
 

    People’s Democratic Republic of Algeria 

          Ministry of Higher Education and Scientific Research 

    University Amar Telidji of Laghouat 

Faculty of Technology 

Department of Electronics 

 

A Dissertation submitted to the faculty of technology in 

fulfillment of the requirements for the degree of Doctorate 

of Science 

Major: Electrical Engineering 

By 

ZITOUNI ABDELKADER 

 

Image Processing Methodology and Textures Analysis for 

their Segmentation 

 

 Méthodologie de Traitement d'Image et Analyse de Textures 

en vue de leur Segmentation 

Presented and defended publicly in front of the jury: 

Dr. Djerfaf Fatima MCA at UATL President of the jury 

Pr. Chouireb Fatima Professor at UATL Supervisor 

Dr. Benkouider Fatiha MCB at UATL Co-supervisor 

Pr. Kious Mecheri Professor at UATL Examiner 

Dr. Ahfir Maamar MCA at UYF, Médéa  Examiner 

Pr. Saadi Slami Professor at UZA, Djelfa Examiner 

  2019-2020 

 
الاشارات والانظمة  ،مخبر الاتصالات   

Laboratory of Telecommunications, 

Signals and Systems 

 

 



                         

i 
 

ABSTRACT 

This thesis presents supervised classification algorithms based on information fusion for 

textured-images segmentation. Gabor features are efficient in finding class boundaries, whereas 

GLCM features are favorable in the areas within the classes. Moreover, the wavelets can 

represent textures at different scales and offer great discriminatory power between textures with 

strong resemblances. This motivates us to combine these three kinds of features to improve 

image segmentation. In the first step, the proposed method applied those three feature extraction 

strategies on textured images in order to get more information. After that in the second step, 

estimated feature vector of each pixel is sent to the neural networks classifier for pre-labeling. 

Then, in the third step of the proposed method, a classifier fusion method used to combine the 

scores obtained by the neural networks for each pixel. Finally, in the last step, in order to obtain 

more precise segmentation results, the scores within a sliding window are combined. The 

performance of the proposed segmentation algorithms was evaluated on synthetic images from 

Brodatz and DTD datasets and some MIAS images to detect masses, that represent one of breast 

cancer signs. The obtained classification results by the proposed fusions system leads to higher 

classification precision compared to applying a single classifier on the textured images. 

Keywords: Image segmentation, Classification, Texture features, Gabor filters, Wavelets, 

GLCM, Information fusion. 
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 ملخص 

 .نسيجيةذات الصبغة ال دمج المعلومات لتجزئة الصور تقنية لىع عتمدة خوارزميات تصنيف خاضعة للإشراف ت طروح تقدم هذه الا

تتميز بالكفاءة في العثور على حدود المناطق، في حين أن الخصائص     Gaborاتالخصائص المحصل عليها بعد استعمال مرشح

علاوة على ذلك،   .مناطق المختلفةداخل ال بالكفاءة في العثور على المساحات تتميز GLCMالمحصل عليها باستعمال مصفوفات 

مما  هذا  و .ذات التشابهات القوية  المناطقبين    بمقاييس مختلفة وتوفر قوة تمييز كبيرة  يةنسيج  المناطق الأن تمثل  لمحولة الموجات  يمكن  

في الخطوة الأولى، تهدف الطريقة المقترحة الى تطبيق    .حفزنا على الجمع بين هذه الأنواع الثلاثة من الميزات لتحسين تجزئة الصورة

ذلك في الخطوة الثانية، يتم    بعد  .المعلوماتعلى مزيد من    النسيجية للحصول   ر المذكورة اعلاه على الصواستخراج الخصائص  تقنيات  

في الخطوة   ثم .اوليمن اجل الحصول على تقسيم إلى مصنف الشبكات العصبية مجموعة الخصائص المستخرجة لكل بكسل إرسال 

عصبية لكل  الثالثة من الطريقة المقترحة، تستخدم طريقة تصنيف عن طريق الدمج وذلك بدمج النتائج المحصل عليها من الشبكات ال

ا  .بكسل النتائج المحصل  كل  دمج    نافذة منزلقةكل    يتم داخل   دقة، ومن أجل الحصول على نتائج تجزئة أكثر    الأخيرة، في الخطوة    ،أخير 

 . من الشبكات العصبية  عليها

وبعض الصور لمجموعة    ’DTD‘ و ’Brodatz‘ البيانات  ةتم تقييم أداء خوارزميات التجزئة المقترحة على صور مركبة من مجموع

التصنيف التي تم الحصول عليها من   نتائج .الثديالتي تمثل واحدة من علامات سرطان وللكشف عن الكتل، وذلك  MIAS البيانات

 .نسيجيةمقارنة بتطبيق مصنف واحد على الصور ال ية لادقة تصنيف ع  اظهرت قبل تقنيات الدمج المقترحة 

مصفوفات  ،محولة الموجات ،Gaborمرشحات  ،الخصائص النسيجية ،التصنيف ،الصور تجزئة :المفتاحيةالكلمات 

GLCM، .دمج المعلومات  
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 إهداء
 ،ا  ــــــــــونجاح  رة  ــــــــــــثم  لــــــــوالعم  د  ــــــــــــالج  وبعد  ،را  ــــــــــــيس ر  ــــــــل بعد العس ــــــــم، وجعــــــــــل  ق فعـــــــــــمد لله الذي خل ــــــــــالح
 هــــــــه وصحبـــــــــــلى آلــــــــوع يهــــلى الله عل ـــــص مد  ــــا محـــــــــنبين هداةــــــــحمة المر  ـــــــــــــلى الــــــع سلام  ـــــــــوال صلاة  ــــــــوال
 :عدـــــــــــا بــــــــن والاه، أم  ــــوم
ي ــــــائــــــحبأو تي ــــــل ــــــائـــــــــع ل  ــــــــــــكن وإلى  ــــــزيـــــــــزيـــديَّ العـــــــــــع إلى والـــــــــل المتواضــــــــذا العمــــــــــــــدي هـــــهأ  ـــــــــــف

ن  أل و ـــــــــي العمـــــان فـــــقــــــــا الاتــــــــــــــنـــــرزقــــــــــــــن يأه ـــــانـــــــــــسبح ه  ــــلأـــــــــسأو  م،ـــــــــالعل  لاب ـــــــــع طـــــــــوإلى جمي
 ريم.ــــــــــــكـــــــــــــــــه الـــــــوجـــــــــل صا  ـــــــــالـــــــخ ه  ـــــــيجعل 

 بـــــــــتر  ـــــــــــــوالاد  ــــــــــــــــمجم الأــــــــــ ــ ه سل ـــــــــــــرقى بـــــــــــــــــــي             ه  ــــــــــــــــــــاحبـــــــــــــــــــلص  راس  ــــــــــــــــــــــونب  اج  ــــــــــــــــت  م  ـــــــــــــــــــالعل 
 بــــــــــــــــــــــــــقوجه والل  ـــــــــــــــــال الـــــــــــد جمــــــــــــــما يفيـــــف          ة ـــــــــــــــــــــعرفــــــم ومــــــــــــــــــمن عل رء  ــــــــــــــلا المـــــــــــــــــــوان خ
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GENERAL INTRODUCTION 

 



  
2 Introduction 

 

 

Introduction: 

Image processing is part of a preliminary process to prepare images for their interpretation, 

storage or transmission after the acquisition and digitization steps. It is gaining increasing 

interest as the image becomes a support and a privileged source of information used in different 

areas, since the evolution of computer capabilities. 

Image segmentation is an important step in any image analysis process. It is a low-level 

processing that precedes the measurement, comprehension and decision stage. Its aim is to 

divide the image into related and homogeneous regions in the sense of a homogeneity criterion 

that is difficult to define, particularly in the case of textured regions [1].   

Several approaches have been proposed in the literature for image segmentation,                     

Kennel et al. [2] proposed an algorithm for satellite images segmentation based on the complex 

wavelet transform method followed by Support Vectors Machines classifier for texton 

classification, Karine et al. [3] modeled the wavelet decomposition sub-bands by a generalized 

Gaussian distribution and used the KNN and Support Vectors Machines classifiers as measures 

of similarity for sonar images segmentation, Wu et al. [4] used the sub-bands energy of the 

scattering transform for texture discrimination followed by the Otsu thresholding method for 

features classification, to localize matriculation plaques, Wang and Zhang [5] presented a 

remote sensing image segmentation algorithm, which decompose the image into sub-band 

images using the wavelet transform to extract texture features, followed by the Bayesian 

classifier. 

Texture, which is almost ubiquitous in images, is one of the most important features used to 

identify different regions of an image. Its study is difficult because there is no universal 

definition to apprehend the notion of texture. Texture segmentation and classification 

approaches have been used in literature and have shown their importance in various applications 

such as computer vision [6], image synthesis [7], biomedical image processing [8] and remote 

sensing [9-11].  Several methods have been proposed to address the problem of texture analysis, 

namely, the co-occurrence matrix [12], the range length matrix [13], the local bit patterns [14], 

Gabor filters [15], wavelet transform [16], scattering transform [17] ... etc. They can be divided 

into three main approaches: statistical, structural and spectral [18]. 
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The purpose of texture analysis is to extract the characteristic properties of the object in an 

image and express them in a form of feature vector. The obtained representation will serve as a 

basis for later steps in image analysis and interpretation [19]. However, the search for 

discriminating parameters characterizing the texture and the use of these parameters for the 

segmentation still remains a delicate problem, without a universal solution. It is in this context 

that we suggest in this thesis new segmentation methods of textured images. 

Two phases are usually involved in the texture classification process, namely the learning 

phase and the recognition phase. The learning phase aims to build a texture content model of 

each texture class present in the training data, which usually consists of images with known 

class labels. In the recognition phase, the texture content of the unknown sample is initially 

described using the same texture analysis method. Then, the textural features are compared to 

those of the training images with a classification algorithm, and the sample is assigned to the 

class with the best match [20]. The classification of these textural features can be done in a 

supervised way, which we know the membership classes of each pixel, or in an unsupervised 

way, which we have no knowledge a priori on the classes. For this, several types of classifiers 

exist, namely the K-nearest neighbor (KNN) [21], Support Vectors Machines [22], neural 

networks [23] ... etc. 

Texture segmentation may be block wise or pixel wise. Texture features in the vicinity of 

each pixel within the image are evaluated in the pixel wise segmentation schemes. The benefit 

of pixel wise segmentation over block wise lies in the elimination of blockiness. Hence, we 

chose pixel wise segmentation for features extraction.  

Generally, a single classifier is unable to handle the large variability and scalability of the 

data in any problem domain. Most modern techniques of pattern classification use a mixture of 

classifiers and combine the decisions offered to improve the classification precision. Feature 

fusion is of increasing importance for several computer vision-based applications including 

image classification [24]. As an example, to improve the classification precision there have 

been some proposed methods in the literature, like multi-modal learning [25-28], and multiple 

feature fusion [29-35].  

The fusion of information consists of joining features from a number of sources to get better 

decision-making and it can be done at four levels depicted as follows [36]:  

i. Sensor level fusion refers to the grouping of raw data from diverse sensors. 

ii. Feature level fusion refers to the grouping of various features vectors. 

iii. Score level fusion refers to the grouping of similar scores given by various classifiers. 
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iv. Decision level fusion refers to the grouping of decisions given by individual classifiers. 

The fusion system is effective if the information from different sources is redundant and 

complementary. Redundancy can be exploited to reduce uncertainties and inaccuracies of 

information, and the complementarity can be used to obtain comprehensive and complete 

information and to remove ambiguities. 

In the present research, new segmentation methods of textured images using three types of 

feature extraction techniques have been proposed. These features are statistical features taken 

out of GLCM matrices and structural features obtained using Gabor filters and the wavelet 

transform coefficients. 

Combining three types of features increases the classification performance since it uses 

Gabor features which are more efficient in near-class borders areas combined with GLCM 

features which are powerful in the areas within classes, and the wavelet coefficients that offer 

great discriminatory power for textures with strong resemblances.  

In the first step of our work, we applied these three features extraction strategies on textured 

image in order to get more information that enables the classifiers to discriminate the textures. 

In the second step, an appropriate classification algorithm is applied using the set of extracted 

features in the previous step. The neural networks classifier is chosen among the most well-

known classifiers, it was initiated in [37, 38]. The estimated feature vector of each pixel is sent 

to the neural networks classifier for pre-labeling. For the training phase of the neural networks, 

images of 320×320 size were used, and 6400 patterns are selected randomly from each image, 

which represents 6.25% of the total number of patterns. In the third step of the proposed method, 

a Bayes fusion method is used for each pixel to combine the three scores obtained by the neural 

networks of each kind of features. 

A sliding window, whose class is allocated to its central pixel is used. Nevertheless, this 

central pixel belongs to other window neighbors that may be classified into other classes. 

Therefore, in the last step, in order to obtain a more precise segmentation result, a Bayes fusion 

method is used for each pixel to combine the scores results of various windows that include this 

central pixel.  

Once the classification is done, the system must be evaluated. In general, we rely on a visual 

evaluation (visual comparison of the automatic classification results). In this work, numerical 

measures are also used for the classification and segmentation evaluation, these measures are 

more important than a simple visual evaluation. 
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The performance of the proposed algorithms for segmenting textured images is assessed 

using many images with different textures and different shapes. They are collected in the wild 

and in cluttered conditions, from Brodatz and DTD datasets. The obtained results lead to higher 

classification precision compared to applying a single classifier on textured images. The rest of 

this thesis is organized as follows:  

In the first chapter, we are interested in classical methods of texture analysis by classifying 

them according to four main families: geometric methods based on the extraction of the basic 

patterns of texture, methods for extracting descriptors by a spatial analysis luminous intensity, 

methods based on frequency or spatio-frequential analysis (wavelets). 

The second chapter is devoted to the study of segmentation methods, particular the 

segmentation resulting from the classification. The different classification methods: k-nearest 

neighbors (KNN), K-means, neural networks, and the classification assessment approaches are 

presented. 

The third chapter focuses on the information fusion. Starting by presenting the general 

notions of the fusion and the different theories used for this purpose, especially the theory of 

uncertainty. 

In chapter 4 we present all contributions made in this framework, and we evaluate the 

performances of the proposed systems. The influence of fusion on the overall performances of 

the classification system are studied. Then, a computer-assisted diagnostic system for masses' 

detection in mammography images is proposed. 

Before presenting the appendices, we draw all conclusions related to the different aspects of 

our work, which open up a set of perspectives on adjacent problems. 

 

 

 

 



  

 

 

 

 

 

 

 

 

 

 

 

 

   

 

 

 

 

Images Search by Texture 

Content: State of Art 

CHAPTER I 



 
7 Chapter I                                                       Images Search by Texture Content: State of Art      

 

 

I.1.  Introduction  

Before beginning the content of the chapter, it is important to understand the nature of the 

objects we are going to manipulate. Computationally, an image is a digital representation in 

memory of a subject printed on an artificial retina (matrix as the sensor of a digital camera or 

the virtual scene of a synthetic image, or linear such as the optical sensor of Fax machine, 

photocopier or scanner). We will therefore work on sets of numerical numbers coded on 

computer. 

Digital image processing will implement two main types of approaches: 

- Enhancement of images to be visualized and eventually to be interpreted by a human expert. 

- Computer vision which consists to make automatic perception's operations in a similar way 

to the human visual perception system. 

In this chapter, we first introduce the basic notions and concepts to characterize the visual 

content of images based on texture, then we present the state of art of the most commonly used 

methods in texture analysis. 

I.2. Texture Notions 

I.2.1. Definition: 

Texture is a fundamental feature of images and pattern recognition. However, despite its 

importance and its presence in most images, there is no precise and consensual definition of 

texture in computer vision, it is easily perceived by humans and a rich source of visual 

information. 

In general, the texture can be defined as a regular repetition of an element or pattern on a 

surface. Rosenfeld [39] defined the texture as a grouping of similarity in an image, Haralick 

[40] described a textured image as an organization phenomenon of a region defined by the 

number and type of its primitives as well as their spatial organization or arrangement. It has two 

dimensions for its description: the first concerns the primitives of which it is composed, the 

second allows to describe the spatial dependence or the interaction between primitives. This 

dependence can be structural, probabilistic or functional. 

The performance of texture methods depends on the area on which they are applied and also 

the nature of texture in that area. 
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Let's analyze the images of figure I.1, we notice that these images are strongly textured: with 

zones presenting different types of texture. It is thus possible to characterize these zones by a 

texture analysis. 

 

Figure I.1 Example of textured images: remote sensing, medical, sonar, synthetic. 

 

I.2.2. Texture types 

In the literature, the classification into textural families is often related to the definition used 

for texture. Two big families are needed: deterministic textures and stochastic textures 

(probabilistic) [41]. 

A texture is called deterministic (Macro texture) if it is formed by a regular arrangement of 

a geometric pattern. This type of texture is fully characterized by a pattern and its deterministic 

layout rule. This definition is suitable only for perfectly regular textures that we rarely meet in 

reality (See figure I.2). 

 

Figure I.2 Examples of deterministic textures 

 

A texture is called stochastic (Micro texture) if it is characterized by an irregular content 

from which it is sometimes difficult to extract a basic primitive (non-locatable pattern). It is 
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described by laws or statistical models and is considered as a realization of a homogeneous two-

dimensional random field (See figure I.3). 

 

Figure I.3 Examples of stochastic textures 

 

But it is sometimes difficult to classify a texture in one or other of the categories (mixed 

textures). This shows that the notion of texture is closely linked to visual perception. 

I.3. Texture analysis 

We cannot directly exploit the information contained in an image through the gray level of 

pixels, because this information is not sufficient to represent such complex images and does not 

allow to obtain realistic response times for an image search system. It is therefore appropriate 

to use a reduced-size representation to characterize an image, hence the need to extract textural 

information in order to discriminate between the different regions of the image. 

Texture analysis is a crucial step in the classification of textures, image segmentation, shape 

recognition and compression of images. It gathers a set of quantification methods of the gray 

levels present in an image in terms of intensity and distribution in order to calculate a number 

of characteristic parameters of the texture in consideration. It is generally treated by two phases: 

the first is the extraction of image characteristics, the second is the classification of the obtained 

characteristics of pixels. 

The study of texture has been the subject of several researches that have resulted in a 

multitude of texture analysis methods which can be divided into 4 categories [42]. 
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I.3.1. Statistical approaches 

Statistical methods consist of evaluating the statistical properties of a region or neighborhood 

around a pixel as textural information. It is obvious that these measurements depend on the size 

of the region or the analysis window. This type of method is adapted to stochastic textures 

(Micro texture). 

Statistical methods can be ranked first-order, second-order, and higher-order based on the 

number of pixels that define the local characteristics. The higher the order of statistics is, the 

greater the number of pixels is involved. 

I.3.1.1. First order statistics 

They take into account one pixel at a time to estimate properties, ignoring the spatial 

interaction between pixels of the image, for example the mean, variance and the histogram ... 

etc. 

- Mean: Gives the average gray level in a window 𝑊 containing 𝑁 pixels: 

Mean =
1

𝑁
 ∑ 𝑊(𝑖, 𝑗)                                                                                                    𝐼. 1

𝑖,𝑗

 

- Histogram: The intensity level histogram is a concise and simple method summarizing the 

statistical data contained in an image. The calculation of the gray level histogram involves 

individual pixels. Thus, histogram contains the first-order statistical information about the 

image. 

Histogram is defined as a function that represents for each level of intensity, the number of 

pixels in the whole image, which have the same intensity: 

ℎ(𝑗) = ∑ ∑ 𝛿(𝑔(𝑥, 𝑦), 𝑗)

𝑘−1

𝑦=0

𝑙−1

𝑥=0

                                                                                          𝐼. 2 

With: 𝛿(𝑖, 𝑗) the Kronecker symbol. 

