) only pixel based evaluation 

measures are used. DIBCO and H-DIBCO are the document image binarization competitions 

that are dedicated to printed and handwritten document images organized in conjunction with 

international conference on document analysis and recognition (ICDAR) and international 

conference on frontiers in handwriting recognition (ICFHR), respectively. Following are the top 

ranked methods for each competition year: 

Lu et al. (2010) algorithm includes four parts, which deal with document background extraction, 

stroke edge detection, local thresholding and post-processing, respectively. The local threshold is 

estimated by averaging the detected edge pixels within a local neighborhood window. 

Fabrizio et al. (2009) used the morphological toggle operator (Serra 1989). However, the pixel is 

marked as background, if it is closer to erosion and otherwise it is marked as foreground (pixel is 

closer to the dilation). This strategy handles boundaries of patterns but produces salt and pepper 

noise on homogeneous regions. To avoid this issue, pixels whose erosion and dilation are too 
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close are considered as included in a homogeneous region. Finally, homogeneous regions are 

assigned to foreground or background according to the class of their boundaries. 

Bar-Yosef et al. (Pratikakis et al. 2010) approach is composed by adaptive binarization, remove 

false objects and accurate local region based active contour. The preliminary binarization is 

based on normalized image gradients and local intensity averaging. Then, the second step 

analyzes each connected component whether it should be omitted or processed in the final step. 

Finally, an accurate active contour is applied based on local region statistics. 

Howe (2011) defined an energy function, which is formulated as a graph cut problem for 

efficient exact computation. The Laplacian of the image determines the local likelihood of 

foreground and background labels for each pixel, granting the method invariance to intensity 

shifts caused by degradations without the need for thresholding. An energy penalty between 

neighboring pixels with different labels serves to enforce smoothness. The penalty does not 

apply if Canny edge detection identifies a likely discontinuity between the two neighbors, thus 

allowing the solution to conform to the natural boundaries in the image. Howe (2013) described 

an automatic technique selecting parameters in way that adjusts them to the individual image  

Lelore and Bouchara (2013) presented a fast algorithm for document image restoration (FAIR). 

FAIR approach is based on double-threshold edge detection method, which makes it possible to 

identify small details whereas remaining robust against noise. 

Su et al. (2013) used adaptive image contrast that is the combination of the local image contrast 

with the local image gradient. First, an adaptive contrast map is constructed for the document 

image. Then, the contrast map is binarized and combined with Canny edge map in order to detect 

the foreground stroke edge pixels. Finally, the image is binarized using local threshold depicts 

from the stroke edge pixels. 

Mesquita et al. (Ntirogiannis et al. 2014) combined the way the human visaul system perceivs 

distant objects with Howe (2013). 

Nafshi et al. (Ntirogiannis et al. 2014) modeled the foreground and background unsing phase 

derived features from images. These features are: i) Enhanced image with phase preserved, ii) Maximum 

moment of phase congruency covariance and iii) Locally weighted mean phase angle. Furthermore, 

adaptive median and Gaussian filters are applied for further improvement. 
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Kligler and Tal (Pratikakis et al. 2016) proposed a preprocessing stage to create the visibility 

score map. First, it considers the image as a 3D set (X, Y, intensity) that linearly transformed to 

spherical surface. Then, Hidden point removal (HPR) operator is used to detect the concavities in 

sphere’s surface, which are correspond to the text. This phase produces visibility score map that 

assigns each pixel the probability that it resides in a concavity (foreground). Then, Howe (2013) 

is applied to the map. 

Hassaine et al. (Pratikakis et al. 2016) combines the following submitted methods to H-DIBCO 

2016: 

The first method is adapted from a technique for restoration of optical soundtracks of old 

movies, were the foreground is considered as the opaque region of the optical soundtrack. While, 

the second method classifies the edges of Otsu as true edges or wrong edges according to 

geometric features. Regions are removed if the common of their edges are assigned to wrong 

edges. 

Ilin et al. (Pratikakis I. et al 2017) used U-Net convolutional network architecture for the 

binarization. 

Ye et al. (Pratikakis I. et al 2017) used deep fully convolutional neural network (FCN). First, the 

method normalizes the grayscale image to [-1, +1]. Then, trains FCN using DIBCO datasets in 

order to classify pixels into either foreground or background. 

Vo et al. (Pratikakis I. et al 2017) developed a DSN model with a multiscale structure to learn 

foreground-like features from document images itself in order to classify the foreground and 

background from historical document images. 

DIBCO competitions show clearly that there is no universal method having the ability to perform 

a good binarization for all types of degradation (Djema et al. 2015, Zemouri and Chibani 2019). 

2.4 Directional wavelet transform based binarization 

In this thesis, the directional Wavelet transform is used as intermediate for binarizing the 

degraded image. Hence, in the following we review the main concept of the Wavelet transform 

and more precisely the directional Wavelet transform. 
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 Wavelets have become very successful in many areas due to their success in applications. The 

efficient multiresolution representation of wavelets provides us with the construction of bases for 

signal expansion. 

 

Figure 2. 3 Light can be represented by a mixture of primary colors (discovered by Newton in 1672) (DO 2002) 

The descriptive experiment presented in Figure 2.3 visualizes the concept, Assume that a beam 

of light source is decomposed into several color components. With a right mixture of those 

colors, we can reproduce the original beam of light source at the other end. In this experiment, 

seven primary colors provide a basis for representing any light sources; in the same way as 

wavelets are bases for representing images. Such decomposition is useful since it allows us to 

treat each component independently. 

Wavelet transforms offer representations for 2-D images that warrant: 

 Multiresolution allow image to be successively approximated beginning from a coarse 

version and going to fine-resolution version. 

 Localization, the elements in the representation should be well concentrated in both spatial 

and frequency domains. 

 Critical sampling, the representation should be a basis, or a frame with small redundancy. 

 Directionality, the representation should contain basis functions oriented at variety of 

directions. 

 Anisotropy, the representation should contain basis functions with variety of shapes and 

different aspect ratios to capture smooth contours in images. 

Directional Wavelet transforms have been exploited for document image binarization, the 

objective is to produce an enhanced image that helps on binarization. Following a review of 

some methods: 

Tan et al. (2002) presented a method that works by first matching both sides of a document such 

that the interfering strokes are mapped with the corresponding strokes originating from the 

reverse side. This facilitates the identification of the foreground and interfering strokes. A 
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wavelet reconstruction process then iteratively enhances the foreground strokes and smears the 

interfering strokes so as to strengthen the discriminating capability of an improved Canny edge 

detector against the interfering strokes. 

Wang et al. (2003) used directional Wavelet transform to do away with double side mapping, 

which is able to distinguish the foreground and reverse side strokes. 

Patvardhan et al. (2012) estimated the background using Wavelet transform. The input image 

binarized with global Otsu and wavelet treated image binarized with adaptive Otsu are used to 

obtain final binary image. 

Patvardhan et al. (2012a, 2012b) used Curvelet denoising approach to remove complex image 

background. After, the image is binarized using Otsu method. 

Wen et al. (2013) combined Curvelet and Otsu method to binarize the non-uniform illuminated 

images. First, Curvelet decomposes the input image. Moreover, nonlinear functions enhance the 

Curvelet coefficients. Then, Otsu method thresholds the reconstructed image. 

Following a review of well known multiscale and multidirectional Wavelet transforms. 

2.4.1 Wavelet Transform (WT) 

Wavelet transform (Apolloni et al. 2005) can be viewed as the projection of an image into a set 

of basis functions named wavelets. The basis functions offer localization in the frequency 

domain. In contrast, to short time Fourier transform (STFT) having equally spaced time-

frequency localization, wavelet transform provides high time resolution and low frequency 

resolution for high frequencies and high frequency resolution and low time resolution for low 

frequencies. 

2.4.2 Radon Transform 

Radon transform (Debnath and Bhatta 2006) is the projection of the image intensity along a 

radial line oriented at a specific angle. Radon Transform is defined as the collection of the 

integrals in (𝜃, 𝑡) ∈ [0, 2π] × R  as: 

 
𝑅𝐼(𝜃, 𝑡) = ∫ 𝑓(𝑚, 𝑛) 𝛿(𝑚 cos 𝜃 + 𝑛 sin 𝜃 − 𝑡)𝑑𝑚𝑑𝑛 (2.9) 

where 𝛿 is the Dirac distribution, 𝜃 is the angular variable and 𝑡 is the time variable.  
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The reconstruction is achieved by putting, for each projection orientation, the Fourier coefficient 

in the frequency domain obtained for that projection orientation. Then, the inverse 2-D Fourier 

Transform is performed to get the reconstructed image. 

2.4.3 Ridgelet Transform 

Ridgelets (Candes 1998) are an extension of the Radon transform for a number of orientations, 

and 1-D wavelet transform. The idea is to map a line singularity into a point singularity using the 

Radon transform. Then, the wavelet transform can be used to handle the point singularity. The 

result is an efficient representation for 2-D functions with piecewise smooth regions separated by 

a line singularity.  

 
𝑅𝑇𝐼(𝑎, 𝜃, 𝑡) = ∫ 𝜓𝑎,𝑏(𝑡)𝑅𝐼(𝜃, 𝑡)𝑑𝑡

ℝ

 (2.10) 

where 𝜓(𝑡) is 1 D wavelet function. 

2.4.4 Curvelet Transform 

Curvelets (Starck et al. 2002) are based on multiscale ridgelets combined with a spatial bandpass 

filtering operation to isolate different scales. The image is decomposed into a set of wavelet 

bands and each band is analyzed by a local Ridgelet transform. The block size can be varied at 

each scale level. Curvelets occur at all scales, locations, and orientations. In addition to a 

variable width, Curvelets have a variable length and so a variable anisotropy. 

2.4.5 Contourlet transform (CT) 

Contourlet transform (Do and Vetterli 2002) is a 2-D extension of the wavelet transform 

developed using 2-D multiscale and directional filter banks. Contourlet transform uses a filter 

bank structure to get the smooth contours of images. In which the Laplacian pyramid (LP) is first 

used to capture the point discontinuities, and then a directional filter bank (DFB) is used to form 

those point discontinuities into linear structures. The Laplacian pyramid decomposition only 

produces one bandpass image in a multidimensional image processing, which can avoid 

frequency scrambling. In addition, directional filter bank (DFB) is only fit for high frequency 

since it will leak the low frequency of images in its directional subbands. This is the reason to 

combine DFB with LP, which is multiscale decomposition and remove the low frequency. 

Therefore, image passes through LP subbands to get bandpass coefficients and pass those 

coefficients through DFB to capture the directional information of image.  
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2.4.6 Nonsubsampled Contourlet transform (NSCT) 

These recent transforms show various information concerning curves on different scales and 

directions. However, the lack of the shift-invariance property can cause the pseudo-Gibbs 

phenomena. The NSCT (Da Cunha et al. 2006) is a fully shift-invariant, multiscale, and 

multidirectional expansion. It has proven to be very efficient in image denoising and image 

enhancement. Formally, NSCT is divided into two shift-invariant parts: 1) a nonsubsampled 

pyramid that ensures the multiscale property and 2) a nonsubsampled DFB that gives 

directionality. Figure 2.4(a) demonstrates an overview of the NSCT. The structure consists in a 

bank of filters that splits the 2-D frequency plane in the subbands presented in Figure 2.4(b).  

 

(a)                                                                           (b) 

Figure 2. 4 Nonsubsampled Contourlet transform. (a) NSFB structure and (b) Frequency partitioning 

As shown in Figure 2.4(a), the NSCT is constructed by combining the NSP and the NSDFB. 

Nonsubsampled pyramid (NSP): The multiscale property of the NSCT is obtained from a shift-

invariant filtering structure that achieves subband decomposition similar to that of the Laplacian 

pyramid (LP). This is achieved by using two-channel nonsubsampled 2-D filter banks. 

Nonsubsampled Directional Filter Bank (NSDFB): The directional filter bank is constructed by 

combining critically sampled two-channel fan filter banks and resampling operations. The result 

is a tree-structured filter bank that splits the 2-D frequency plane into directional wedges. A 

shift-invariant directional expansion is achieved with a nonsubsampled DFB (NSDFB). The 

NSDFB is constructed by eliminating the downsamplers and up samplers in the DFB. Figure 2.5 

illustrates an example of decomposing an image into four subbands. 

Lowpass 
subband 

Highpass 
subband 

Highpass 
subband 

Input 

image 

(-π,-π) 

Bandpass 

directional 
Subbands 

𝜔2 

𝜔1  

(π, π) 



2. Background and related works 

24 

 

   

 (a)       (b) 

Figure 2. 5 Construction of four subbands NSDFB with two subband fan filter banks: (a) structure for image 

filtering and (b) frequency partition 

The NSCT reconstruction (Inverse NSCT) is based on filtering operation according to the 

inverse procedure of decomposition. NSCT is considered as fully shift-invariant, which leads to 

overcoming the pseudo-Gibbs phenomena (Da Cunha et al. 2006). Thus each coefficient of the 

transform subbands corresponds to the pixel of the image in the same spatial location. Therefore, 

the geometrical information is gathered pixel by pixel from the NSCT coefficients. Due to these 

merits, NSCT could highly benefit for image enhancement. Figure 2.6 illustrates an example of 

handwritten historical document image decomposition into four directions over two scales. 

Comparatively to WT, Curvelet transform, and CT, NSCT performs better for image denoising, 

and feature extraction. 
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(a)     (b) 

  

  

(c)       (d) 

Figure 2. 6 NSCT decomposition of handwritten document image: (a) degraded image, (b) low-frequency subband, 

high-frequency subbands with four directions at (c) the first scale and (d) the second scale 

2.5 Summary 

In this chapter, we depicted the historical document image analysis and recognition system, more 

precisely the binarization phase and its different approaches. We also detailed the main 

advantages as well as difficulties of binarization task and overviewed the state of the art of each 

category of the binarization methods. We further presented the recent challenges addressed by 

the researchers in this field. 

In this context, we overviewed different multiresolution and direction transforms in order to 

enhance our choice of investigating the nonsubsampled Contourlet transform for an efficient 

image enhancement and binarization. 

The next chapter is dedicated to present the first contribution using conjointly the global and 

local thresholding methods. 
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CHAPTER 3 
Global to local binarization 

 
This chapter reports a hypothesis of combining the direct thresholding methods. The proposed 

method takes the advantages of the existing approaches to enhance and binarize historical 

document images (Zemouri et al. 2014a). The approach applies global threshold to remove a 

considerable part of background in order to enhance the degraded image. After, local 

thresholding is performed in order to separate the foreground from background in the enhanced 

image. Evaluation based on word spotting using an Arabic historical document images from 

National Library of Algeria shows the efficiently of the proposed approach. 

3.1 Introduction 

 Document image binarization is a simple way to separate the text object of interest, denoted as 

foreground, from the background. Due to the occurrence of various degradations, such as stains, 

faint characters, bleed-through, uneven illumination, the performance of existing document 

image binarization is still far from satisfactory. Therefore, the challenge is how to design an 

accurate and robust document image binarization. 

Basicly, direct thresholding techniques comprises global methods and local methods. As a 

illustrative global threshold method, Otsu (1979) yields acceptable results in the case of 

document images with bimodal histogram, but it can not effectively handle the documents with 

degradations such as uneven background, low contrast and bleed-through. Local thresholding is 

considered to be a solution to solve the limitations of global threshold by computing the 

threshold for each pixel or each region. Therefore, local methods can adapt to complex document 
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images because they can reduce the influence of noise adaptively. However, they suffer from a 

higher computational complexity, and there will be some pixels considered as the background 

and the others as foreground, which leads to misclassification for the regions containing only 

foreground or background. 

To deal with the weakness of direct methods, the hybrid methods are developed to combine 

global and local information that are complementary to each other. Hence, hybrid methods 

inherit the merits of global and local methods and alleviate the demerit.  

Untill now, various methods have been proposed. For instance, Biswas et al. (2014), Liang et al. 

(2017), Gupta and Bag (2020). In this chapter, we present a combination of global and local 

thresholds for historical document image binarization. 

3.2 Proposed approach 

The proposed method takes the advantages of both global and local thresholding methods. It 

consists of three stages: Global thresholding (preprocessing), local thresholding and post 

processing. In the preprocessing stage, a global threshold value is computed to decide a group of 

pixels as background. The resulted image is subject to a local thresholding in order to classify the 

remaining pixels into foreground or background. Finally, post processing operations are applied 

to improve the quality of the output binary image. The block diagram presents in Figure 3.1 

summarizes the above operations. 

