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The aim of this thesis is to deploy and develop mathematical models to digitally simulate the human faces at any target age. The state-of-the-art in ageing modeling has not addressed the role of biological maturation from infancy to young adulthood where the anthropometrical displacements are occurring. In addition, the three dimensional (3D) face representation is considered in this thesis. The depth and pose variation provides additional information to represent faces accurately.

Contrary to numerous studies that focused on 2D facial ageing and predicting the face appearance in the future, this thesis proposes the mathematical de-ageing and ageing models using 3D facial textured meshes of human faces considering the natural trajectory of ageing development during childhood, adulthood and senility.

For the purpose of model construction, the face templates are reconstructed in 3D for the age groups from 3 to 75 years old for both genders.

To validate the results, three metrics are defined to assess the faces from textural, geometrical and landmark distortion aspects. The metrics were applied on the collected database Face Time-Machine (FaceTim V.2.0) which contains the ground truth 3D faces. The results of the performance evaluation metric on the deageing model known as 3D B-FAM show the similarity rate of 75% which means the model does not represent significant disparity.

Having considered that facial ageing phenomenon rely on various intrinsic and extrinsic circumstances, we propose a dynamic shape model as a fusion of de-ageing ageing models. This model takes into account the facial shape variations due to lifestyle and nutritious diet. The rendering results indicate that they are perceptually satisfying. Besides, the evaluation results show that the proposed models are remarkably accurate to predict the correct face appearance of an individual in the target age and shape.

Furthermore, we address facial asymmetry for methamphetamine addicts using a collected drug-addicted face database. The facial asymmetry is assessed by employing the structural similarity index for textural aspect; and bilateral features for morphological quantification. Statistical analysis indicates a significant increment of facial asymmetry for methamphetamine addicts while ageing. The statistical analysis shows that for drug-addicts, the asymmetry measurement in faces before using drugs is 2% in geometry aspect and it reaches to more than 5%. This increment is seen in textural aspect where the similarity index is 28% and points to 39% for drug addicts.
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Introduction

Face perception is a powerful channel for human social interaction. Human face as a complex structure composed of diverse soft and hard tissue layers is a primary source of information in revealing the person's age, gender and ethnicity.

Human face has been thoroughly studied from different perspectives across several disciplines such as neuroscience, psychology, anthropometry, medical and computer science. According to neuroscience, it is widely accepted that face perception is perhaps the most highly advanced human visual skill. The very first field of debates in psychological studies was determining the best way of visualizing the face for modeling human perception. Specific facial elements such as the eyes, mouth, and nose have significant importance as they deliver most of the audiovisual information expressed by humans.

As one of the most complex facial traits, the human facial shape topology, differed due to many factors such as genetics, ethnicity, age, gender, and health.

Mature features in adult human faces reflect the masculinization or feminization of their characteristics that occur at puberty. Larger jawbones, more prominent cheekbones and thinner cheeks and lips are all features of male faces that differentiate them from female faces.

The course of life can be divided into two broad periods: growth and ageing, from infancy to youth and from youth to senescence, respectively. During the growth process, most of the facial changes are geometrical, while texture undergoes minor alterations. In contrast, in ageing trajectory, since the face and its components reach their adult size and shape while entering adulthood, most of the alterations occur in texture and geometry does not undergo drastic changes.

The first part of this research aims to consider de-ageing pattern of the face to simulate "digital rejuvenation" of the face of an individual (i.e. backward model) in which transposition of approaches to a specific age range should be studied. Facial de-ageing modeling aims to estimate and simulate an individual's facial appearance at its young adulthood and childhood using an adult face as an input and can be explained as a reconstructive backward facial model which is able to mathematically rejuvenate the 3D faces. In the present study, we establish a 3D dynamic morphable model, based on a database of 3D face textured meshes of both females and males, which allows reconstructing young 3D faces of a person from an input face at an older age. This model can be employed as a potential solution in biometric security, forensics and general computer vision applications. In this area, the state-of-the-art does not adequately address this issue. Thus, we believe that this inverse model will help to develop interesting applications, especially considering its psychological impact on persons belonging to a specific age.

Moreover, the other part of this study is to develop a mathematical model to consider the evolution of the facial features of an individual when it reaches a particular age. The mystery of human longevity has been receiving much consideration to search for a better life quality of individuals. Facial aging has gained wide popularity in recent years due to numerous applications in biometrics, forensic, security, healthcare and searching for missing children. Aging is an inevitable complex process that affects both the face shape and texture; however, it is neither uniform nor linear. According to the morphological studies, the face does not age homogeneously and its aging process is associated with many dynamic components which is associated with variations in all structural layers of the face, hard craniofacial tissues and soft tissues, namely, skeleton, muscle, fat, and skin. Facial skeleton does not grow heterogeneously as a result of aging i. e. all different bones are not involved in the same growth pattern. Most of the facial muscle alterations emerge from the loss of skeletal muscle mass and strength that take place by aging.

Pattern of the fat deposition on the face undergoes specific alterations due to the aging process. Skin is the most superficial and complex structural layer of the face that its appearance is the primary indicator of the age. It changes in function and structure and becomes thinner with age. To brief, changes in the balance of facial layers cause the phenomenon of aging, based on which a facial aging model is built.

Proposed model aims to mathematically predict and simulate an individual's facial appearance in the forthcoming years until it reaches to 80s using an input 3D facial textured mesh at current age.

Facial aging model takes the following factors into consideration: (1) the facial characteristics of an individual, (2) its lifestyle and addiction to certain drugs. In terms of applications, such tool can be used to:  Educate children in schools about the risks of taking certain substances and its impact on their health; including their appearance physical.

 Predicting the aging of missing individuals in forensics.

The studies have been conducted on 2D digital images helped to develop the first models, integrating both the geometric information of the face (e.g. consideration of skin elasticity due to aging) and texture information (e.g. appearance of wrinkles and training). Thus, the mission in this thesis was to establish an extension of 2D to 3D models, employing the following steps:

1. Capture: a protocol of acquisition system is set up to scan the 3D geometric structure of the face. The performances by mesh technique and UV Map of facial texture, are worth considering.

Characterization:

this is extracted from 3D facial features of the mutual geometry and texture information.

3.

Modeling: develop a non-linear model of facial aging and de-ageing. The features extracted in phase 2 will be integrated into the proposed model to predict numerically. Reconstructed face models are required to be reliable and accurate.

Validation:

This last phase aims to evaluate the performance of the proposed model.