𝛿(𝑖, 𝑗) =  {
1     𝑖 = 𝑗

  0      𝑖 ≠ 𝑗        
                                                                                               𝐼. 3 

𝑔(𝑥, 𝑦) is the function that represents the image in two-dimensional space, 𝑥 = 0. . . 𝑙 − 1 

and 𝑦 = 0 … 𝑘 − 1.  

𝑗 = 0 …  𝐺 − 1, with G is the total number of intensity levels in image. 

Dividing ℎ(𝑗) by the total number N of pixels in image, the approximate probability 

density of intensity levels is obtained. 

𝑝(𝑗) =
ℎ(𝑗)

𝑁
                                                                                                       𝐼. 4       
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Obviously, several parameters can be extracted from the histogram such as mean, variance, 

kurtosis, energy, and entropy [42]. Although these statistics may be discriminating properties 

in simple cases, they remain a limited representation of textures compared to higher order 

statistics. 

I.3.1.2. Second order statistics 

They exploit pixel pairs by including some spatial dependence. Among the most popular 

second-order statistics for texture analysis is the co-occurrence matrix [12]. 

I.3.1.2.1.   Gray Level Co-occurrence Matrix (GLCM): 

Gray level co-occurrence matrix notion and features have been initiated in more than three 

decades ago. It is a powerful technique to extract texture features and yet many efforts are being 

made to enhance the algorithm's speed and performance, or mix it with new techniques [43].  

It is a matrix 𝐺 of size ng x ng  calculated from an image 𝐼 represented in ng gray levels of 

size 𝑀 x 𝑁, it permits to determine the observation frequency of a pattern formed of two pixels 

separated by a distance 𝑑 in a particular orientation 𝜃. Generally, 𝜃 = 𝑘𝜋/4, (𝑘 = 0, 1, 2, 3, 4) 

and  𝑑 = 1, 2. The formula I.5 defines the cooccurrence matrix for an image 𝐼: 

𝐺𝑑 𝑐𝑜𝑠𝜃,𝑑 𝑠𝑖𝑛𝜃(𝑖, 𝑗) = ∑ ∑ {
1   𝑖𝑓 𝐼(𝑝, 𝑞) = 𝑖   𝑤𝑖𝑡ℎ   𝐼 = (𝑝 + 𝑑 𝑐𝑜𝑠 𝜃, 𝑞 + 𝑑 𝑠𝑖𝑛 𝜃) = 𝑗

0  ,        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
             𝐼. 5

𝑞=𝑁

𝑞=1

𝑝=𝑀

𝑝=1

 

For each distance-direction pair (d, θ), a GLCM𝑑,𝜃   matrix is calculated. 

Let figures I.4 and I.5 respectively illustrate the pixels' arrangement for the co-occurrence 

matrix calculation and its calculation method, with 𝑑 = 1 and 𝜃 = 0°, 45°, 90°, 135°, for an 

image 𝐼 of size 3 x 4 with 6 gray levels. 

A step of normalizing the co-occurrence matrix 𝐺(𝑖, 𝑗), resulting from the sum of several 

orientations / distances, is required before extracting texture parameters. The normalization is 

done by dividing the co-occurrence matrix on the sum of its elements. 

𝐺𝑁(𝑖, 𝑗) =
𝐺(𝑖, 𝑗)

∑ ∑ 𝐺(𝑖, 𝑗)
𝑛𝑔

𝑗=1

𝑛𝑔

𝑖=1

                                                                               𝐼. 6 
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Figure I.4 Pixel arrangement for calculating the co-occurrence matrix [53]. 

 

 

Figure I.5 Principle of the co-occurrence matrices computation                                        

(𝜃 = 0°, 45°, 90°, 135° and 𝑑 = 1) [53]. 

The GLCM features are very close to human inference from texture and they differentiate 

image texture very well; however, they require powerful processing resources. Several 

approaches are suggested to overcome this issue. The simplest one is reducing the gray level of 

the image through re-sampling, which reduces the dimensions of GLCM matrix [44].  

The size of the neighborhood window is a major parameter in GLCM computations to be 

considered. Better discrimination in regions near borders are, theoretically, obtained by small 

window sizes, though, practically, they generate sparse GLCM matrices which give rise to 

imprecise feature extraction process. Alternatively, although large window sizes will give rise 

to more accurate extracted features, they cause diverse classes to merge in the regions close to 

the class borders. Thus, choosing suitable neighborhood window size is an essential step in 

GLCM process [43].   

𝑮(𝟏, 𝟎)

, 

𝑮(𝟏, 𝟗𝟎)

, 

𝑮(𝟏, 𝟒𝟓)

, 

𝑮(𝟏, 𝟏𝟑𝟓)

, 

𝑰 
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After obtaining GLCM matrices over the sliding window in the input image,                     

several statistics like contrast, uniformity, and entropy will be extracted from these matrices 

[43]. Haralick suggests the calculation of fourteen features [45], not all relevant for a given 

application: 

Homogeneity:  It has a high value for uniform images and for periodic textured image in the 

direction 𝜃 [45], and it is given by:   

∑ ∑ 𝐺(𝑖, 𝑗, 𝑑, 𝜃)2

𝑛𝑔

𝑗=1

𝑛𝑔

𝑖=1

,                                                                                       𝐼. 7 

where 𝑛𝑔 is the number of gray levels and  𝐺(𝑖, 𝑗, 𝑑, 𝜃)  is the estimation of the likelihood of 

transition from the pixel 𝑖 to the pixel 𝑗 with a distance 𝑑  in the direction 𝜃 [45]. 

Contrast:  It characterizes the big transition probabilities between pixels with high differences 

in gray level and it is given by: 

1

𝑛𝑔 − 1
∑ 𝐾2

𝑛𝑔−1

𝑘=0

∑ 𝐺(𝑖, 𝑗, 𝑑 , 𝜃)

𝑛𝑔

𝑖,𝑗=1:|𝑖−𝑗|=𝐾

                                                    𝐼. 8 

  

Entropy:  It represents information present on the image: 

1 − ∑ ∑ 𝐺(𝑖, 𝑗, 𝑑, 𝜃) log(𝐺(𝑖, 𝑗, 𝑑, 𝜃))

𝑛𝑔

𝑗=1

𝑛𝑔

𝑖=1

                                                  𝐼. 9 

Correlation between image rows and columns:  

∑ ∑
(𝑖 − µ𝑥  ) (𝑗 − µ𝑦  ) 𝐺(𝑖, 𝑗, 𝑑, 𝜃)

σ𝑥 σ𝑦

𝑛𝑔

𝑗=1

𝑛𝑔

𝑖=1

 ,                                                 𝐼. 10 

where  µ𝑦   and  µ𝑥   describe the mean on columns and rows of  𝐺 successively, and σ𝑦 and 

σ𝑥  are the standard deviations. 

The directivity:   

∑ 𝐺(𝑖, 𝑖, 𝑑, 𝜃)

𝑛𝑔

𝑖=1

                                                                                                           𝐼. 11 

Texture with high direction privilege in the direction 𝜃 has a high directivity. 

Uniformity:  It gives the proportion of each gray level in the image:  

∑ 𝐺(𝑖, 𝑖, 𝑑, 𝜃)2

𝑛𝑔

𝑖=1

                                                                                                         𝐼. 12 
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The co-occurrence matrices are widely used in image analysis, we find applications such as 

the detection of different types of clouds present in a satellite image by [46], segmentation of 

old documents [47] and sonar images [48]. This method will be used in our study and will be 

compared with other approaches of texture analysis. 

I.3.1.2.  Higher order statistics 

I.3.1.2.1.   Range length matrix 

This matrix contains information about the range, which is a set of consecutive pixels having 

the same gray level in a given direction [13]. The number of pixels in a given range represents 

the range length. 

Each element of the range length matrix 𝑀(𝑖, 𝑗) represents the range number 𝑛𝜃 of length 

𝑗 and gray level 𝑖, in a direction 𝜃. Figure I.6 explains the calculation principle of the range 

length matrix for an image 𝐼 of size 3 x 3 at 3 gray levels (𝐺𝐿) (0 - 2), in 4 directions (𝜃 = 0°, 

45°, 90°, 135°) like the cooccurrence matrix principle previously described. 

 

           Figure I.6 Calculation of the range length matrix for 𝜃 = 0°, 45°, 90°, 135°. 

 

Several statistical parameters can be calculated from the range-length matrices in a similar 

way to [40] for the co-occurrence matrices. Some measures are presented below to illustrate the 

characteristics' calculation through these matrices [49]. 

- Number of range length  

𝑆𝐿𝑃 = ∑ ∑ 𝑀𝜃(𝑖, 𝑗)

𝑛𝜃

𝑗=1

𝐺𝐿

𝑖=0

                                                                                              𝐼. 13 

 

 

Range length 

Gray 
level 
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- Proportions of small ranges 

𝑅𝐹1 =
1

𝑆𝐿𝑃
∑ ∑

𝑀𝜃(𝑖, 𝑗)

𝑗2

𝑛𝜃

𝑗=1

𝐺𝐿−1

𝑖=0

                                                                                 𝐼. 14 

- Proportions of large ranges 

𝑅𝐹2 =
1

𝑆𝐿𝑃
∑ ∑ 𝑗2

𝑛𝜃

𝑗=1

𝐺𝐿−1

𝑖=0

𝑀𝜃(𝑖, 𝑗)                                                                              𝐼. 15 

 

This method has been the subject of several comparative studies of texture analysis 

methods[50,51]. 

I.3.2. Structural approaches 

The structural methods represent texture by the description and the determination of rules 

conditioning the position of basic elements called primitives, then to describe texture, it is 

necessary to define the primitives and their rules of positioning. The choice of a primitive from 

a set of primitives and the probability that the primitive is positioned at a given location may 

be a function of the primitive's position or adjacent primitives to the position [12]. This kind of 

method is suitable for deterministic, regular textures. 

I.3.2.1.  Local Binary Pattern Method (LBP) 

Ojala [14] introduced the local binary pattern method which is based on the comparison of 

the luminance level of a pixel with his neighbors' levels. 

For each pixel of a gray-scale image, a neighborhood 𝑉 of radius 𝑅, for example 𝑉 =  𝑉0, 

𝑉1 ... 𝑉8, is defined. The gray level of neighboring pixels is compared with the central pixel 𝑔𝑙𝑐 

in order to generate a binary pattern (𝑔𝑙0 − 𝑔𝑙𝑐, ..., 𝑔𝑙8 − 𝑔𝑙𝑐). If 𝑔𝑙𝑖 < 𝑔𝑙𝑐 with 𝑖 = 1… 8, we 

assign to the neighboring pixel 𝑖 the value 0, otherwise we assign it the value 1. The binary 

values of this pattern are multiplied by weights and summed to calculate the LBP code of the 

central pixel (see figure I.7). The histogram of the LBP codes is the descriptor characterizing 

the texture. It is considered a unifying approach since it combines the statistical and structural 

aspect of texture analysis [52]. 
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Figure I.7 Calculation principle of the LBP code. 

 

I.3.3. Frequency approaches 

The frequency methods, or so-called filtering methods, permit to analyze a texture by 

identifying the different frequencies that compound it. This kind of method is suitable for quasi-

periodic signals, such as the case of textures. 

I.3.3.1. Gabor filters 

The Fourier transformation of an image makes it possible to highlight the regularities of the 

texture by examining the frequency domain. The problem posed by this operation, which acts 

globally on the image, is that it does not take into account the spatial location.  

A proposed solution is to use an alternative transformation called a Fourier transformation 

with sliding window, which his principle is to apply the Fourier transformation in an 

observation window that moves on the image. The choice of the window size depends on the 

spatial characteristics of textures to be analyzed. There are different observation windows: 

triangular, hamming, and Gauss window. When the latter is applied, we talk about the Gabor 

transformation [53]. 

Gabor wavelets have been widely used in diverse fields of image processing like fingerprint 

identification, image coding, edge detection and texture classification [43].  They are utilized to 

extract image texture features. The idea is based on detecting linear directional elements in the 

image.   

A Gabor wavelet is a linear filter whose impulse response is defined as a harmonic function 

multiplied by a Gaussian function. Gabor filter orientation and frequency representations are 

alike to those of human visual system [54]. In the spatial domain it is given by [55]:  
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ℎ(𝑥, 𝑦) = 𝑔(𝑥, 𝑦) × 𝑐𝑜𝑠(2𝜋(𝑢0 𝑥)),                                                                                  𝐼. 16 

 

where 𝑔(𝑥, 𝑦) is a 2D Gaussian defined as: 

𝑔(𝑥, 𝑦) =  𝑒
−

1
2[

𝑥2

𝜎𝑥
2+

𝑦2

𝜎𝑦
2]

,                                                                                                            𝐼. 17 

   

and 𝑢0 is the spatial frequency of a cosine along the 𝑥 axis and orientation of 00, and (𝜎𝑥 

and 𝜎𝑦) are the spatial variances of the Gaussian envelope along the 𝑥 and 𝑦 axes, successively 

[55].  The remaining filters, with orientations of 0º, 45º, 90º and 135º are obtained by rotating 

the co-ordinate system, or by using the rotation equation for the (𝑥, 𝑦) plane, where 𝜃0 

represents the rotation angle [55]:   

ℎ(𝑥, 𝑦) =  𝑒
−

1
2[

𝑥2

𝜎𝑥
2+

𝑦2

𝜎𝑦
2]

cos(2𝜋𝑢0(𝑥 cos 𝜃0 + 𝑦 sin 𝜃0))                                                 𝐼. 18 

The orientation selectivity properties of the Gabor filter are far clearer in the frequency 

domain. So, the Fourier transform of equation (𝐼. 18) is given by the subsequent expression 

[55]: 

𝐻(𝑥, 𝑦) = 𝐴 {exp (−
1

2
 [

(𝑢 − 𝑢0)2

𝜎𝑢
2 +

𝑣2

𝜎𝑣
2]) +  exp (−

1

2
 [

(𝑢 + 𝑢0)2

𝜎𝑢
2 +

𝑣2

𝜎𝑣
2])} ,                     𝐼. 19 

        where   𝜎𝑢 =  1
2𝜋𝜎𝑥  ⁄ ,   𝜎𝑣 = 1

2𝜋𝜎𝑦
⁄    and   𝐴 = 2𝜋𝜎𝑥𝜎𝑦. 

Figure I.8 shows an even-symmetric Gabor filter and its frequency representation in a 64 × 

64 array, and orientation of 0º. 

 

                 

                                                            a                                                               b 

Figure I.8   Symmetric Gabor filter and its frequency representation. 

(a) Spatial representation of the Gabor Filter, (b) Frequency representation of the Gabor Filter. 
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Texture segmentation requires simultaneous measurements in both the spatial and the 

spatial-frequency domains. Filters with smaller bandwidths in the spatial frequency domain are 

more desirable because they allow us to make finer distinctions among different textures. On 

the other hand, accurate localization of texture boundaries requires filters that are localized in 

the spatial domain. However, the effective width of a filter in the spatial domain and its 

bandwidth in the spatial frequency domain are inversely related. An important property of 

Gabor filters is that they have optimal joint localization, or resolution, in both the spatial and 

the spatial-frequency domains [56]. 

The parameters of the Gabor function are specified by the frequency, the orientation of the 

sinusoid (or represented by the center frequency), and the scale of the Gaussian function. Local 

orientations and spatial frequencies explicit in Gabor filters are therefore used as the key 

features for texture processing. The input image is generally filtered by a family of Gabor filters 

tuned to several resolutions and orientations. 

So, to extract image texture features, an ensemble of wavelets is created using a mother 

wavelet like in equation (𝐼. 18). Then the entire image is used as the input to the wavelet set. 

By doing so, the input image is transformed into a set of 𝑁 filtered images. As the filters output 

are complex valued, the magnitude of these values is generally exploited. 

I.3.3.2. Wavelet analysis 

Since the work of  Grossman and Morlet [57], the wavelets transform has appeared as a 

powerful tool to solve problems in different application. The wavelets transform decomposes 

the input signal into a series of wavelet functions Ψ𝑎,𝑏(𝑡) derived from a mother function 𝛹(𝑡) 

given by dilatation (factor a) and translation (factor b) operations. Figure I.9 shows some 

examples of wavelets that are usually used in image processing [1]. 

 
                                         a                                      b                                     c 

Figure I.9   Classical examples of wavelets. 

(a) Wavelet of Morlet, (b) Wavelet of Mexican hat, (c) Wavelet of Meyer. 

https://fr.wikipedia.org/wiki/Wikip%C3%A9dia:WikiMonnaie
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Wavelet analysis transforms a finite energy signal in the spatial domain into another finite 

energy signal in the spatio-frequency domain. The components 𝐶𝑎,𝑏 of this new signal, 

described in equation (𝐼. 20), are called wavelet coefficients. In an image, these coefficients 

offer information on the local variation of the gray levels around a given pixel. The more 

significant is this variation, the higher they are [18]. 

  𝐶𝑎,𝑏 =  ∫ 𝑥(𝑡) 𝛹𝑎,𝑏(𝑡)𝑑𝑡,
+∞

−∞

                                                                                           𝐼. 20 

where 

𝛹𝑎,𝑏(𝑡) =
1

√𝑎
𝛹 (

𝑡 − 𝑏

𝑎
)         with      𝑎 ≠ 0                                                                 𝐼. 21 

The major advantage of wavelets as compared to other frequency methods, as Fourier 

transform, is that it offers both frequency and spatial locality [20].  

In 1989, Mallat [16] proposed a multi-resolution decomposition algorithm based on wavelets 

transform. The algorithm decomposes an input image into a set of detail images and an 

approximation image using a filter bank comprising a high pass filter (HP) and a low pass filter 

(LP). At each decomposition level the size of the transformed images is reduced by a factor of 

two [18]. The discrete wavelets transform of a 2-D image can be obtained by performing the 

filtering successively along horizontal and vertical directions (separable filter bank) [58].  Four 

images are then generated at each level.  

 

Figure I.10   Pyramidal discrete wavelets transform (DWT). 

Figure I.10 shows a three-level pyramidal wavelet decomposition of an image of size a x b 

pixel. In the first level of decomposition, one low pass sub-band image LL1 (contains vertical 

https://fr.wikipedia.org/wiki/Wikip%C3%A9dia:WikiMonnaie
https://fr.wikipedia.org/wiki/Wikip%C3%A9dia:WikiMonnaie
https://fr.wikipedia.org/wiki/Wikip%C3%A9dia:WikiMonnaie
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and horizontal low frequencies, it represents approximation coefficients) and three orientation 

selective high pass sub-band images: HL1(contains vertical low and horizontal high 

frequencies, it represents horizontal details), LH1(contains vertical high and horizontal low 

frequencies, it represents vertical details) and HH1(contains vertical and horizontal high 

frequencies, it represents diagonal details) are created. In second level of decomposition, the 

low pass sub-band image is further decomposed into one low pass and three high pass sub-band 

images (LL2, HL2, LH2, HH2). The process is repeated on the low pass sub-band image to form 

higher level of wavelet decomposition. In other words, DWT decomposes an image in to a 

pyramid structure of the sub images with various resolutions corresponding to the different 

scales. We note that a three-stage decomposition will create three low pass sub-band images 

and nine (three in each horizontal, vertical, and diagonal direction) high pass directional sub-

band images. The low pass sub-band images are low-resolution versions of the original image 

at different scales. The horizontal, vertical and diagonal sub images provide the information 

about the changes in the corresponding directions respectively. 