 

Figure 3. 1 Block Diagram of the proposed method 

3.2.1 Computation of the global threshold 

The simple global thresholding algorithm chooses a manual threshold value 𝑇 (from 0 to 255). If 

the grayscale value of the pixel is greater than 𝑇, the pixel is set to background (white) otherwise 

it is foreground (black). Figure 3.2 depicts an example of global thresholding using different 

values of threshold. 

  

Historical 

document image 

Global 

thresholding 

Intermediate 

image 
Local 

thresholding 

Post 

processing 

Binary 

image 



3. Global to local binarization 

28 

 

   

(a)        (b) 

   

(c)        (d) 

Figure 3. 2 (a) Document image and thresholding results for: (b) T=60, (c) T=128 and (d) T=200 

As can be seen in Figure 3.2(c), the best choice of the manual global threshold value leads to a 

better binarization result, which removes the background as well as keeps the foreground region. 

This method is easy to implement but it needs a user to define an appropriate thresholding value. 

An automatic threshold can be defined using statistics like the mean value or from the histogram 

distribution such as Otsu (1979), Isodata (Ridler 1978) etc. 

Usually, document image comprises very rare pixels of useful information (foreground) 

compared to the amount number of pixels in the image (Zemouri et al. 2014a). The proposed 

thresholding technique makes the assumption that the image contains primarily background 

pixels (to be segmented as white) and that the foreground pixels are rather distributed in the 

image. 

Figure 3.3 shows the histogram representation of historical document image with thresholds 

computed by Otsu (𝑇𝑂𝑡𝑠𝑢), Isodata (𝑇𝐼𝑠𝑜𝑑𝑎𝑡𝑎) and the mean value of pixels (𝑇𝑚𝑒𝑎𝑛). 

 

Figure 3. 3 Histogram distribution with thresholds computed using Otsu, Isodata and the mean value 
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As can be seen, it is clear that the background can be removed even if the document is quite 

clear. Taking advantage of this assumption, we set the mean value as global threshold. However, 

it is obvious that the mean value (𝑇𝑚𝑒𝑎𝑛) is always on the background side. The output image 

𝐼(𝑚, 𝑛) is given by: 

 𝐼(𝑚, 𝑛) = {
255 𝑖𝑓 𝐼(𝑚, 𝑛) ≥ 𝑇𝑚𝑒𝑎𝑛

𝐼(𝑚, 𝑛) 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (3.1) 

Figure 3.4(c) shows an example of global thresholding.  

3.2.2 Computation of the local threshold 

Here, we compute local thresholds at the remaining pixels, which have not been thresholded at 

the previous stage. In this process, we consider Sauvola (2000) local thresholding to decide the 

label of the concerned pixel in the binary image. Sauvola method provides a good compromise 

between the extraction of useful information and the elimination of the background. It makes use 

of the local mean and standard deviation to determine the threshold value. Figure 3.4(d) shows 

an example of binary output.  

Sauvola method adapts to changes of the pixel intensity, and it is robust to noises. However, it 

only uses the local information. However, it is hard to select the window size for the local 

region, especially when the size of foreground varies a lot. 

 

(a) 

   

(b)                  (c) 

Figure 3. 4 (a) Historical document image, (b) Intermediate image (after global thresholding) and (c) binary image 

(after local thresholding) 
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3.2.3 Post processing 

Post processing stage has a major impact on the success of the binarization process. It aims at 

removing artifacts from the previous binarization stage. Isolated blobs or small misclassified 

noisy items can be removed using smoothing filters as shown if Fig. 3.5 (Cheriet et al. 2007). 

These masks passed over the entire image, and the process is repeated until there is no change in 

the binary image. If the pixels overlaid by the squares marked "=" all have the same value, that is 

all zeros, or all ones, then the target pixel "P" is forced to match them to have the same value, 

otherwise it is not changed. Therefore, we remove all those connected components that contain 

less than 20 pixels. Of course, this threshold relates to the image resolution and has to be adapted 

accordingly. 

These operations can fill or remove single pixel indentation in all the edges, or single bumps. 

Also all the single pixel noises, or lines that are one pixel wide will be completely eroded. Figure 

6 shows an example of binary image smoothing. 

 

 

 

Figure 3. 5 Filter masks used for binary document image smoothing, (b), (c), and (d) are rotated versions of the 

filter in (a) by 90◦ 

   

(a)                (b) 

Figure 3. 6 Binary image (a) before and (b) after post processing 

3.3 Analysis of binarization methods 

Document image binarization is an important stage of the document image that affects the final 

recognition results. Therefore, it is necessary to have an evaluation methodology, which will 

account for the performance of the binarization in qualitative and quantitative terms.  

Visual criteria are used when no ground truth is available. Therefore, the binarized image is 

evaluated using the following criteria: i) Broken line structures, ii) Broken symbols, text, etc. iii) 

Blurring of lines, symbols and text, iv) Loss of complete objects and v) Noise in homogeneous 

areas (Trier and Taxt 1995).  

= = =  X = =  X X X  = = X 

= P =  X P =  = P =  = P X 

X X X  X = =  = = =  = = X 

 (a)    (b)    (c)    (d)  
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As binarization outcome is subject to OCR, the corresponding result can be evaluated with 

respect to character and word accuracy (Gupta et al. 2007). OCR engines are mainly focused on 

machine printed text and can lead to insufficient results for handwritten like text in historical 

documents (Ntirogiannis et al. 2013, Brik et al. 2013). For thus, we propose to evaluate the 

binarization on word spotting. Word spotting is a relatively alternative for information retrieval 

in historical document images. It means matching a query word image with all the words in the 

documents and retrieves all the document images containing similar words to the given query. 

Usually, word spotting system consists of the following modules: 

A) Preprocessing (Zemouri and Chibani 2011) improves the quality of the document image as 

well facilitate the next steps. The proposed preprocessing steps are: 

 Binarization: All the previews methods are used to the binary image. 

 Pages separation: The document page is separated into two pages; the vertical projection 

profile is used in this process. 

 Skew angle correction: The horizontal projection profile is used for estimating the skew 

angle, which can be performed for different angles and the largest magnitude variations 

correspond to the skew angle. 

 Border removal aims at detecting and cutting out noisy black borders as well as noisy text 

regions appearing from neighboring pages. It is based on projection profiles. 

 Segmentation aims to extract the words from the document. Segmentation is performed in 

two consecutive steps: line and word segmentation. Both steps make use of the projection 

profiles. 

B) Feature generation captures the word similarities and discarding the small differences due to 

remaining noise or different style of writing. They are carefully selected in order to describe the 

contour and region shape of the word. 

 Projection profile: Captures the distribution of ink along one of the two dimensions in a 

binary word image. A vertical projection is computed by summing the intensity values in 

each image column separately. 

 Upper word profile: The word image is scanned from top to bottom. When a black pixel is 

found, all the following pixels of the same column are converted to black. 

 Lower word profile: The word image is scanned from bottom to top and all the pixels are 

converted to black until a black pixel is found. 



3. Global to local binarization 

32 

 

 Number of vertical pixel transition White/Black: When a pixel changes from foreground to 

background in each column of the image. 

Due to the variations in quality (font size, faded ink etc) of the scanned images, different 

projection profiles do not generally vary in the same range. To make them comparable, these 

features are normalized in the range [0-1] by the word height (see Figure 3.7). 

 

(a) 

   

(b)       (c) 

   

(d)       (e) 

Figure 3. 7Word image and features used in word image matching: (a) original word image, (b) vertical projection 

feature, (c) upper profile feature, (d) lower profile feature and (e) number of vertical transition of pixels white/black 

C) Dynamic Time Warping (DTW) computes the similarity between two sequences which can 

have different length. It is applied to the problem of word recognition in historical documents. Let 

us consider two sequences of vectors 𝑋 = (𝑥1, . . . , 𝑥𝑀) and 𝑌 =  (𝑦1, . . . , 𝑦𝑁). DTW considers all 

possible alignments between the sequences, where an alignment is a set of correspondences 

between vectors such that certain conditions are satisfied. For each alignment, (Rath and 

Manmatha 2003) determine the sum of the vector-to-vector distances and define the DTW 

distance as the minimum of these distances. The matrix 𝐷 ∈ ℝ𝑀×𝑁is built, where each entry 

𝐷(𝑖, 𝑗) 𝑖 = 1: 𝑀 and 𝑗 = 1: 𝑁 is the cost of aligning the subsequences 𝑋1:𝑖 and 𝑋1:𝑗. 

Each entry 𝐷(𝑖, 𝑗) is calculated from some 𝐷(𝑖′, 𝑗′) plus an additional cost 𝑑, which is usually the 

distance between the samples 𝑥𝑖 and 𝑦𝑗 as follows: 

 𝐷(𝑖, 𝑗) = 𝑚𝑖𝑛 {

𝐷(𝑖, 𝑗 − 1)
𝐷(𝑖 − 1, 𝑗)

𝐷(𝑖 − 1, 𝑗 − 1)
} + 𝑑(𝑥𝑖 , 𝑦𝑗) (3.2) 
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where 𝑑(𝑥𝑖 , 𝑦𝑗) is the Canberra distance between 𝑥𝑖 and 𝑦𝑗 ,such as: 

 
𝑑(𝑥𝑖 , 𝑦𝑗) = ∑

|𝑥𝑖,𝑘 − 𝑦𝑗,𝑘|

|𝑥𝑖,𝑘| + |𝑦𝑗,𝑘|𝑘
 (3.3) 

This matching cost would be lower for shorter sequences, hence, we offset this bias by dividing 

the total matching cost by the length 𝐾 of the warping path, yielding: 

 
𝑑𝑖𝑠𝑡(𝑋, 𝑌) =

𝐷(𝑀, 𝑁)

𝐾
 (3.4) 

Word spotting based evaluation (Zemouri et al. 2014a) is done by defining recognition metrics 

as F-measure (FM) which combined Recall (Rc) and Precision (Pr) as follows: 

 
𝑅𝑐 =

100 𝐶

𝑁
 (3.5) 

 
𝑃𝑟 =

100 𝐶

𝑀
 (3.6) 

 
𝐹𝑀 =

2 𝑅𝑐 𝑃𝑟

𝑅𝑐 + 𝑃𝑟
 (3.7) 

where 𝑁 the total number of word instances for every query (ground truth), 𝑀 the total number 

of detected word instances and 𝐶 the correctly detected word instances. 

3.4 Experimental results 

The proposed method has been evaluated on Arabic historical document dataset from the 

National Library of Algeria (NLA). NLA created datasets containing the scanned images of 

ancient books. In this experiment, we selected 116 printed Arabic pages from the book " األقوال

2481 -أحمد فايد-ة المرضية في علم الكرة األرضي ". Figure 3.8 shows a representative example of the 

dataset. 

The experiments are conducted to compare the performance of the proposed method against 

well-known state of the art methods, such as Otsu, Isodata, Niblack (𝑘 = −0.2, 𝑤𝑠 = 15), 

Sauvola (𝑘 = 0.5, 𝑤𝑠 = 25) and NICK (𝑘 = 0.1, 𝑤𝑠 = 19).  

Figure 3.9 shows the binarization results of the proposed binarization approach and state of the 

art selected methods. 
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Figure 3. 8 Historical Arabic document image 

 

(a) 

  

(b)     (c) 

  

(d)     (e) 

  

(f)     (g) 

Figure 3. 9 Binarization results: (a) Original image, binary images: (b) Otsu, (c) Isodata, (d) Niblack, (e) Sauvola, 

(f) NICK and (g) Proposed method 
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As can be seen, Niblack method detects the text body. However, it produces black noise in the 

background. Sauvola method solves the problem of black noise. However, it fails in low contrast 

region and thin stroke text. NICK method solves the previews problems. However, it still fails 

when the contrast is too small or the text is in thin pen stroke text. The proposed method 

presented a binary image with readable text as well as clear background. 

After the binarization stage, we select 7 query words from this document to evaluate the 

performance using the proposed word spotting system. The obtained performance measures 

according to precision (Pr), recall (Rc) and F-measure (FM) are depicted in Table 3.1. 

Table 3. 1 Evaluation measures of binarization methods 

 

 

Otsu Isodata Sauvola Nick Proposed method 

Rc Pr FM Rc Pr FM Rc Pr FM Rc Pr FM Rc Pr FM 

 100 31.77 48.22 75 100 85.71 41.09 100 58.25 78.68 100 88.07 97.22 86.00 91.26 

 93.93 70.45 80.51 93.75 81.08 86.95 68.75 100 81.48 96.66 85.29 90.62 75.00 100 85.71 

 
80.76 100 89.36 95.45 72.41 82.35 100 100 100 96.29 59.09 73.24 92.00 100 95.83 

 
53.19 100 69.44 94.50 89.65 92.01 92.30 100 95.99 100 22.22 36.36 92.85 100 96.29 

 74.25 100 85.22 95.55 100 97.72 90.47 100 95 94.44 89.47 91.89 90.90 100 95.23 

 
91.89 91.89 91.89 82.92 100 90.66 94.28 82.50 88 78.94 69.76 74.07 74.19 100 85.18 

 
98.11 100 99.05 93.26 100 96.51 94.61 100 97.23 99.21 36.84 53.73 89.24 100 94.31 

Total 84.59 84.87 80.58 90.06 91.88 90.27 83.07 97.50 87.99 92.03 66.35 72.57 87.34 98.00 91.98 

As reported in Table 3.1, the proposed method is ranked 1; it achieves the best performance in 

term of FM with 91.87, However, Isodata is ranked 2 with FM of 90.37. 

The combination of the direct methods constitutes a good compromise between the extraction of 

useful information (foreground) and the elimination of the background. 

3.5 Summary 

This chapter presented a combined binarization framework for historical document image. 

Usually, the document image contains very rare pixels of foreground (text) in comparison to the 

whole image. Tacking account of this assumption, the proposed framework exploits the 

advantages of the global and local thresholding methods. First, a global threshold corresponds to 

the mean intensity of pixels is applied to the document image in order to remove a large region 

from the background. Second, the resulted image is then binarized using Sauvola local threshold. 

Third, post processing is performed on the produced image in order to improve the quality of the 

binarized image. Experiments conducted on historical Arabic document images using word 

spotting system, show the efficiency of the proposed framework. 
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The enhancement of the document image facilitates the binarization; this idea leads us to apply 

other enhancement methods to improve the quality of the binarization. 

Evaluation using word spotting concerns mainly historical documents since shapes do not always 

yield satisfactory results. Indeed, the main drawback of evaluating binarization methods on 

character recognition system is the training phase. In the next chapter, we present a pixel based 

evaluation measures as well as we propose an unblind evaluation protocol for assessing the 

quality of a binarization method.  
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CHAPTER 4 
Blind versus unblind evaluation of 

binarization methods 

 
When evaluating objectively the performance of a binarization method, Document image 

binarization contest (DIBCO and H-DIBCO) becomes the main benchmarking in various 

competitions. As already mentioned in chapter 2, the usual evaluation protocol is performed on 

blind datasets, which contain degradations with unknown occurrence and variety. This leads to 

generate in every competition an instable ranking depends on the used dataset. In this chapter, 

we present a new typology by evaluating a binarization method on unblind dataset according to 

the degradation type and written type (Djema et al. 2015). 

4.1 Introduction  

Binarization methods are performed to deal with contemporary document having smooth uniform 

background and readable text with high contrast from the background (Antonacopoulos and 

Karatzas 2005). However, they failed on historical document images due to specific degradation. 

Degradation is mainly caused by: ageing, repeated handling, digitalization and storage 

environment, etc. which affect the readability and visual quality of the document through different 

aspects (Antonacopoulos and Karatzas 2005, Drira 2006, Likforman-Sulem et al. 2011, 

Ntirogiannis et al. 2013). 

In order to extract the foreground from the background of historical document image, various 

methods have been developed for binarizing images independently of the one or multi specific 
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degradation types. In the state of the art, a blind dataset is used to evaluate the robustness of a 

binarization method, which can be performed according to two approaches: subjective and 

objective. The subjective evaluation is based on visual appreciation (Trier and Taxt 1995) and 

considers some criteria as the occurrence of broken character, loss of object, noise in homogenous 

areas, etc. Whereas, the objective evaluation is based on quantitative measures calculated using 

the ground truth image. Since 2009, several competitions are organized for comparing various 

binarization methods. Thus, every competition provided a dataset containing test images with 

respective ground truth images for evaluating quantitatively the performance of each binarization 

method using different metrics. Table 4.1 shows the Top 3 ranks of each year of DIBCO and the 

relations between the submitted methods (Gatos et al. 2009, Pratikakis et al. 2010-2013, 2016-

2017, Nitrogianis et al. 2014).  