The main challenge of aging simulation is that the facial feature changes due to aging varies for different humans. Gender plays an important role in the aging process. Knowing the aging process pattern and predicting an individual's facial components according to the growth curves, some solutions may be proposed to slow down such impacts. The techniques and mechanisms associated in extracting the important facial features are complex as faces visualize many different types of important and vital clues, it can become more challenging by going beyond and adding one more dimension to represent the face with a massive amount of data in three-dimensions.

Although the ageing pattern generally differs from a person to another, the same age group of individuals may share mutual skin texture and facial shape traits which bring about classifying them into a number of age groups using some of their facial features. In some age ranges, significant face variations occur in both shape and skin texture. As a result, 3D facial changes can be defined as anthropometrical (mesh topology) and textural spaces. During childhood, most of the changes are anthropometrical and texture has subtle alterations. Contrarily, throughout the young adulthood to older ages, the most significant changes appear on the textural aspect of the face. Within this context, decreasing a face age down to its childhood period requires reliable geometrical and textural face models. In order to trace the aging pattern, an extension to third dimensional space (3D), provides additional information to compensate the depth and pose variation. Hence, 3D modeling is applicable to capture the aging patterns and can be best analyzed to obtain more realistic results.

The extension of the previous work to the third-dimensional space is logical since faces can be thought of as surfaces in a multidimensional space. A threedimensional (3D) face model represents a massive collection of points in 3D space, connected by numerous geometric entities of 3D file formats. Generally speaking, it is complicated to extract reliable facial features in 3D environment as they are numerous; however, the depth (third dimension) and pose variation provides additional information to represent faces accurately. A 3D face representation has been widely discussed in psychological and neurophysiological studies regarding the face recognition as well as in computer vision literature. Hence, when dealing with 3D faces, they provide an accurate definition of the face representation, adequately.

To sum up, this thesis addresses a research aimed at proposing some reliable models for the evolution trajectory of the human face from infancy to senility.

Furthermore, the impacts of some extrinsic factors are considered.

The fundamental objectives of this thesis are:

1. Filling the void of reliable 3D face modeling in facial de-ageing and ageing studies.

Filling the void of childhood face modeling in facial ageing studies.

According to the literature, most of the prior studies consider predictive models to estimate the face appearance in the future. Those few works that present de-ageing models, considered old ages to young adulthood where childhood modeling is not addressed.

Proposing a facial ageing model for natural ageing process in order to

predict the face at any given age and provide a base model for more specific predictive models taking into account various extrinsic factors.

With these objectives, the thesis is commenced with raising the following questions about the evolutionary trajectory of human face from birth to senility:  What kind of changes occur in the face throughout the growth procedure from infancy to young adulthood?  What kind of changes arise in the face during ageing trajectory from young adulthood to senior adulthood and senility?

 How to propose a data acquisition protocol for the purpose of creating 3D textured mesh faces?  How to characterize 3D faces to obtain the best features for the purpose of modeling and how to represent 3D face renderings?  What are the impacts of some lifestyles and extrinsic factors which are commonly associated with aspects of facial ageing and how do they affect the face's apparent age?

Thesis Contribution

The main contributions in this thesis are mentioned below:

3D Backward Facial Ageing Model:

The de-ageing model known as 3D Backward Facial Ageing Model (3D B-FAM) is proposed, aiming at digitally rejuvenating an adult person's face down to its childhood to 3 years old. 3D face textured meshes are employed for this purpose. The Face Template is reconstructed in 3D based on different facial components and face contour which were adjusted nonlinearly. The facial mesh and texture can be morphed automatically from input face age to the target age.

3D Forward Facial Ageing Model:

The natural ageing trajectory is taken into account to build 3D Forward Facial Ageing Model (3D F-FAM). This model predicts the face appearance in older ages to its 80's. Then, the impact of ageing on 3D verification system is studied using the faces obtained from our model and then used in evaluation phase. In addition to the classical applications of this model, the principal advantage of this model is to be employed as the primal facial ageing model for any other supplementary ageing models such as the Behavioral Shape Model in which it considers different factors during ageing process of an individual. 3D F-FAM, mainly emphasizes on the facial texture transformations from input age to the target age after a certain age where facial geometry has minor, yet not ignorable, changes. First, the suitable template is selected from the Predictive Face Template and then the face will be morphed to the target age with changing its mesh and texture simultaneously.

3D Face Time Machine Matrix: 3D Face Time Machine Matrix or a

Dynamic Shape Model as a fusion of two models of ageing and de-ageing with taking into account the facial shape variations due to lifestyle and behavioral factors is presented. This is the first time that the effects of lifestyle are considered in 3D facial ageing modeling. The main goal of these models is to show the effects of the lifestyle habits on the face shape by estimating the faces in any age in the future or even past in case of becoming slim or fat and visualizing its impact on the face shape.

Face Asymmetry Assessment for Methamphetamine-addicts:

The methamphetamine drug abuse impact on the face appearance has been studied to show the catastrophic effects of using this substance on the face and the impact of methamphetamine on facial asymmetry has been quantified in 3D employing 3D textured mesh faces to state that methamphetamine addiction results in distortion of the face. Accordingly, the statistical results obtained from the employed metrics gives an affirmative answer to the question "does drug addiction, mainly methamphetamine, affect face symmetry?

To build the models, 3D Face database containing Face Templates of defined age groups from 3 to 75 years old are constructed. This database is reconstructed to 3D from a database, named Facial Ageing Modeling Database (FAMD) which contains about 1600 facial images. These Face Templates can be used as the face prototypes for different gerontology studies. Besides, Face Time-Machine Database (FaceTiM V2.0) consists of 500 facial textured meshes from 150 subjects of 75 females and 75 males is created during the proposed acquisition protocol. This database is created essentially to test and evaluate the results. This database can be used as the reference to evaluate the results for different 3D gerontology studies. Furthermore, Face Time Machine simulator is used as an operational platform to simulate, visualize, render, compare and save 3D facial textures meshes and their statistics. This simulator is associated with some general 3D mesh processing features and visualization techniques. The system is able to represent the morphing process of the individual's face from input age to target ages in the future or previous years. The interval of the choice is between 3 to 75 years. Visualizing the color map differences of the meshes for evaluation aspect.

Thesis Structure

In Chapter 1 the theory of facial growth and maturation along with the understanding of facial ageing process is given. It starts with a brief statement of the different structural layers of the face, comprising of skeleton, muscle, fat and skin and the effects of ageing on each layer. A literature review is done on two main topics: the facial ageing modeling for the purpose of predicting the face appearance in the future and the state of the art on 3D facial modeling for simulating the childhood face of the individuals. The noteworthy contributions in the facial ageing modeling topic, sorted in date order, are cited along with explaining the methods of the proposed works.