The values of transformed coefficients in detail and approximation images (sub-band 

images) represent the necessary features that capture useful discrimination information for 

texture segmentation [59]. 

The wavelets transform has a variant known as a "wavelets packet transform" which allows 

a very fine analysis of textures. At each level, the sub-bands are selected for the next 

decomposition. The difference between the wavelets transform and the wavelets packet 

transform is that this last wavelets transform decomposes the high frequency components thus 

building a multi-scale tree extension of the wavelets transform [1]. 

- Calculation of the texture indices:  One of the most used indices for characterizing the texture 

in the spatio-frequency plane is the measurement of energy. Because the transformed images 

have different frequencies, orientations and scales, the energy index is a local measure of the 

wavelet coefficient distribution according to the frequency, the orientation and the scale. It 

has been used successfully for classification and segmentation of textures [18]. 

The expression of energy expressed in standardized form is given by [18]: 

𝐸 =  
1

𝑁 
∑ 𝐶(𝑖, 𝑗)2                                                                                        𝐼. 22

𝑅

 

The second index used in conjunction with energy is the measurement of the local mean of 

the wavelet coefficients given by [18]: 
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𝑀 =  
1

𝑁 
∑|𝐶(𝑖, 𝑗)|

𝑅

,                                                                                      𝐼. 23 

where 𝑁 denotes the number of pixels, named by the indices (𝑖, 𝑗), and enclosed in the 

neighborhood 𝑅 on which the texture is estimated.  

The evaluation of these indices is done on a sliding window 𝑊. The energy and the local 

mean on the sliding window are calculated from the resultant sub-band images. So, if a wavelet 

on one level is used, the feature vector of each window is made of eight parameters V= [ELL, 

ELH, EHL, EHH, MLL, MLH, MHL, MHH]. 

This method has been widely used in the literature for the segmentation of textured images 

[5]. In [60] the authors used the characteristics of the co-occurrence matrix derived from the 

wavelets transform on blocks of the image. 

I.3.4.  Approaches by modelling  

These approaches define texture as the realization of a stationary random process and 

characterize it using fractal and stochastic models. The description of the texture properties is 

then reduced to the identification or estimation of the model's parameters.  In practice, the first 

problem is the computation's complexity for estimating the stochastic model. The fractal model 

can be used for the analysis of natural textures.  It can be used for texture analysis as well as 

for texture discrimination. However, it lacks the orientation's selectivity and is not able to 

describe the local structures of an image. 

Among the most used models are the Markov models whose basic idea is that the knowledge 

of the neighborhood V of a pixel is sufficient to calculate its conditional law. In the case of 

Markovian Gaussian models, the autoregressive model (AR) considers each central pixel in a 

neighborhood as a weighted sum of neighbors and an independent additive noise identically 

distributed in order to characterize the local interactions between pixels. 

Two classes of probabilistic models are possible to distinguish the distributions of the sub-

band coefficients resulting from a multi-resolution representation [41]: 

- The univariate models describing the marginal statistics of the sub-bands which are 

considered as the realization of a random variable (scalar). These models are a 

parameterization of the sub-band histogram method. The univariate model most widely used 

is the generalized Gaussian distribution (GGD). 

- The multivariate models that generalize the precedents by describing the joined statistics of 

the sub-bands which are considered as the realization of a random field (vector). These models 
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are a parameterization of the multidimensional histograms of the sub-bands and allow to 

capture the dependence between coefficients. 

For our study, the co-occurrence matrix, wavelet transform and Gabor filters will be used. 

 

I.4. Conclusion 

In this chapter, the texture notions and the state of art of the most used and most recent 

texture analysis techniques are presented. In the next chapter we present the different 

segmentation methods dedicated to textured images including method based on pixel 

classification, giving the main classification methods, namely k-nearest neighbor, neural 

networks… etc. 

 

 

 

 

 

 



  

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 Textured Images Segmentation 

CHAPTER II 



 
24 Chapter II                                                                                Textured Images Segmentation    

 

 

 

II.1. Introduction 

Segmentation is a low-level processing that precedes the measurement, understanding and 

decision stage. It is an essential step in image analysis and pattern recognition process, whose 

quality of which influences the success or failure of the system. It consists of analyzing and 

cutting out an image in uniform zones according to some criteria such as color, texture or gray 

levels, where the regions will be labeled later. Within the framework of this first study of 

textured images segmentation, the criterion retained is texture. 

Segmentation is easily done by humans but remains one of the most active research areas in 

image processing. A large number of segmentation methods have been studied in the literature, 

namely segmentation by the watershed [61], by Markov chain [62], by probabilistic techniques 

[63], and by complex wavelet transform q-shift with dual-tree (DT-CWT) and SVM [2]. 

This chapter introduces the segmentation methods suitable for textured images, especially 

the region-based segmentation methods because in general a texture does not contain any clear 

boundaries, so the contour-based methods will not be detailed. The study will be based on 

segmentation founded on pixel classification. 

The success of the classification stage depends on the nature of data and the classifier used. 

We give an overview of the most used classifiers in the state of art, namely the k-nearest 

neighbors, k-means and MLP. 

II.2.  Segmentation methods of textured images 

Segmentation methods can be grouped into three families: contours, regions and 

classification. These methods are called locally methods, because they work at the pixel level 

and not the overall image. 

II.2.1. Contour Detection Approaches 

These approaches consist in detecting the variation between two image regions. The pixel 

gray level is the only information taken into account to perform this task. These techniques are 

generally too limited to deal with noisy and complex images and are more suitable for uniform 

images. 
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The edge detection methods can be divided into two families [64]: 

- Derivative methods. 

- Methods by variational approach. 

II.2.1.1. Derivative methods 

This category is based on the calculation of the order 1 or 2 derivative for the contour 

detection: 

-  Operator of order 1: Also called gradient approach because the determination of local 

extremum is based on the gradient direction. Among these operators are Sobel, Prewit, 

Canny, Dériche ... 

- Operator of order 2: Also called the Laplacian approach because the location of contours is 

based on the determination of zero crossings of the Laplacian. 

II.2.1.2. Methods by variational approach 

In this category we find the model of active contours (snake). These contours are represented 

by curves which deform from an initial position belonging or close to the interest object [65]. 

This displacement and deformation are based on the concept of internal and external energy, 

the aim of which is to minimize the total energy present along the curve. For more details see 

[66]. 

II.2.2.  Approaches by regions 

These approaches group together a set of connected pixels with similar characteristics in 

order to constitute homogeneous and coherent regions. They favor the spatial interaction 

between pixels. We can distinguish four categories: 

- Regions' Growth. 

- Regions' Divisions. 

-  Regions' Fusions. 

-  Decomposition / Fusion. 

II.2.2.1. Regions' Growth 

Originally introduced by [67]. These methods start from pixels of the image, selected in a 

random or deterministic way and group them in an iterative manner according to a homogeneity 

criterion. The growth stops when you can no longer add pixels without breaking the 

homogeneity. The most frequent way consists of starting by pixels on the top left of the image 

to go towards the down right of image. 
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The advantage of this method is to keep the shape of each region of the image, as well as its 

speed and ease of implementation. However, a bad selection of the initial pixels or the poorly 

adapted choice of the homogeneity criterion can cause problems of sub/over-segmentation. 

Therefore, it is advisable to choose the initial points in the most homogeneous areas possible. 

This method has been widely used in the literature for image segmentation; [68,69] proposed 

a textured images segmentation method by region growth, Lira et al. [70] proposed a radar 

images segmentation by region growth and texture analysis. This method is used in [71] for the 

mammographic images preprocessing especially for the suppression of pectoral muscle. 

II.2.2.2.  Regions' Divisions 

This approach introduced by Samet [72] consists to divide the image into homogeneous 

regions according to a given criterion. We start with the whole image to be segmented; we 

divide image into four sub-regions if it does not satisfy the homogeneity criterion. Each sub-

region is analyzed in the same way in a recursive manner until stop criterion is satisfied. 

Chang [73] used the regions' division followed by extraction of textural characteristics for 

images' segmentation. 

II.2.2.3. Regions' Fusions 

Starting from each pixel of the image, which constitutes an elementary region, we gradually 

fusion the related regions that satisfied to appropriate criteria.  

These methods use the graphs theory, in which a pre-segmented image is analyzed by a graph 

so-called of region adjacency (GAR) that constitutes an undirected graph in which each node 

represents a region and each edge defines the adjacency between two regions. 

Kermad et al. [74] have proposed a textured images segmentation method which combines 

the multi-thresholding process followed by regions' fusions. 

II.2.2.4. Decomposition / Fusion 

These methods are divided into two stages: the first is the decomposition of the image into 

several regions and then the fusion step which consists to gradually fusion the connex regions 

that satisfy appropriate criteria. 

The decomposition/fusion algorithm first divides image into equal size regions according to 

the principle illustrated in section (II.2.2.2). Once we have homogeneous regions, we fusion 

zones corresponding to the same region according to the principle described in section 

(II.2.2.3). 
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II.2.3. Segmentation based on pixels classification  

Image classification consists in assigning to each point of the image a class chosen from a 

set of possible classes, whether known at the beginning or not. 

The classification problem arises in different domain of the literature. In this section we 

present the segmentation methods based on classification that study the relationship of each 

pixel individually with information calculated over the entire image, we adopt a global 

categorization of classification algorithms, namely the unsupervised classification algorithms 

and supervised classification algorithms. 

II.2.3.1.  Supervised classification methods 

A classification is said to be supervised if it requires a learning phase. This latter consists in 

calculating from a set of attributes' images which characterize the interest classes by involving 

a reference segmentation, afterwards a label is assigned to each pixel of the image from among 

a set defined previously (sets of classes), which means that classification is always preceded by 

learning. The size of the learning base has an impact on the classification rate as well as the 

calculation time, which means that the choice must be made with caution. 

II.2.3.1.1. K-Nearest Neighbor (KNN) 

This classification method was first introduced by [21]. It is a neighborhood-based method, 

non-parametric, which means that there is no hypothesis about classes' distributions. The 

principle is as follows:  

Let an unknown pixel x, if the majority class in the 𝑘 nearest neighbors of x is the class 𝐶𝑖, 

then the pixel is assigned to class 𝐶𝑖, based on the calculation of a distance (generally Euclidean 

distance) between the pixel candidate represented by its characteristic vector and all pixels of 

models textures. Results are strongly depending on the chosen value of  𝑘, the larger the 𝑘 

value, the longer the calculation time and the smaller the classification error. We will then 

choose the 𝑘 value which minimizes the classification error. The KNN algorithm steps are 

described in algorithm II.1. 

One of the major drawbacks of this classifier type is the computation time required to find 

the k nearest neighbors throughout the learning base and then the calculation of the distance 

between each new observation with the prototypes. However, it remains a reference method 

given its simplicity and its effectiveness in several applications fields [48,75]. 
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Algorithm II.1:  KNN 

Inputs:      

- Individual to classify x. 

- 𝐿  sample of learning consisting of observations 𝑥𝑖 relating to a class 𝐶𝑖 

- Number of neighbors 𝑘. 

Output:     The membership class 𝐶𝑥 of individual x. 

Begin 

1- Calculation of the distance 𝑑 between the individual x and each individual in 

learning base. 

2- Search for 𝑘 nearest individuals matching which minimize 𝑑. 
3- Choice of the class 𝐶𝑥 according to the majority vote or weighted vote. 

End 

 

II.2.3.1.2. K-means 

K-means defined by McQueen [76] is one of the simplest algorithms for automatic data 

classification. The main idea is to randomly choose a set of centers fixed a priori, and iteratively 

search for the optimal partition. Each individual is assigned to the nearest center, after the 

allocation of all data the average of each group is calculated, it constitutes the new 

representatives of groups, when they have reached a stationary state (no data changes group) 

the algorithm is stopped. 

Algorithm II.2:  K-means 

Inputs:     x: set of 𝑁 data. 

                 𝑘: number of desired groups. 

Output:    Partition of 𝑘 groups {𝐶1, 𝐶2, … 𝐶𝑘}. 

Begin 

1- Random initialization of 𝐶𝑘 centers. 

Repeat 

2- Assignment: Generate a new partition by assigning each object to the group with 

nearest center. 

xi ∈  𝐶𝑘  𝑖𝑓  ∀𝑗 |xi − 𝜇𝑘| = 𝑚𝑖𝑛|xi − 𝜇𝑗|                                                    𝐼𝐼. 1 

             with 𝜇𝑘  is the center of class k 

3- Representation: Calculate the centers associated to the new partition. 

 𝜇𝑘 =
1

𝑁
 ∑ 𝑥𝑖                                                                                    𝐼𝐼. 2

𝑥𝑖∈ 𝐶𝑘

 

 

Until convergence of the algorithm to a stable partition. 

End 
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This process tries to maximize the intra-class similarity represented as an objective function; 

in the case of Euclidean distance this function is called quadratic error function: 

𝐽 = ∑ ∑ ‖𝑥𝑗 − 𝐶𝑖‖
2

𝑥𝑗∈ 𝐶𝑖

𝑘

𝑖=1

                                                                                   𝐼𝐼. 3 

 

II.2.3.1.3. Neural networks 

The human brain is able to adapt, learn and decide, and this is why researchers have been 

interested in understanding its operating principle and being able to apply it to computer science 

field. Thus, in the fifties they formalized the neuron into a mathematical model from the 

biological model [77]. 

a- Biological model 

The biological neuron is a living cell specialized in the processing of electrical signals. 

Neurons are linked together by connections called axons. These axons will themselves play an 

important role in the logical behavior of the whole neurons. These axons conduct electrical 

signals from the output of one neuron to the input (synapse) of another neuron. Neurons add up 

signals received at the input and, depending on the obtained result, provide a current at the 

output [77]. 

Figure II.1 shows the scheme of a biological neuron: 

 

 
 

Figure II.1: Structure of biological neuron. 

 

We can decompose it into three main regions: 

The cell body: It contains the neuron core as well as the biochemical machine necessary for the 

synthesis of enzymes. This spherical or pyramidal cell body also contains the other molecules 

essential to the life of the cell. Its size is a few microns of diameter. 
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Dendrites: These are thin tubular extensions which branch out around the neuron and form a 

sort of large tree structure. Signals sent to the neuron are captured by dendrites. Their size is a 

few tens of microns in length. 

Axon: It is along the axon that signals leave the neuron. Contrary to dendrites that branch around 

the neuron, the axon is longer and branches at its end where it connects to dendrites of the other 

neurons. Its size can vary between a few millimeters to several meters. 

Synapse: A synapse is a junction between two neurons, and generally between the axon of one 

neuron and a dendrite of another neuron (but there are also axonal synapses for example). 

b-  Artificial model 

What is usually referred to as a "neural network", is an artificial neural network based on a 

simplified model of the neuron. This model allows certain brains' functions, such as associative 

memorization, learning by example, working in parallel, etc. However, the formal neuron does 

not have all capacities of biological neurons, such as the sharing of synapses, membrane 

activation or the prenatal structuring of neurons, therefore the current neural networks are far 

from having the brain possibilities [77]. Figure II.2 shows the duality between artificial neuron 

and biological neuron. 

 

Figure II.2 Analogy between biological and artificial neuron 

c- Formal neuron: The first formal neuron appeared in 1943 (Mac Culloch and Pitts). The 

formal neuron is therefore a mathematical modeling which takes up the principles of the 

biological neuron functioning, in particular the summation of inputs. Knowing that at biological 

level, synapses do not all have the same "value" (connections between neurons being more or 

less strong), the authors have therefore created an algorithm which weights the sum of its inputs 

by synaptic weights (weighting coefficients). 
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d- Mathematical interpretation: From a mathematical point of view, the formal neuron 

can be represented by the following way: 

 

Figure II.3: Mathematical representation of the formal neuron. 

 

For a number between 𝑗 (= 1) and any number 𝑚, the formal neuron will calculate the sum 

of its inputs (𝑥1, . . . , 𝑥𝑚), weighted by the synaptic weights (𝑤1, . . . , 𝑤𝑚), and compare it to its 

threshold 𝜃. If the result is greater than the threshold, then the returned value is 1, otherwise the 

returned value is 0. Hence the formula: 

𝑦 = 𝑓 (∑(𝑤𝑗𝑥𝑗 − 𝜃)

𝑚

𝑗=1

)                                                                                  𝐼𝐼. 4 

Where 𝑓 is the threshold function. 

e- Activation functions: 

Each neuron calculates its output value from the weighted sum of its inputs and its weights, 

there are different activation functions to calculate this value. In its first version, the formal 

neuron was therefore implemented with a threshold function, but many versions exist. Thus, 

McCulloch and Pitts' neuron has been generalized in different ways, by choosing other 

activation functions, such as linear or sigmoid functions for example.  

Table II.1 summarizes the different types of the most used activation functions, with their 

mathematical equations [78]. 
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                     Table II.1: Summary table of different activation functions types. 

 

f- Learning: 

Learning is likely the most interesting property of neural networks. It is a phase of neural 

networks development during which the behavior of the network is modified until the desired 

behavior is obtained. Neural learning uses examples of behavior [79]. 

In the majority of current algorithms, the modified variables during the learning phase are 

the connection weights. Learning is the modification of network weights in order to match the 

network's response to examples and experience. At the learning end, weights are fixed: this is 

then the use phase. 

g- Learning procedure: 

Learning a network is generally done in the context of a task or behavior to be learned. 

Information to be processed is coded in the form of a vector called input pattern, which is 

communicated to input neurons of the network. Network response is interpreted from the 

activation value of its output neurons, whose vector is called output pattern. During supervised 
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learning, we also have the reference behavior that the network must learn, expressed in the form 

of reference pattern, or desired outputs pattern. 

In general, learning takes place over a relatively long period, during which input patterns 

(and eventually desired patterns) can be presented to the network a large number of times. Steps 

for the neuron network learning are described in figure II.4. 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure II.4: Learning procedure flowchart. 

 

h- Multilayer Perceptron (MLP): It is a network with one or more hidden layers between 

input and output. Each neuron in a layer is connected to all neurons in previous and next layer 

and there are no connections between neurons in the same layer. The activation functions used 

in this type of network are mainly threshold or sigmoid functions. It can solve non-linearly 

separable problems and more complicated logical problems, and in particular the famous 

problem of XOR. He also follows supervised learning according to the error correction rule 

(See appendix A). 

Initialization of network weights 

Presentation of a learning base input 

Calculation of the output obtained for this example 

Calculation of errors observed on the output layer 

Weight adjustment by backpropagation of the observed error 

Learning end 

Convergence 

Test 
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       Figure II.5: Multilayer perceptron (with three layers). 

i- Learning by gradient's backpropagation   

Multilayer networks use the gradient's backpropagation rule (described in appendix A). 

Transfer functions must therefore be differentiable, this is why we use sigmoid functions, which 

are an infinitely differentiable approximation of the Heaviside threshold function. The principle 

is simple, it calculates the MLP's output according to a series of samples, and calculate the error 

by comparing MLP's output with the expected one, the error is then corrected [77]. 

II.2.3.2. Unsupervised classification methods 

Classification is said to be unsupervised if it does not require any prior knowledge of the 

membership classes. Therefore, it does not require a learning phase. In this thesis, we will be 

interested in supervised classification. 

II.3.  Classification assessment 

In order to evaluate classification systems and compare their robustness for a given 

application, a classic approach consists in using the confusion matrix [53]. 

A confusion matrix is a technique for summarizing the performance of a classification 

algorithm. Calculating a confusion matrix can give you a better idea of what your classification 

model is getting right and what types of errors it is making [80]. 

II.3.1. Classification Accuracy and its Limitations: 

 Classification accuracy is the ratio of correct predictions to total predictions made.          