Table 4.1 DIBCO overview of the Top 3 

 Rank 1 Rank 2 Rank 3 

DIBCO 2009 Lu team Fabrizio team Moghaddam team 

H-DIBCO 2010 Lu team Bar-Yosef team Lelore and Bouchara 

DIBCO 2011 Lelore and Bouchara Lu team Howe 

H-DIBCO 2012 Howe Lelore and Bouchara Lu team 

DIBCO 2013 Lu team Howe Moghaddam team 

H-DIBCO 2014 Mesquita team Howe Moghaddam team 

H-DIBCO 2016 Kligler and Tal Hassaine team Hassaine team 

DIBCO 2017 Ilin team Zhang team Vo team 

For instance, Lu team (Su, Lu, Tian and Tan) is ranked Top 1 in DIBCO 2009, H-DIBCO 2010, 

DIBCO 2013. In contrast, it is rank Top 2 and Top 3 in DIBCO 2011 and H-DIBCO 2012, 

respectively. 

The same observation can be drawn with Howe, which is ranked top 1 in H-DIBCO 2012.  

However, it is ranked Top 2 in DIBCO 2013 and H-DIBCO 2014, and Top 3 in DIBCO 2011.  

Common problems of state of the art methods are related to bleed-through text or faded ink and 

well as uneven illumination etc. However, DIBCO attempts to evaluate the effectiveness of a 

binarization method without taking into account the degradation type. Indeed, a binarization 

method is often evaluated on blind dataset yielding to random results every year. The problem is 

related to the presence of various degradation types contained into the dataset (Ntirogiannis et al. 

2008, Ntirogiannis et al. 2013, Sari et al. 2012). Also, some works consider a specific 

degradation type rather than a blind dataset (Drira 2006). Hence, the motivation is to propose an 

alternative way for evaluating more objectively a binarization method on the unblind dataset 
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according to the degradation type. More precisely, this chapter compares the effectiveness of a 

binarization method on blind and unblind dataset. It is performed by categorizing images of the 

blind dataset into various subsets containing each a specific degradation. 

4.2 Pixel based evaluation measures 

For evaluating objectively the robustness of each binarization method, different measures are 

required based on the pixel level. Each measure indicates the performance of the binarization 

method by comparing the binarized method image BI against a ground truth namely GT. The GT 

image is labeled manually or with semi-automatic procedures (Ntirogiannis et al. 2008). Until 

2009, DIBCO contest was organized every year within the ICDAR conference and H-DIBCO in 

conjunction with the ICFHR conference. Figure 4.1 shows an example of the degraded image 

and the corresponding GT selected from DIBCO 2013. 

  

(a)                                                                 (b) 

Figure 4. 1 (a) Test image of DIBCO 2013 and (b) the corresponding GT 

According to competitions, various evaluation measures are performed using: Precision (Pr), 

Recall (Rc), F-measure (FM), pseudo-F measure (p-FM), pick signal to noise ratio (PNSR), 

negative rate metric (NRM), misclassification penalty metric (MPM) and distance reciprocal 

distortion (DRD) (Pratikakis et al. 2012). 

The Recall and Precision metrics are defined using True Positive (TP), False Positive (FP) and 

False Negative (FN). Figure 4.2, shows exemplified GT of the binary character M (left) and 

binarization result (right). Each pixel is marked to show the definition of TP, FN and FP. 

 Pixel is considered as TP if it is ON in both the GT and BI, 

 Pixel is considered as FP if it is ON only in the BI, 

 Pixel is considered as FN if it is ON only in the GT. 
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         TP    TP  

         TP TP FP TP TP  

         TP  TP  TP  

         TP    TP  

         TP    FN  

        FP       

Figure 4. 2 (a) Ground truth and (b) Binarization result 

According to these definitions, Recall and Precision are defined by: 

 𝑅𝑐 =
𝑇𝑃

𝐹𝑁 + 𝑇𝑃
 (4.1) 

 𝑃𝑟 =
𝑇𝑃

𝐹𝑃 + 𝑇𝑃
 (4.2) 

Recall is the fraction of correctly classified foreground pixels divided by the total number of 

foreground pixels. A high recall indicates that the method can binarize low contrast foreground 

correctly. In contrast, precision is the number of correctly classified foreground pixels divided by 

the total number of pixels classified as foreground. A combination of Precision and Recall is 

defined by the F-measure, which is the harmonic mean of Rc and Pr. F-measure is then given by: 

 
𝐹𝑀 =   

2 𝑅𝑐 𝑃𝑟

𝑅𝑐 + 𝑃𝑟
 (4.3) 

Recall, Precision and F-measure take into account the number of flipped pixels independently of 

the location. Thus, each character has a unique silhouette which can be represented by its 

skeleton. In this respect, we assume that a perfect Rc can be achieved in the case that each 

skeleton constituent of the GT has been detected. Compared to FM and Rc, p-Recall (p-Rc) is 

introduced on basis of the skeletonized ground truth image (SG) given by: 

 
𝑆𝐺(𝑥, 𝑦) = {

0, 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑
1, 𝑡𝑒𝑥𝑡                

 (4.4) 

p-Recall is defined as the percentage of SG detected in the resulting BI as follows: 

 𝑝 − 𝑅𝑐 =
∑ 𝑆𝐺(𝑚, 𝑛) 𝐵𝐼(𝑚, 𝑛)𝑚=𝑀,𝑛=𝑁

𝑚=1,𝑛=1

∑ 𝑆𝐺(𝑚, 𝑛)𝑚=𝑀,𝑛=𝑁
𝑚=1,𝑛=1

 (4.5) 
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 𝑝 − 𝐹𝑀 =
2 𝑝 − 𝑅𝑐 𝑃𝑟

𝑝 − 𝑅𝑐 + 𝑃𝑟
 (4.6) 

Peak signal to noise ratio (PSNR) measures how close is an image to another. It is defined as the 

ratio of the difference value 𝐶 between foreground and background and the mean squared error 

(MSE) of BI and GT as follows: 

 
𝑃𝑆𝑁𝑅 = 10𝑙𝑜𝑔 (

𝐶2

𝑀𝑆𝐸
) (4.7) 

where 

 
𝑀𝑆𝐸 =

∑ (𝐺𝑇(𝑥, 𝑦) − 𝐵𝐼(𝑥, 𝑦))2𝑚=𝑀,𝑛=𝑁
𝑚=1,𝑛=1

𝑀 𝑁
 (4.8) 

Distance reciprocal distortion (DRD) is a measure of the visual distortion in binary image, which 

properly correlates with the human visual perception. DRD metric is defined as: 

 
𝐷𝑅𝐷 =

∑ 𝐷𝑅𝐷𝑘
𝑆
𝑘=1

𝑁𝑈𝐵𝑁
 (4.9) 

where 𝑁𝑈𝐵𝑁 is the number of non-uniform 8x8 blocks in GT (not all black or white pixels). 𝑆 is 

the number of flipped pixels and 𝐷𝑅𝐷𝑘 is the distortion of the 𝑘𝑡ℎ flipped pixel and it is given 

by: 

 

𝐷𝑅𝐷𝑘 = ∑ ∑ |𝐺𝑇𝑘(𝑖, 𝑗) − 𝐵𝐼𝑘(𝑥, 𝑦)| 𝑊𝑁𝑚(𝑖, 𝑗)

2

𝑗=−2

2

𝑖=−2

 (4.10) 

where 𝑊𝑁𝑚 is a 5x5 normalized weight matrix. 

Table 4.2 reports the evaluation measures used for every contest. 

Table 4. 2 Evaluation measures of document binarization contests (2009-2014, 2016-2017) 

 2009 2010 2011 2012 2013 2014 2016 2017 

FM + + + + + + + + 

p-FM - + - + + + + + 

PSNR + + + + + + + + 

NRM + + - - - - - - 

MPM + + + - - - - - 

DRD - - + + + + + + 

As can be seen, FM and PSNR are used in all contests. However, DRD and the p-FM are 

introduced in DIBCO 2011 and H-DIBCO 2012, respectively.  While NRM and the MPM are 

omitted. All these measures are summarized by the final ranking, which is calculated after sorting 
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the accumulated ranking value for each test image. Then, the summation of all accumulated 

ranking values for all test images. 

4.3 Blind evaluation protocol 

Document Image Binarization Contest has been held for several years, starting from 2009. In 

each edition, the contest provides a series of images depicting handwritten (HW) and printed 

(PR) text that should be binarized. Therefore, there are 66 document images (DIBCO 2009-

2013) with the corresponding ground truth images. 

In this section, we consider six well known binarization methods which are: Niblack (1985) 

(m1), Sauvola (1997) (m2), Adaptive Sauvola (2000) (m3), Wolf (2004) (m4), NICK (m5) 

(Khurshid et al. 2009) and k-means clustering (m6) (Likas et al. 2003). 

The obtained results of the overall measures for written type (WRT): handwritten (HW), printed 

(PR) and both (HW+PR) considering FM, PSNR and DRD are presented for each dataset in 

Figure 4.3–4.5. Table 4.3 reports the final ranking overall performance measures. 

 

                               (a)                                                          (b)                                                        (c) 

Figure 4. 3 F-Measure performance of binarization methods: (a) HW, (b) PR and (c) HW+PR 

 

                               (a)                                                          (b)                                                        (c) 

Figure 4. 4 PSNR Performance of binarization methods: (a) HW, (b) PR and (c) HW+PR 
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                               (a)                                                          (b)                                                        (c) 

Figure 4. 5 DRD performance of binarization methods: (a) HW, (b) PR and (c) HW+PR 

Table 4. 3 Ranking of binarization methods on blind datasets 

Dataset WRT Niblack Sauvola Ad.Sauvola Wolf NICK k-means 

DIBCO 2009 
HW 6 3 2 1 4 5 

PR 6 3 4 1 2 5 

H-DIBCO 

2010 
HW 6 3 1 2 5 4 

DIBCO 2011 
HW 6 5 2 3 4 1 

PR 6 5 2 1 3 4 

H-DIBCO 

2012 
HW 6 4 1 4 5 2 

DIBCO 2013 
HW 6 5 4 2 3 1 

PR 6 4 2 1 3 5 

Overall 

HW 6 3 1 2 4 5 

PR 6 4 3 1 2 5 

HW+PR 6 4 2 1 3 5 

As shown, it is worth noting that the ranking of binarization methods changes according to the 

used datasets. This statement proves that the usual evaluation performed on blind datasets does 

not allow objectively appreciating the effectiveness of each binarization method. Hence, an 

important question arises: Why the same method does not achieve the same ranking 

whatever the used dataset? 

Indeed, the ranking change is related to the written type (HW or PR) and the degradation type. 

For instance, Adaptive Sauvola method (m3) produces the best results for handwritten document 

images whereas Wolf method (m5) achieves the rank 1 for printed document images. In addition, 

when considering only one written type in time, we can see that the ranking also changes for 

several datasets. These statements consolidate our assumption that the performance of a 

binarization method depends not only on the written type but also strongly on the degradation 

type contained into historical document image. 
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4.4 Unblind evaluation protocol 

DIBCO attempts to evaluate the effectiveness of a binarization method without taking into 

account the type of degradation contained into the image. Hence, a binarization method can have 

a different effect when it is performed on the specific degradation. In this section, an unblind 

protocol is also used for evaluating the effectiveness of the binarization methods. The goal is to 

perform a binarization on the specific type of degradation such as ink bleed-through (Tan et al. 

2002, Drira 2006, Wang et al. 2003) and non-uniform illumination (Wang et al. 2003, Gatos et 

al. 2006) in order to appreciate its efficiency.  

Our assumption is because a binarization method deals differently with different types of 

degradation. First, we categorize the degraded images according to four types, which are stain, 

ink bleed through, non-uniform background and ink intensity variation (Djema et al. 2015). 

Figure 4.6 depicts some examples of historical documents according to the degradation and 

written types. Causes and effects of each degradation type are described as follows: 

Stain (type A) appears as an abrupt additional change in the document. It can be caused by ink, 

food, insects, dirty and by folding and tear of the document paper. 

Ink bleed-through (type B) is the transparency phenomenon that let appear the foreground of the 

recto on the verso of document page. This is due to ink seeping through pages caused by ink 

acidity, paper porosity and humidity. 

Non-uniform background (type C) gathers all degradations related on background as uneven 

illumination, bad and variable contrast between foreground and background and textured 

background. 

Ink intensity variation (type D) considers defect related on ink intensity as faint character, broken 

character, touching character and blurred character. 

Mixed set contains images with more than degradation. Such as image HW 5 from DIBCO 2009 

that is affected by stain (type A) and ink intensity variation (type D), respectively. 

According to this typology, each image from the blind dataset is categorized using the dominant 

degradation. Table 4.4 reports the assignment of DIBCO images according to the year, the 

written type (WRT), the number of images (# images) in each dataset and their position in the 

dataset. 
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(a) (b) 

  

(c) (d) 

Figure 4. 6 Samples from unblind dataset: (a) Stain (H4/2011), (b) Ink bleed-through (H7/ 2011), (c) Non-uniform 

background (P6/2011) and (d) Ink intensity variation (H7/ 2013) 

Table 4. 4 DIBCO dataset categorization according to the degradation typology 

Dataset WRT 
# 

images 

Type of degradation 

Type A Type B Type C Type D Mixed 

DIBCO 2009 
HW 5 4 2, 3  1 5(A+C) 

PR 5 4 1, 2, 5  3  

H-DIBCO 2010 HW 10 6 5 1, 3 2, 4, 7-10  

DIBCO 2011 
HW 8 4, 5 7 1 2, 3, 8 6(A+D) 

PR 8 3, 5 1, 2 4, 6, 7 8  

H-DIBCO 2012 HW 14 2, 8   3, 4, 7, 9-13 (1, 5, 6, 14) (A+D) 

DIBCO 2013 
HW 8  4, 5, 8 2 1, 7 3(B+D), 6(B+C+D) 

PR 8 4, 5, 8 1, 2, 6 3 7    

Figure 4.7-4.9 depict the performance measures in term of FM, PSNR and DRD for each 

degradation and written type. Table 4.5 reports the final ranking according to the degradation and 

written type. 

 

                               (a)                                                          (b)                                                        (c) 

Figure 4. 7 F-Measure performance of binarization methods: (a) HW, (b) PR and (c) HW+PR 
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                               (a)                                                          (b)                                                        (c) 

Figure 4. 8 PSNR Performance of binarization methods: (a) HW, (b) PR and (c) HW+PR 

 

                               (a)                                                          (b)                                                        (c) 

Figure 4. 9 DRD performance of binarization methods: (a) HW, (b) PR and (c) HW+PR 

Table 4. 5 Ranking of binarization methods according to the proposed degradation typology 

WRT Degradation Niblack Sauvola Ad.Sauvola Wolf NICK k-means 

HW 

Type A 6 4 1 3 2 5 

Type B 6 4 3 1 5 2 

Type C 6 5 2 1 4 3 

Type D 6 4 2 5 1 3 

PR 

Type A 6 4 2 1 3 5 

Type B 6 3 4 1 5 2 

Type C 6 4 3 2 5 1 

Type D 6 5 4 3 2 1 

HW + PR 

Type A 6 4 1 2 3 5 

Type B 6 4 3 1 5 2 

Type C 6 4 3 1 5 2 

Type D 6 4 3 5 1 2 

Roughly speaking, we can note stable rank according to the degradation and written type. When 

comparing the performance measures, we clearly see that some methods deal better with 

handwritten documents and some others are more suitable for printed documents. For instance, 

Adaptive Sauvola (m3) achieved the best performance for handwritten documents affected by 

stain degradation (type A). Wolf (m4) obtained the highest performance for all quantitative 

measures for both handwritten and printed documents when dealing with ink bleed-through (type 
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B). NICK (m5) has the rank 1 for handwritten documents with ink intensity variation (type D). 

k-means (m6) deals well with non-uniform background (type C) and ink intensity variation (type 

D) contained into printed documents. 

In summary, the comparative analysis shows that the Adaptive Sauvola method is more suitable 

for stain (type A) when performed on both handwritten and printed document images. Wolf 

method performs better for the ink bleed-through (types B) and non-uniform background (type 

C), respectively. In contrast, NICK method is more suitable for documents suffering from ink 

intensity variation (type D). 

The obtained results and statements confirm the ambiguity of evaluating the binarization 

methods on blind datasets and prove that a binarization method can perform better when it is 

performed on a specific degradation type.   

4.5 Summary 

This chapter aims to compare the effect of binarization methods performed on blind and unblind 

dataset using standard performance evaluation measures. The comparison shows that a 

binarization method yields to instable ranking when it is performed on blind dataset. In contrast, 

a binarization method can be effective when it is performed on specific degradation and written 

type. This is due to both degradation and written type that are the main characteristics of 

historical document images. Hence, it is more appropriate to compare the performance of a 

binarization method according to the proposed degradation and written typology rather than the 

blind dataset. 