Chapter 2 addresses different 3D reconstruction methods and acquisition techniques. Then, the fundamentals of 3D object representations consisting of mesh layout and different formats are presented. Afterwards, the principles of 3D face visualization and characterization are given. Formerly, the existing 3D face databases used in face recognition, age estimation and age modeling are introduced. The characteristics of created database, FaceTiMV2.0, obtained from our acquisition protocol is explained in the last part of this chapter.

Chapter 3 presents digital facial image de-ageing using 3D Backward Facial Ageing Model (3D B-FAM). It starts with perusing craniofacial morphology growth in addition to defining the components' size and distances used in geometrical measurements for the purpose of using them in constructing the Face Templates which its construction is explained in the following. Then, the age groups are explained for studied age gaps from birth to senior adulthood. Afterwards, the model is proposed as a mathematical equation between the weighted mesh and texture of the 3D face. The performance evaluation modes are presented and then the results are evaluated using given evaluation methods.

Chapter 4 introduces 3D Forward Facial Ageing Model (F-FAM) that approximates the face in its future in the natural life conditions. In this proposed model, since the input face meets its adult size, minor geometrical changes are applied. Face texture is adapted to the target age using the corresponding face template. Also, the impact of ageing on 3D verification systems for the security applications is quantified. Finally, performance evaluation metrics are performed to assess the obtained results.

Chapter 5 proposes 3D Face Time Machine Matrix or a Dynamic Shape Model as well as quantification of facial asymmetry distortion on 3D facial textured meshes.

First extrinsic and intrinsic influential determinants of facial ageing are discussed.

Then, the general approach to construct the Dynamic Shape Model is explained. The aim of these models is to illustrate the damaging impacts of some high-risk lifestyle on the face. Furthermore, global impact of methamphetamine abuse on face appearance is explained. The asymmetry is measured on the faces of drug-addict database in the early and late stage of consuming drugs. The statistic results are obtained proving the asymmetry distortion on drug abusers' faces.

The thesis is concluded in Chapter 6, with the discussion on results and envisioned perspectives. 

Summary:

This chapter provides the theory of facial growth development from birth to young adulthood and then the facial ageing process from adolescence to senior adulthood including all changes which occur on the facial appearance in soft and hard tissues as well as the anthropometric transformations.

Then, the current state-of-the-art on the facial ageing issue along with offering an overview pertaining to facial ageing and de-ageing modeling in computer vision field are presented.

Face ageing has been widely considered in many studies regarding all the potential applications. However, the de-ageing known as the rejuvenation or backward modeling has recently received more attention. Previous studies mainly focused on rejuvenating faces from aged adults into young adults using twodimensional (2D) models. In this work, we propose an extension of a previous 2D adult-child Backward Facial Ageing Model (B-FAM) into 3D model.

In this chapter, first, facial growth from biological point of view is discussed in Section 1.1. Then in Section 1.2, facial ageing trajectory and the theory behind facial maturation are explained. Then in Section 1.3, state-of-the-art on facial ageing and de-ageing model in computer vision field in both two and three-dimension are brought up. The chapter is concluded in Section 1.4.

Understanding of Facial Growth

The human face growth pattern arises a number of the foremost advanced challenges in biology which results in attracting the attention of many anatomists and face morphology researchers.

There are various aspects in craniofacial growth process which need to be considered in facial growth trajectory. Facial growth is the set of series of the gradual maturational process of each skeletal tissue which comprises the face. A typical uniform face is the result of a succession of changes in regional proportions of over simply bone growth which consists of harmony between normally functioning muscles, correct nutrition and therefore the capacity to breathe regularly. Scientists have demonstrated that once these sensitive adjusts are fluctuated, wellbeing and appearance will be impacted.

Facial growth is the process in which the adaptability of different parts relationships occur where soft tissue and hard tissue growth are adjusted with each other. In this procedure, according to Scammon's growth curve, see Growth of such a complex organ cannot be inferred without an explicit knowledge of the development of its organs and tissues, for example, the skull, eyeballs, cartilage and muscle, which impact various pieces of the facial development in different extents at various times of improvement.

The child face is comprised with a high forehead without eyebrow ridges, short nose with low nasal bridge, salient cheekbones, large and wide eyes, and a flat face.

In the vertical direction, the child face is short due to small nasal part [START_REF] Enlow | Handbook of Facial Growth[END_REF]. During the growth, the facial and cranial components increment in size, change in structure and become more grounded. It initiates at about the season of birth and happens to more prominent centrality as advancement continues.

In the following, the growth-related variations, in both hard and soft tissues, for different facial components are briefly discussed.

Forehead: This region has a relatively fast growth rate as 90% of its growth terminated by the age of 5 years old. Accordingly, the child's forehead seems very large since other organs of the face are still small. However, in the following years the proportion will be balanced [START_REF] Sharma | Age Changes of Jaws and Soft Tissue Profile[END_REF].

Nose:

The child face comprises small rounded nose which is vertically short.

The nasal bridge is quite low and its shape changes from concave to convex in ageing 

Lips:

In general, the lower lip develops more than the upper lip and the growth occurs earlier in girls than boys. The upper lip commences with accelerated increase in length in the first 3 years from birth. The rate of growth then reduces from age 3 to 6 and again increases gradually until the age of 15. It has been observed in [START_REF] Subtelny | A longitudinal study of soft tissue facial structures and their profile characteristics, defined in relation to underlying skeletal structures[END_REF] that for both females and males, the upper lip increase in thickness from 1 to 14 years old.

However, this increase rate continues after the age of 14 in males only. Lip thickness increment for males from ages 1 to 18 was found to be around 7mm while approximately 6 mm was found for females.

Chin and lower jaw (mandible):

The chin is formed incompletely during the infancy. The lower jaw of the young child is quite small. It has been documented in [START_REF] Genecov | Development of the nose and soft tissue profile[END_REF] that females only had a 1.6mm increase in the chin up to age 18 whereas it was a Facial stature: Facial height is considered as the total upper and lower facial height. Vertical development of the child face takes place because of the both respiratory needs and tooth emission. These development spurts occur during the third and fourth year, from the seventh to eleventh year, and again between the sixteenth and the nineteenth year [START_REF] Sharma | Age Changes of Jaws and Soft Tissue Profile[END_REF]. In later adulthood with the effects of ageing, the existence of less hard tissue in the maxilla diminishes the stature of the face and makes the mandible become increasingly conspicuous. Decrease of facial stature, most set apart in the maxilla and mandible, and emphatically associated with loss of teeth [START_REF] Bartlett | Age-related changes of the craniofacial skeleton: an anthropometric and histologic analysis[END_REF].