Classification accuracy =  
Correct predictions 

Total predictions 
 × 100                                                                 𝐼𝐼. 5 
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Classification accuracy can also easily be turned into a misclassification rate or error rate by 

inverting the value, such as:    

Error rate =  (1 − (  
Correct predictions

Total predictions
  )) × 100                                                        𝐼𝐼. 6  

The main problem with classification accuracy is that it hides the detail you need to better 

understand the performance of your classification model. For instance, with 3 or more classes 

you may get a classification accuracy of 80%, but you don’t know if that is because all classes 

are being predicted equally well or whether one or two classes are being neglected by the model. 

But thankfully we can avoid this last problem by using a confusion matrix [80]. 

The confusion matrix shows the way in which our classification model is confused when it 

makes predictions. It gives us insight not only into the errors being made by our classifier but 

more importantly the types of errors that are being made. It is this breakdown that overcomes 

the limitation of using classification accuracy alone. The number of correct and incorrect 

predictions are summarized with count values and broken down by each class. This is the key 

of the confusion matrix [80]. 

It is a two-dimensional matrix, indexed in one dimension by the true class of an object and 

in the other by the class that the classifier assigns [81]. When outputs are two classes, confusion 

matrix is a table with 4 different combinations of predicted and actual values (as shown in Table 

II.2): 

 

 
Class 1 

Predicted 

Class 2 

Predicted 

Class 1 

Actual 
TP FN 

Class 2 

Actual 
FP TN 

Table II.2.  Confusion matrix when outputs are two classes. 

 

With:     • Class 1: Positive 

              • Class 2: Negative 

              • Positive (P): Observation is positive (for example: is an apple). 

• Negative (N): Observation is not positive (for example: is not an apple). 

• True Positive (TP): Observation is positive, and is predicted to be positive. 
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• False Negative (FN): Observation is positive, but is predicted negative. 

• True Negative (TN): Observation is negative, and is predicted to be negative. 

• False Positive (FP): Observation is negative, but is predicted positive. 

II.3.2. Classification Rate/Accuracy: Classification Rate or Accuracy is given by the relation: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
                                                                              𝐼𝐼. 7 

However, there are problems with accuracy. It assumes equal costs for both kinds of errors. 

A 99% accuracy can be excellent, good, mediocre, poor or terrible depending upon the problem. 

II.3.3. Recall: Recall can be defined as the ratio of the total number of correctly classified 

positive examples divide to the total number of positive examples. High Recall indicates the 

class is correctly recognized (small number of FN). Recall is given by the relation: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                                                                                            𝐼𝐼. 8 

 

II.3.4. Precision: To get the value of precision we divide the total number of correctly classified 

positive examples by the total number of predicted positive examples. High Precision indicates 

an example labeled as positive is indeed positive (small number of FP). Precision is given by 

the relation: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                                                                      𝐼𝐼. 9  

 

High recall, low precision: This means that most of the positive examples are correctly 

recognized (low FN) but there are a lot of false positives.  

Low recall, high precision: This shows that we miss a lot of positive examples (high FN) 

but those we predict as positive are indeed positive (low FP). 

II.3.5. F-measure: Since we have two measures (Precision and Recall), it is helpful to have a 

measurement that represents both of them. We calculate an F-measure which uses Harmonic 

Mean in place of Arithmetic Mean as it punishes more the extreme values. The F-Measure will 

always be nearer to the smaller value of Precision or Recall. 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =  
2 × 𝑅𝑒𝑐𝑎𝑙𝑙 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
                                                                𝐼𝐼. 10  
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II.3.6. The kappa index of agreement: 

The kappa index of agreement for categorical data was developed by Cohen [82,83] and 

associates in the context of psychology and psychiatric diagnosis [84]. The basic idea behind 

kappa is that some of the apparent classification accuracy could be due to chance. It is used to 

control only those instances that may have been correctly classified by chance.  

Kappa Statistic compares the accuracy of the system to the accuracy of a random system. 

The formula to calculate Cohen’s kappa is: 

𝐾𝑎𝑝𝑝𝑎 =  
𝑇𝑜𝑡𝑎𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 − 𝑅𝑎𝑛𝑑𝑜𝑚 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦

1 − 𝑅𝑎𝑛𝑑𝑜𝑚 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦
                                                      𝐼𝐼. 11 

Total accuracy is simply the sum of true positive and true negatives, divided by the total 

number of items, that is: 

𝑇𝑜𝑡𝑎𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
                                                                       𝐼𝐼. 12 

Random Accuracy is defined as the sum of the products of reference likelihood and result 

likelihood for each class. That is, 

𝑅𝑎𝑛𝑑𝑜𝑚𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝐴𝑐𝑡𝑢𝑎𝑙𝐹𝑎𝑙𝑠𝑒 × 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑𝐹𝑎𝑙𝑠𝑒 + 𝐴𝑐𝑡𝑢𝑎𝑙𝑇𝑟𝑢𝑒 × 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑𝑇𝑟𝑢𝑒

𝑇𝑜𝑡𝑎𝑙 × 𝑇𝑜𝑡𝑎𝑙
        𝐼𝐼. 13  

 

In terms of false positives, true Negative … etc, random accuracy can be written as: 

𝑅𝑎𝑛𝑑𝑜𝑚𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑁 + 𝐹𝑃) × (𝑇𝑁 + 𝐹𝑁) + (𝐹𝑁 + 𝑇𝑃) × (𝐹𝑃 + 𝑇𝑃)

𝑇𝑜𝑡𝑎𝑙 × 𝑇𝑜𝑡𝑎𝑙
                                 𝐼𝐼. 14  

 

For instance, in a classification system we have obtained an overall accuracy = 89% and 

KAPPA = 0.86. It means that:   

→ 89%    of the pixels are well classified. 

                   → 86%    of this good classification is not due to chance.                                                                                                 

Indeed, the Kappa coefficient is a real number, without dimension, between  -1  and +1. 

Table II.3 represents the degree of agreement and value of Kappa proposed by Landis and Koch 

[85]. 
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Table II.3.  Degree of agreement and value of Kappa proposed by Landis and Koch. 

Agreement Kappa 

Poor < 0 

Agreement equivalent to chance = 0 

Slight 0.1 – 0.20 

Fair 0.21 – 0.40 

Moderate 0.41 – 0.60 

Substantial 0.61 – 0.80 

Near perfect 0.81 – 0.99 

Perfect = 1 

 

Don’t oppose the Kappa index with recall and precision. These last indices are not 

competitive of Kappa index but perfectly complementary [86]. 

II.4. Conclusion 

In this chapter, we have presented a state of art on the most commonly used methods of 

textured images segmentation. We have given an overview of the most used classifiers in the 

state of art, namely k-nearest neighbors, k-means, and neural networks and the adequate metrics 

for evaluation of the classification and final segmentation step. 

In the next chapter we detail information fusion principle and the various theories used for 

this purpose. 
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III.1. Introduction 

Generally, a single classifier is unable to handle the large variability and scalability of the 

data in any problem domain. Most modern techniques of pattern classification use a mixture of 

classifiers and combine the decisions offered to improve the classification precision. 

Information fusion was initially proposed in order to manage very large amounts of multi-

source data in military field, especially in a context such as the enemy targets location, the radar 

images fusion, etc. However, in recent years, fusion methods have been adapted and developed 

for applications in signal processing. 

Bloch [87] presented and defined the necessary stages of fusion in image processing, Martin 

[88] proposed high-level information fusion approaches, particularly for the classifiers fusion 

in order to classify sonar images, Chitroub [89]  proposed a combining classifiers method for 

improving the classification of multi-source/multi-date remote sensing images, Tabassian [90]  

proposed a classifiers combination approach based on evidence theory in order to treat data 

imperfection, ... etc. 

Bloch [91] defined data fusion as a combination of information from multiple sources to 

help decision-making. The resulting fusion image contains more information than the 

individual source images, because data complementarity is taken into account. 

III.2. Fusion Principles 

Let 𝑁 images 𝐼𝑗 come from the same scene seen through different systems. Let 𝑥 be the 

element for which we want to assign an element 𝐶𝑘 of the decision space 𝐷 = {𝐶1, 𝐶2, ... 𝐶𝑘} 

(𝐶𝑘 determines a class in our case). The fusion is generally carried out by measurements on 𝑥 

extracted from 𝐼𝑗 with respect to 𝐶𝑘 denoted 𝑀𝑗
𝑘(𝑥). All these measures are gathered in the 

matrix 𝑀 of size (𝑁 × 𝑘), as shown in Table III.1. 

 𝐶1 𝐶2 … 𝐶𝑘 

𝐼1 𝑀1
1 𝑀2

1 … 𝑀𝑘
1 

𝐼2 𝑀1
2 𝑀2

2 … 𝑀𝑘
2 

… … … … … 

𝐼𝑁 𝑀1
𝑁 𝑀2

𝑁 … 𝑀𝑘
𝑁 

    Table III.1 The matrix 𝑀. 
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III.2.1. Fusion process steps 

The fusion process steps are defined as follows [91]: 

-  Modelling 

Consists to pass from information extracted from images to a mathematical 

representation linked to a particular theory, that is to say choosing the formalism of 

elements to be fusion by defining the 𝑀𝑗
𝑘 's form, which can be a distribution, a cost 

function, a formula, etc. 

- Estimation 

Consists of estimating the model's parameters, this step is dependent on the modeling. 

It is for example the estimation of distributions. 

- Combination 

The combination step is the information gathering phase. It is the fusion heart. It consists 

of choosing an operator adapted to the modelling formalism.  

Combination operators provide a same nature result as the combined information. The 

information thus provided is interpreted in the same way as the initial information. 

- Decision 

The final step in information fusion is the decision. The choice of criterion is made 

according to the choice of the modelling and the combination. Conventionally, this is the 

minimization or the maximization of a function resulting from the combination. This step 

must therefore provide the expert the "best" decision 𝑑𝑘. 

III.2.2. Information fusion manners 

Knowing that there are different ways to combine information from multiple sources, four 

principles are possible depending on the matrix 𝑀: 

- Global principle:  

Takes into account the global matrix 𝑀. 

- Horizontal principle 

Makes local decisions on each image separately, then a global decision on 𝑥 (column of 

𝑀). The interest of such approach is that information from sources is not necessarily 

available simultaneously. This makes it easy to add a source. However, this approach does 

not take into account the possible relationships (dependencies, correlations) between 

sources. 
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- Vertical principle 

Combines all measures relating to the same class 𝐶𝑖, then a global decision is done on 𝑥 

(line of 𝑀). However, as for the global fusion, the whole information must be present 

simultaneously. 

- Intermediate principle 

Adaptively chooses the necessary information for a given problem according to the 

image specifics. 

Among all these principles, the vertical principle is the most used, thus we will be interested 

in this principle later. 

III.2.3. Fusion levels 

B.V. Dasarathy [92] proposed three fusion levels which are data, characteristics, and the 

decisions. 

Data fusion (or low-level fusion) corresponds to the information fusion directly at the output 

of the sensor or the source. Data is therefore for example a coefficient of a signal at a given 

frequency, or even a pixel if the signal has been reconstructed in an image form. 

Characteristics fusion (or medium-level fusion) is the fusion of information extracted from 

data coming directly from the source. The characteristics are therefore, for example, the texture 

parameters of an image. 

Finally, the decisions fusion (or high-level fusion) relates to the fusion of information 

corresponding to the formulation of hypotheses from an expert or a system (for example a 

classifier). These three levels have often been resumed [93]. 

III.3. Information imperfections 

One of the important characteristics of information in fusion is its imperfection. It can take 

various forms, which are briefly described below. The main imperfections considered are 

uncertainty and imprecision [94-97]. To these two imperfections can be added incompleteness 

[98-104], redundancy and complementarity [91,105], conflict [100,104,106,107,108], and 

finally ambiguity [91]. 

a- Uncertainty:  

Uncertainty relates to the information truth, and characterizes its conformity degree to reality 

[109]. It refers to the nature of object or fact concerned, its quality, its essence or its occurrence. 

Uncertain information therefore describes a partial knowledge of reality, while what is certain 
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necessarily leads to knowledge of all reality. To measure uncertainty, reality must therefore be 

known. 

b- Imprecision: 

The imprecision of information is characterized by the information content. It relates to the 

information or to the source. It therefore measures a quantitative fault of knowledge. Reality 

must therefore be known or estimated. 

c- Incompleteness: 

Incompleteness is the lack of information provided by the source. Incomplete information 

can be the cause of uncertainty and imprecision. It can be measured by the difference between 

information amount actually provided by the source and that the source must provide. However, 

the information amount is difficult to quantify. One of the first measures of information quantity 

was introduced by C.E. Shannon [110], known as Shannon entropy. 

d- Conflict: 

The conflict characterizes two or more information leading to contradictory interpretations 

and therefore incompatible.  

Conflict situations are common in fusion issues, and always pose difficult problems to solve. 

First of all, conflict detection is not necessarily easy. They can easily be confused with other 

imperfection types, or even with the complementarity of sources. Then, their identification and 

typology is a question which often arises, but in a different way according to their field. Finally, 

their resolution can take different forms. It can be based on the elimination of untrusted sources, 

on taking into account additional information, etc. 

In some cases, it may be better to delay the combination and wait for other information that 

may resolve the conflict, or even not to fusion at all. 

e- Ambiguity: 

The ambiguity of information is the fact that it leads to two or more interpretations. 

Ambiguity can come from another information imperfection (uncertainty, imprecision, conflict, 

...), but not necessarily. For example, the description of a radar target (by its signature) does not 

always make it possible to distinguish this target from another, when signatures are too close, 

this is the case of an imprecise signature.  The fusion of information from another source can 

help to remove this ambiguity. 

Other characteristics of information are more positive, and are used to limit imperfections 

such as: 
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f- Redundancy:  

The redundancy of information or sources is the fact of having the same information several 

times. The fusion relies on redundancy of sources to confirm an information. For example, the 

observation of the same object by different sources can make it possible to locate the object 

with precision and to represent it in a space of higher dimension. Ideally, redundancy is used to 

reduce uncertainties and inaccuracies. 

g- Complementarity: 

Sources or information are complementary if they are of a different nature and make it 

possible to specify the system response. Complementarity is used directly in the fusion process 

to obtain a more complete global information and to remove ambiguities. 

III.4. Fusion methods 

The main information fusion methods come essentially from two modeling frameworks, 

probabilities and fuzzy approaches. We find on the one hand possibilities theory from the fuzzy 

subsets’ theory, the belief theory, on the other hand we find Bayesian approach from 

probabilities. The voting principle is one of the simplest high-level fusion methods to 

implement. All of these methods will be studied below. 

III.4.1. Voting method 

The voting method is particularly suitable for the decisions' fusion. It is based on the 

combination of decisions provided by classifiers on the test base classes [75,88,111]. 

- Modelling 

Each source 𝐼 is associated with an indicator function: 

                                𝑀𝑘
𝑗(𝑥) = {

 1    𝑖𝑓     𝐼𝑗(𝑥) = 𝑘

0                 𝑒𝑙𝑠𝑒𝑖𝑓
                                                                   𝐼𝐼𝐼. 1                                              

Note that 𝐼𝑗(𝑥) = 𝑘  the fact that the source 𝐼𝑗 decides 𝑑𝑘, for example assigns the class 𝐶𝑘 to 

the observation x. 

- Estimate 

𝛼𝑗𝑘 is the reliability of a source for a given class. It can be estimated from confusion matrices 

of each classifier. 

∑ 𝛼𝑗 = 1

𝑁

𝑗=1

                                                                                                𝐼𝐼𝐼. 2 
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- Combination 

The sources' combination is written by: 

For all 𝑘,                                          

𝑀𝑘(𝑥) = ∑ 𝛼𝑗𝑘

𝑁

𝑗=1
𝑀𝑘

𝑗(𝑥)                                                                                      𝐼𝐼𝐼. 3 

 

- Decision  

The final vote decision corresponds to the class 𝑘 most voted by individual classifiers: 

𝐷 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑘=1…𝐶  𝑀𝑘(𝑥)                                                                       𝐼𝐼𝐼. 4 

However, this simple rule does not always admit solutions in the decisions' set. Indeed, for 

example if the number of sources  𝑁 is pair and  
𝑁

2
  sources decide 𝐶1 and  

𝑁

2
  other sources say 

𝐶2, or even in the case where each source assigns to 𝑥 a different class.  

In order to overcome this problem, an improved version designated by majority voting has 

been introduced, written by: 

𝐷 = {
   𝑘     𝑖𝑓    𝑚𝑎𝑥𝑘𝑀𝑘(𝑥) >

𝑁

2
 

𝐷𝑁+1                       𝑒𝑙𝑠𝑒𝑖𝑓 
                                                             𝐼𝐼𝐼. 5 

Where 𝐷𝑁+1 represents the total uncertainty linked to the classifiers. 

The voting approach advantages are double, it is very simple and natural and it does not 

require prior knowledge. The basic rule can however be modified so as to integrate data 

imperfections in the form of reliability. This method allowed to show theoretically that the 

fusion of classifiers can give, under certain hypotheses, better performance than each classifier 

taken individually. We have also noticed that it is more interesting for this approach to consider 

an odd number of classifiers than an even number. In practice, it is therefore more interesting 

to consider only an odd number of sources to increase performance.  

Many studies have compared majority voting in the case of classification or recognition 

[112]. Even if this rule remains simple, it often gives comparable results to more complex 

approaches. 

III.4.2. Evidence theory   

The evidence theory, also known as Dempster-Shafer theory or theory of belief functions, 

was proposed by Dempster in 1967 [113] and then mathematically formulated by Shafer [114]. 

This theory was taken up in 1990 by Smets [115] under the name of transferable belief model.  



 
46 Chapter III                                                                                                 Information Fusion         

The evidence theory allows the data modelling that presents inaccuracies as well as 

uncertainties. 

III.4.2.1. Math Basics 

- Discernment framework: 

A discernment framework is the all possible hypotheses set of the studied problem. 

Let Ω denote this set and suppose that it is composed of  𝑁 different hypotheses. 

Ω = {𝐻1, 𝐻2, … , 𝐻𝑁}                                                                               𝐼𝐼𝐼. 6 

Only one hypothesis of this set is considered true. The power set of the discernment set is 

the collection which contains all possible combinations of hypotheses. The power set is defined 

as follows: 

2Ω = {𝐴/𝐴 ⊆ Ω} = {∅, {𝐻1}, {𝐻2}, … , {𝐻1, 𝐻2}, {𝐻1, 𝐻3}, … , {𝐻1, … , 𝐻𝑁}}                  𝐼𝐼𝐼. 7 

"𝐴" may be a simple hypothesis or a class of hypotheses or even an empty set. 

- Mass function: 

Generally, a mass function, also known as a "belief mass" or BPA (Basic Probability 

Assignment), is simply noted 𝑚. This mass is calculated for any element of the 2Ω set and is 

defined as follows: 

 ∀ 𝐴 ∈ 2Ω, 𝑚(𝐴) ∈ [0,1], 

∑ 𝑚(𝐴) = 1                                                                         𝐼𝐼𝐼. 8

𝐴∈2Ω

 

An element which has a non-zero mass is said a focal element. 