The next chapter is dedicated to propose a combination of the NSCT and k-means clustering for 

historical document image binarization. 
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CHAPTER 5 
NSCT and k-means clustering 

binarization 
 

This chapter proposes a binarization method for historical document image. The approach is 

based on the joint use of nonsubsampled Contourlet transform (NSCT) for enhancement and k-

means clustering for binarization. While, post processing is carried out to remove noise (Zemouri 

and Chibani 2019). Section 5.2 shows the description of the proposed approach. While, section 

5.3 presents the experimental results according to the blind and unblind evaluation protocols. 

Finally, the conclusion reports the effectiveness of the proposed scheme as well as some failing 

cases for possible improvements. 

5.1 Introduction 

Binarization remains a challenging preprocessing task for its important step in DIA system. Its 

main objective is to create a binary image that allows distinguishing the foreground (text) from 

the background (no text).  

Indirect methods consider the binarization of the document image as pattern recognition task. In 

the literature, various binarization based machine learning methods have been employed such as 

k-means clustering (Lai and Lee 2008), Neural network (Khashman and Sekeroglu 2008), 

Conditional random fields (Ahmadi et al. 2015), Gaussians mixture model (Mitianoudis and 

Papamarkos 2015) and Gaussian mixture Markov random field (Vo et al. 2016). 
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The main drawbacks of this approach are summarized in: i) defining the number of classes, ii) 

finding an appropriate set of features and iii) a separation plan for classifying foreground and 

background pixels. To avoid these problems, enhancement methods are proposed for reducing 

the degradation and improving the quality of document image for facilitating the binarization 

process. 

Thus, multiscale and multidirection transforms have been used. For instance, Wavelet transform 

(Tan et al. 2002) (Patvardhan et al. 2012), directional Wavelet transform (Wang et al. 2003), 

Curvelet transform (Patvardhan et al. 2012a), and Contourlet transform (Zemouri el al. 2014b). 

These transforms show various information concerning curves and degradations on different 

scales and directions. However, the lack of the shift-invariance property can cause the pseudo-

Gibbs phenomena.  

In this chapter, we propose the nonsubsampled Contourlet transform (NSCT) for historical 

document image enhancement. NSCT is a shift-invariant, multiscale and multidirectional 

transform. Hence, the properties of NSCT are exploited for improving the foreground and 

consequently reducing the background degradation. The enhancement helps the interpretation of 

the grayscale distribution for defining the number of clusters and facilitating the binarization. 

Whereas, k-means clustering finds the appropriate clusters corresponding to foreground or 

background in such a way pixels belonging to the same cluster must be similar and pixels that 

are lying in the different clusters should be different from each other. 

5.2 Method description 

The proposed binarization method is performed on three stages: First, the enhancement stage is 

dedicated to the improvement of the degraded document image for facilitating the binarization. 

Then, the clustering stage allows creating a binary image by partitioning the enhanced image into 

foreground and background. Finally, post processing is applied to eliminate isolated pixels and 

preserve foreground connectivity (Zemouri and Chibani 2019). Figure 5.1 shows the operation 

flow for degraded image enhancement and binarization.. Each stage of the proposed method is 

explained in the following sections.  
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NSCT enhancement 

 

 
Figure 5.1 Proposed binarization scheme 

5.2.1 Image enhancement 

The NSCT is implemented using low and high-pass filters; the low-pass filter generates the low 

frequency coefficients corresponding to the approximation coefficients, while the high-pass filter 

generates the high coefficients corresponding to the Contourlet coefficients. Hence, the 

enhancement of historical document image removes the noise, highlights better the text and 

preserves the edges. Formally, the enhancement is performed according to the following steps: 

 Apply NSCT decomposition on the degraded image to get a set of coefficients produced 

from low frequency and high frequency subbands, respectively. 

 Enhance the low frequency coefficients by an appropriate thresholding function to adjust the 

distribution of the histogram. 

 Modify the high frequency coefficients by weighting function to amplify the edges and 

reduce the background degradation. 

 Apply NSCT reconstruction on modified coefficients to obtain the enhanced image. 

For a better clarity of the proposed degraded image enhancement, let define 𝐶𝑗𝑙(𝑚, 𝑛) be the 

NSCT high frequency coefficient provided from directional filter bank at the location (𝑚, 𝑛) 

produced at scale  𝑗 and directional subband 𝑙, where 𝑙 = 1. . . 𝐷𝑗, 𝐷𝑗  is the number of directional 

subbands at scale 𝑗. 𝐴𝐽(𝑚, 𝑛) is the approximation (low-pass subband) coefficients provided 

from low-pass filters such that 𝐽 is the number of scales. The detailed enhancement of the low 

frequency and the amplification of the high frequency coefficients are described in the following 

sub-sections, respectively.  

5.2.1.1 Enhancement of the low frequency coefficients 

The approximation subband coefficients contain the low frequency information, which 

corresponds to the basic filtered degraded image containing foreground (text), background (no 

text) and background degradation. To enhance the approximation subband, the proposed method 

assumes that the low approximation coefficient amplitude belongs to the foreground, while the 

high approximation coefficient amplitude belongs to the background. All other approximation 
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coefficient amplitudes are considered belonging to the foreground or background. Thus, the 

proposed enhancement allows assigning the coefficient amplitude of the approximation subband 

into low or high coefficient amplitude deduced from 𝐴𝐽 according to a threshold. Formally, the 

background degradation can be reduced by producing an enhanced approximation (low 

frequency) subband namely �̂�𝐽 using the following equation: 

 
�̂�𝐽(𝑚, 𝑛) = {

𝐴𝑙𝑜𝑤 𝑖𝑓 𝐴𝐽(𝑚, 𝑛) < 𝑇𝐴𝐽
(𝑚, 𝑛)

 𝐴ℎ𝑖𝑔ℎ 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (5.1) 

𝐴𝑙𝑜𝑤 and 𝐴ℎ𝑖𝑔ℎ are the low and high coefficient amplitudes deduced from 𝐴𝐽 corresponding to 

the foreground and background, respectively. Whereas 𝑇𝐴𝐽
(𝑚, 𝑛) is an adaptive threshold, which 

is inspired from Sauvola local thresholding (Sauvola 2000) defined as follows: 

 
𝑇𝐴𝐽

(𝑚, 𝑛) =  𝜇𝐴𝐽
(𝑚, 𝑛). [1 + 𝑘𝐴𝐽

. (
𝜎𝐴𝐽

(𝑚, 𝑛)

𝑅
− 1)] (5.2) 

𝜇𝐴𝐽
(𝑚, 𝑛) and 𝜎𝐴𝐽

(𝑚, 𝑛) are the local mean and standard deviation, while 𝑅 is the maximal 

value of the standard deviation. 𝑘𝐴𝐽
 is user-defined parameter that allows controlling the 

threshold value by the effect of amplifying the contribution of the local standard deviation 

𝜎𝐴𝐽
(𝑚, 𝑛).  

The local mean 𝜇𝐴𝐽
(𝑚, 𝑛) and standard deviation 𝜎𝐴𝐽

(𝑚, 𝑛) adapt the value of the threshold 

according to the contrast within the local window. When a high contrast is observed in a location 

of the low-pass subband, 𝜎𝐴𝐽
(𝑚, 𝑛)~𝑅, which results to 𝑇𝐴𝐽

(𝑚, 𝑛)~𝜇𝐴𝐽
(𝑚, 𝑛). Otherwise, when 

the contrast is quite low within the local window, the threshold 𝑇𝐴𝐽
(𝑚, 𝑛) becomes less than the 

mean value. Thereby, the relative dark regions are successively removed from the background. 

The inspired Sauvola threshold can reduce the background noise problem since the text 

coefficients take values corresponding to 𝐴𝑙𝑜𝑤 while background coefficients take 𝐴ℎ𝑖𝑔ℎ. 

5.2.1.2 Amplification of the high frequency coefficients 

The NSCT high frequency coefficients contain subbands over scales and directions. The 

coefficients can be categorized by analyzing the distribution into three groups, which are strong 

edges, weak edges and background degradation (Da Cunha et al. 2006): 

 Strong edges correspond to pixels having large magnitude coefficients in all subbands. 
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 Weak edges correspond to pixels having large magnitude coefficients in some directional 

subbands but small magnitude coefficients in other directional subbands within the same 

scale. 

 Background degradation corresponds to pixels having small magnitude coefficients in all 

subbands.  

According to this categorization, the NSCT coefficients are assigned as follows (Da Cunha et al. 

2006): 

𝐶𝑗𝑙(𝑚, 𝑛) = {

𝑆𝑡𝑟𝑜𝑛𝑔 𝑒𝑑𝑔𝑒                         𝑖𝑓 𝐶𝑚𝑒𝑎𝑛(𝑚, 𝑛)  ≥ 𝑐�̂�𝑗                                              

𝑊𝑒𝑎𝑘 𝑒𝑑𝑔𝑒                            𝑖𝑓 𝐶𝑚𝑒𝑎𝑛(𝑚, 𝑛) < 𝑐�̂�𝑗  𝑎𝑛𝑑 𝐶𝑚𝑎𝑥(𝑚, 𝑛)  ≥ 𝑐�̂�𝑗  

𝐵𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 𝑑𝑒𝑔𝑟𝑎𝑑𝑎𝑡𝑖𝑜𝑛, 𝑖𝑓 𝐶𝑚𝑒𝑎𝑛(𝑚, 𝑛) < 𝑐�̂�𝑗  𝑎𝑛𝑑 𝐶𝑚𝑎𝑥(𝑚, 𝑛) < 𝑐�̂�𝑗  

 

 (5.3) 

𝐶𝑚𝑒𝑎𝑛 and 𝐶𝑚𝑎𝑥 are the mean and maximum magnitude of the coefficients across directional 

subbands. 𝑐 is user-defined parameter tuned experimentally.  

Usually, the noise standard deviation �̂�𝑗 is estimated as the median absolute deviation (MAD) of 

the coefficients given by (Donoho and Johnstone 1994):  

 
�̂�𝑗 =

𝑀𝐴𝐷(𝐶𝑗𝑙(𝑚, 𝑛))

0.6745
, 𝑙 = 1, … 𝐷𝑗 (5.4) 

Existing enhancement methods amplify simultaneously coefficient belonging to the noise as well 

as to the edges. Consequently, the degradation is not correctly discriminated from edges. Based 

on the fact that the NSCT coefficients provide information on the geometric structure, the quality 

of the reconstructed coefficients is then improved by amplifying the coefficients of strong and 

weak edges while the coefficients belonging to the background degradation are set to zero. 

Formally, the enhancement of the high frequency coefficient namely �̂�𝑗𝑙(𝑚, 𝑛)  is performed 

according to the following rule: 

 

�̂�𝑗𝑙(𝑚, 𝑛) = {𝛽

𝛼𝐶𝑗𝑙(𝑚, 𝑛), 𝑆𝑡𝑟𝑜𝑛𝑔 𝑒𝑑𝑔𝑒                          

𝐶𝑚𝑒𝑎𝑛(𝑚, 𝑛), 𝑊𝑒𝑎𝑘 𝑒𝑑𝑔𝑒                            
0,   𝐵𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 𝑑𝑒𝑔𝑟𝑎𝑑𝑎𝑡𝑖𝑜𝑛

 (5.5) 

𝛼 and 𝛽 are adjusted for the amplification of coefficients. 

In summary, the proposed enhancement method using the NSCT can be performed through the 

following steps: 
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 Perform the NSCT decomposition of the degraded image. 

 Enhance the appropriate low frequency subband using the threshold defined in Eq. 5.2. 

 For each scale of the high frequency subband: 

 Estimate the noise standard deviation using Eq. 5.4. 

 Calculate 𝐶𝑚𝑒𝑎𝑛 and 𝐶𝑚𝑎𝑥 of the coefficients in all directional subbands at this scale for 

each location (𝑚, 𝑛) and classify coefficients using Eq. 5.3 into strong edges, weak edges 

or background degradation. 

 Enhance the NSCT coefficients for each directional subband using Eq. 5.5. 

 Reconstruct the enhanced degraded image from the obtained NSCT coefficients. 

The reconstructed enhanced image from the NSCT generates three apparent pixel classes, which 

are namely: Clear foreground, clear background and some degraded pixels namely background 

degradation. In other terms, the proposed enhancement helps on the identification of the number 

of classes k for k-means clustering. The next section describes the use of k-means for generating 

a binary image. 

5.2.2 Binarization 

The enhanced degraded image produces three apparent and dominant classes, which are 

foreground, background and background degradation. According to this observation, the 

binarization is performed using unsupervised clustering. In fact, k-means (Sarle et al. 1990) has 

the ability to classify the input data into various classes based on their distance from each other. 

In this work, k-means clustering is used for its efficient and easy implementation, which is 

summarized as follows: 

 Select an initial partition with the defined number of clusters. 

 Generate a new partition by assigning each pixel to its closest cluster center. 

 Compute new cluster centers. 

 Repeat the second and third steps until cluster membership stabilizes. 

The binary image (BI) is obtained by assigning each class to foreground or background as 

follows: 

 
𝐵𝐼(𝑚, 𝑛) = {

0 𝑖𝑓 𝐼(𝑚, 𝑛) ∈ 𝐹𝑜𝑟𝑒𝑔𝑟𝑜𝑢𝑛𝑑

1 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                        
 (5.6) 

where 𝐼(𝑚, 𝑛) is the enhanced image. 
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Figure 5.2 shows a comparison of the binarization using k-means without and with enhancement 

of the degraded image based on the proposed method. As can seen, the NSCT enhancement 

improved the foreground and therefore reduced the background degradation as presented in 

Figure 5.2(b). Consequently, the binary image by the proposed method has clear foreground and 

less degradation than the k-mean binarization as shown in Figure 5.2(d) and (c) respectively. 

        

(a)                                                                                   (b) 

       

(c)                                                                                   (d) 

 

(e) 

Figure 5.2 Binarization results using k-means without and with the proposed enhancement method: (a) degraded 

image (P2/2013), (b) enhanced image, (c) binary image without enhancement, (d) binary image with the proposed 

enhancement and (e) Ground truth image 

5.2.3 Post processing 

When performing the proposed method, some isolated artifacts are maintained in the resulted 

binary image. In order to smooth the edges and remove the small pieces of noise, four filters are 

used as depicted in Figure 5.3 (Zemouri and Chibani 2019). 
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These filters pass over the whole binary image to examine the pixels. The target pixel denoted 

''x'' is matched to have the same value of the pixels denoted ''='' that is, all zeros, or all ones, 

otherwise it is not modified. The process is repeated until there is no change in the binary image. 

= = =  = = =  = X =  = = = 

= = =  X = =  = = =  = = X 

= X =  = = =  = = =  = = = 

 (a)    (b)    (c)    (d)  

Figure 5.3 Smoothing filter mask for binary image: (b), (c) and (d) are filter in (a) rotated by 90◦ 

The successive step consists to remove all small components having area less than 30 pixels. 

Figure 5.4 ilustrates axample of post-processing steps. 

       

(a)                                                                               (b) 

 

(c) 

Figure 5.4 Post-processing: (a) Binary image, (b) smoothing filter and (c) removing small components 

5.3 Experimental results 

The proposed binarization method is evaluated using degraded document images that collected 

from document image binarization contest (DIBCO 2009-2013). These datasets are composed of 

handwritten (HW) and printed (PR) image with corresponding ground truth.  

To show the efficiency of the proposed method, experiments are conducted on blind and unblind 

evaluation protocol (Djema et al. 2015). Thus, DIBCO datasets are categorized according to the 

degradation typology into: Stain (type A), ink bleed-through (type B), non-uniform background 

(type C) and ink intensity variation (type D) and mixed datasets (see Table 4.4). 

Regarding pixel-based evaluation, several measures have been proposed to assess the 

performance of each binarization methods, which are FM, p-FM, PSNR and DRD, The final 

ranking is calculated after sorting the accumulated ranking value for all measures. 
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The proposed binarization method requires the adjustment of some parameters such as the 

number of scales 𝐽 and directions 𝐷𝑗  (associated to NSCT), the windows size 𝑤𝑠 and the 

amplification gain (𝛼, 𝛽) (associated to enhancement), and the number of clusters 𝑘 (associated 

to k-means). 

The procedure for estimating the set of optimal parameters to binarize a degraded document 

image is performed through the following steps: 

 Select a subset of document images for each type of degradation. 

 Set 𝐽 and 𝐷𝑗  for the NSCT decomposition, and define the range of 𝑤𝑠 and (𝛼, 𝛽). 