Facial width: Child has a wide face which appears inferior in height. Facial width development is related to mandibular, maxillary and zygomatic development.

Facial development emerges for the most part in the vertical bearing contrasted with the level one. Nonetheless, studies demonstrate that the proportion of facial stature/facial width expands from adolescence to adulthood. For instance, in [START_REF] Hehman | The Face -Time Continuum : Lifespan Changes in Facial Width-to-Height Ratio Impact Aging-Associated Perceptions[END_REF] results crosswise over 539 photos in two examples uncover that after immaturity, as people age the face winds up more slender in respect to its stature with diminishing by around 0.003 consistently.

Craniofacial growth is a continuous process pursuing toward later ages. In the following section, the ageing effects on facial appearance after the craniofacial skeleton alterations become quite steady will be presented. It is worth pointing out that the units of changes on facial shape are not noticeable but changes in the craniofacial skeleton has turned into the operational idea instead of end of the procedure.

Development of the face from adulthood to old phase of life, nonetheless, incorporates each of the progressions from a solitary cell till death. The variations on the facial appearance are discussed in the following.

Theory of Maturation in Facial Ageing

Ageing as an inevitable and natural process has most of its effects on facial appearance. Facial maturing is a dynamic procedure created with the maturing example of delicate tissues and skeletal structures. Facial ageing is a complicated modifications of skin textural changes and loss of facial volume alongside the dynamic impacts of time on the delicate tissues and profound auxiliary layers of the face.

There are numerous factors influencing human face. As development procedure happens, the adjustments in the hard and delicate tissues of the face bring about a significant change in structure of the face.

In general, as an individual ages, lower portion of his face seems to stretch, the inter-labial line plummets, and the quantity of vertical strands in the upper lip lessens.

The philtral columns situated above the upper lips become less prominent and the vermillion border progressively orients to a straight line. Expansded nasolabial folds are showed up. The lips start to lose their shapes and become straight and the commissures droop appears as a frown.

A large number of the facial appearances of maturing reflect the consolidated impacts of gravity, dynamic bone remodeling and diminished tissue flexibility. Some aspects of aging are uncontrollable which are mostly related to hereditary factors.

Different factors are genuinely controllable and are to a great extent the aftereffect of presentation to the components and unsafe propensities. In this chapter, we present the natural age related changes in human face. In the following, age related changes in anatomical structures are defined thoroughly.

Other ecological variables that are suggested to influence facial appearance incorporate mental pressure, diet, work propensities, sedate maltreatment, and illness which will be discussed. In chapter 5, we will present different factors effecting ageing and its impact on facial appearance thoroughly.

Structural Components of Facial Ageing

Facial ageing occurs as a result of changes in some sorts of facial tissues, consisting of skin, fat, muscle, and skeletal structure. Changes in any of these auxiliary layers have sway on different layers.

Skeletal Structure

Developing the craniofacial skeleton achieves the adjustments in the elements of bone extension and bone decay. There is a significant loss of facial skeletal structure with age and as a result a noticeable change in facial height and width.

Maturing of the craniofacial skeleton might be because of changes in the elements of bone development and bone resorption; however, every single diverse bone are not influenced in a similar level since the facial skeleton resorption by ageing is heterogeneous. A large number of the facial changes while maturing are the consequence of the joined impacts on geometry and texture of the face. Bone recession prompts to more fragile skeleton as well as evacuating auxiliary help for the overlying tissues. This loss of support adds to skin drooping and detectable changes in different layers of overlying delicate tissue and skin. By age 28 the arrangement and development of the human skeletal framework in many people is terminated and physical changes happening after this formative achievement principally include bone renovating, resorption and tissue degeneration [START_REF] Briggs | Anthropological assessment. In: Craniofacial Identification in Forensic Medicine[END_REF]. Figure 

Fat Structure

Facial aging is identified with soft tissue loss in certain areas and persistence of fat in others [START_REF] Filler | Structural Fat Grafting : More Than a[END_REF]. Fat is sorted out into fat cushions. As the face ages, the fat is vanished or misplaced. The expanded rate in fat in the upper third with respect to the rest of the midface is essentially more prominent. After some time, hard highlights, wrinkles, and creases become increasingly noticeable. As can be seen in Figure 1 In the following, the fat displacement for each region of the face is discussed explicitly. 

Skin Structure

As skin ages, the center layer of skin (dermis) gradually lessens because of collagen decay. The skin's capacity to hold versatility and dampness likewise lessens with age. Subsequently, the skin winds up slim, dehydrated and less versatile as can be seen in Figure 1.4.

Skin wrinkling occurs at some face regions since the skin gets more slender, drier and less versatile and less ready to shield itself from harm. Sagging in other regions can occur due to a lack of elasticity as well as fat accumulation [START_REF] Coleman | The Anatomy of the Aging Face : Volume Loss[END_REF]. From the front the lips are thin and straight. In profile, the cheek is broken, the mandibular bend is supplanted by a jowl line, and the temple and forehead lose their foremost projection.

In order to assess the morphological effects of aging and age related changes in anatomical structures, the face can be partitioned into the upper third (brow and foreheads), center third (midface and nose), and lower third (jawline, chin, and neck) [START_REF] Coleman | The Anatomy of the Aging Face : Volume Loss[END_REF]. Upper third: This area is known to be the first region to show the signs of ageing. By ageing, the facial skeleton including the eye sockets, nose and maxilla continue to transform. The eye sockets expand in both women and men, and the angle of nasal bone decreases which could bring about the formation of frown lines on forehead and saggy lower eyelids. As a results of the loss of completion in the forehead, brow, and upper eyelid zones, the underlying morphological structure is highlighted and the hard layout of the skull become progressively obvious, as do the muscles of the brow and forehead. Consequently, making a progressively skeletal anatomy.

Middle third:

The midface skeleton comprises the maxilla bone and left -right zygomatic bone. The degree of skeleton resorption in the midface is not uniform.