- Mass transformations: 

From the mass function 𝑚 we can deduce other functions such as credibility and plausibility 

to better represent the knowledge: 

a- Credibility 

The credibility (or belief) denoted by 𝑏𝑒𝑙 measures the total belief that can be attributed 

to a given element. It is defined by: 

∀ 𝐴 ∈ 2Ω,          𝑏𝑒𝑙(𝐴) = ∑ 𝑚(𝐵)                                                            𝐼𝐼𝐼. 9

𝐵⊆𝐴,   𝐵≠∅
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b- Plausibility 

The plausibility denoted by 𝑃𝑙 measures the maximum belief that can potentially be 

attributed to a given element. It is defined by: 

∀ 𝐴 ∈ 2Ω,          𝑃𝑙(𝐴) = ∑ 𝑚(𝐵)

𝐴∩𝐵≠∅

                                                               𝐼𝐼𝐼. 10 

- Example: 

Let be a set formed by three hypotheses concerning a given problem: Ω = {𝐻1, 𝐻2, 𝐻3}. The 

power set of Ω is: 

2Ω = {∅, {𝐻1}, {𝐻2}, {𝐻3}, {𝐻1, 𝐻2}, {𝐻1, 𝐻3}, {𝐻2, 𝐻3}, {𝐻1, 𝐻2, 𝐻3}} 

The credibility and plausibility of the subset 𝐴 = {𝐻1, 𝐻2} are calculated as follows: 

 𝑏𝑒𝑙(𝐴) = 𝑚(𝐻1) + 𝑚(𝐻2) + 𝑚({𝐻1, 𝐻2}) 

 

𝑃𝑙(𝐴) = 𝑚(𝐻1) + 𝑚(𝐻2) + 𝑚({𝐻1, 𝐻2} + 𝑚({𝐻1, 𝐻3} + 𝑚({𝐻2, 𝐻3} + 𝑚({𝐻1, 𝐻2, 𝐻3}) 

               = 1 − 𝑚(𝐻3) 

 

The interval [𝑏𝑒𝑙(𝐴), 𝑃𝑙(𝐴)] is called the confidence interval of 𝐴 . 

III.4.2.2. Modelling of masses 

Once we have defined the discernment set and the power set, the next step is the modelling 

of masses which consists to allocate belief masses to the different subsets of 2Ω. 

Mass modeling is a difficult step and there are no universal modeling methods that can be 

applied to all problems and applications. There are studies where authors define mass models 

specific to the processed applications. Information that is used to model masses is often a priori 

information, and observations on hypotheses, see Annex B for an example of mass modeling 

used specifically in image processing. 

III.4.2.3. Combination 

We assume to have 𝑁 different sources noted: 𝑆1, 𝑆2,…., 𝑆𝑁. Masses which come from each 

source, attributed to an element 𝐴 of the discernment set, are noted respectively: 

𝑚1(𝐴), 𝑚2(𝐴),…, 𝑚𝑁(𝐴). 

- Orthogonal law: 

The orthogonal law or the law of Dempster combination is the normalization of 

conjunctive law. Let there be two sources of information (𝑆1, 𝑆2), with 𝐴 an element of the 

power set: 
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∀ 𝐴 ∈ 2Ω,          𝑚(𝐴) =
1

1 − 𝑘
∑ 𝑚1(𝐵1)𝑚2(𝐵2)

𝐵1∩𝐵2=𝐴

                                           𝐼𝐼𝐼. 11 

With  𝑚(∅) = 0  and: 

𝑘 = ∑ 𝑚1(𝐵1)𝑚2(𝐵2)

𝐵1∩𝐵2=∅

                                                                                          𝐼𝐼𝐼. 12 

𝑘 is a law normalization term also known as a conflict term. This law has the properties of 

commutativity and associativity. In the case of 𝑁 different sources, it is written: 

∀ 𝐴 ∈ 2Ω,          𝑚(𝐴) =
1

1 − 𝑘
∑ (∏ 𝑚𝑗(𝐵𝑗)

𝑁

𝑗=1

)                                  𝐼𝐼𝐼. 13

𝐵1∩𝐵2∩…∩𝐵𝑁=𝐴

 

With: 

∀ 𝐴 ∈ 2Ω,          𝑘 = ∑ (∏ 𝑚𝑗(𝐵𝑗)

𝑁

𝑗=1

)

𝐵1∩𝐵2∩…∩𝐵𝑁=∅

                                                    𝐼𝐼𝐼. 14 

 

See annex C for an example on the use of this rule in the case of two information sources. 

III.4.2.4. Decision 

The final fusion step is the decision. This is the step where only one hypothesis is chosen 

among the discernment set hypotheses after the fusion of knowledge brought by different 

sources. In Bayesian case, the maximum of posterior is the decision rule while the evidence 

theory offers a set of different decision rules which do not necessarily give the same result:  

a- Maximum of credibility 

Credibility (bel) is interpreted as the lower bound of probability. Decision based on 

maximum of credibility is therefore a pessimistic decision, which is expressed as follows: 

𝐷𝑒𝑐 = arg max 𝑏𝑒𝑙(𝐻) ,    𝐻 ∈ Ω                                                        𝐼𝐼𝐼. 15 

bel is the credibility function associated to the mass of the hypothesis 𝐻 ∈ Ω 

corresponding. 

b- Maximum of plausibility 

Plausibility (Pl) is interpreted as the upper bound of probability. The decision of 

plausibility's maximum is then an optimistic decision. 

𝐷𝑒𝑐 = arg max 𝑃𝑙(𝐻) ,    𝐻 ∈ Ω                                                          𝐼𝐼𝐼. 16 

𝑃𝑙 denotes the plausibility function associated to the mass of the hypothesis 𝐻. 
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III.4.3. Possibilities theory  

The possibilities theory is induced by the fuzzy sets theory introduced by Zadeh [116]. This 

theory was essentially developed by Dubois and Prade in France [117]. It is based on the 

possibility distribution function which makes it possible to deal with and model both 

uncertainty and imprecision. This theory has been the subject of several scientific works [118-

121]. 

III.4.3.1. Foundations of possibility theory 

- Universe of discourse: 

Let Ω be the universe of discourse which presents the set of all possible hypotheses modeling 

the fusion problem: 

Ω = {𝜔1, 𝜔2, … , 𝜔𝑛}                                                                                 𝐼𝐼𝐼. 17 

- Distribution of possibilities: 

The distribution of possibilities noted 𝜋 is the fundamental function of the possibilities 

theory. It associates to each hypothesis of 𝛺 a degree of possibility.  

The distribution of possibilities is a function of 𝜔 in [0,1] which verifies: 

𝑠𝑢𝑝𝜔∈Ω{𝜋(𝜔)} = 1                                                             𝐼𝐼𝐼. 18 

In other words, there exists at least one event of Ω such that its degree of possibility is equal 

to 1. With 𝜋(w) presents the degree of possibility for the observation x to be equal to ω, 

knowing that: 

- If  π(ω) = 0, this indicates that x cannot be equal to ω. 

- If  𝜋(𝜔) = 1, this indicates that nothing prevents x from being worth 𝜔. 

A precise information is modeled by the distribution of possibilities as indicated in the 

following expression: 

∃! 𝜔0 ∈ Ω      such as  {
𝜋(𝜔0) = 1

   𝜋(𝜔) = 0     ∀   𝜔 ≠ 𝜔0
                                                            𝐼𝐼𝐼. 19    

However, we are in the total ignorance case when: 

∀   𝜔 ∈ Ω,   𝜋(𝜔) = 1                                                                                 𝐼𝐼𝐼. 20   

- Measure of possibility: 

A measure of possibility noted ∏ is a function of 2Ω (the power set of Ω) in [0,1] which 

verifies the following equations' system: 
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{

∏(∅) = 0

∏(Ω) = 1

 ∀ 𝐴 ∈ 2Ω,   ∏(𝐴) = 𝑠𝑢𝑝 {𝜋(𝑥), 𝑥 ∈ 𝐴}  

                                                    𝐼𝐼𝐼. 21 

The closer the possibility value of the event is to 1, the more its realization is possible. If the 

possibility of an event is zero it means that this event is impossible. The measurement and 

distribution of possibility makes it possible to quantify and model the information inaccuracy. 

- Measure of necessity: 

A measure of necessity denoted 𝑁 is a function of 2Ω in [0,1] that satisfies the following 

equations: 

{

𝑁(∅) = 0
𝑁(Ω) = 1

 ∀ 𝐴 ∈ 2Ω,   𝑁(𝐴) = 𝑖𝑛𝑓 {1 − 𝜋(𝑥), 𝑥 ∉ 𝐴}  

                                          𝐼𝐼𝐼. 22 

The realization's probability of an event A is delimited by the necessity measure 𝑁(𝐴) and 

the possibility measure ∏(𝐴),  (i.e. 𝑁(𝐴) ≤ 𝑃𝑟(𝐴) ≤ ∏(𝐴)). 

III.4.3.2. Fusion by possibility theory 

- Modelling: 

The first task of this fusion step is to determine the different hypotheses that make up the 

discourse universe Ω. Suppose that we have 𝑚 sources, we denote by 𝑆𝑗 the source number 𝑗 

with 𝑗 ∈ {1, . . . , 𝑚}. 

We note by  𝜋𝑥
𝑗
(𝜔𝑖)  the degree of possibility for decision number 𝑖 to be valid for 

observation x according to source 𝑆𝑗. 

- Estimate: 

The construction of a possibility's distribution must be done according to available 

knowledge which can come in different forms (sensor data, expert opinion, ...) and therefore 

there is no general form. 

The distribution of possibilities can take many forms. We cite the best known which are 

triangular shape, trapezoidal shape and Gaussian shape, as seen in figure III.1. 

 

 

 

 

 

 

Figure III.1 Forms of possibility distributions. 
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In addition, several methods have been adopted to determine the distribution of possibilities 

such as: 

1- Histogram-possibility transformations [122, 123]. 

2- Method based on the gray level histogram [124,125]. 

3- Psychometric approaches [126]. 

- Combination : 

One of the major interests of possibility theory fusion is the wide variety of fusion operators 

allowing the combination of possibility distributions. It is common to consider conjunctive or 

disjunctive operators: 

a- Conjunctives operators: They combine information in the way of a “logical AND” 

(conjunction). In this way the result will be close to 1 if and only if all values to be 

combined are close to 1. Among these operators the triangular norms or t-norm are the 

most used.  

Here are some t-norms for two sources 𝑆1 and 𝑆2: 

- Zadeh's T-norm:   

                                    𝜋(𝜔) = min(𝜋𝑆1(𝜔), 𝜋𝑆2(𝜔))                                                            𝐼𝐼𝐼. 23 

- Probabilistic T-norm:  

                                    𝜋(𝜔) = 𝜋𝑆1(𝜔) ∗ 𝜋𝑆2(𝜔)                                                                     𝐼𝐼𝐼. 24 

- Lukasiewicz's T-norm: 

                                    𝜋(𝜔) = max(0, 𝜋𝑆1(𝜔) + 𝜋𝑆2(𝜔) − 1)                                            𝐼𝐼𝐼. 25 

Conjunctives operators are generally used when sources are concordant and reliable. 

b- Disjunctive operators: They combine information in the way of a “logical OR” 

(disjunction). The value of the combination result will be large as soon as one of the 

combined values is. The main disjunctive operators are the triangular conorms or t-

conorms. Here are a few t-conorms applied for two sources 𝑆1 and 𝑆2: 

- Zadeh's T-conorm:   

                                    𝜋(𝜔) = max (𝜋𝑆1(𝜔), 𝜋𝑆2(𝜔))                                                         𝐼𝐼𝐼. 26 

- Probabilistic T-conorm:  

                                    𝜋(𝜔) = 𝜋𝑆1(𝜔) + 𝜋𝑆2(𝜔)−𝜋𝑆1(𝜔) ∗ 𝜋𝑆2(𝜔)                                𝐼𝐼𝐼. 27 

- Lukasiewicz's T-conorm: 

                                    𝜋(𝜔) = min(𝜋𝑆1(𝜔) + 𝜋𝑆2(𝜔) − 1,1)                                             𝐼𝐼𝐼. 28 
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Disjunctive operators are generally used when sources are discordant and unreliable. 

There are other categories of combination’s operators such as: mean operators, fuzzy 

integrals ... etc [127, 128]. 

- Decision 

Once information from sources are combined, the decision is made by maximizing the 

possibility or the necessity. Thus, we choose the decision 𝑑𝑘 if: 

𝜋𝑘(𝑥) = max(𝜋𝑖(𝑥), 𝑖 = 1 … 𝑛)                                                       𝐼𝐼𝐼. 29 

 

III.4.4. Bayes Fusion Theory 

Bayes fusion was one of the first techniques used to make the combination of images with 

decision-making. In Bayesian approaches, information's imperfections and the information 

itself are modeled from probability distributions or statistical measures to be estimated such as 

the information's amount. They were the only ones who interpreted the notion of chance and 

uncertainty. 

Literature is very abundant for the multispectral images' segmentation using probability 

theory. This technique was first developed for visible [129] and aerial [130,131] imagery. Many 

authors have chosen this model because it has a very well-defined framework with well-known 

mathematical properties [132]. Manipulating probability densities is also much more familiar 

to the signal processing community than using somewhat newer concepts such as the Dempster-

Shafer mass function notions or the membership functions of fuzzy logic. The necessary 

expertise in some cases is also more easily affordable via probabilities, and efficient methods 

are known for modeling a phenomenon by a probability density from a learning set. 

III.4.4.1. Modelling: 

Let   𝐻1,   𝐻2, … 𝐻𝑁 be a set of mutually exclusive hypotheses. They satisfy the following 

conditions: 

{
∀ 𝑖, 𝑗,   𝐻𝑖 ∩ 𝐻𝑗 = ∅, 𝑖 ≠ 𝑗,

∪𝑖=1
𝑁 𝐻𝑖 = 𝐸,                           

                                                                    𝐼𝐼𝐼. 30 

where E represents the hypothesis’s space (that is to say the set of classes of the fused image). 

The hypotheses are mutually exclusive and form a partition of E. 
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III.4.4.2. Combination: 

Let 𝑚1 and 𝑚2 be two characteristic primitives from two different images, representing the 

same object, or the same hypothesis 𝐻𝑖, the Bayesian theory calculates the likelihood of 

obtaining the hypothesis 𝐻𝑖 from the two measures 𝑚1and 𝑚2 via Bayes rule [132]:   

𝑃(𝐻𝑖/𝑚1, 𝑚2) =
𝑃(𝐻𝑖) ∙ 𝑃(𝑚1 , 𝑚2 𝐻𝑖⁄ )

∑ 𝑃(𝐻𝑗) ∙ 𝑃(𝑚1 , 𝑚2 𝐻𝑗⁄ )𝑁
𝑗=1

,                                           𝐼𝐼𝐼. 31 

where 𝑃(𝑚1 , 𝑚2 𝐻𝑖⁄ )  represents the joint probability of having both measures (𝑚1, 𝑚2) when 

the hypothesis 𝐻𝑖 is realized, and 𝑃(𝐻𝑖) is the prior probability of the hypothesis 𝐻𝑖, which 

shows the possibility of occurrences of the hypothesis 𝐻𝑖 in the general case [132].   

If 𝑚1 and 𝑚2 are two independent random variables, the conditional probability 

𝑃(𝑚1 , 𝑚2 𝐻𝑖⁄ ), also named the likelihood function, becomes a separable function of the two 

variables 𝑚1 and 𝑚2: 

𝑃(𝑚1 , 𝑚2 𝐻𝑖⁄ ) = 𝑃(𝑚1 /𝐻𝑖) ∙ 𝑃(𝑚2 /𝐻𝑖)                                                 𝐼𝐼𝐼. 32                                

The separability condition is appropriate in the sense that measure 𝑚1 from one acquisition 

has no influence on measure 𝑚2 from the other acquisition. Statistical independence is achieved 

when the two measures do not interfere with each other. 

Thus equation (𝐼𝐼𝐼. 31) takes the following form: 

𝑃(𝐻𝑖/𝑚1, 𝑚2) =
𝑃(𝐻𝑖) ∙ 𝑃(𝑚1 /𝐻𝑖) ∙ 𝑃(𝑚2 /𝐻𝑖)

∑ 𝑃(𝐻𝑗) ∙ 𝑃(𝑚1 /𝐻𝑗) ∙ 𝑃(𝑚2 /𝐻𝑗)𝑁
𝑗=1

                                         𝐼𝐼𝐼. 33 

So, to determine the posterior probabilities 𝑃(𝐻𝑖/𝑚1, 𝑚2), we need first to calculate the 

prior probabilities 𝑃(𝐻𝑖) for all hypotheses 𝐻𝑖, i ranging from 1 to N, and the likelihood 

functions 𝑃(𝑚𝑗 /𝐻𝑖)  for every image primitive  𝑚𝑗 and for every hypothesis.  

To model the likelihood functions, generally we work under the Gaussian hypothesis [132]:   

𝑃(𝑚𝑗 /𝐻𝑖) =
1

𝜎𝑖√2𝜋
exp (−

(𝑚𝑗  − 𝐻𝑖
̅̅ ̅ )

2

2𝜎𝑖
2 ) ,                                                             𝐼𝐼𝐼. 34 

where  𝐻𝑖
̅̅ ̅  represents the mean and 𝜎𝑖 is the standard deviation of the Gaussian expression. 

III.4.4.3. Decision: 

Once the combination of the probabilities realized by equation (𝐼𝐼𝐼. 33), we must choose a 

decision’s criterion in order to decide which hypothesis 𝐻𝑖 should be selected according to all 
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posterior probabilities. Several criteria are proposed in the literature: the most commonly used 

criterion is the maximum of posterior probability, which chooses the hypothesis 𝐻𝑖 having the 

highest probability 𝑃(𝐻𝑖/𝑚1, 𝑚2) [132].  

Other criteria have also been used, but less commonly, for example: 

a- The maximum expectation (𝐸), we will choose 𝐻𝑘 if: 

𝐸[𝐻𝑘\𝑚1, … , 𝑚𝑙] = 𝑚𝑎𝑥𝑖∈{1,…,𝑁}𝐸[𝐻𝑖\𝑚1, … , 𝑚𝑙]                                 𝐼𝐼𝐼. 35  

 

b- The maximum of likelihood (𝐿), we will choose 𝐻𝑘 if 𝐻𝑘 is solution of: 

𝜕𝐿(𝑚1, … , 𝑚𝑙, 𝐻𝑖)

𝜕𝐻𝑖
= 0                                                                   𝐼𝐼𝐼. 36 

                    With      

𝜕2𝐿(𝑚1, … , 𝑚𝑙 , 𝐻𝑖)

𝜕𝐻𝑖
2 < 0                                                                 𝐼𝐼𝐼. 37 

And the likelihood function is given by: 

𝐿(𝑚1, … , 𝑚𝑙, 𝐻𝑖) = 𝑃(𝐻𝑖\𝑚1, … , 𝑚𝑙)                                           𝐼𝐼𝐼. 38 

c- The maximum of entropy (𝑇), we will choose 𝐻𝑘 if: 

      𝑇(𝐻𝑘\𝑚1, … , 𝑚𝑙) = 𝑚𝑎𝑥𝑖∈{1,…,𝑁}𝑇[𝐻𝑖\𝑚1, … , 𝑚𝑙] 

                               = 𝑚𝑎𝑥𝑖∈{1,…,𝑁}{−𝑃(𝐻𝑖\𝑚1, … , 𝑚𝑙) × ln 𝑃(𝐻𝑖\𝑚1, … , 𝑚𝑙)}         𝐼𝐼𝐼. 39    

d- The minimax criterion, which consists in taking the decision 𝐻𝑘 which gives the 

maximum performance in the most unfavorable case. 

Once we have obtained a first segmentation, we can then update the parameters of different 

classes from this classification. Parameters of each class are therefore updated after each images 

segmentation. The process is repeated until convergence of the algorithm, that is to say until no 

pixel changes class from one iteration to another. 

See annex D for an example of fusing two simulation images using a Bayesian approach. 