 Apply the proposed binarization method to the subset of images. 

 Calculate the quality measure according to ground truth images and examine FM in order to 

select the optimal parameters 𝐽, 𝐷𝑗 , 𝑤𝑠∗ and (𝛼∗, 𝛽∗). 

 Perform the proposed binarization method to the remaining images using the optimal 

parameters.  

Figure 5.5 describes the flowchart for adjusting parameters of the proposed binarization method. 

 

Figure 5.5 Flowchart for the adjustment of parameters 

For finding the optimal parameters, two images per type of degradation are selected. Figure 5.6 

depicts the selected images for each subset and their corresponding ground truth. 𝑤𝑠 takes values 

in the range [21 ,61] while (𝛼, 𝛽) take values in the range [(1,1), (15,15)], respectively. 

Dataset 

Subset of images 

Set 𝐽, 𝐷𝑗 , 𝑤𝑠, (𝛼, 𝛽)  

Binarization 

Binary image GT image 

FM 

 Finshed? 

 

Max (FM) 

𝐽, 𝐷𝑗 , 𝑤𝑠∗, (𝛼∗, 𝛽∗)  

Binarization 

Binary image 

Yes No 
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The number of clusters 𝑘 for k-means clustering is set to 3 since three distinct classes appear 

after the image enhancement, which are foreground, background and background degradation. 

Whilst, 𝑘𝐴𝐽
 controls the threshold value by amplifying the contribution of the local standard 

deviation 𝜎𝐴𝐽
(𝑚, 𝑛) within the local window 𝑤𝑠. Experimentally, selecting the value of 𝑘𝐴𝐽

 is 

inspired from Sauvola threshold, which suggests to set to 0.34 whatever the degradation type. In 

contrast, the size of the optimal local window is selected according to the procedure depicted in 

Figure 5.7. Hence, several experiments are performed for finding the optimal window 𝑤𝑠, which 

is 51. 

      

(a) 

     

(b) 

    

(c) 

     

(d) 

     

(e) 

Figure 5. 6 Selected images per type of degradation for finding the optimal parameters: (a) Type A (H5/2011 and 

P3/2011), (b) type B (P1/2009 and H4/2013), (c) type C (H1/2010 and P4/2011), (d) type C (H1/2009 and P3/2013), 

and (e) mixed (H14/2012 and H6/2013) 
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According to Da Cunha et al. (2006), 𝑐 is usually defined in the range [1, 5]. However, this range 

of values does not allow achieving an acceptable quality for the distinction between weak edge, 

strong edge and background degradation coefficients. Several experiments show that a suitable 

value is to set  𝑐 = 0.5 for providing better results (Zemouri and Chibani 2019). 

The proposed binarization method requires adjusting two main parameters (𝛼, 𝛽), which are 

influenced by the choice of the number of scales and directions of the NSCT decomposition. 

These parameters are estimated for each subset of images according to the decomposition 

configuration. Then, the optimal parameters are applied to all images on unblind datasets, 

respectively.  

Let  [𝐷1, . . 𝐷𝑗 … 𝐷𝐽] be the decomposition configuration of the degraded image such that 𝐷𝑗  is the 

number of directions associated to the scale 𝑗. Hence, in order to reach the best performance for 

the binary document image quality, finding the optimal parameters are conducted according to 

two ways by varying the number of decomposition scales and directional subbands, respectively. 

The first way allows studying the behavior of the pixel over 4, 8 and 16 directions at each 

decomposition scale, respectively. In contrast, the second way allows studying the behavior of 

the pixel over decomposition scales by keeping the same number of directions i.e. 4 and 8 

directions. Table 5.1 reports the FM values deduced from the optimal parameters (𝛼∗, 𝛽∗) for 

various configurations, the best values highlighted in bold. 

Table 5. 1 FM values obtained for each configuration on the different datasets 

 
Over directions (4, 8, 16) Over scales (4 directions) Over scales (8 directions) 

Dataset [4] [4, 8] [4, 8, 16] [4, 4] [4, 4, 4] [4, 4, 4, 4] [8] [8, 8] [8, 8, 8] [8, 8, 8, 8] 

Type A 80.59 83.05 84.65 82.8 85.34 85.41 80.51 83.34 85.65 85.35 

Type B 81.95 85.06 87.35 85.55 87.59 86.98 82.67 85.86 88.07 88.12 

Type C 83.34 85.5 87.56 84.57 89.01 90.13 83.02 85.98 88.56 89.13 

Type D 80.49 80.65 85.08 81.01 86.63 88.16 80 80.79 86.63 87.51 

Mixed 81.15 81.74 82.54 81.69 83.5 85.76 81.16 81.6 83.62 85.49 

2009 84.73 86.28 87.18 85.96 87.16 87.5 84.69 86.38 87.33 86.86 

2010 78 77.29 79.33 78.57 82.09 84.8 77.64 77.46 80.88 81.46 

2011 80.24 82.43 83.73 81.88 85.01 86.44 80.34 82.87 85.44 86.93 

2012 80.57 79.17 81.93 79.91 83.89 86.26 80.12 79.28 83.26 83.89 

2013 78.82 80.5 84.07 80.1 84.51 86.04 78.6 80.71 84.66 85.22 

As can be seen, The NSCT configuration [𝐷1, 𝐷2, 𝐷3, 𝐷4] = [4, 4, 4, 4] over scales with 4 

directions on 4 scales achieves the highest performance with FM of 90.13, 88.16, 85.76, 87.50, 

84.80, 86.26 and 86.04 on type C (non-uniform background), type D (ink intensity variation), 

mixed, DIBCO 2009, H-DIBCO 2010, H-DIBCO 2012, and DIBCO 2013, respectively. This 
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decomposition allows recovering the foreground and decreasing the background degradation, as 

well as improving the binary degraded image. The NSCT configuration [𝐷1, 𝐷2, 𝐷3] = [8, 8, 8] 

over scales with 8 directions on 3 scales reaches the highest FM equal to 85.65 on type A (stain). 

The NSCT configuration [𝐷1, 𝐷2, 𝐷3, 𝐷4] = [8, 8, 8, 8] over scales with 8 directions on 4 scales 

achieves the highest FM of 88.12 and 86.93 on type B (ink bleed-through) and DIBCO 2011, 

respectively. 

Figure 5.7 depicts the FM versus the couple (𝛼, 𝛽) for selecting the optimal values (𝛼∗, 𝛽∗) for 

each dataset using the configuration [𝐷1, 𝐷2, 𝐷3, 𝐷4] = [4, 4, 4, 4]. As can be clearly seen, FM is 

very sensitive to the different values of (𝛼, 𝛽). Consequently, the improvement of the foreground 

depends strongly on the appropriate choice of the couple (𝛼, 𝛽) for amplifying the high 

frequency coefficients. Table 5.2 reports the optimal parameters (𝛼∗, 𝛽∗) estimated for each 

subset of images. 

   

(a)                                                                                   (b) 

 

(c)                                                                                   (d) 

 

 (e)                                                                                  (f) 

Figure 5. 7 Optimal parameters (𝛼∗, 𝛽∗): (a) DIBCO, (b) type A, (c) type B, (d) type C, (e) type D and (f) mixed 
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Table 5. 2 Selected optimal parameters for each subset according to the configuration [𝐷1, 𝐷2, 𝐷3, 𝐷4] = [4, 4, 4, 4] 

Dataset (𝛼∗, 𝛽∗) 

DIBCO (11, 2) 

Type A (11, 2) 

Type B (6, 7) 

Type C (11, 1) 

Type D (13, 1) 

Mixed (10, 4) 

In the following, the NSCT configuration [𝐷1, 𝐷2, 𝐷3, 𝐷4] = [4, 4, 4, 4] is selected for evaluating 

the performance of the proposed method on the remaining degraded image dataset using the 

selected optimal parameters 𝑤𝑠∗ and (𝛼∗, 𝛽∗). 

The evaluation of the proposed method is performed according to two scenarios. The first 

scenario consists to assess the binarization considering the blind evaluation. 

This experiment aims to compare quantitatively the proposed method against the state of the art 

methods including Otsu, k-means, Sauvola, Bradley, Wolf, NICK, White, Yang and the Top 2 of 

every competition. Table 5.3 reports the obtained results considering FM, p-FM, PSNR and 

DRD for each dataset the best values highlighted in bold.  

Table 5. 3 Quantitative evaluation results on DIBCO dataset  

Contest Method FM p-FM PSNR DRD Rank 

DIBCO 2009 

Lu 91.24 - 18.66 - 1 rank of contest  

Fabrizio 90.06 - 18.23 - 2 rank of contest  

Otsu 78.52 80.39 15.27 22.61 7 

k-means 68.28 79.78 14.17 10.33 6 

White 56.47 72.25 13.34 11.99 9 

Yang 64.35 64.45 13.76 11.9 8 

Sauvola 84.88 90.38 16.69 5.82 2 

Bradley 82.08 85.6 15.33 11.07 5 

Wolf 82.43 89.54 16.55 6.1 3 

NICK 80.75 89.87 15.54 7.5 4 

Proposed 87.86 89.12 17.11 5.07 1 

H-DIBCO 2010 

Su 91.5 93.58 19.78 - 1 rank of contest  

Bar-Yosef 89.7 95.15 19.15 - 2 rank of contest  

Otsu 85.66 90.59 17.57 4 1 

k-means 48.77 58.7 13.95 10.88 8 

White 29.09 36.38 13.14 13.37 9 

Yang 51.69 56.46 14.51 10.23 7 

Sauvola 74.36 82.78 15.92 6.56 4 

Bradley 81.53 88.99 16.59 6.42 3 

Wolf 70.61 78.2 15.88 6.89 6 

NICK 64.83 76.67 88.03 8.49 5 

Proposed 84.35 87.03 17.4 4.24 2 
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Table 5.3 (Continued) 

DIBCO 2011 

Lelore 80.86 - 16.31 104.48 1 rank of contest  

Su 85.2 - 17.16 15.66 2 rank of contest  

Otsu 82.04 85.8 15.69 8.99 4 

k-means 61.32 71.09 14 9.95 7 

White 54.11 67.33 13.32 10.8 9 

Yang 82.79 84.08 13.04 10.88 6 

Sauvola 85.53 91.03 16.69 4.98 3 

Bradley 76.3 80.9 14.11 16.6 8 

Wolf 84.77 90.93 16.82 4.46 2 

NICK 79.32 89.02 15.19 7.42 5 

Proposed 87.36 89.51 16.97 4.84 1 

H-DIBCO 2012 

Howe 89.47 90.18 21.8 3.44 1 rank of contest  

Lelore 92.85 93.34 20.57 2.66 2 rank of contest  

Otsu 75.16 78.14 15.05 26.39 6 

k-means 62.73 66.74 15.45 9.79 7 

White 40.83 45.79 14 14.02 9 

Yang 59.87 60.57 15.19 10.93 8 

Sauvola 77.89 83.98 16.84 6.71 3 

Bradley 83.98 89.32 17.08 6.75 2 

Wolf 71.86 77.24 16.17 8.1 5 

NICK 72.11 80.69 16.11 8.38 4 

Proposed 86.23 89.04 17.97 4.52 1 

DIBCO 2013 

Su 92.12 94.19 20.68 3.1 1 rank of contest  

Howe 92.7 93.19 21.29 3.18 2 rank of contest  

Otsu 80 83.36 16.62 10.99 5 

k-means 54.27 61.96 14.85 11.25 8 

White 49.22 59.28 14.09 12.64 9 

Yang 73.07 72.97 16.15 7.96 7 

Sauvola 83.24 88.38 17.65 5.36 3 

Bradley 80.39 85.58 15.96 11.24 6 

Wolf 82.85 88.07 17.78 4.82 2 

NICK 79.13 88.61 16.34 6.88 4 

Proposed 86.22 88.61 18.12 4.9 1 

Roughly speaking, it can be noticed that the ranking changes from year to year according to the 

performance measures. For instance, the proposed method is ranked first in comparison with the 

well known methods for DIBCO 2009, DIBCO 2011, H-DIBCO 2012 and DIBCO 2013, and it 

is ranked second for H-DIBCO 2010. The proposed method achieves the best DRD of 5.07 for 

DIBCO 2009 and the highest FM of 87.36 for DIBCO 2011. Sauvola method achieved the best 

p-FM of 90.38 and 91.03 for DIBCO 2009 and DIBCO 2011, respectively. Otsu and Wolf 

methods obtained the best DRD of 4 for H-DIBCO 2010 and 4.46 for DIBCO 2011, 

respectively. 
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The instability of ranking is observed in term of criteria measures that influences on the ranking 

of the binary methods. 

In order to illustrate this instability, Table 5.4 reports the evaluation of the Top 2 and the 

proposed method on some specific images as used for DIBCO 2011 (Pratikakis et al. 2011), the 

best values highlighted in bold. 

Table 5. 4 Quantitative evaluation results for Top 2 and proposed methods on DIBCO 2011 

 WRT H1 H2 H3 H4 H5 H6 H7 H8 P1 P2 P3 P4 P5 P6 P7 P8 

F
M

 

Lelore 88.2 95.1 92.8 89.5 95.2 92.2 92 94 94.9 77.2 94.8 95 92.3 9.9 4.6 86.1 

Su 80.2 93.7 92.1 87.9 95.1 76.4 91.1 93.4 92.9 82 93.8 92 92.7 92.6 21.1 86.2 

Proposed 93.3 92 86.5 79.8 92.3 75 81.7 89.8 93.6 82.2 92 93.5 85.1 84.9 91.7 84.5 

P
S

N
R

 Lelore 15.1 23.4 19.8 17.3 19.7 19.5 22 22.6 17.8 11.9 17.3 19.6 16.7 0.6 0.2 14.6 

Su 12.3 22.6 19.5 16.8 19.6 15.3 21.6 22.3 16.4 13.2 16.5 17.7 17.1 21.4 7.6 14.6 

Proposed 17.7 21.3 17.3 13.7 17.4 14 17.6 20 16.8 13.1 15.6 18.4 13.3 17.7 23.7 14.1 

D
R

D
 Lelore 6.6 1.4 1.8 2.5 1.6 2.0 1.7 1.3 2.5 12.8 1.8 2 2.4 575 1052.7 3.6 

Su 13.8 1.7 2 3 1.8 6.3 2 1.5 3.5 9 2.3 3.5 2 3.1 191.3 3.8 

Proposed 2.8 2.1 3.3 7.7 3.0 9.8 6.9 2.5 3.1 8.8 2.5 3 6.2 8.9 2.6 4.2 

It can be observed that the performance measures vary from image to image according to the 

written type and the degradation included in the image. This proves that the applied binary 

method depends on the type of degradation contained into the degraded image. Hence, images of 

DIBCO datasets suffering from several degradations that produce changes and instability on the 

performance measures of the binarization methods. In order to assess more objectively a 

binarization method, an unblind evaluation is performed on the specific type degradation (Djema 

et al. 2015). Table 5.5 reports the evaluation measures according to the type of degradation, the 

best values highlighted in bold. 