Dental, maxilla and mandible transformations may bring about a general loss of stature, width and volume. In the midface, age-related loss of totality over the cheeks bring about a less sound facial extent. Loss of totality in subcutaneous fat between the muscle and the overlying skin of the lower eyelid brings these tissues into nearer closeness and makes a darker hue to the skin, bringing about a worn out eye appearance. With descending the cheeks' fat, the nasolabial fold appears, abandoning a cheek concavity that is stressed by decrease of malar totality. Ageing additionally changes the cartilaginous, hard and connective tissue structures of nose [START_REF] Edelstein | Aging of the Normal Nose in Adults[END_REF]. Most of the changes in the nose as a result of ageing occur in the glabella, nasion, and medial eyelid [START_REF] Coleman | The Anatomy of the Aging Face : Volume Loss[END_REF]. Smoothing of the average head brings about decelerating of the nasofrontal edge, making the impression of extend nasal dorsum. The connections between the upper and lower horizontal ligaments debilitate, causing dynamic hanging of the nose tip.

Lower third: It has been observed that the aging alterations occurred in the lower third of the face mainly in chin, jawline and the neck zones had impact on the form of these components, chin, lower cheeks and neck. Aging of the mandibular part might be depicted by a few instruments, for example, fat, volume and flexibility misfortune. As the effect of gravity along with loss of elasticity continue, overabundance skin may drop off the mandible. Accordingly, internal aging is the natural and biological aging process where human gets older and associate with reducing collagen and elastin production, sagging skin as a result of decreasing fat cells and keeping moisture, appearance of wrinkles due to muscle reduction and slow production of new skin cells to replace dead skin. As skin progressively loses its elasticity, fat deposits diminishes, along with the resorption of skeletal structure, redundant skin takes place in the lower face, prompting loss of existence of the jawline appearance. As a result of displacement of facial fat to the mandibular border, the facial jowls are formed [START_REF] Coleman | The Anatomy of the Aging Face : Volume Loss[END_REF]. By disappearing the volume in the borders and beneath the chin, the central chin becomes prominent; however, lateral mental decay brings about ptosis of the sidelong chin, which can make the impression of chin extending when seen from the front view [START_REF] Filler | Structural Fat Grafting : More Than a[END_REF]. Chin pad ptosis, which occurs as a result of resorption in mandibular bone structure, further adds to the presence of expanded nasal dorsum length. As the fat fullness around the mandible starts to progressively diminishes, the fat around the jowl, which was used to be covered by the encompassing delicate tissues, is revealed. All in all, these transformations due to the skin laxity prompts the improvement of the trademark wrinkly neck. The deformations regarding the neck and details of lower third of the face is out of the scope of this study as our region of interest is the facial changes as a result of ageing. 

Anthropometric Models

Facial ageing can be displayed utilizing anthropometric information which spotlights on separation estimations between facial component highlights. In general, face anthropometry is the investigation of estimating separations and extents on human countenances [START_REF] Farkas | Anthropometry of the Head and Face[END_REF]. As can be seen in Figure 1.6, face anthropometry was defined by Farkas [START_REF] Farkas | Anthropometry of the Head and Face[END_REF] in view of estimations of 57 focuses on human countenances.

Five measurements between landmarks have been considered in this study characterized as: most limited distance, pivotal distance, extraneous distance, edge of tendency, and point between areas. Accordingly, 132 facial measurements were determined through which some comparing estimations on the left and right of the face were matched. This sort of estimations can be taken by hand by experts in anthropometry or more cutting-edge approaches by 3D scanners [START_REF] Bush | 3-dimensional facial anthropometry using a laser-surface scannervalidation of the technique[END_REF]. Facial estimations were taken in various ages, from adolescence to adulthood and old ages.

Formerly, proportions of distances between different facial organs were measured across age. The obtained facial estimations were utilized to decide the maturing trajectory of a person through ageing pattern at a particular age and henceforth used to separate among ages and age ranges. Many studies have been performed based on this approach in the context of craniofacial development theory [START_REF] Alley | Social and Applied Aspects of Perceiving Faces Edited by[END_REF].

Based on craniofacial improvement hypothesis, cardioid strain change numerical model is described to characterize an individual's facial development from outset to grown-up age. This numerical model deciphers a circle to follow facial development considering the varieties in radius of the circle as:

𝑅 ′ = 𝑅(1 + 𝑘(1 -cos 𝜃)) (1-1)
where 𝑅 ′ is the successive growth of the circle over time, 𝑅 is the leading radius of the circle, 𝑘 is a parameter that increments over the time, and 𝜃 is the initial angle formed with the vertical axis. The growth of the human head profiles utilizing cardioidal strain transformations [START_REF] Todd | The perception of human growth[END_REF] is shown in Figure 1.7.

Many studies considered the outline of the head profile or simple threedimensional head models [21] [22] in which they displayed first outcomes exhibiting that the strategy can be correlated on 3D faces and characterized the alterations occurring during ageing process from infancy to adulthood. Nonetheless, these studies mainly focused on the importance of a head shape by simulating the face maturing dependent on geometric changes which permits just the control of the face shape.

Numerous techniques have been reported for geometry modeling of the human face [23][20] since the pioneering study of Parke [START_REF] Parke | A Parametric Model of Human Faces[END_REF]. It is worth noting that the anthropometric models are not best suited for the purpose of age demonstrating in grown-up and seniority faces due to the fact that there exist no compelling variations in facial shape and geometry at these phases. Moreover, this approach is only applicable for face images in frontal view since distance between landmark points are delicate to the pose and location of head presents. Furthermore, this methodology has not been performed on a huge openly accessible database, to the best of our knowledge. 

Facial Ageing from Computer Vision Standpoint

In the recent years, human faces have been taken into account from computer As a matter of fact, two categories can be designated for the purpose of facial ageing modeling. One can consider the forward and backward ageing model in order to simulate the face in the upcoming years in the future i.e. older phase of life and reproduce the facial appearance in the past during childhood considering the growth pattern of face developing trajectory, respectively.

State-of-the-Art on Backward Face Ageing Models

As one of the most complex facial traits, the human facial shape topology, differed due to many factors such as genetics, ethnicity, age, gender, and health.

Mature features in adult human faces reflect the masculinization or feminization of their characteristics that occur at puberty. Larger jawbones, more prominent cheekbones and thinner cheeks and lips are all features of male faces that differentiate them from female faces [25][26]. Although the ageing pattern generally differs from a person to another, the same age group of individuals may share mutual skin texture and facial shape traits which bring about classifying them into a number of age groups using some of their facial features. In some age ranges, significant face variations occur in both its shape and skin texture. As a result, 3D facial changes can be defined as anthropometrical (mesh topology) and textural spaces. During childhood, most of the changes are anthropometrical and texture has subtle alterations. Contrarily, throughout the young adulthood to older ages, the most significant changes appear on the textural aspect of the face. Within this context, decreasing a face age down to its childhood period requires reliable geometrical and textural face models.