III.4.4.4.  Applications 

We list in this part some works in a non-exhaustive way having used the Bayesian approach 

for information fusion. Let us first cite the work of L.I. Kuncheva [133,134], who compares the 

naive Bayesian approach to the maximum, minimum, average and the voting method. These 

approaches are compared in the context of classifiers' fusion. The obtained conclusion on 
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different databases shows the good performance of the naive approach, the average approach 

gives reasonable rates and keeps good stability unlike the other approaches. 

Chauvin [135] studies the performance of the Bayesian fusion model for the segmentation 

of satellite images (in 3 classes) with the product as a combination's operator and the maximum 

of posterior as decision rule. He has shown that performances are a function of learning (choice 

of conditional probability density and a priori probabilities) and of images quality, measured 

by a criterion based on Fisher's intra-class inertia. 

 Xu et al. [112] compare the Bayesian classifier to the vote approach and to Dempster-Shafer 

theory for an application in handwritten recognition. It is shown that if the confusion matrices 

are well learned, the Bayesian approach is the best. However, this approach is unstable; 

performance is quickly degraded if learning is poor. The Bayesian approach is also used in 

images fusion [136,137]. 

III.5. Conclusion 

In this chapter, we have presented the general notions of fusion and the different theories 

used for this purpose, especially the theory of uncertainty. In the next chapter we present all 

contributions made in this thesis, and we evaluate the performances of the proposed systems. 
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IV.1. Introduction 

We present in this chapter the obtained results after applying texture extraction methods 

followed by classification and fusion methods, presented in previous chapters, on synthetic and 

real images.  

IV.2. Application on synthetic images 

We attempt to use three types of feature extraction techniques with the purpose of classifying 

textured images. These features are statistical features taken out of GLCM matrices and 

structural features obtained using Gabor filters and the wavelet transform coefficients. 

Concerning the wavelet transform, as mentioned in section I.3.3.2, the values of transformed 

coefficients in detail and approximation images, sub-band images, (see figure I.10) represent 

the necessary features that capture useful discrimination information for texture segmentation 

[59]. 

- Choice of the wavelet:  In our work, we have used a second order biorthogonal spline 

wavelet. This wavelet is often used for texture analysis due to its excellent location in the 

frequency and spatial domains and its sensitivity to local singularity and correlation of the 

image [18]. 

As mentioned also in section I.3.3.2, the evaluation of indices is done on a sliding window 

W. The energy and the local mean on the sliding window are calculated from the resultant sub-

band images. In our work, we have used a wavelet on one level, so the feature vector of each 

window is made of eight parameters V= [ ELL, ELH, EHL, EHH, MLL, MLH, MHL, MHH ], where E 

and M represent the energy and the local mean respectively, as seen in figure IV.1. 

Various tests were carried out on a series of window sizes going from 5×5 to 25×25. The 

uppermost good classification rate was attained for a window of 11×11 dimension.  

The estimated features vector of every window is used as an input to an appropriate 

classification algorithm. The MLP neural networks classifier is chosen among the most well-

known classifiers, it was initiated in [37,38]. The estimated feature vector of each pixel is sent 

to the neural networks classifier for pre-labeling, and the score for the window provided by the 

neural networks is allocated to its central pixel.  

For the training phase of the neural networks, images of 320×320 size were used, and 6400 

patterns are selected randomly from each image, which represents 6.25% of the total number 

of patterns.  
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For the choice of the hidden layers' number and the number of neurons in each layer, we 

choose the rule proposed by Wierenga and Kluytmans [138] since there is no general rule other 

than rules of thumb as proposed in [139,140]. The size of the hidden layer is 75% of the input 

layer. 

For the transfer functions, we retain the most used in the literature, namely the logistic 

function (equation 𝐼𝑉. 1) and the hyperbolic tangent function (equation 𝐼𝑉. 2). 

𝜌(𝑛) =
1

1 + 𝑒−𝑛
                                                                                                   𝐼𝑉. 1 

𝑡𝑎𝑛ℎ(𝑛) =
2

1 + 𝑒−2𝑛
− 1                                                                                   𝐼𝑉. 2 

 

The gradient backpropagation algorithm is used for the training of neural networks 

(described in appendix A). 

 
Figure IV.1 Wavelet features extraction. 

 

Concerning the GLCM, a series of tests using different combinations were performed in 

order to fix its parameters (see section I.3.1.2.1). For both the window size and the distance d, 

the highest good classification rate was obtained for a 15×15 window and a distance 'd' of six-

pixels. The gray levels number of images after re-quantization is set to 16 levels. These 

parameters will be retained for the following steps. 

As mentioned also in the section I.3.1.2.1, after obtaining GLCM matrices over the sliding 

window in the input image, several statistics like contrast, uniformity, and entropy are extracted 

from these matrices [43]. Haralick suggests the calculation of fourteen features [45], not all 

relevant for a given application. We take here four directions: 00, 450, 900 and 1350. In these 

four directions, six parameters are calculated and then averaged over the four directions. So, 

the vector of features related to each window consists of six factors V= [Homogeneity, Contrast, 

Entropy, Correlation, Directivity, Uniformity], (see figure IV.2). For each window, the 

estimated vector of features is sent to the neural networks classifier for a primary labeling, and 

the score for the window provided by the neural networks is assigned to its mid pixel. For the 

neural networks, we have used the same parameters that are used in wavelet transform.  
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Figure IV.2 GLCM features extraction process. 

Concerning Gabor Filters, as mentioned in section I.3.3.1, an ensemble of wavelets is created 

using a mother wavelet like in equation (𝐼. 18). Then the entire image is used as the input to the 

wavelet set, as shown in figure IV.3. By doing so, the input image is transformed into a set of 

𝑁 filtered images. As the filters output are complex valued, we exploit the magnitude of these 

values. 

Two important parameters within Gabor filters are the number of frequencies (Nf) and 

directions (Nd) [43]. For the images having size of 320 x 320 used in this work, five radial 

frequencies (Nf = 2/26, 2/25, 2/24, 2/23, and 2/22) with 4 orientations (Nd = 00, 450, 900, 

1350) were adopted according to [56]. So, the features vector is composed of twenty parameters 

(5 frequencies x 4 orientations). Finally, the estimated features vector is sent to the neural 

networks classifier for an initial labeling (as seen in figure IV.3). Also, for the neural networks, 

we have used the same parameters that are used in wavelet transform and GLCM.  

 
Figure IV.3 Gabor features extraction process. 

IV.2.1 The first fusion algorithm 

Combining three types of features increases the classification performance since it uses 

Gabor features which are more efficient in near-class borders areas combined with GLCM 

features which are powerful in the areas within classes, and the wavelet coefficients that offer 

great discriminatory power for textures with strong resemblances. 

So, our first fusion algorithm uses GLCM, Gabor filters, and Wavelet transform as features 

extraction strategies on textured images in order to get more information in this data set. The 

parameters for each feature set were selected as mentioned in the previous paragraphs. After a 
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proper texture features extraction, each estimated feature vector of every pixel is sent to the 

neural networks classifier for primary labeling. Next, for each pixel a Bayes fusion method is 

used to combine the three scores obtained by the neural networks for each kind of features 

namely GLCM, Gabor and Wavelets (see figure IV.4).  

Concerning Bayes fusion, as mentioned in section III.4.4.2, to determine the posterior 

probabilities 𝑃(𝐻𝑖/𝑚1, 𝑚2), we need first to calculate the prior probabilities 𝑃(𝐻𝑖) for all 

hypotheses 𝐻𝑖, i ranging from 1 to N, and the likelihood functions 𝑃(𝑚𝑗 /𝐻𝑖)  for every image 

primitive  𝑚𝑗 and for every hypothesis.  

So, in absence of any information on classes distribution, we assume the hypothesis of the 

equiprobability of different classes. If we call K the number of classes supposed to be present 

in the image, we have that: 

∀𝑖,   𝑃(𝐻𝑖) =  
1

𝐾
                                                                                     𝐼𝑉. 3 

Concerning the likelihood functions 𝑃(𝑚𝑗 /𝐻𝑖) which measure the probability of a 

considered gray level 𝑚𝑗 given the hypothesis 𝐻𝑖, we place ourselves under the Gaussian 

hypothesis and we can use the following formula: 

𝑃(𝑚𝑗 /𝐻𝑖) =
1

𝜎𝑖√2𝜋
exp (−

(𝑚𝑗  − 𝐻𝑖
̅̅ ̅)

2

2𝜎𝑖
2 ) ,                                    𝐼𝑉. 4 

where  𝐻𝑖
̅̅ ̅ represents the mean and 𝜎𝑖 is the standard deviation of the Gaussian expression. 

Once the combination of the probabilities has been realized, as mentioned in equation III.33, 

we use the maximum of posterior probability as decision’s criterion, in order to decide which 

hypothesis 𝐻𝑖 should be selected according to all posterior probabilities, which chooses the 

hypothesis 𝐻𝑖 having the highest probability 𝑃(𝐻𝑖/𝑚1, 𝑚2). 

After having obtained a first segmentation, we can then update the parameters of different 

classes (𝐻𝑖
̅̅ ̅, 𝜎𝑖 and 𝑃(𝐻𝑖)) from this classification. The parameters of each class are re-updated 

after each segmentation of the images. The process is reiterated until the convergence of the 

algorithm, that is to say until no pixel changes class from one iteration to another. 

 

 



 
61 Chapter IV                                                                                         Results and Discussions 

 

Figure IV.4 Architecture of the proposed algorithm. 

 

The principle steps of the first fusion algorithm are: 

Fist fusion algorithm 

Step1:  Extraction of features by DWT, GLCM and Gabor filters. 

Step2:  Neuronal classification of each estimated features vector. We obtain:  

 

 

 

Step3:  

 

Scores1:  for DWT. 

Scores2:  for GLCM.    

Scores3:  for Gabor filters. 

while   the recognition rate is changed  do 

                   for   each pixel   do 

                             Bayesian fusion of Score1, 2 and 3 

                     end  

                                  Calculate the recognition rate. 

end  

 

The performance of the proposed algorithms for segmenting textured images is assessed 

using many images with different textures and different shapes. They are collected in the wild 

and in cluttered conditions, from Brodatz and DTD datasets [141,142]. These last bases are 

constituted of stochastic (micro-textures) and regular textures (macro-textures). We have 

formed textured images composed of different textures taken randomly.  
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We have used MATLAB R2016 environment, in a Workstation (Intel(R) Xeon(R) CPU E5-

1620 v3 @ 3.50 GHz 3.50 GHz, RAM: 16.00 Go) to implement our algorithms. 

As shown in the first column of table IV.1.  Each image (a), (b), (c), (d), contain the same 

textures that are present in different forms and shapes (square, rectangle, triangle, circle, and 

curved shape) to check the performance that could be achieved by the proposed fusion 

techniques. 

Table IV.1 Experimental results. The first column contains textured images in different shapes. The 

second–fifth columns are the classification results using respectively GLCM, Gabor filters, Wavelet, 1st 

fusion algorithm. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Original image GLCM Gabor filters Wavelet 
1st fusion 

algorithm 

 
(a1) 

    

 
(a2) 

    

 
(a3) 

    

 
(b1) 

    

 
(b2) 
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(b3) 

    

 
(c1) 

    

 
(c2) 

    

 
(c3) 

    

 
(d1) 

    

 
(d2) 

    

 
(d3) 
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As shown in the 2nd, 3th and 4th columns of table IV.1 the different textures are not well 

differentiated when feature vectors are used individually for classification. Therefore, to 

improve classification precision we integrated a Bayes fusion scheme in the score obtained by 

the neural networks for each kind of features, the results are illustrated in the 5th column of the 

same Table. These last results clearly confirm the power of the fused feature vectors compared 

to the results obtained using individual feature vectors.  

Table IV.2 demonstrates the classification accuracies that were achieved by utilizing 

individual, and fused feature vectors. According to the 5th column of table IV.2, the result of 

this first fusion algorithm shows that the quality of the segmented images is enhanced and that 

the classification accuracies are improved compared with the accuracies of single classifiers in 

all images. 

Table IV.2 Classification accuracy of single classifiers compared with the integrated classifier. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

IV.2.2 The second fusion algorithm 

In order to more improve the decision-making, a new fusion model will be examined beneath. 

Using a sliding window, for each kind of features, the class for this window is allocated to its 

central pixel. Nevertheless, this central pixel belongs to other window neighbors that may be 

classified into other classes. Therefore, in order to achieve a more precise segmentation result, 

Image GLCM Gabor    filters Wavelet 1st fusion algorithm 

(a1) 88.27 % 90.32 % 94.03 % 96.27 % 

(a2) 89.89 % 93.35 % 94.42 % 96.93 % 

(a3) 82.57 % 92.53 % 92.99 % 96.81 % 

(b1) 87.53 % 92.66 % 94.93 % 97.22 % 

(b2) 89.93 % 94.02 % 94.57 % 96.49 % 

(b3) 90.98 % 93.76 % 94.67 % 96.33 % 

(c1) 89.41 % 92.24 % 94.71 % 97.53 % 

(c2) 87.85 % 93.88 % 95.41 % 97.32 % 

(c3) 88.19 % 94.14 % 95.74 % 97.06 % 

(d1) 90.77 % 93.08 % 94.71 % 97.56 % 

(d2) 88.22 % 92.87 % 94.74 % 97.67 % 

(d3) 83.35 % 92.98 % 93.55 % 96.79 % 
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for each pixel a Bayes fusion method is used to combine the scores results of various windows 

that include this central pixel.  

Let  𝐼𝑘 be the segmented images containing the scores 𝑆𝑖𝑗
𝑘  of each pixel (the output of the 

neural networks classifier) for each kind of features:   

𝐼𝑘 = 𝑆𝑖𝑗
𝑘   with    i =1…. n,     j =1…. m,    k =1,…..,c, 

where n and m represent the sizes of the textured image, and k is the number of different kinds 

of features. 

We perused the images by using a sliding window of size 𝑀 × 𝑀, so that every pixel is 

surrounded by 𝑀2 − 1 pixels. For each type of features, each central pixel  𝑃𝑖𝑗,𝑙  of window  𝑊𝑙  

with score  𝑆𝑖𝑗,𝑙 belongs to the 𝑀2 − 1 window in the surrounding windows before the 

classification process. However, each central pixel  𝑃𝑖𝑗,𝑧 of the window 𝑧,  with 𝑧 = 1 ⋯ 𝑀2 −

1 produced different scores  𝑆𝑖𝑗,𝑧.              

For instance, in the case of pixel  𝑃3,3 with score 𝑆3,3 and 𝑀 = 3, the central pixel is surrounded 

by eight pixels, that are the center of the eight windows which pixel  𝑃3,3  belonged to, (see 

figure IV.5).  

 

 

 

 

 

Figure IV.5 Composition of the fusion vector. 
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Moreover, it is noticed by the first fusion algorithm that the most segmentation error is 

situated in the borders of different classes because in these situations the mask contains more 

than one type of texture. So, in this new fusion model, and in order to decrease the segmentation 

error, we will do the fusion between only Gabor and Wavelet features due to the fact that a big 

mask (15×15) of GLCM features induces an increase in the classification error at the borders. 

From the above example, we combined the scores produced by the current block and its eight 

neighboring ones for the Gabor and wavelet features: {S1
33 , S

1
32 , S

1
34  , S

1
23 , S

1
24 , S

1
22 , S

1
42, S

1
44, 

S1
43 , S

2
33 , S

2
32 , S

2
34  , S

2
23 , S

2
24 , S

2
22  , S

2
42, S

2
44, S

2
43} (see figure IV.6).  

 

 

Figure IV.6 Architecture of the second fusion algorithm. 

In this work, a sliding window of size 9×9 is used, so the central pixel is surrounded by 80 

pixels, that are the center of the 80 windows which pixel P9,9 belonged to. 

We also consider the position of the thumbnails (Windows) depending on the studied pixel, 

as a result, pixels belonging to the thumbnails close to the studied pixel are given a large weight, 

whereas pixels belonging to the thumbnails far from the studied pixel are assigned a low weight. 

This weighting is equivalent to applying a decreasing function of the distance (d) between the 

studied pixel and the center of the image (window) containing this pixel. For example:  
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𝑓(𝑑) = 𝑒−𝑑                                                                                       𝐼𝑉. 5 

                      ou 

𝑓(𝑑) =
1

1 + 𝑑
                                                                                  𝐼𝑉. 6 

 

Table IV.3 Experimental results. The first column contains textured images in different shapes. The 

second column contains the ground truth map of different images. The third and fourth columns are the 

classification results using respectively the 1st fusion algorithm and the 2nd fusion algorithm 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Original image Ground truth map 1st fusion algorithm 2nd fusion algorithm 

 
(a1) 

   

 
(a2) 

   

 
(a3) 

   

 
(b1) 

   

 
(b2) 
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The principle steps of the second fusion algorithm are: 

Second fusion algorithm 

Step1:  Extraction of features by DWT and Gabor filters. 

Step2:  Neuronal classification of each estimated features vector. We obtain:  

 

 

 

Step3:  

 

Scores1:  for DWT.    

Scores2:  for Gabor filters. 

while   the recognition rate is changed  do 

                for   each pixel   do 

                      Bayesian fusion of Score1, 2 and the neighboring scores. 

                end  

                                  Calculate the recognition rate. 

end  

 

The 4th column of table IV.3 corresponds to the classification results using this second fusion 

algorithm where it is very clear that the different textures are highly differentiated compared to 

the first fusion algorithm (3th column of table IV.3), and we notice the decrease of the error in 

the borders of different classes.  

From the 3th column of table IV.4, we can see that by this second fusion algorithm, the 

quality of the segmented images is highly enhanced and the classification accuracies are 

augmented compared with the first fusion algorithm in all images.  

We note that in each images (a), (b), (c), (d) we have tested the same textures in different 

shapes and we observe that our fusion methods give good classification results whatever the 

form of the used textures. 

Table IV.4 Classification accuracy of the second fusion algorithm compared with the first one. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Image 1st fusion algorithm 2nd fusion algorithm 

(a1) 96.27 % 99.02 % 

(a2) 96.93 % 98.43 % 

(a3) 96.81 % 99.13 % 

(b1) 97.22 % 98.66 % 

(b2) 96.49 % 98.05 % 

(b3) 96.33 % 98.26 % 

(c1) 97.53 % 98.38 % 

(c2) 97.32 % 98.13 % 

(c3) 97.06 % 98.16 % 

(d1) 97.56 % 98.97 % 

(d2) 97.67 % 98.58 % 

(d3) 96.79 % 98.26 % 

 



 
70 Chapter IV                                                                                         Results and Discussions 

And in order to more evaluate this second fusion algorithm, we have used other evaluation 

criteria, because the main problem with classification accuracy is that it hides the detail you 

need to better understand the performance of the classification model. 

As mentioned in section II.3.1, the confusion matrix shows the ways in which our 

classification model is confused when it makes predictions. It gives us insight not only into the 

errors being made by our classifier but more importantly the types of errors that are being made. 

It is this breakdown that overcomes the limitation of using classification accuracy alone.  

Table IV.5 represents the confusion matrices of different classification results obtained by 

the second fusion algorithm, and table IV.6 represents the criteria: recall, precision and kappa 

obtained from these last confusion matrices. 

As mentioned also in section II.3.3 and II.3.4, a high recall indicates that the class is correctly 

recognized and high precision indicates an example labeled as positive is indeed positive. So, 

as seen in table IV.6 we have obtained a high recall and high precision in all classes of different 

images, we have reached in some cases a 100% of recall or precision, so this second fusion 

algorithm gives a good recognition whatever the kind of texture. 