As first observation, the ranking is stable from degradation datasets. Indeed, when comparing the 

performance measures, some methods deal better with specific degradation types. For instance, 

Wolf method is ranked first and provides stability over measures for stain (type A) and ink 

bleed-through (type B). The proposed method achieves the first rank as well as with the highest 

performance on the majority of the criteria measures for non-uniform background (type C), ink 

intensity variation (type D), and mixed dataset. 
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Table 5. 5 Quantitative evaluation results on unblind datasets  

Contest Method FM Fps PSNR DRD Rank 

Type A 

Otsu 75.05 77.87 12.8 19.6 7 

k-means 62.65 72.64 13.13 11.02 8 

White 55.34 68.86 12.71 11.75 9 

Yang 74.31 72 14.18 8.1 6 

Sauvola 87.01 87.01 16.35 4.32 2 

Bradley 84.22 89.13 15.1 6.77 5 

Wolf 86.34 92.97 16.37 4.18 1 

NICK 82.6 92.58 15.3 5.55 4 

Proposed 85.74 88.12 15.5 5.63 3 

Type B 

Otsu 85.97 88.49 17.41 7.31 4 

k-means 73.27 83.51 16.4 6.98 6 

White 66.67 81.03 15.08 8.76 7 

Yang 73.19 73.42 15.61 9.54 8 

Sauvola 87.71 91.54 17.79 5.32 2 

Bradley 73.8 76.67 13.80 18.75 7 

Wolf 89.67 94.39 18.6 3.76 1 

NICK 82.05 89.45 16.13 7.66 5 

Proposed 87.95 89.57 17.66 5.48 3 

Type C 

Otsu 86.74 91.47 17.68 6.75 3 

k-means 65.36 75.59 14.79 11.34 8 

White 43.42 54.72 13.76 14 9 

Yang 65.13 68.27 15.35 10.42 6 

Sauvola 84.71 91.93 17.32 5.96 4 

Bradley 72.19 78.2 14.17 23.24 7 

Wolf 86.82 94.27 17.84 4.53 2 

NICK 70.37 81.08 15.22 10.7 5 

Proposed 91.24 94.33 19.2 3.44 1 

Type D 

Otsu 85.66 90.13 16.8 6.26 2 

k-means 34.45 44.51 11.3 16.35 8 

White 26.65 33.02 12.64 15.56 9 

Yang 49.28 49.85 13.95 12.04 7 

Sauvola 77.6 84.87 14.83 7.47 4 

Bradley 85.12 91.93 15.8 5.93 3 

Wolf 72.88 80.28 14.33 8.8 5 

NICK 71.59 83.31 13.84 9.2 6 

Proposed 84.52 87.26 17.63 4.15 1 

Mixed 

Otsu 64.84 67.13 13.4 44.36 8 

k-means 74.45 77.55 16.58 7.68 6 

White 57.01 64.27 14.99 10.31 9 

Yang 68.7 68.73 16.61 8.22 7 

Sauvola 82.74 88.01 18.24 4.99 2 

Bradley 81.75 85.23 16.85 8.65 4 

Wolf 77.12 82.63 17.34 6.18 5 

NICK 81.19 88.98 17.6 5.65 3 

Proposed 85.58 86.92 18.53 4.93 1 
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The stability of the proposed method is due to the adjustment of parameters for each type of 

degradation. Figure 5.8-5.11 illustrate a visual comparison between the proposed method and the 

other well-known methods. 

An efficient binarization method preserves the character belonging to the text as well as 

eliminates the noise belonging to the background. As shown in Figure 5.8(a), Stain affects the 

background of the degraded document image. k-means, White and Yang methods cannot recover 

the characters as presented in Figure 5.8(d)-(f). The binary images achieved by Otsu and local 

thresholding methods produce broken characters with non clear text as illustrated in Figure 

5.8(c) and Figure 5.8(g)-(j), respectively. The proposed method easily distinguished the text 

from the background as shown in Figure 5.8(k). 

In Figure 5.9(a), the degraded image contains three classes that are the foreground, background 

and ink bleed-through degradation. Otsu and local thresholding methods recover the text with 

black blocks on the background as depicted in Figure 5.9(c) and Figure 5.9(g)-(j), respectively. 

As shown in Figure 5.9(d)-(f), k-means, White and Yang methods produce broken text. The 

proposed enhancement facilitates the binarization by k-means and produces a binary image with 

clear text and background as shown in Figure 5.9(k). 

In Figure 5.10(a), the degraded image has a non-uniform background. k-means, White and Yang 

methods eliminate the background degradation but broken characters are observed in some areas 

of the text (see Figure 5.10(d)-(f)). Unlike, Otsu and the proposed methods recover the text with 

small black blocks on the background as depicted in Figure 5.10(c) and Figure 5.10(k), 

respectively. The local thresholding methods produce broken characters with black noise on the 

background as shown in Figure 5.10(g)-(j). 

In Figure 5.11(a), ink intensity varies over the text. Otsu and the proposed methods recover the 

text of the degraded image with clear background as shown in Figure 5.11(c) and Figure 5.11(k), 

respectively. k-means, White and Yang methods cannot recover the text (see Figure 5.11(d)-(f)). 

Local thresholding methods produce broken characters as illustrated in Figure 5.11(g)-(j). 
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(c)                                                                                         (d) 

    

(e)                                                                                         (f) 

    

(g)                                                                                         (h) 

    

(i)                                                                                          (j) 

 

(k) 

Figure 5. 8 (a) Degraded image (H6 2010/ Type A), (b) Ground truth image, Binary images by: (c) Otsu, (d) k-

means, (e), White, (f) Yang, (g) Bradley, (h) Sauvola, (i) Wolf, (j) NICK and (k) Proposed method 
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(k)  

Figure 5. 9 (a) Degraded image (P1 2011/ Type B), (b) Ground truth image, Binary images by: (c) Otsu, (d) k-

means, (e), White, (f) Yang, (g) Bradley, (h) Sauvola, (i) Wolf, (j) NICK and (k) Proposed method 
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(k) 

Figure 5. 10 Degraded image (P4 2011/ Type C), (b) Ground truth image, Binary images by: (c) Otsu, (d) k-means, 

(e), White, (f) Yang, (g) Bradley, (h) Sauvola, (i) Wolf, (j) NICK and (k) Proposed method 
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(e)                                                                                         (f) 

    

(g)                                                                                         (h) 

    

(i)                                                                                          (j) 

 

(k) 

Figure 5. 11 (a) Degraded image (H1 2009/ Type D), (b) Ground truth image, Binary images by: (c) Otsu, (d) k-

means, (e), White, (f) Yang, (g) Bradley, (h) Sauvola, (i) Wolf, (j) NICK and (k) Proposed method 

In summary, Otsu method is not appropriate for the degraded document images where the 

histogram of the foreground is mixed with that of the background. Otsu threshold eliminates a lot 

of faint text and produces some broken characters as well as the noise on the background. k-

means method requires defining the number of classes, which requires to find the best separation 

between the foreground and the background. The loss of this propriety produces broken 

characters in the binary image. When using White method, the local threshold is dependent on 

bias, which increases the intensity of analyzed pixel. Consequently, the method does not perform 

well in historical document image due to low contrast between text and background. Yang 

method assumes a unique stroke width character, which is used to define the window size and 

the local threshold. Generally, historical document images can contain characters having 

different font size i.e. various stroke widths and, consequently, the binarization can produce a 
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low quality of the binary image. Bradley method does not work well with degraded document 

image; the noise is produced on the background (no text). Sauvola method reduces the 

background degradation, but removes faint characters in low contrast area. Wolf method works 

well with ink bleed-through as well as the background degradation is removed. However, some 

characters are broken. NICK method suppresses the background noise, but some characters are 

broken in the recovered text. The proposed method has better performance in comparaison to the 

other presented methods. Mainly, the text is recovered from images having non-uniform 

background and ink intensity variation degradations. The adjustment of parameters for specific 

type of degradation produces an improved discriminative text with less background degradation. 

However, the proposed method cannot deal with some cases of degradation as shown in Figure 

5.12. 

      

(a)  

      

 (b) 

      

(c) 

       

(d) 

Figure 5. 12 Original and binary images: (a) P8/2013(type A), (b) H4/2010 (type D), (c) P8/2011(type D), and (d) 

H6/2011 (mixed) 
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In Figure 5.12(a), image P8/2013 contains dark stain degradation. As consequence, the stain 

reaches printed area as well as produces noises on no text area. Unfortunately, it is difficult to 

detect or to remove it in automatic way. In Figure 5.12(b) and (c), images H4/2010 and P8/2011 

contain ink intensity variation, where the text is too faint. The proposed method removes the 

background but cannot restore correctly the characters due to the very low contrast between text 

and background. In Figure 5.12(d), image H6/2011 has mixed degradation presented as ink 

intensity variation and stain due to paper folding. The proposed method recovers some parts of 

the text. However, characters are broken and stain appears on the background. 

5.4 Summary 

In this chapter, we have presented NSCT and k-means for historical degraded document image 

binarization. NSCT is used for generating the Contourlet coefficients, which are enhanced 

through weighting functions. Then, the inverse NSCT provides the reconstructed enhanced 

image. The adjustment of parameters in the enhancement produced an image with clear edges 

and less background degradation. Therefore, the contrast between the foreground and 

background is higher than the input degraded image. Consequently, the pixels are easily 

classified into foreground and background by k-means clustering. Experiments show the 

effectiveness of the proposed method on DIBCO datasets using blind and unblind evaluation 

protocol. The methodology scheme can deal with degraded images suffering from non-uniform 

background and ink intensity variation. Evaluations on unblind datasets proved the stability of 

the proposed binarization method on specific type of degradation.  

The next chapter tries to present a self-training learning binarization method for historical 

document image. 
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CHAPTER 6 
Self-training learning for image 

binarization 

 
This chapter presents a self-training learning framework for document image binarization under 

considerable foreground-background variations and noise. The work is motivated by the need of 

identifying degraded pixels contained in noisy regions of the document image. Section 6.2 shows 

the description of the proposed framework. Whereas, section 6.3 presents the experimental 

results according to blind and unblind evaluation protocol. This chapter ends by reporting the 

effectiveness of the proposed framework as well as the failing cases. 

6.1 Introduction 

Binarization plays a key role in information retrieval from document image. However, it has to 

be efficiency in order to allow the DIA workflow to be successful. While binarization is quite 

easy for regular uniform image, it is rather difficult for degraded document image. Recently, 

machine learning based methods namely indirect binarization methods have shown an amazing 

performance in comparison to the direct methods which are based on thresholding. 

Formally, the indirect binarization method assigns every pixel from document image into either 

foreground or background. Although, numerous solutions have been proposed in the literature, 

most of them are mainly based on unsupervised approaches and low level features. On the other 

hand, the proposed supervised methods need a training datasets to generate the foreground and 

background models in order to classify the pixels. 
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In this chapter, we propose a self-training learning binarization framework to cope with some 

kinds of information presented into the degraded document image. 

The proposed method first regroups the pixels into foreground, background and degraded pixels. 

Thus, the training pixels are generated from image itself. After, the histogram symbolic 

representation (HSR) classifier is performed to classify the degraded pixel into either foreground 

or background using feature vectors generated from local binary patterns (LBP) on 

nonsubsampled Contourlet transform (NSCT). Following sections present the detail of the 

proposed method. 

6.2 Proposed method 

Generally, the pixel value of deduced binary image is either 0 (black) or 1 (white), where value 0 

symbolizes the foreground pixel. In contrast, value 1 corresponds to the background pixel. In this 

context, image binarization can be formulated as a classification task at the pixel level. 

Therefore, the proposed learning framework consists to estimate which class must be given to 

every pixel of an image. Usually, developing a learning framework requires two stages: Feature 

generation and classification. 

The first stage allows generating features from the degraded document image in order to capture 

the relevant information. While, the classification allows assigning a pixel represented by its 

feature vector in the predefined class. 

In this chapter, we propose to perform the local binary pattern (LBP) (Ojala et al. 2002) on 

nonsubsampled Contourlet transform (NSCT) (Da Cunha et al. 2006) in order to generate the 

feature vector, while the histogram of symbolic representation (HSR) classifier (Alaei and Roy 

2014) is used to estimate which of these classes must be assigned to a pixel one by one. The 

preliminary classes are defined using Otsu multi threshold. Figure 6.1 depicts the scheme of the 

proposed method. 
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Figure 6. 1 The proposed self-training learning framework for document image binarization 

The proposed method can be summarized as follows: 

 Degraded pixel detection: This phase consists to perform the Otsu multi threshold in order to 

generate three temporary clusters corresponding to foreground, background and degraded 

pixels. To ensure the purity of each cluster, a purification stage is then accomplished using 

Howe (2013) binarization. This phase allows generating a self-training data from image 

itself. 

 Degraded pixel classification: This phase allows performing LBP on NSCT to generate 

feature vectors that describe the information over direction and scales. After, HSR generates 

the training models of the foreground and background to classify the degraded pixels. 

 Finally, post processing is performed to correct some errors occurred in the previous steps. 

The following sections describe the phases of the proposed method. 

6.2.1 Degraded pixel detection 

In general, the pixels in historical document image can be regrouped into three classes namely: 

foreground, background and degraded. The main objective of this phase is to pre-classify the 

pixels into foreground and background in order to generate the training classes from the treated 
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image itself, as well all as detect the degraded pixel in order to assign it to the appropriate class. 

Hence, this is performed through two stages that are: i) temporary pixel categorization and ii) the 

purification of foreground and background pixels. 

6.2.1.1 Temporary pixel image categorization 

Generally, a quite clear document image produces regular histogram, which the distribution 

corresponds to two distinct peaks for the foreground and background (see Figure 6.2(a)). Unlike, 

degradation in historical document image influences on the distribution of pixels and produces 

three peaks corresponding to foreground, background and degraded pixels (see Figure 6.2(b)). 

Therefore, double threshold may be a better solution. 

  

(a) 

  

(b) 

Figure 6. 2 Histogram representation (right) of: (a) uniform image and (b) degraded image (left) 

Generally, Otsu (1979) is often used for detecting two peaks, which is considered nonparametric 

threshold for image binarization. It selects the global threshold based on the grayscale histogram 

without any a priori knowledge. Hence, the complexity is linear.  

In this work, we investigate the properties of Otsu threshold for deducing the double threshold. 

Formally, Otsu threshold consists to classify the pixels into two classes at a threshold 𝑇, as 𝐶0 =

{0,1, … , 𝑇} and 𝐶1 = {𝑇 + 1, 𝑇 + 2, … ,255}. The optimal threshold 𝑇∗ is obtained by 

maximizing the between-class variance 𝜎𝐵
2 as follows: 
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 𝑇∗  = argmax
𝑇∈[0,255]

(𝜎𝐵
2) (6.1) 

with 

 

𝜎𝐵
2 = ∑ 𝜔𝑗(𝜇𝑗 − 𝜇𝑇)2

1

𝑗=0

 (6.2) 

where 𝜇𝑇 and 𝜇𝑘 are the mean intensity for the whole image and the mean of the class 𝐶𝑗, 

respectively. 𝜔𝑗 is regarded as the zeroth-order cumulative moment of the 𝑗th class 𝐶𝑗. 

Equation 6.1 can be extended to double threshold 𝑇1 and 𝑇2, which divide the histogram into 

three classes: 𝐶𝑂𝑡𝑠𝑢0
= {0,1, … , 𝑇1}, 𝐶𝑂𝑡𝑠𝑢1

= {𝑇1 + 1, 𝑇1 + 2, … , 𝑇2} and 𝐶𝑂𝑡𝑠𝑢2
= {𝑇2 + 1, 𝑇2 +

2, … ,255}, where 𝐶𝑂𝑡𝑠𝑢0
, 𝐶𝑂𝑡𝑠𝑢1

 and 𝐶𝑂𝑡𝑠𝑢2
 correspond to foreground, degraded pixels and 

background classes, respectively. The optimal thresholds {𝑇1
∗, 𝑇2

∗} can be obtained by 

maximizing 𝜎𝐵
2 as follows: 

 {𝑇1
∗, 𝑇2

∗}   = argmax
0<𝑇1<𝑇2<255

(𝜎𝐵
2) (6.3) 

6.2.1.2 Purification of the foreground and background 

The categorized pixels produced from the previews stage will be used for developing the 

classification model. However, the training classes are not pure. Thus, a purification stage 

assures the purity of the foreground and background classes. Thus, a document binarization with 

automatic parameter tuning namely Howe (2013) is used as reference image. Howe has been 

implemented in many binarization methods (Ntirogiannis et al. 2014, Pratikakis et al. 2017). The 

base approach of Howe (2013) relaxes on the joint use of three supporting strategies. First, it 

defines the target binarization as a labeling on pixels that minimizes a global energy function 

inspired by a Markov random field model. Second, in formulating the data fidelity term of this 

energy it relies on the Laplacian of the image intensity to discriminate foreground from 

background. This grants an important invariance to differences in contrast and overall intensity. 

Third, it incorporates edge discontinuities into the smoothness term of the global energy 

function, biasing foreground boundaries to align with edges and allowing a stronger smoothness 

incentive over the rest of the document image.  

In purification phase, pixels do not change class through the binarization are considered as pure 

class. For better clarity, let denote 𝐶𝐻𝑜𝑤𝑒0
 and 𝐶𝐻𝑜𝑤𝑒1

the foreground and background classes 
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produced by Howe binary image, respectively. 𝐶0, 𝐶1 and 𝐶2 represent the classes of the pure 

foreground, degraded and background pixels, respectively. Pixel (𝑚, 𝑛) is assigned to pure 

foreground 𝐶0 if it is present in 𝐶𝑂𝑡𝑠𝑢0
 and 𝐶𝐻𝑜𝑤𝑒0

. Pixel (𝑚, 𝑛) that is assigned by the Howe 

binarization as background (𝐶𝐻𝑜𝑤𝑒1
) is considered as pure background (𝐶2). The remind pixels 

are assigned to degraded class (𝐶1).  

The purification phase allows generating a pure training data and avoiding train classifier on 

incorrect data. Figure 6.3 shows an example of the purification, the degraded pixel contain most 

of the misclassified pixels produced by purification stage. 