Face modeling has been recently receiving much consideration due to its numerous applications [START_REF] Wanga | Creating animatable MPEG4 face[END_REF]. Reconstructed face models are required to be reliable and accurate. The techniques and mechanisms associated in extracting the important facial features are complex [START_REF] Goldman | Simulationist models of face-based emotion recognition[END_REF] as faces visualize many different types of important and vital clues, it can become more challenging by going beyond and adding one more dimension to represent the face with a massive amount of data in threedimensions.

The extension of the work that has been done in 2D [START_REF] Farazdaghi | Backward face ageing model (B-FAM) for digital face image rejuvenation[END_REF] to the thirddimensional space is logical since faces can be thought of as surfaces in a multidimensional space. A 3D face model represents a massive collection of points in 3D space, connected by various geometric entities of 3D file formats.

Generally speaking, it is complicated to extract reliable facial features in 3D environment as they are numerous; however, the depth (third dimension) and pose variation provides additional information to represent faces accurately. A threedimensional (3D) face representation has been widely discussed in psychological [START_REF] Valentine | A Unified Account of the Effects of Distinctiveness, Inversion, and Race in Face Recognition[END_REF][31] [START_REF] Edelman | Orientation dependence in the recognition of familiar and novel view of three-dimensional objects[END_REF] and neurophysiological studies regarding the face recognition [START_REF] Perrett | Organization and Functions of Cells Responsive to Faces in the Temporal Cortex [and Discussion[END_REF] as well as in computer vision literature [START_REF] O'toole | Three-dimensional caricatures of human heads: Distinctiveness and the perception of facial age[END_REF][35] [START_REF] Sirovich | Low-dimensional procedure for the characterization of human faces[END_REF]. Hence, when dealing with 3D faces, they provide an accurate definition of the face representation, adequately.

Facial de-ageing modeling aims to estimate and simulate an individual's facial appearance at its young adulthood and childhood using adult face image as an input and can be explained as a reconstructive backward facial model which is able to rejuvenate the facial images mathematically. In the present study, we establish a 3D dynamic morphable model, based on a database of 3D face textured meshes of both females and males, which allows reconstructing young 3D faces of a person from an input face at an older age. This model can be employed as a potential solution in biometric security, forensics and general computer vision applications.

According to the literature, most of the studies have been done on age progression for the purpose of predicting face appeared in the future [START_REF] Burt | Perception of Age in Adult Caucasian Male Faces: Computer Graphic Manipulation of Shape and Colour Information[END_REF]- [START_REF] Frimenko | Predictive ability of anthropomorphic metrics in determining age and sex of children[END_REF]. The very first craniofacial growth studies for ageing faces were developed in the early 80s in which the technique for modelling the geometry and growth pattern of human faces from infancy to adulthood was proposed [START_REF] Todd | The perception of human growth[END_REF] and the craniofacial growth pattern of children's face under 18 years old considering the anthropometric measurements over facial landmarks has been defined [START_REF] Ramanathan | Modeling age progression in young faces[END_REF]. Later, as an extension to the existing 2D model a 3D craniofacial growth model on the entire surface of the head in three-dimensions had been developed [START_REF] Mark | The perception of growth in three dimensions[END_REF] to examine the hypothesis that there are three-dimensional differences in the faces of different genders between ages 5 to 10 years old and assessed the differences with age and sex [START_REF] Nute | Three-dimensional facial growth studied by optical surface scanning[END_REF]. A caricaturing algorithm to a 3D face model learned from observation for 3D age synthesis [34][44] has been applied so as to misrepresent or de-underline the unmistakable 3D facial highlights such that increasing or decreasing the calculated distance between each sample face to the average face may make the skull become more distinct so that the face appear older or younger.

Human face rejuvenation can be affected by several criteria and has been of great interest to many researchers. According to the studies in this area, few deageing or backward face models have been proposed to obtain rejuvenated facial appearance. Table 1.1 lists the notable contributions in the facial de-ageing modelling topic.

One of the primary endeavors in simulating de-ageing impacts dependent on both face texture and shape information was performed by generating the average faces for different adulthood age groups, calculating the differences between the composites and superimposing those distinctions into the shading and state of subjects in new pictures [45][37]. Later, the statistical face model has been described

for modelling shape and intensity variation for the purpose of younger face simulation [START_REF] Lanitis | Toward automatic simulation of aging effects on face images[END_REF]. The rejuvenating effects in 2D have been studied by the change from unique face to the normal one based on the hypothesis shows that aveage face is the most appealing face [START_REF] Braun | Beautycheck-Causes and Consequences of Human Facial Attractiveness(Summary)[END_REF]. Some image-based and wavelet-based methods have been proposed to transfer details between two object textures, applying the texture details transfer technique, on human faces to generate rejuvenation effects [START_REF] Tiddeman | Prototyping and transforming facial texture for perception research[END_REF][49] [START_REF] Liu | Image-Based Surface Detail[END_REF].

Synthesizing younger faces from super resolution where rejuvenation is made by anticipating the character parameters from the low-resolution tensor space to the comparing high-resolution tensor space [START_REF] Jiang | Facial aging simulation based on super-resolution in tensor space[END_REF], merging and transferring texture from a specific senior face to young ones using shape caricaturing [START_REF] Fu | M-Face: An appearance-based photorealistic model for multiple facial attributes rendering[END_REF][53], detaching ageing details from facial structures to generate faces look younger [START_REF] Guo | Digital anti-aging in face images[END_REF] and combining shape variations based on humanoid measurements along with wrinkle removal using anthropometric theory to simulate facial rejuvenation of an old adult to a young adult [START_REF] Bastanfard | Toward anthropometries simulation of face rejuvenation and skin cosmetic[END_REF] were the techniques applied to simulate a young adult face using the old adult face image as an input.

Having studied above mentioned rejuvenation face models and simulators, large number of studies have been performed in two-dimensional space. Moreover, most of them considered the age simulation from old adult to young adult appearance and had their database limited to adult age range. Furthermore, the facial changes due to de-ageing pattern have been mainly performed on the texture applying some caricature techniques, facial wrinkle in-painting and smoothing the face which does not provide realistic results.