As mentioned also in section II.3.6, the basic idea behind kappa is that some of the apparent 

classification accuracy could be due to chance. It is used to control only those instances that 

may have been correctly classified by chance. So, as seen in the eightieth column of table IV.6 

we have obtained a kappa index between 0.97 and 0.99 in all cases, that means we have a near 

perfect agreement as mentioned in table II.3. 

Table IV.5 Confusion matrices of different classification results. 

Image Confusion Matrix 

(a1) 

        31991             0             278          213 

           46            10033          87           115 

           22               23          22155           1 

           71               0             350         23419 

(a2) 

        44357           229           102           9 

           3              25241           0             0 

          25               105          24661      121 

         302                0              38         25463 

31991 0 278 213 

46 10033 87 115 

22 23 22155 1 

71 0 350 23419 

 

44357 229 102 9 

3 25241 0 0 

25 105 24661 121 

302 0 38 25463 
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(a3) 

        26946           22             7             11 

         192            23618        16            62 

          62               62          15972        20 

          82               46            10         21488 

(b1) 

       32443           20             0             19 

          72          10209           0              0 

         187            335         21496        183 

         352             0              27           23461  

(b2) 

          43111         688          61         837 

             0           25204           2          38 

            346         155       24253         158 

              7            39            0           25757 

(b3) 

        26445          33           23          485 

          43           23365         0            480 

           4              310       15700        102 

           0                0            5            21621 

(c1) 

        32364           6             15             97 

          79           10141         57              4 

         144            212         21188         657 

         257             0               0            23583 

(c2) 

       43720          313            0              664 

          17           25132          95              0 

         732            219         23779         182 

          11               2               0           25790  

(c3) 

        26428          355             0            203 

          43            23503          44           298 

         130            164          15607        215 

           0                0                0          21626 

26946 22 7 11 

192 23618 16 62 

62 62 15972 20 

82 46 10 21488 

 

32443 20 0 19 

72 10209 0 0 

187 335 21496 183 

352 0 27 23461 

 

26428 355 0 203 

43 23503 44 298 

130 164 15607 215 

0 0 0 21626 

 

43720 313 0 664 

17 25132 95 0 

732 219 23779 182 

11 2 0 25790 

 

32364 6 15 97 

79 10141 57 4 

144 212 21188 657 

257 0 0 23583 

 

26445 33 23 485 

43 23365 0 480 

4 310 15700 102 

0 0 5 21621 

 

43111 688 61 837 

0 25204 2 38 

346 155 24253 158 

7 39 0 25757 
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(d1) 

        32470           0              12              0 

          87           10191            3              0 

         248            132         21821           0 

         356             44            297         23143 

(d2) 

        44678             0               9             10 

          670           24406         168            0 

          387               3           24491         31 

          323               0              83         25397 

(d3) 

       26550           211           221           4 

         183           23531         170           4 

           0                 0           16116         0 

          81              273           189        21083  

 

Figure IV.7 and table IV.7 present the comparison results of the proposed fusion 

classification algorithms against other works from the literature; and they show clearly that the 

obtained classification rates outperform the results of other works. We have reached an 

accuracy of more than 98% in all cases, whereas the best result in the literature was less than 

97% for all other works that used data fusion. 

 

Figure IV.7 Comparison results of textured image classification. 
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Table IV.6 Criteria obtained from the confusion matrices. 

 

Image  Class 1 Class 2 Class 3 Class 4  Kappa 

(a1) 

Recall 
(%) 

98.49 97.59 99.79 98.23 Overall Recall: 

98.53 
0.9811 

Precision 
(%) 

99.57 99.77 96.87 98.61 Overall Precision: 

98.71 

(a2) 

Recall 
(%) 

99.24 99.98 98.99 98.68 Overall Recall: 

99.22 
0.9894 

Precision 
(%) 

99.26 98.69 99.43 99.49 Overall Precision: 

99.22 

(a3) 

Recall 
(%) 

99.85 98.86 99.10 99.36 Overall Recall: 

99.30 
0.9910 

Precision 
(%) 

98.77 99.45 99.79 99.57 Overall Precision: 

99.40 

(b1) 

Recall 
(%) 

99.88 99.30 96.82 98.41 
Overall Recall: 

98.60 
0.9813 

Precision 
(%) 

98.15 96.64 99.87 99.15 Overall Precision: 

98.45 

(b2) 

Recall 
(%) 

96.45 99.84 97.35 99.82 Overall Recall: 

98.37 
0.9736 

Precision 
(%) 

99.19 96.62 99.74 96.14 Overall Precision: 

97.92 

(b3) 

Recall 

(%) 
98.00 97.81 97.42 99.98 Overall Recall: 

98.30 
0.9774 

Precision 
(%) 

99.82 98.55 99.82 95.30 Overall Precision: 

98.37 

(c1) 

Recall 
(%) 

99.64 98.64 95.44 98.92 Overall Recall: 

98.16 
0.9760 

Precision 
(%) 

98.54 97.90 99.66 96.89 Overall Precision: 

98.25 

(c2) 

Recall 
(%) 

97.81 99.56 95.45 99.95 Overall Recall: 

98.19 
0.9747 

Precision 
(%) 

98.29 97.92 99.60 96.82 Overall Precision: 

98.16 

(c3) 

Recall 
(%) 

97.93 98.39 96.84 100.00 Overall Recall: 

98.29 
0.9779 

Precision 
(%) 

99.35 97.84 99.72 96.80 
Overall Precision: 

98.43 

(d1) 

Recall 
(%) 

99.96 99.12 98.28 97.07 Overall Recall: 

98.61 
0.9815 

Precision 
(%) 

97.91 98.30 98.59 100.00 Overall Precision: 

98.70 

(d2) 

Recall 
(%) 

99.96 96.68 98.31 98.43 Overall Recall: 

98.34 
0.9808 

Precision 
(%) 

97.00 99.99 98.95 99.84 Overall Precision: 

98.94 

(d3) 

Recall 
(%) 

98.38 98.51 100.00 97.49 Overall Recall: 

98.59 
0.9797 

Precision 
(%) 

99.02 97.98 96.53 99.96 Overall Precision: 

98.37 
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Table IV.7 Comparative analysis of textured image classification. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The outcomes of our contributions demonstrate that it is possible to reach excellent fusion 

performance by neatly selecting the best fusion method. We also note that by our fusion 

methods, the segmentation results of the textured images are much improved and the majority 

of segmentation errors are situated in the borders of different classes. So, we will try, as future 

works, to use adaptive masks in order to more decrease the error at these borders.  

IV.3. Application to mammographic images 

Every year, 400 000 women die from breast cancer, but that rate can be reduced by 25% 

only with early detection. However, it takes about five years for a breast tumor to reach 1 mm, 

two years longer to reach 5mm and one or two years to measure 2 cm and be large enough to 

be detected by palpation [145 - 147]. 

Two of the most important mammographic indicators of breast cancer are masses (space 

occupying lesions) and microcalcifications (tiny flecks of calcium, like grains of salt). Breast 

Reference Contribution Recognition rate (%) 

[144] 
Combination of spectral and texture 

features using local spectral histogram 
64.00 

[143] 
Combination of information from several 

Individual classifier in Multi class 

classification based on fuzzy theory 

75.70 

[45] 
Fusion of classification results of sliding 

windows using all the windows containing 

the area to classify 

89.22 

[2] 
Extraction of textures primitives with 

DWT to build an universal textons 

vocabulary that describes local features of 

textures 

90.00 

[20] 
Combination of multiple decisions/scores 

provided by the same classifier over a 

sliding window.  

97.36 

This work 
Bayesian fusion of multiple neural 

networks classifiers scores provided by 

the different features over a sliding 

window. 

Between 98.05 and 

99.13 
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cancer studies have shown that early detection of these abnormalities boosts prognosis and 

reduces significantly the mortality rates. 

Mammography is actually the best diagnostic mean for screening, and several images 

processing techniques have been used for mammograms interpretation in order to assist 

radiologists while detecting and/or identifying eventual abnormalities. On a mammogram, we 

can observe the breast, the pectoral muscle and the nipple, for oblique incidences (figure IV.8). 

A mammographic examination basically involves two incidences per breast. A woman will do 

many of these tests in her life. 

 
Figure IV.8 breast Anatomy. 

In this thesis we only focus on one of breast cancer signs which are masses. Masses are space 

occupying lesions, seen on two different impacts. They are characterized by their shape (round, 

oval, lobulated, irregular), their contour (circumscribed, micro-lobulated, obscured, indistinct, 

speculated) and density (high, medium, low fat), as seen in figure IV.9). Breast cancers are 

never made of fat (radio-transparent) though they may trap grease. Lesions containing fat are: 

oil cysts, lipomas, the galactocele and mixed lesions (hamartoma). Mass containing fat is 

always benign [148]. 

 

 
Figure IV.9 Examples of masses. 

pectoral muscle 

nipple 

breast 
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In [149], Cheng and al. gave a comparison of masses segmentation approaches, their 

advantages and drawbacks. Various works have been done to detect masses in mammography 

images using different methods. Sharma and Khanna [150] proposed a diagnostic aid system to 

detect abnormalities or suspicious areas in digital mammographic images and classify them as 

malignant or non-malignant using the descriptors of form and SVM classifier. Fatehia and 

Mawia [151] identified breast cancer using the texture and classified it as normal or abnormal, 

Jen and Yu [152] proposed a method for detecting abnormal mammograms by extracting some 

discriminant characteristics, first-order statistics, intensities and gradients. Kumar and 

Bandyopadhyay [153] used a multi-scale model form to locate pixels in the image, which can 

be part of a mass for identifying abnormal masses in the digital mammography images. Sampaio 

[154] detected the mammary masses using neural networks to segment the regions that might 

contain masses and SVM to classify the candidate regions as masses or non-masses. 

In this study we have used the MIAS database [155] containing 322 mammograms sized 

1024 pixels x 1024 pixels. The images are arranged in pairs: those with even-number 

correspond to left MLO (medio-lateral oblique Mammograms) and those with odd-number are 

right MLO. 

The mammograms contained in this base cover all diagnosis possibilities: healthy (208 

images), with masses (56 images), with microcalcifications (25 images), with architectural 

distortions (18 images), or with asymmetries (15 images). In the case of the masses, the 

coordinates of the center of the anomaly and the radius corresponding to all the anomaly area 

were provided by radiologists (the mark of origin is the bottom left corner). 

Our method consists on using our second fusion algorithm, seen previously, in detecting 

masses on MLO mammograms. The same procedure followed during the segmentation of 

textured images is applied in this context for the extraction of suspicious areas. For Gabor 

Filters, Wavelet transform, and Bayes fusion, the same parameters used in textured images 

segmentation, presented in section IV.2, have been maintained. 

For the learning phase, we have used image mdb028 of the MIAS database, and to test our 

algorithm we have taken randomly MIAS images mdb025, mdb134, mdb184, and mdb271. 

Figure IV.10 illustrates the obtained results (detected masses are displayed in cyan color) 

compared to expert decision (masses centers coordinates and radiuses shown in blue color). 
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mdb028 (a)                                     mdb028 (b) 
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                                     mdb184 (a)                                     mdb184 (b) 

  Figure IV.10 Examples of results on MIAS database: (a) Original mammogram with expert 

masse location, (b) Masse segmentation using our approach. 

The evaluation of the used method will be based on a visual assessment, in terms of 

acceptable and unacceptable segmentation. So, as shown in figure IV.10, the results obtained 

on MIAS database are promising. Figure IV.11 shows a comparison of our proposed approach, 

on MIAS images mdb184 and mdb028, with another unsupervised technique proposed by 

Kanta Maitra et al [156], based on Divide and conquer algorithm. 

 

(a)  mdb184                                    (b) mdb184 

 

                                           (a) mdb028                                    (b) mdb028 

Figure IV.11 Comparison between results from: (a) [156] (b) Our approach. 
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As seen in figure IV.11, the proposed approach has the advantage of being simple and 

precise. However, lack of ground truth prevents us from having accurate rate of our masses 

segmentation technique. So, we also need to build a new mammograms database with reliable 

and precise expert decision to be able to have perfect evaluation. 

IV.4. Conclusion: 

In this chapter we have presented all contributions made in this framework, and we have 

evaluated the performances of the proposed systems.  

The proposed methodology is based on a chain consisting of several stages: calculation of 

textural descriptors; data classification; and fusion. 

For synthetic images, we have proposed in the first time a segmentation that uses each texture 

descriptor individually. As a second approach, we integrated fusion before the decision-making. 

The scores obtained by the neural network have been fused using the probability theory. The 

obtained results show the interest of fusion compared to those obtained without fusion. Then, 

our fusion segmentation algorithm is applied on mammographic images to detect masses. The 

proposed system is tested on MIAS database. 

The obtained results on synthetic and real images show the effectiveness of our algorithms 

for the segmentation of textured images. 
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Conclusion: 

This thesis was mainly devoted to the study of the textured images segmentation based on 

the process of knowledge extraction from data, which has been adopted to answer our 

problematic. 

We have carried out a study of the segmentation chain, from the parameters extraction phase 

to the evaluation phase of the results. For the characterization of textured images, we relied on 

textural information. 

A multitude of texture analysis approaches exists in the literature; we have chosen the most 

used namely the cooccurrence matrices [12], Gabor filters [15], and wavelets [16]. 

In the first chapter, a panorama of different approaches of texture analysis, in a non-

exhaustive way, is presented. 

The second chapter was devoted to the study of textured image segmentation methods. 

Particular attention has been paid to the segmentation based on pixel’s classification. We also 

presented the supervised and unsupervised classification methods and classification and 

segmentation evaluation approaches. 

In chapter 3, the specificities of the information fusion and its application for the textured 

images segmentation were first described. After a general description of information fusion in 

image processing, we presented the two main methods of information fusion namely the 

probabilistic approaches that are the most prevalent and the fuzzy set theory. 

In chapter 4 we have presented all contributions made in this framework, and we have 

evaluated the performances of the proposed systems. We started by extracting the features using 

GLCM matrices, Gabor filters and the wavelet transform from textured images. After that, each 

estimated vector of features for every pixel was sent to the neural networks classifier for primary 

labeling. Next, as a first fusion scheme, for each pixel a Bayes fusion method was used to 

combine the three scores obtained by the neural networks. Then a new fusion model for 

improving decision-making was used, it consists of combining the scores of each pixel within 

a sliding window. The proposed fusion algorithms were tested on synthetic images from 

Brodatz and DTD datasets; and they provided more information and improved classification 

results. Consequently, it is possible to attain an excellent fusion performance by properly 

selecting the perfect fusion method. 
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We subsequently introduced a computer-assisted diagnostic system for mammographic 

images. The main objective of this system is to detect the presence of masses in mammography 

images. 

Perspectives: 

Concerning future works, several perspectives are offered to the work carried out. 

About the segmentation of textured images, the first axis is the use of an adaptive mask in 

features extraction, in order to more decrease the error in the borders of different classes; use 

of other fusion methods like belief theory; comparison with other algorithms published in the 

literature; use of other real databases to confirm the robustness of different approaches 

developed in this study. 

For the diagnostic help system of mammography images, we will deepen the knowledge 

related to this system especially the evaluation of the segmentation stage, as well as the 

validation of the proposed approach on the whole database, specifically on dense tissue, and on 

another databases. Finally, complete the system by classifying abnormal mammographic 

images into benign and malignant. 
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Annex A: Error Correction Rules for Neural Networks  

 

 

A.1. Hebb's rule 

The first connectionist learning rule was unsupervised, it was inspired by biology. Indeed, 

in the late 1940s, Hebb proposed the idea that the brain adapts to its environment by modifying 

the efficiency of connections between neurons. This modification would be proportional to the 

simultaneous activity of the neurons related by the connection. 

The hypothesis here is that a synapse improves its efficiency only when the activity of its 

two neurons is correlated. Hebb's principle remains biologically plausible today, and the 

modification of the synaptic weight was mathematically formulated as follows: [77] 

 

 

𝑤𝑖𝑗 = 𝜂. 𝑎𝑖𝑎𝑗                                                                             𝐴. 1 

with: 

 •  𝜂 (0< 𝜂 <<1) is a constant. 

 • 𝑤𝑖𝑗   represents the synaptic weight between neurons 𝑖 and 𝑗. 

 • 𝑎𝑖 and 𝑎𝑗   represent the correlation between the activation of neurons 𝑖 and 𝑗 of the network. 

Applied to neuromimetic networks, this simple rule motivates neurons to correlate their 

activations with the values of the input patterns. One of the advantages of such behavior resides 

in the context of associative memories, and several connectionist models have been proposed 

with variants of the Heb's learning. 

The activation correlation can have useful effects. However, the fact remains that it is a very 

limited learning criterion, since it does not take into account the nature of the task that it must 

carry out [77]. 

A.2. Delta's rule (or Widrow-Hoff's rule) 

Its purpose is to make the network evolve towards the minimum of its error function (error 

made on all the examples). Learning is carried out by iteration (the weights are modified after 

each presented example), and we obtain the weight at the moment t+1 by the formula: 

 

𝑤𝑖𝑗  
𝑖 𝑗 
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𝑤(𝑡 + 1) = 𝑤(𝑡) + 𝜂 × (𝑦𝑑𝑒𝑠 − 𝑦) ∙ 𝑥                                    𝐴. 2 

Where: 𝑤 is the weight, 𝑦𝑑𝑒𝑠 is the theoretical output and  𝑦  is the real output, 𝑥  is the input 

and  𝜂  is a learning coefficient (between 0 and 1) that can be reduced during the learning. 

This is actually a particular case of the gradient backpropagation algorithm [77].  

A.3. Gradient's backpropagation   

Most learning algorithms allow weights to be obtained by minimizing a differentiable cost 

function. The simplest method for minimizing is the gradient method. 

To an input vector, we want to associate a desired output vector. If the weights have any 

values, the observed output vector is a priori different from that desired. We can associate with 

this difference the quadratic error. We can modify the network weights by minimizing this 

quadratic error. 

Updating all weights of one layer requires the knowledge of the associated errors with each 

neuron of the next layer. We will apply the weight adjustment algorithm starting from the last 

layer (for which the errors are known) to the first, hence the name of this algorithm: Error 

gradient backpropagation algorithm [160]. Figure A.1 represents a simple network consisting 

of an input layer, a single hidden layer and an output layer. 

 

Figure A.1: A simple neural network. 

- Cost function: 

We present an example: X= [𝑥1, 𝑥2, …, 𝑥𝑛0
], and we calculate the corresponding output:  

 Y= [𝑦1, ………, 𝑦𝑛2
]. 

The error vector will be:    𝑒𝑘 = 𝑦𝑘
𝑑𝑒𝑠 −  𝑦𝑘                                                  𝐴. 3             

Where: 𝑦𝑘
𝑑𝑒𝑠 is the desired output. 
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Using the least squares calculation method, we calculate the operators 𝑤 which minimize 

the sum of squares of the error function [160]. 

 𝐸 =
1

2
∑ 𝑒𝑘

2𝑛2
𝑘=1 =

1

2
 ∑ (𝑦𝑘

𝑑𝑒𝑠 −  𝑦𝑘)2𝑛2
𝑘=1                                𝐴. 4 

The gradient of an error area of 𝑛 dimensions is given by the vector defined by the partial 

derivatives of the error function. When a minimum is reached, the function: 
𝜕𝐸

𝜕𝑤
  will be zero 

for all values of  𝑤. 