   

(a)                                                     (b) 

  

(c)                                                    (d) 

Figure 6. 3 (a) Historical document image (PR 5/ 2011), (b) Howe binary image, (c) temporary classes, and (d) 

degraded pixel detection 

6.2.2 Degraded pixel classification 

The main challenge of degraded pixel classification is to deal with the intra/inter changes 

produced by the degradation. This phase is composed of: i) Feature generation using LBP 

performed on NSCT coefficients and ii) classification using HSR. 

6.2.2.1  Feature generation 

A desirable feature generation method should be highly discriminative, and robust to changes. 

Hence, the efficiency of spatial-frequency decomposition in transform based feature generation 

methods have been used in various applications of image processing (Mehri et al. 2017). 

Wavelet transform (Mallat 1989) is efficient in isolating the discontinuities at object edges but 
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can not detect the smoothness along the edges. However, Wavelet can capture limited directional 

information; it only identifies the horizontal, vertical and diagonal information. Hence, 

directional information about the edge stills undefined. To overcome this disadvantage, 

Contourlet transform (Do and Vetterli 2002) is considered as multiscale and multidirectional 

transform, which has its ability in detecting and characterizing more efficiency the edge. 

However, the major limitation of Contourlet transform is not shift-invariant. Therefore, the 

nonsubsampled Contourlet transform (NSCT) (Da Cunha et al. 2006) is a shift-invariant with 

flexible multiscale and multidirectional expansion for images. NSCT avoids pseudo-Gibbs 

phenomena presented in the Contourlet transform. 

The decomposition process of the NSCT is divided into two phases, that is, the nonsubsampled 

pyramids (NSP) which performs multiscale decomposition and the nonsubsampled directional 

filter bank (NSDFB) that provides direction decomposition. The NSP divides image into a low 

frequency subband and a high frequency subband in each level. The subsequent NSDFB 

decomposes the high frequency subbands from NSP in each level. 

The NSCT have a possibility to describe the strong and weak edges as well as curves through 

scales and directions (Da Cunha et al. 2006, Zemouri and Chibani 2019). 

Furthermore, we combine the NSCT with local binary pattern (LBP) to convert the high 

frequencies coefficients of the NSCT to binary patterns. 

LBP operator is invariant to monotonic grayscale value changes and has low computational 

complexity to extract local texture feature information (Ojala et al. 2002). Figure 6.4 shows the 

generation process of LBP, the central location is firstly compared with its neighbors, and the 

LBP binary code of this central location is obtained, then this code is transformed into a decimal 

number to represent the local structural pattern. 

   

 

1 1 1 
  

   
 

    

   0  0           

26 48 67 1 1 0   1 2 4      

13 24 11 Binary code ∏  0  0 ∑   103  

56 25 3 1 2 4   64 32 0      

C=24 128  8   

 

  LBP code 

   64 32 16        

   Weight matrix        

Figure 6. 4 LBP operator 

Threshold>C 



6. Self-training learning for image binarization 

78 

 

The feature vector is achieved by applying LBP operator on NSCT over scales and directions. 

For better clarity, let define 𝐶𝑙𝑑 be the NSCT high frequency coefficient produced at scale  𝑙 and 

directional subband 𝑙, where 𝑑 = 1. . . 𝑑𝑙, 𝑑𝑙 is the number of directional subband at scale 𝑙.  

The local Contourlet code (LCC) is extracted by comparing the central location 𝐶𝑙𝑑𝑐
 with its 

neighbors 𝐶𝑙𝑑𝑝
, its coding can be described as follows: 

 

𝐿𝐶𝐶(𝐶𝑙𝑑𝑐
) = ∑ 𝑠 (𝐶𝑙𝑑𝑐

− 𝐶𝑙𝑑𝑝
) 2𝑝

7

𝑝=0

, 𝑠(𝑥) = {
1 𝑖𝑓 𝑥 ≥ 0
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (6.4) 

6.2.2.2 Histogram of Symbolic Representation (HSR) 

Symbolic data represents efficiently the distribution and variability of features in a specific class. 

Hence, similar objects are represented through a histogram depicted by a support of intervals and 

density that weights each interval. 

Histogram of symbolic representation (HSR) (Alaei and Roy 2014) is proposed to model the 

foreground and background classes by a number of histograms, which is calculated over the 

feature vectors. First, the histogram symbolic is generated and the foreground/ background are 

modeled. Then, similarity measure assigns the degraded pixel to either foreground or 

background. Figure 6.5 depicts the overview of the proposed scheme. 

 

Figure 6. 5 Classification process of the degraded pixels 

Denote 𝑆𝑗 = {𝑠𝑗
1, 𝑠𝑗

2, … , 𝑠𝑗
𝑚} be a set of 𝑚 samples from a class 𝐶𝑗, 𝐹𝑗

𝑖 = 〈𝑓𝑗1
𝑖 , 𝑓𝑗2

𝑖 , … , 𝑓𝑗𝑘
𝑖 , … , 𝑓𝑗𝑛

𝑖 〉 

represents 𝑛 extracted features from the 𝑖th sample 𝑠𝑗
𝑖. The histogram 𝐻𝑗𝑘 for the 𝑘th feature 𝑓𝑗𝑘 

of class  𝑗 is calculated during training as follows: 

Similarity 

measure 

Foreground or 

background 
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 𝐻𝑗𝑘 = {〈[𝐼−𝑗𝑘
1 , 𝐼+𝑗𝑘

1 [; π𝑗𝑘
1 〉, 〈[𝐼−𝑗𝑘

2 , 𝐼+𝑗𝑘
2 [; π𝑗𝑘

2 〉, … , 〈[𝐼−𝑗𝑘
𝑡 , 𝐼+𝑗𝑘

𝑡 [; π𝑗𝑘
𝑡 〉} (6.5) 

where [𝐼−𝑗𝑘
𝑝 , 𝐼+𝑗𝑘

𝑝 [ is the interval bounds limit of 𝐼𝑗𝑘
𝑝

 and its π𝑗𝑘
𝑝

 frequency probability which is 

given by:  

 π𝑗𝑘
𝑝 = 𝜓(𝐼𝑗𝑘

𝑝 )/𝑚 with 0 ≤ π𝑗𝑘
𝑝 ≤ 1 (6.6) 

and 

 
𝜓(𝐼𝑗𝑘

𝑝 ) = ∑ 𝜓
𝑓𝑗𝑘

𝑖 (𝐼𝑗𝑘
𝑝 )

𝑚

𝑖=1
 (6.7) 

 
𝜓

𝑓𝑗𝑘
𝑖 (𝐼𝑗𝑘

𝑝 ) = {
1 𝑖𝑓 𝑓𝑗𝑘

𝑖 ∈ [𝐼−𝑗𝑘
𝑝 , 𝐼+𝑗𝑘

𝑝 [

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (6.8) 

𝑝 defines the number of intervals in the histogram 𝐻𝑗𝑘 and varies between 1 and 𝑡. Hence, the 

histogram of symbolic representation characterizes the class 𝐶𝑗 with 𝑛 features as follows: 

 𝑆𝑦𝑚𝐶𝑗 = {𝐻𝑗1, 𝐻𝑗2, … , 𝐻𝑗𝑛} (6.9) 

Table 6.1 and Figure 6.6 illustrate an example of binary HSR classifier construction using 𝑛 

extracted features with 3 intervals. Hence, every class 𝐶𝑗 is symbolized by 𝑆𝑦𝑚𝐶𝑗 for all features 

using the histograms 𝐻𝑗𝑘. 

Table 6. 1 Example of histogram representation for binary classification with 𝒏 features 

          Feature 

Class 
𝑓1 𝑓2 ... 𝑓𝑘 ... 𝑓𝑛 

𝑆𝑦𝑚𝐶0 𝐻01 𝐻02 ... 𝐻0𝑘 ... 𝐻0𝑛 

𝑆𝑦𝑚𝐶1 𝐻11 𝐻12 ... 𝐻1𝑘 ... 𝐻1𝑛 

 
𝑯𝒋𝟏  𝑯𝒋𝟐 ... 𝑯𝒋𝒏 

𝜋𝑗1
1       𝜋𝑗2

3    𝜋𝑗𝑛
2   

  𝜋𝑗1
3   𝜋𝑗2

1       𝜋𝑗𝑛
3  

     𝜋𝑗2
2       

 𝜋𝑗1
2        𝜋𝑗𝑛

1    

           

[𝐼−𝑗1
1 , 𝐼+𝑗1

1 [  [𝐼−𝑗1
3 , 𝐼+𝑗1

3 [  [𝐼−𝑗2
1 , 𝐼+𝑗2

1 [  [𝐼−𝑗2
3 , 𝐼+𝑗2

3 [  [𝐼−𝑗𝑛
1 , 𝐼+𝑗𝑛

1 [  [𝐼−𝑗𝑛
3 , 𝐼+𝑗𝑛

3 [ 

 [𝐼−𝑗1
2 , 𝐼+𝑗1

2 [    [𝐼−𝑗2
2 , 𝐼+𝑗2

2 [    [𝐼−𝑗𝑛
2 , 𝐼+𝑗𝑛

2 [  

Figure 6. 6 Illustration of the histogram of symbolic representation for the class 𝑪𝒋 

The similarity measure 𝑆𝐼𝑀(𝐹𝑇𝑠, 𝑆𝑦𝑚𝐶𝑗) between test sample 𝑇𝑠 which is represented by a set 

of features 𝐹𝑇𝑠, and the histogram of symbolic representation 𝑆𝑦𝑚𝐶𝑗 of the class 𝑗 is calculated 

as follows: 
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𝑆𝐼𝑀(𝐹𝑇𝑠, 𝑆𝑦𝑚𝐶𝑗) = (∑ ∑ 𝜋𝑗𝑙
𝑝

𝑡

𝑝=1

𝑛

𝑙=1

)/𝑛 (6.10) 

 
𝜋𝑗𝑙

𝑝 = {
𝜋𝑗𝑙

𝑝 𝑖𝑓 𝑓𝑡𝑙 ∈ [𝐼−𝑗𝑘
𝑝 , 𝐼+𝑗𝑘

𝑝 [

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (6.11) 

The test sample 𝑇𝑠 represented by 𝐹𝑇𝑠 is then assigned to the class 𝐶 (foreground or background) 

according to the following equation: 

 𝐶(𝐹𝑇𝑠) = argmax
𝑗=1:𝑀

(𝑆𝐼𝑀(𝐹𝑇𝑠, 𝑆𝑦𝑚𝐶𝑗)) (6.12) 

where 𝑀 defines the number of classes. 

In this work, a specific measure is proposed which takes into account the properties of every 

feature 𝑓𝑗𝑘
. . The proposed criterion computes the similarity measure for every 𝑘th feature namely 

𝑆𝐼𝑀′𝑘 as follows: 

 

𝑆𝐼𝑀′𝑘(𝐹𝑇𝑠, 𝑆𝑦𝑚𝐶𝑗) = ∑ 𝜋𝑗𝑙
𝑝

𝑡

𝑝=1

 (6.13) 

For every 𝑘th feature, the test sample 𝑇𝑠 is assigned to the class 𝐶𝑗𝑘 as presented in Eq. 6.12 by 

selecting the maximum score value of  𝑆𝐼𝑀′𝑘 computed in Eq. 6.13.  

Finally, the test sample 𝑇𝑠 is classified as foreground or background using the majority voting 

(MajVot) as follows: 

 𝐶(𝐹𝑇𝑠) = MajVot
𝑗=1:𝑀

(𝐶𝑗𝑘) (6.14) 

6.2.3 Post processing 

Post processing has a major impact on the success of the binarization process; it allows reducing 

the errors occurred in the binarized image. It removes small regions, single pixels and fills 

bumps. Consequently, we applied the same post processing modules presented in section 5.2.3. 

6.3 Experimental results 

Experiment results are conducted using DIBCO datasets, which contain test document images with 

ground truth images. Evaluation is performed on set measures comprise FM, p-FM, PSNR and DRD. 



6. Self-training learning for image binarization 

81 

 

6.3.1 Generation of the Foreground/ background models 

The proposed training framework requires identifying the number of intervals 𝑝 to implement 

histogram of symbolic representation. Thus, Figure 6.7 depicts the adjustment of parameter 

process during the training stage. 

 

Figure 6. 7 Flowchart of the Adjustment of the number of intervals 

The optimal number of intervals 𝑝∗ is selected through an iterative process performed on training 

data. However, for every defined value of 𝑝, the histograms 𝐻𝑗𝑘 are generated and the training 

classes are predicted. Therefore, the optimal number of intervals 𝑝∗ corresponds to the 𝑝 number 

of intervals that maximizes AUC (Area under the ROC curve). AUC is the performance 

measurement for classification problem at various thresholds settings. ROC is a probability curve 

and AUC represents degree or measure of separability.  It tells how much is the ability of model 

in distinguishing between classes. Furthermore, an excellent model has AUC near to the 1 which 

means it has good measure of separability. Unlike, a poor model has AUC near to the 0 which 

means it has worst measure of separability. Figure 6.8 show an example of AUC for different 

values of 𝑝. The sensitivity and specificity are given by: 

 
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦(𝑅𝑒𝑐𝑎𝑙𝑙) =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (6.15) 

and   

 
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 (6.16) 

Set 𝑝 = 2: 𝑡 
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Figure 6. 8 AUC for different values of 𝒑 

Finally, the degraded pixel is classified using the optimal parameters for every image itself. 

Table 6.2 shows a comparison between 𝑆𝐼𝑀 and the proposed similarity measures 𝑆𝐼𝑀′. 

Table 6. 2 Comparison between the calculated similarities measures (FM) 

Contest Similarity FM p-FM PSNR DRD Rc Pr p-Rc Rank 

DIBCO 2009 
SIM 85.29 89.17 16.62 7.79 87.13 86.39 94.88 2 

SIM’ 85.84 89.07 16.80 7.73 88.73 85.85 95.36 1 

H-DIBCO 2010 
SIM 86.67 93.09 18.24 3.41 79.64 95.93 90.91 2 

SIM’ 87.69 92.97 18.52 3.19 81.34 95.88 90.72 1 

DIBCO 2011 
SIM 86.81 91.47 16.94 5.37 86.19 88.42 95.63 1 

SIM’ 86.80 90.99 16.98 5.64 86.97 87.74 95.57 2 

H-DIBCO 2012 
SIM 89.37 92.91 19.00 3.56 84.84 94.97 91.33 2 

SIM’ 89.86 93.28 19.25 3.38 85.93 94.76 92.19 1 

DIBCO 2013 
SIM 86.09 89.55 18.37 5.53 85.50 90.06 92.34 2 

SIM’ 86.16 89.28 18.42 5.73 86.10 89.59 92.40 1 

DIBCO 2017 
SIM 86.17 90.27 16.27 5.98 87.67 85.81 96.28 1 

SIM’ 86.10 89.92 16.22 6.13 88.37 85.06 96.51 2 

Overall 
SIM 86.73 91.08 17.57 5.27 85.16 90.26 93.56 2 

SIM’ 87.08 90.92 17.70 5.30 86.24 89.81 93.79 1 

As shown in Table 6.2, the proposed similarity measure 𝑆𝐼𝑀′ (Eq. 6.13 and 6.14) offers better 

results in comparison to 𝑆𝐼𝑀 (Eq. 6.10 and 6.12 (Alaei and Roy 2014)).  

6.3.2 Results 

The proposed method is evaluated on DIBCO datasets according to blind and unblind protocols. 

Furthermore, the obtained performance of the proposed method is compared against the well 

known state of the art thresholding algorithms including Otsu (1979), Sauvola (2000), Bradley 

(2007), NICK (2009), Howe (2013), Zemouri and Chibani (2019), and the Top 2 methods for 
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every competition. The final ranking is calculated using the summation of all sorting 

accumulated ranking values for all test images. Table 6.3 presents the obtained results and the 

best performances are highlighted in bold. 