According to the recent study [START_REF] Farazdaghi | Backward face ageing model (B-FAM) for digital face image rejuvenation[END_REF] in the backward face ageing model (B-FAM)

for digital face image rejuvenation, the childhood face appearance has been reconstructed from a 2D adult face image showing that it is possible to digitally rejuvenate an adult person's face down to its 3-4 years old. As an extension of their work [START_REF] Zadeh Heravi | A Morphable Model to simulate rejuvenation trajectory of 3D face images: Preliminary results[END_REF], this study proposes the 3D backward face ageing model (3D B-FAM) using a morphable model for the purpose of rejuvenating face from any given age down to 3 years old.

In this work, our approach presents a method for facial de-ageing deformation, in three-dimensional space considering the depth information and pose variation which is efficient in time complexity. The most significant advantage of our model is simply its robustness in simulating realistic faces preserving the facial identities from senior adulthood to young adulthood and to childhood by visualizing the deageing trajectory through the 3D morphable model. Having combined the anthropological measurements and growth pattern of facial de-ageing with the 3D facial modelling techniques [START_REF] Blanz | A Morphable Model For The Synthesis Of 3D Faces[END_REF][58], we propose a method to simulate rejuvenated faces in not only young adulthood but also childhood in contrast with the previous models which mainly work on adult face images. 

State-of-the-Art on Forward Face Ageing Models

The mystery of human longevity has been receiving much consideration to search for a better life quality of individuals. Facial aging has gained wide popularity in recent years due to numerous applications in biometrics, forensic, security, healthcare and searching for missing children. Aging is an inevitable complex process that affects both the face shape and texture; however, it is neither uniform nor linear. According to the morphological studies, the face does not age homogeneously and its aging process is associated with many dynamic components which is associated with variations in all structural layers of the face, hard craniofacial tissues and soft tissues, namely, skeleton, muscle, fat, and skin [START_REF] Fitzgerald | Update on Facial Aging[END_REF].

Facial skeleton does not grow heterogeneously as a result of aging i. e. all different bones are not involved in the same growth pattern. Most of the facial muscle alterations emerge from the loss of skeletal muscle mass and strength that take place by aging. Pattern of the fat deposition on the face undergoes specific alterations due to the aging process. Skin is the most superficial and complex structural layer of the face that its appearance is the primary indicator of the age. It changes in function and structure and becomes thinner with age [START_REF] Castelo-Branco | Skin collagen changes related to age and hormone replacement therapy[END_REF]. To brief, changes in the balance of facial layers cause the phenomenon of aging, based on which a facial aging model is built.

The main challenge of aging simulation is that the facial feature changes due to aging varies for different humans. Gender plays an important role in the aging process. Knowing the aging process pattern and predicting an individual's facial components according to the growth curves, some solutions may be proposed to slow down such impacts.

In order to trace the aging pattern, an extension to third dimensional space (3D), provides additional information to compensate the depth and pose variation. Hence, 3D modeling is applicable to capture the aging patterns and can be best analyzed to obtain more realistic results. However, extracting reliable facial features in 3D environment is a challenging task.

In the present study, 3D faces obtained from fully automatic and robust face age progression morphable model, are enrolled in 3D facial verification process.

Proposed model aims to predict and simulate an individual's facial appearance in the forthcoming years up to its 80s mathematically using an input 3D facial textured mesh at current age. The results are employed in 3D facial verification system in order to analyze the impact of aging on system's performance.

Early models for facial age progression date back to 1995 [37][45] where visual signs to age was studied by creating facial prototypes from several faces in each age group. Other research was based on characterizing a pattern of variation for the ageing parameters [START_REF] Pitanguy | Defining and measuring aging parameters[END_REF] in which the curves of facial ageing parameters were obtained by measuring the variations of image parameters in two different ages. Then the facial images were manipulated using these obtained ageing curves [62][63]. The locally estimated probability distributions method was introduced [START_REF] Tiddeman | Prototyping and transforming facial texture for perception research[END_REF][64] to separate the high and low-resolution data by converting the image into a wavelet domain. Later, a statistical appearance model [START_REF] Lanitis | Toward automatic simulation of aging effects on face images[END_REF] was generated to explain the age variations and estimate the relationship between the age of a person and its model parameters. The semi-automatic procedure in which PCA was applied to a set of faces was presented [START_REF] Scandrett (née Hill | A person-specific, rigorous aging model of the human face[END_REF] in order to construct shape and texture models. A linear method was examined to predict the effects of ageing; however, the results of this model for the small ageing gaps can be considered reliable for adults since their face shape do not change remarkably.

Other works include craniofacial growth of human faces during formative years [START_REF] Ramanathan | Modeling age progression in young faces[END_REF][66], modeling of wrinkles and skin ageing [START_REF] Wu | A dynamic wrinkle model in facial animation and skin ageing[END_REF], and caricaturing 3D face models [44][34]. A multi-resolution dynamic model [START_REF] Suo | A Multi-Resolution Dynamic Model for Face Aging Simulation Graduate University of Chinese Acadamy of Sciences Institute of Computing Technology of the Chinese Academy of Sciences[END_REF] was defined later in order to simulate the face ageing by using both geometrical and textural information. In this model, they integrated the global appearance changes in face shape, hair style, deformations and ageing effects of facial components, and wrinkle appearance in different facial regions. A prototype based approach represented as an illuminationaware age progression [START_REF] Kemelmacher-Shlizerman | Illuminationaware age progression[END_REF] compensates illumination variation in the prototypes.

Knowing the fact that the ageing process should contain the personalized facial characteristics, a dictionary of aging patterns for each age group was learned [START_REF] Shu | Personalized Age Progression with Aging Dictionary[END_REF] to automatically render ageing faces in a personalized way on a set of age-group specific dictionaries.

More recent approaches were introduced, namely Robust Age Progression (RAP) [START_REF] Sagonas | Back to the future: A fully automatic method for robust age progression[END_REF] and Hidden Factor Analysis (HFA) [START_REF] Yang | Face Aging Effect Simulation Using Hidden Factor Analysis Joint Sparse Representation[END_REF]. These methods were applied to decompose the facial input. Consequently, an image can be progressed to another age group as a linear combination of the age and common components.

Deep generative learning models (e.g., GANs) for the purpose of age progression has been employed recently to produce age progressed images.

Nonetheless, they bring about the number of limitations which result in reducing the effectiveness of such methods for modelling complex transformations like aging.

They are obliged to be applied on enormous data since deep learning methods need sufficiently dense sampling from the data distribution. Accordingly, the obtained models are not mathematically transparent. Moreover, they are extremely complex, where θG and θD are parameters of G and D, respectively.