Since the gradient is given by the partial derivatives, if we use as weights variation ∆𝑤 

proportional to the derivatives, we obtain the corresponding error: [160] 

 Δ𝑤 = −𝜂 
𝜕𝐸

𝜕𝑤
                                                                                   𝐴. 5                                        

 With:  0 < 𝜂 < 1 

We should not forget that we have hidden layers, we then back-propagate the committed 

error backwards until the input layer, so: 

- For the output layer:  

  
𝜕𝐸

𝜕𝑤𝑘𝑗
=

𝜕𝐸

  𝜕𝑦𝑘
∙  

𝜕𝑦𝑘

𝜕𝑎𝑘

∙
𝜕𝑎𝑘

𝜕𝑤𝑘𝑗
                                                                 𝐴. 6 

We have: 

𝜕𝐸

𝜕𝑦𝑘
  = − (𝑦𝑘

𝑑𝑒𝑠 − 𝑦𝑘),          because:     𝐸 =
1

2
∑ (𝑦𝑘

𝑑𝑒𝑠 − 𝑦𝑘)2𝑛2
𝑘=1     

 
𝜕𝑦𝑘

𝜕𝑎𝑘
  = 𝑓′(𝑎𝑘),               because:       𝑦𝑘 = 𝑓(𝑎𝑘) 

𝜕𝑎𝑘

𝜕𝑤𝑘𝑗
  = 𝑥𝑗  ,             because:      𝑎𝑘 = ∑ 𝑤𝑘𝑗 ∙ 𝑥𝑗

𝑛1
𝑗=1   

We put:             𝐸𝑟𝑟𝑘 = 
𝜕𝐸

𝜕𝑎𝑘
  = −(𝑦𝑘

𝑑𝑒𝑠 − 𝑦𝑘) ∙ 𝑓′(𝑎𝑘)                                      𝐴. 7 

Therefore:        
𝜕𝐸

𝜕𝑊𝑘𝑗
 =  𝐸𝑟𝑟𝑘 ∙ 𝑥𝑗                                                                              𝐴. 8 
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- For the hidden layer : 

 
𝜕𝐸

𝜕𝑤𝑗𝑖
=

𝜕𝐸

𝜕𝑦𝑘
∙

𝜕𝑦𝑘

𝜕𝑎𝑘
∙

𝜕𝑎𝑘

𝜕𝑥𝑗
∙

𝜕𝑥𝑗

𝜕𝑎𝑗
∙

𝜕𝑎𝑗

𝜕𝑤𝑗𝑖
                                        𝐴. 9 

We have: 

𝜕𝑎𝑘

𝜕𝑥𝑗
   = 𝑤𝑘𝑗                   because:         𝑎𝑘 = ∑ 𝑤𝑘𝑗 ∙  𝑥

𝑛1
𝑗=1 j 

𝜕𝑥𝑗

𝜕𝑎𝑗
   =  𝑓′(𝑎𝑗)              because:         𝑥𝑗 =  𝑓(𝑎𝑗) 

𝜕𝑎𝑗 

𝜕𝑤𝑗𝑖
   =   𝑥𝑖                   because:         𝑎𝑗 = ∑ 𝑤𝑗𝑖 ∙ 𝑥𝑖  

𝑛0
𝑖=1   

So: 

𝜕𝐸

𝜕𝑤𝑗𝑖
   = 𝐸𝑟𝑟𝑘 ∙  𝑤𝑘𝑗 ∙  𝑓′(𝑎𝑗) ∙  𝑥𝑖  

 

We put:            𝐸𝑟𝑟𝑗 = 𝐸𝑟𝑟𝑘 ∙  𝑤𝑘𝑗 ∙  𝑓′(𝑎𝑗)                                                      𝐴. 10 

 

 So: 

                   
𝜕𝐸

𝜕𝑤𝑗𝑖
  = 𝐸𝑟𝑟𝑗 ∙  𝑥𝑖                                                                          𝐴. 11 

 

- Weight's change: 

1- Output layer : 

    𝑤𝑘𝑗  =  𝑤𝑘𝑗  +  𝛥𝑤𝑘𝑗  =  𝑤𝑘𝑗 − 𝜂 
𝜕𝐸

𝜕𝑤𝑘𝑗
  =  𝑤𝑘𝑗 − 𝜂 ∙ 𝐸𝑟𝑟𝑘 ∙ 𝑥𝑗         𝐴. 12 

2-  Hidden layer: 

               𝑤𝑗𝑖  =  𝑤𝑗𝑖 − 𝜂 ∙ 𝐸𝑟𝑟𝑗 ∙ 𝑥𝑖                                                            𝐴. 13 
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Annex B: Belief Masses Modeling 

 

There are methods of belief masses modeling that can be used specifically for example in 

image processing [157]: 

- Image's histogram:  

This approach is interesting in the case where the histogram gives relevant information for 

the separation of classes. In the works of M. Rombaut and Y. Zhu [158,159], authors do an 

analyze of the image's histogram h. The peaks of h are considered as simple hypotheses and the 

transitions between these hypotheses as multiple hypotheses. 

Figure B.1 presents an example of histogram for a simple image. Figure B.2 presents two 

histograms from two different sources that will be fusion. And figure B.3 presents the simple 

and multiple hypotheses with the parameters used for the modeling of information concerning 

the element 'x'. 

 

     

Figure B.1: Simple image and its histogram. 
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Figure B.2: Two examples of histogram modeled by the sum of Gaussian curves. 

 

Figure B.3: Definition of parameters and method of masses' estimation. 
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From the example given in figure B.3, the new element 'x' falls in the intervals of classes 𝐶2, 

𝐶1,2 and 𝐶1,2,3. The modeling of masses for 'x' in this example is then given by the following 

expression: 

𝑚x(𝐶2) = 𝐾x  × [ ℎ(x) − ℎ(𝐶1,2)]                                      𝐵. 1 

𝑚x(𝐶1,2) = 𝐾x  × [ ℎ(𝐶1,2) − ℎ(𝐶1,2,3) ]                            𝐵. 2 

𝑚x(𝐶1,2,3) = 𝐾x  × [ ℎ(𝐶1,2,3) ]                                           𝐵. 3 

And in general case: 

 

𝑚x(𝐻1
x) = 𝐾x  × [ ℎ(x) − ℎ(𝐻2

x) ]                                      𝐵. 4 

𝑚x(𝐻𝑖
x) = 𝐾x  × [ ℎ(𝐻𝑖

x) − ℎ(𝐻𝑖+1
x ) ]                                𝐵. 5 

𝑚x(𝐻𝑛
x) = 𝐾x  × [ ℎ(𝐻𝑛

x) ]                                                   𝐵. 6 
 

With:  𝐻1
x ⊂ 𝐻2

x ⊂ ⋯  ⊂ 𝐻𝑛
x,    and     𝐾x = 1

ℎ(x)⁄  :  a standardization term. 

In order to reduce the noise, often present in histograms, authors proposed to smooth the 

image before applying the method [157]. 

 

 

 

 

 

 

 

 

 

 

 

 

… 

… 



 
104 Annex C                                                                             Example of Evidence Theory Use      

Annex C: Example of Evidence Theory Use 

 

 

To implement the evidence theory and clarify its use, in this appendix we present a simple 

example on the application of the evidence theory and on the combination of information from 

different sources. 

Suppose that three people, Paul (P), Jean (J) and Simone (S) are dining together in the house 

of their friend Antoine. After dinner they decided to listen to classical music in the living room. 

In this room Antoine keeps a very precious gem. He told his friends it was a gift from his 

grandmother. After a beautiful evening the three friends left and Antoine slept. The next day he 

discovers, shocked, that the gem has disappeared. No one can enter this room. One of the three 

friends took the gem. 

The detectives and after interrogations allocated masses for the different elements of the 

discernment set. 

The discernment set in this case is formed by the three friends: 

Ω = {𝑃, 𝐽, 𝑆}                                                                             𝐶. 1 

Which implies that the power set is: 

2Ω = {∅, 𝑃, 𝐽, 𝑆, {𝑃, 𝐽}, {𝑃, 𝑆}, {𝐽, 𝑆}, {𝑃, 𝐽, 𝑆}}                     𝐶. 2 

 

The masses assigned by the detectives are as follows: 

Event Subset Masse 

No one is guilty ∅ 0 

P is guilty 𝑃 0.2 

J is guilty 𝐽 0.1 

S is guilty 𝑆 0.1 

P or J is guilty {𝑃, 𝐽} 0.2 

P or S is guilty {𝑃, 𝑆} 0.2 

S or J is guilty {𝐽, 𝑆} 0.1 

One among the 3 is guilty {𝑃, 𝐽, 𝑆} 0.1 

Table C.1 Masses assigned by the detective.   
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Credibility is the total belief that can be attributed to an element (see Equation III.9). For 

example, the credibility that Paul or John is guilty is expressed as follows: 

𝑏𝑒𝑙( {𝑃, 𝐽} ) = 𝑚(𝑃) + 𝑚(𝐽) + 𝑚( {𝑃, 𝐽} ) = 0.2 + 0.1 + 0.2 = 0.5 

Therefore: 

Subset Masse Credibility (𝒃𝒆𝒍) 

∅ 0 0 

𝑃 0.2 0.2 

𝐽 0.1 0.1 

𝑆 0.1 0.1 

{𝑃, 𝐽} 0.2 0.5 

{𝑃, 𝑆} 0.2 0.5 

{𝐽, 𝑆} 0.1 0.3 

{𝑃, 𝐽, 𝑆} 0.1 1 

Table C.2 Credibility of the power set elements.   

 

Plausibility is the maximum belief that can be attributed to an element (see Equation III.10). 

The plausibility that Paul or John is guilty is expressed as follows: 

𝑃𝑙( {𝑃, 𝐽} ) = 𝑚(𝑃) + 𝑚(𝐽) + 𝑚( {𝑃, 𝐽} ) + 𝑚( {𝑃, 𝑆} ) + 𝑚( {𝐽, 𝑆} ) + 𝑚( {𝑃, 𝐽, 𝑆} )

= 0.2 + 0.1 + 0.2 + 0.2 + 0.1 + 0.1 = 0.9 

Therefore: 

Subset Masse Plausibility (P𝒍) 

∅ 0 0 

𝑃 0.2 0.7 

𝐽 0.1 0.5 

𝑆 0.1 0.5 

{𝑃, 𝐽} 0.2 0.9 

{𝑃, 𝑆} 0.2 0.9 

{𝐽, 𝑆} 0.1 0.8 

{𝑃, 𝐽, 𝑆} 0.1 1 

Table C.3 Plausibility of the power set elements.   
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The probability that a set E is true falls in the interval bel(E) and Pl(E). This interval 

measures the certainty that we have on a given element. 

Subset Credibility (𝒃𝒆𝒍) Plausibility (P𝒍) 

∅ 0 0 

𝑃 0.2 0.7 

𝐽 0.1 0.5 

𝑆 0.1 0.5 

{𝑃, 𝐽} 0.5 0.9 

{𝑃, 𝑆} 0.5 0.9 

{𝐽, 𝑆} 0.3 0.8 

{𝑃, 𝐽, 𝑆} 1 1 

Table C.4 Credibility and Plausibility of the power set elements.  

  

We assume now that there are two detectives and each one has an opinion concerning the 

situation. Each detective is considered as an independent source of information S1 and S2. 

 

Element ∅ 𝑃 𝐽 𝑆 {𝑃, 𝐽} {𝑃, 𝑆} {𝐽, 𝑆} {𝑃, 𝐽, 𝑆} 

𝑚1 0 0.2 0.1 0.1 0.2 0.2 0.1 0.1 

𝑚2 0 0.1 0.1 0.1 0.3 0.1 0.2 0.1 

Table C.5 Masses assigned by the detectives.   

 

Dempster's orthogonal combination law allows to fusion the information given by the two 

detectives in order to create a new global mass on the discernment set (See equation III.13).  

The normalization term k is equal to: (See equation III.14) 

𝑘 = ∑ 𝑚1(𝐵1) × 𝑚2(𝐵2)

𝐵1∩𝐵2=∅

 

 = 𝑚1(𝑃) × 𝑚2(𝐽) + 𝑚1(𝑃) × 𝑚2(𝑆) + 𝑚1(𝑃) × 𝑚2({𝐽, 𝑆}) 

 + 𝑚1(𝐽) × 𝑚2(𝑃) + 𝑚1(𝐽) × 𝑚2(𝑆) + 𝑚1(𝐽) × 𝑚2({𝑃, 𝑆}) 

 + 𝑚1(𝑆) × 𝑚2(𝑃) + 𝑚1(𝑆) × 𝑚2(𝐽) + 𝑚1(𝑆) × 𝑚2({𝑃, 𝐽}) 

 + 𝑚1({𝑃, 𝐽}) × 𝑚2(𝑆) + 𝑚1({𝑃, 𝑆}) × 𝑚2(𝐽) + 𝑚1({𝐽, 𝑆}) × 𝑚2(𝑃) 
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  =  0.2 × 0.1 + 0.2 × 0.1 + 0.2 × 0.2 + 0.1 × 0.1 + 0.1 × 0.1 + 0.1 × 0.1 

  + 0.1 × 0.1 + 0.1 × 0.1 + 0.1 × 0.3 + 0.2 × 0.1 + 0.2 × 0.1 + 0.1 × 0.1 

  = 0.21 

 

Which implies that: 

1 (1 − 𝑘)⁄ = 1 (0.79)⁄  

The new mass assigned to the subset {𝑃, 𝐽} after the combination is calculated as follows: 

𝑚({𝑃, 𝐽}) =
1

1 − 𝑘
 ∑ 𝑚1(𝐵1) × 𝑚2(𝐵2)

𝐵1∩𝐵2=𝐴

 

= (1 0.79) × [⁄ 𝑚1({𝑃, 𝐽}) × 𝑚2({𝑃, 𝐽}) + 𝑚1({𝑃, 𝐽}) × 𝑚2({𝑃, 𝐽, 𝑆}) 

+ 𝑚1({𝑃, 𝐽, 𝑆}) × 𝑚2({𝑃, 𝐽})] 

=  (1 0.79) × (⁄ 0.2 × 0.3 + 0.2 × 0.1 + 0.1 × 0.3) 

= (0.11 0.79) = 0.14⁄  

The new masses assigned to the different subsets of the power set after the application of 

orthogonal law are then: 

Element ∅ 𝑃 𝐽 𝑆 {𝑃, 𝐽} {𝑃, 𝑆} {𝐽, 𝑆} {𝑃, 𝐽, 𝑆} 

𝑚1 0 0.2 0.1 0.1 0.2 0.2 0.1 0.1 

𝑚2 0 0.1 0.1 0.1 0.3 0.1 0.2 0.1 

𝑚 0 0.316 0.227 0.177 0.139 0.063 0.063 0.013 

Table C.6 Global masses of the power set elements. 

Once the global masses are calculated, the global plausibility and credibility can be 

calculated like the previous cases and are equal to: 

Element ∅ 𝑃 𝐽 𝑆 {𝑃, 𝐽} {𝑃, 𝑆} {𝐽, 𝑆} {𝑃, 𝐽, 𝑆} 

𝑚 0 0.316 0.227 0.177 0.139 0.063 0.063 0.013 

𝑏𝑒𝑙 0 0.316 0.227 0.177 0.682 0.556 0.467 1 

𝑃𝑙 0 0.531 0.442 0.316 0.823 0.773 0.684 1 

Table C.7 Global plausibility and credibility. 

If we consider the maximum of plausibility as a decision law (see equation III.16) and in the 

case of simple hypotheses (𝑃, 𝐽, 𝑆), the hypothesis 𝑃 will be chosen as solution for this problem: 

𝑃𝑙(𝑃) > 𝑃𝑙(𝐽) > 𝑃𝑙(𝑆). So, Paul is guilty with a plausibility = 0.531. 
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Annex D: Example of Fusion by Bayesian Approach 

 

 

In order to clearly show all necessary steps to obtain a segmented fusion image, we will 

apply the Bayesian fusion algorithm on images obtained by simulation. These images, which 

are shown in figure D.1, are made up of a number of rectangles situated in the center of the 

image. There are three rectangles in each image. With the background, we are therefore in the 

presence of four objects, or four classes. The parameters of these classes are presented in Table 

D.1. The used noise is an additive Gaussian noise, of zero mean. 

 

Figure D.1: Simulation images used to explain the fusion methodology using Bayes method. 

 

 Class 1 Class 2 Class 3 Class 4 Noise's Variance 

Population 70 % 10 % 10 % 10 %  

Mean (image 1) 45 50 100 150 10 

Mean (image 2) 50 100 180 200 15 

Table D.1: The used parameters during the numerical simulation. 

 

To fusion the two images using the Bayesian approach, we take the gray level  𝑚𝑗   of a pixel 

as primitive from the images. The different hypotheses here are the different regions of the 

simulated images. 
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The fusion process essentially contains four stages: 

a)  A first number of classes is defined; 

b)  Histogram models are constructed to allow the fusion of images; 

c)  Each pair of pixels in the two images is fusion using the Bayes rule. 

d)  A fusion image is obtained by taking the decision using the MAP criterion. 

The parameters of classes are then adapted according to the current segmentation. Steps b) 

to d) are then repeated until the algorithm's convergence. 

- Probability modeling 

In absence of any information on classes distribution, we assume the hypothesis of the 

equiprobability of different classes. If we call 𝑘 the number of classes supposed to be present 

in the image, we have that: 

∀𝑖,   𝑃(𝐻𝑖) =  
1

𝑘
                                                                                   𝐷. 1 

Concerning the likelihood functions 𝑃(𝑚𝑗 /𝐻𝑖) which measure the probability of a 

considered gray level 𝑚𝑗  given the hypothesis 𝐻𝑖, we place ourselves under the Gaussian 

hypothesis and we can use the following formula: 

𝑃(𝑚𝑗 /𝐻𝑖) =
1

𝜎𝑖√2𝜋
exp (−

(𝑚𝑗  − 𝐻𝑖
̅̅ ̅)

2

2𝜎𝑖
2 )                                   𝐷. 2 

where  𝐻𝑖
̅̅ ̅ represents the mean and 𝜎𝑖 is the standard deviation of the Gaussian expression. 

If we do not have other information on the likelihood function, we assume that, for a given 

image, each likelihood function has the same standard deviation 𝜎, which is determined by the 

histogram's dynamics of each original image.  

The histogram of each image is split into 𝑘 intervals of the same length between the 

minimum gray level and the maximum gray level of the image. The means 𝐻𝑖 of each class are 

the centers of these intervals. The standard deviation of the classes 𝜎𝑖 is calculated in a way that 

the intervals between the extremities of the considered class are equal to 2𝜎𝑖, which represents 

69% of the class’s population. 

Figure D.2 shows the initial histogram (represented by the thickest curve) of an image with 

three classes (represented by the three thinner curves). Note that the two images use the same 

initial histogram model. 
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Figure D.2: Modeling of an initial histogram with three classes. 

Each class is therefore determined by five parameters: 

-  Its population in percentage 

-  Its gray level average in the two original images 

-  Its variance in the two original images. 

- Decision making  

From the class modeling and histograms that we have defined above, we can apply the Bayes 

rule for all hypotheses and all grayscale couples (see equation III.33). We thus obtain 𝑘 a 

posteriori probability, and we choose the hypothesis corresponding to the MAP. 

After having obtained a first segmentation, we can then update the parameters of different 

classes (𝐻𝑖
̅̅ ̅, 𝜎𝑖 and 𝑃(𝐻𝑖)) from this classification. The parameters of each class are re-updated 

after each segmentation of the images. The process is reiterated until the convergence of the 

algorithm, that is to say until no pixel changes class from one iteration to another. 

The fusion results are shown below. The first image shows the reference image, the second 

shows the result of our method and the third shows the error image. 
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Figure D.3: Fusion results: 

Left: reference image. Middle: fusion image. Right: error image. 

 

For an image of 256 x 256 pixels, only 1.23% of the pixels were misclassified. 

 

 

 

 

 