Table 6. 3 Evaluation results on DIBCO datasets 

Contest Method FM p-FM PSNR DRD Rank 

DIBCO 2009 

Lu 91.24 - 18.66 - 1 rank of contest  

Fabrizio 90.06 - 18.23 - 2 rank of contest  

Otsu (1979) 78.52 80.39 15.27 22.61 7 

Sauvola (2000) 84.88 90.38 16.69 5.82 3 

Bradley (2007) 82.08 85.6 15.33 11.07 6 

NICK (2009) 80.75 89.87 15.54 7.5 5 

Howe (2013) 93.23 94.24 19.72 2.42 1 

Zemouri & Chibani (2019) 87.86 89.12 17.11 5.07 2 

Proposed 86.33 89.55 17.01 7.2 4 

H-DIBCO 2010 

Su 91.5 93.58 19.78 - 1 rank of contest  

Bar-Yosef 89.7 95.15 19.15 - 2 rank of contest  

Otsu (1979) 85.66 90.59 17.57 4 3 

Sauvola (2000) 74.36 82.78 15.92 6.56 6 

Bradley (2007) 81.53 88.99 16.59 6.42 5 

NICK (2009) 64.83 76.67 88.03 8.49 7 

Howe (2013) 92.7 93.92 20.43 2.07 1 

Zemouri & Chibani (2019) 84.35 87.03 17.4 4.24 4 

Proposed 87.08 92.4 18.51 3.14 2 

DIBCO 2011 

Lelore 80.86 - 16.31 104.48 1 rank of contest  

Su 85.2 - 17.16 15.66 2 rank of contest  

Otsu (1979) 82.04 85.8 15.69 8.99 5 

Sauvola (2000) 85.53 91.03 16.69 4.98 4 

Bradley (2007) 76.3 80.9 14.11 16.6 7 

NICK (2009) 79.32 89.02 15.19 7.42 6 

Howe (2013) 89.21 90.87 18.22 5.75 2 

Zemouri & Chibani (2019) 87.36 89.51 16.97 4.84 3 

Proposed 87.96 92.14 17.41 4.59 1 

H-DIBCO 2012 

Howe 89.47 90.18 21.8 3.44 1 rank of contest  

Lelore 92.85 93.34 20.57 2.66 2 rank of contest  

Otsu (1979) 75.16 78.14 15.05 26.39 7 

Sauvola (2000) 77.89 83.98 16.84 6.71 5 

Bradley (2007) 83.98 89.32 17.08 6.75 4 

NICK (2009) 72.11 80.69 16.11 8.38 6 

Howe (2013) 93.13 93.68 21.4 2.23 1 

Zemouri & Chibani (2019) 86.23 89.04 17.97 4.52 3 

Proposed 90.13 93.45 19.55 3 2 
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Table 6.3 (Continued) 

DIBCO 2013 

Su 92.12 94.19 20.68 3.1 1 rank of contest  

Howe 92.7 93.19 21.29 3.18 2 rank of contest  

Otsu (1979) 80 83.36 16.62 10.99 6 

Sauvola (2000) 83.24 88.38 17.65 5.36 4 

Bradley (2007) 80.39 85.58 15.96 11.24 7 

NICK (2009) 79.13 88.61 16.34 6.88 5 

Howe (2013) 90.5 91.21 20.48 3.84 1 

Zemouri & Chibani (2019) 86.22 88.61 18.12 4.9 3 

Proposed 86.3 89.23 18.6 5.41 2 

DIBCO 2017 

Ilin 91.04 92.86 18.28 3.40 1 rank of contest  

Zhang 89.67 91.03 17.58 3.35 2 rank of contest  

Otsu (1979) 77.73 77.89 13.85 15.54 7 

Sauvola (2000) 79.09 81.51 14.17 14.43 6 

Bradley (2007) 81.91 87.36 15.16 7.22 4 

NICK (2009) 74.34 85.78 14.35 7.81 5 

Howe (2013) 89.85 91.36 18.83 5.32 1 

Zemouri & Chibani (2019) 84.41 87.49 15.98 5.95 3 

Proposed 86.82 90.63 16.53 5.58 2 

As reported in Table 6.3, changes in raking are noticed from competition to other according to 

evaluation criteria. For instance, the proposed method is ranked 1 for DIBCO 2011, with 87.96, 

92.14, 17.41 and 4.59 for FM, p-FM, PSNR and DRD, respectively. However, it is ranked 2 after 

performing Howe for H-DIBCO 2010, H-DIBCO 2012, DIBCO 2013 and DIBCO 2017, 

respectively. Hence, it is ranked 4 after performing Howe, Zemouri and Chibani (2019), and 

Sauvola for DIBCO 2009. 

In contrast, Howe method achieves the rank 1 for DIBCO 2009, H-DIBCO 2010, H-DIBCO 

2012, DIBCO 2013 and DIBCO 2017, respectively. Indeed, it obtains the best performance over 

all criteria measures for DIBCO 2009 and H-DIBCO 2010, respectively. 

In order to demonstrate the instability, Table 6.4 presents a comparative evaluation between the 

Top 2 methods of DIBCO 2011 and the proposed method; the best performances are in bold. 
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Table 6. 4 Quantitative evaluation results for Top 2 and proposed methods on DIBCO 2011  

 WRT H1 H2 H3 H4 H5 H6 H7 H8 P1 P2 P3 P4 P5 P6 P7 P8 

F
M

 

Lelore 88.2 95.1 92.8 89.5 95.2 92.2 92 94 94.9 77.2 94.8 95 92.3 9.9 4.6 86.1 

Su 80.2 93.7 92.1 87.9 95.1 76.4 91.1 93.4 92.9 82 93.8 92 92.7 92.6 21.1 86.2 

Proposed 79 91 90.1 84.8 92.1 80 87.2 92.7 93.1 77.7 93.9 93.4 89.7 86.1 92.1 84.3 

P
S

N
R

 Lelore 15.1 23.4 19.8 17.3 19.7 19.5 22 22.6 17.8 11.9 17.3 19.6 16.7 0.6 0.2 14.6 

Su 12.3 22.6 19.5 16.8 19.6 15.3 21.6 22.3 16.4 13.2 16.5 17.7 17.1 21.4 7.6 14.6 

Proposed 12 21.2 18.6 15.7 17.6 15.5 20 21.8 16.5 12.3 16.6 18.5 15.8 18.3 24 14.2 

D
R

D
 Lelore 6.6 1.4 1.8 2.5 1.6 2.0 1.7 1.3 2.5 12.8 1.8 2 2.4 575 1052.7 3.6 

Su 13.8 1.7 2 3 1.8 6.3 2 1.5 3.5 9 2.3 3.5 2 3.1 191.3 3.8 

Proposed 14.1 2.2 2.4 4.1 2.8 6.4 3.3 1.6 3.6 11 2.1 2.6 2.7 8.2 2.5 3.9 

According to Table 6.4, the obtained results show instabilities for the test images P2, P5, P6 and 

P7 from DIBCO 2011. 

For the images P2, P5 and P6, Su method is ranked 2 in the contest, it achieves the best 

performance in terms of FM, PSNR and DRD. In contrast, the proposed method outperforms the 

other methods for the image P7 in terms of FM, PSNR and DRD with 92.1, 24 and 2.5, 

respectively. The instability in performance is produced by the presence of various degradations 

in DIBCO datasets. Hence, binarization method can not deal with all degradation types. 

Therefore, Djema et al. (2015) proposed an unblind evaluation protocol. Thus, DIBCO datasets 

are categorized into four main degradation namely stain (type A), ink bleed-through (type B), 

non-uniform background (type C) and ink intensity variation (type D). Table 6.5 reports the 

quantitative evaluation of the proposed method and the state of the art methods on unblind 

datasets, the best performance are highlighted in bold. 

The obtained results show that the proposed method is ranked 1 for ink bleed-through (type B), 

However, Howe is ranked 2 with the higher values of FM and PSNR of 90.77 and 19.44, 

respectively. 

Zemouri and Chibani (2019) achieves the rank 1 for non-uniform background (type C) with the 

best performance for FM, p-FM and DRD with 91.24, 94.33 and 3.44, respectively. However, 

the proposed method is ranked 2 for the type C. 

For the other types of degradation (type A and D), Howe achieves the best performance over all 

measures. In contrast, the proposed method is ranked 4 for stain (type A) and 2 for ink intensity 

variation (type D), respectively. 

Figure 6.9-6.10 display the visual quality of the obtained binary images.  
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Table 6. 5 Evaluation results on unblind datasets 

Dataset Method FM p-FM PSNR DRD Rank 

Type A 

Otsu (1979) 75.05 77.87 12.8 19.6 8 

Sauvola (2000) 87.01 87.01 16.35 4.32 3 

Bradley (2007) 84.22 89.13 15.1 6.77 7 

NICK (2009) 82.6 92.58 15.3 5.55 5 

Howe (2013) 92.23 93.88 18.27 2.99 1 

Zemouri & Chibani (2019) 85.74 88.12 15.5 5.63 6 

Proposed 86.99 91.06 16.12 5.74 4 

Type B 

Otsu (1979) 85.97 88.49 17.41 7.31 6 

Sauvola (2000) 87.71 91.54 17.79 5.32 4 

Bradley (2007) 73.8 76.67 13.8 18.75 8 

NICK (2009) 82.05 89.45 16.13 7.66 7 

Howe (2013) 90.77 92.17 19.44 4.61 2 

Zemouri & Chibani (2019) 87.95 89.57 17.66 5.48 5 

Proposed 90.48 93.72 19.19 3.88 1 

Type C 

Otsu (1979) 86.74 91.47 17.68 6.75 5 

Sauvola (2000) 84.71 91.93 17.32 5.96 6 

Bradley (2007) 72.19 78.2 14.17 23.24 8 

NICK (2009) 70.37 81.08 15.22 10.7 7 

Howe (2013) 89.06 90.67 19.41 7.28 4 

Zemouri & Chibani (2019) 91.24 94.33 19.2 3.44 1 

Proposed 89.36 93.38 18.74 4.62 2 

Type D 

Otsu (1979) 85.66 90.13 16.8 6.26 4 

Sauvola (2000) 77.6 84.87 14.83 7.47 6 

Bradley (2007) 85.12 91.93 15.8 5.93 3 

NICK (2009) 71.59 83.31 13.84 9.2 8 

Howe (2013) 91.67 92.13 20.68 2.2 1 

Zemouri & Chibani (2019) 84.52 87.26 17.63 4.15 5 

Proposed 86.29 90.45 18.35 3.65 2 
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(a)                 (b) 
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(e)                 (f) 

 

(g) 

Figure 6. 9 Binarization results of H4 (2013/type B): (a) Degraded document image, (b) Ground truth, (c) Otsu, (d) 

Bradley, (e) Howe, (f) Zemouri and Chibani (2019) and (g) Proposed method 
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(e)                                                            (f) 

 

(g) 

Figure 6. 10 Binarization results of P7 (2011/type C): (a) Degraded document image, b) Ground truth, (c) Otsu, (d) 

Bradley, (e) Howe, (f) Zemouri and Chibani (2019) and (g) Proposed method 
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As shown in Figure 6.9(a), ink bleed-through is presented in document image H4 (2013 type B). 

A visual inspection of the binarized images produced by Otsu and Bradley methods wrongly 

threshold the pixels of background as foreground, which generate noisy pixels in the binary 

image. However, Howe and Zemouri and Chibani (2009) methods produce binarized images 

with less noise on background and quite clear foreground (see Figure 6.9(e) and (f)). In contrast, 

the proposed method delivers the best visual quality that preserve the foreground and remove the 

background ((see Figure 6.9(g)). 

As can be seen in Figure 6.10(a), document image P7 (2011/type C) shows a non-uniform 

background. The state of the art methods fail to result clean binary images and they produce a 

noisy pixels on the background (see Figure 6.10(c-e)). In contrast, Zemouri and Chibani (2019) 

produces a high quality of the binarized image (see Figure 6.10(f)).  Hence, the proposed method 

can efficiently distinguish the foreground from the background and assign the degraded pixels to 

the appropriate class ((see Figure 6.10(g)). 

As conclusion, the proposed self-training learning framework for each image itself that allows 

generating the feature vectors (LCC). Indeed, the automatic parameters tuning of HSR classifier, 

helps on the efficiency of the proposed method. 

6.3.3 Limitations on different degradations 

The proposed method presents some limitations, the weakness is shown when the degraded 

document image contains a very complex degradations. For instance, Figure 6.11(a) shows stain 

noise that merge on the foreground (image P8 2013/type A), this problem results noises because 

of the similarity between pixels of the foreground and background in stain area. 

Figure 6.11(b) presents a degraded image with a thin stroke (image H7 2013/type D). Hence, 

these weak strokes are missing when the document image is binarized through the proposed 

method. 
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Figure 6. 11 Limitation cases: (a) Degraded image P8 (2013/ type A) and (b) Degraded image H7 (2013/ type D) 

6.4 Summary 

This chapter presents a self-training learning binarization method for degraded document image 

that is tolerant to ink bleed-through degradation. The proposed method is simple and robust, 

where parameters are adjusted automatically. The approach pre-classified the pixels into 

foreground, background and degraded to generate the training classes from the image itself. 

After the purification stage, the foreground and background are modeled using the feature 

vectors generated by performing local binary pattern (LBP) on nonsubsampled Contourlet 

transform (NSCT). Finally, the degraded pixels are classified using histogram of symbolic 

representation (HSR).  

The evaluation regarding the different criteria measures on DIBCO datasets according to blind 

and unblind protocols shows that the proposed method outperforms the well-known binarization 

methods for DIBCO 2011 and ink bleed-through, respectively. 

For future works, the proposed method could be generalized to handle the other types of 

degradation such as stain and missing weak strokes. 
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CHAPTER 7 
Conclusion and perspectives 

 
Historical documents preservation are required for transmitting from generation to generation. 

Consequently, the digitization of historical documents has received significant importance for its 

advantage to wide dissemination through internet. Binarization of historical document image 

remains a challenging task, it allows enhancing the poor quality of the digitized image for 

various uses. 

Throughout this thesis, several methods and a number of studies for historical document image 

binarization have been presented. 

This chapter summarizes the works presented in this thesis by revisiting the contributions, 

strengths and weaknesses. Finally, an overview of the future research possibilities in the field of 

historical document image binarization is discussed. 

7.1 Contributions and conclusions 

The main motivation of this thesis is to contribute to cultural heritage preservation and facilitate 

easy access. Specifically, the objective has been to define binarization methods for analyzing the 

historical document images. Hence, our proposed methodologies covered in this thesis are: 

First, we have summarized the research related to digital libraries and historical document 

analysis. Then we have reviewed the well known binarization approaches and some 

multidirectional wavelet transforms in chapter 2. 
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In chapter 3, we have proposed combination framework that based on the advantages of global 

and local thresholding methods. The aim is to remove a considerable region from the background 

using a global threshold, and then local threshold is applied on the resulted image. The 

experiments have been conducted using word spotting system on Arabic book collected from 

National Library of Algeria. The obtained results show the efficiency of the proposed 

methodology for separating the foreground from the background. 

In chapter 4, we presented a new evaluation protocol for a binarization method on unblind 

datasets. The comparative evaluation of the state of the art binarization methods using DIBCO 

datasets shows the instability of a binarization method in term of ranking over competitions year 

after year. In general, DIBCO datasets contain printed and handwritten images under 

considerable and variety of degradations. For thus, the proposed typology takes into 

consideration the degradation type and the written type. Furthermore, images of DIBCO datasets 

have been categorized into four subsets namely stain, ink bleed-through, non-uniform 

background, ink intensity variation, and images contain more than degradation are assigned to 

the mixed class. The proposed typology show the efficiency of a binarization method on specific 

degradation type. 

Chapter 5 illustrated a binarization method based on enhancement and clustering. The 

nonsubsampled Contourlet transform (NSCT) have been exploited for the enhancement and k-

means clustering for the binarization. NSCT is a shift-invariant, multiscale and multidirectional 

transform, and it is able to detect various information concerning the edge and degradation. 

NSCT regrouped the coefficients over scales and directions into strong edges, weak edge and 

degradation. Furthermore, the proposed enhancement scheme amplifies weak and strong edges 

while degradation is set to zero. Then, k-means finds the appropriate clusters corresponding to 

foreground or background. The obtained results show the efficiency of the proposed method with 

document images having non-uniform background and ink intensity variation. 

Chapter 6 proposed a new self-training learning binarization method. The first stage consists to 

detect the degraded pixels, this have been achieved by using Otsu multi threshold and Howe 

binarization. Whereas, the second stage focused on the classification of the degraded pixels. 

Feature generation using LBP performed on NSCT and Histogram of symbolic representation 

(HSR) classifier have been employed to assign the degraded pixels into either foreground or 

background. Experiments on blind and unblind datasets show the performance the proposed 

method against ink bleed-through degradation.  
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7.2 Limitations and challenges 

The presented contributions have some limitations. Following, we report the weakness and the 

proposed solution for the future works: 

The degradation type has been defined in manual way. In future, we suggest preprocessing step 

to detect the dominant degradation contained into the historical document image in order to 

select automatically the appropriate binarization method. 

The presented methods show some failing, the weakness is proved when the document image 

contains very complex degradations such us stain, which is difficult to remove it in automatic 

way. 

The proposed methods have been evaluated on datasets containing historical document images. 

However, it is interesting to evaluate them on other image processing applications, such as image 

segmentation and object detection. 
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