In addition, recent deep generative models all considered 2D face images. The primitive study in Generative adversarial networks in paper of Goodfellow et al. in 2014 [START_REF] Goodfellow | Generative Adversarial Nets[END_REF] showed that given huge data and enormous deep nets, all the training goals can be achieved knowing that it is time consuming, but collecting hundreds of thousands of 3D data is the most challenging issue. In some recent generative approaches such as pix2pix [START_REF] Isola | Image-to-image translation with conditional adversarial networks[END_REF], they assume Y to be some "real" image of dense content and X to be a symbolic representation of it by training and saving the neural network which will convert an image of type X into an image of type Y. However, in the work of facial analysis, these images are not suited to develop a robust and reliable model, for some reasons, highlighted through the points below:

Essential information:

 Information about the age, the age categories and ethnicity are not defined, as required by our model  Images are not uniformly distributed among ages. So, we don't have any references from the individual's childhood.

Image quality and image resolution:

The main purpose of our work is to propose and to validate a reliable faceageing model. Since, we consider that texture and geometry information are important to match the human being visual perception; high-resolution and highquality images are required. This can be achieved by considering a selective environment, through a specific protocol. Unfortunately, in some generative approaches like pix2pix, images are of low quality and/or low resolution. In addition, they are missing the detailed information of the human facial characteristics such as wrinkles. We propose robust models which are able to simulate accurate results based on real face images and comparing with the reference face which corresponds to the childhood face of each person.

Dimension:

This work is mainly concentrated on extending the previous 2D model to 3D

which allows additional capability of compensating an accuracy in defining the face representation; however, to the best of our knowledge, using generative approaches provide images only in 2D.

On the other hand, the proposed models allow numerous advantages compared to GAN-based approaches. The proposed method can be mathematically described and parameterized. It does not require a training phase or huge databases to generate face references. In fact, these references can even be updated adaptively without repeating the process from the beginning. The model can also be adapted to deal with some specific categories (e. g. Caucasian, African, Asian …). Finally, the method we proposed is not time consuming.

As explained earlier, the previously mentioned techniques accompany certain confinements since they are mainly dependent on two-dimensional portrayals. On the contrary, 3D facial representations capture both shape and texture information and are able to compensate pose invariance. A three-Dimensional model was utilized to manufacture an age variation framework for children faces [START_REF] Shen | 3D age progression prediction in children's faces with a small exemplar-image set[END_REF] from a small exemplar-image set. Their essential supposition was that if two youngsters seem to be looking identical, they will keep on appearing to be similar when they become more seasoned. A different method [START_REF] Park | Age-Invariant Face Recognition[END_REF] in 3D aging is modeled as a weighted average of all the texture and shape aging patterns in the training set. Thus, surface and shape are demonstrated independently [START_REF] Maronidis | Facial age simulation using age-specific 3D models and recursive PCA[END_REF].

Prominently, not the majority of the previously mentioned techniques produce photorealistic results. Moreover, a large number of them have been studied in twodimensional space. Table 1.2 lists the notable contributions in the facial ageing modeling topic sorted in date order.

The proposed approach presents a method for facial ageing deformation, in three-dimensional space considering the depth information and pose variation which is efficient in time complexity. The most significant advantage of our model is simply its robustness in simulating realistic faces preserving the facial identities by visualizing the ageing trajectory through the 3D morphable model. By considering the anthropometrical measurements and facial ageing growth pattern using the 3D facial modeling [START_REF] Blanz | A Morphable Model For The Synthesis Of 3D Faces[END_REF][58], we propose a method to predict the facial ageing, and the purpose is to build a model as a foundation for the novel and practical forthcoming models.

Conclusion

In this chapter normal facial growth pattern involving ongoing bone remodeling and displacement from infancy to young adulthood has been reviewed.

Moreover, the development of facial ageing from adulthood to senior adulthood and old ages has been demonstrated. The variations in different structural components of hard and soft tissues of the human face has been explained. Furthermore, the proposed anthropometric models in order to measure the facial landmarks for facial ageing models from literature have been presented. Understanding the precisely controlled biological process of facial growth and ageing pattern is essential to every facial modeling construction. From the computer vision standpoint, it can be concluded that most of the works in the area of facial ageing have been done in 2D.

Furthermore, most of the formerly proposed models for face ageing are applicable for predicting the face appearance in the future and few works have focused on facial rejuvenation reconstruction methods. Those few works that present de-ageing models to simulate the face of input in younger age period, considered their models from old ages to young adulthood and childhood modeling is neglected. As a result, the proposed study can be an appropriate model to fill this void. 

Summary: Research in facial modeling for different applications such as in face recognition and face modeling has been challenging with the great variability in head pose, lighting conditions, facial expression, and ageing. 3D reconstruction innovations have advanced throughout the years. This chapter starts with introducing the major 3D reconstruction techniques and the comparative study of different acquisition methods. Further, different approaches of 3D face reconstruction and modeling are provided. In the following, this chapter presents a comprehensive study on fundamentals of 3D object and specifically face representation. Ultimately, the existing 3D face databases will be acquainted followed by presenting our constructed 3D face database and the calibration protocol that has been proposed for the purpose of our research and data acquisition to be employed in the evaluation phase.

This chapter is organized as follows: first, a comparative study on 3D acquisition techniques is presented Section 2.1. Then, 3D face reconstruction and modeling approaches are given in Section 2.2. Then, fundamentals of 3D object representation is given in Section 2.3 dedicated to presentation and visualization of 3D faces consisting mesh and texture UV map. Some of the most important existing 3D face databases are raised in Section 2.4 and finally, our constructed database and the proposed 3D data acquisition protocol are introduced. The chapter is concluded in the Section 2.5.

3D Acquisition Techniques

With the increasing popularity of 3D models in different applications, new requirements are arising in order to constitute approaches for this purpose. These kind of approaches require high quality 3D object databases according to their applications. In fact, 2D imaging techniques have been the most widely researched as they do not require extensive cost or special hardware equipment; however, 3D representation is not only more compelling to a prospect but also it provides the exact shape information of 3D surface. Moreover, the illumination and pose variation can be handled in 3D models. In contrast with conventional systems, most strikingly 2D images, 3D scans have the benefit of including data about the profundity of articles.

3D data acquisition can be sorted into two classes of passive and active [START_REF] Moons | 3D Reconstruction from Multiple Images Part 1 : Principles[END_REF].

In passive methods, there is no association with the object, while active methods employ a projection of a defined form of energy onto the item.

In the following, we will describe some 3D reconstruction methods in active and passive categories.

Active

Laser triangulation: The most common method applied in commercial 3D scanners is laser triangulation. In this method, the projection of a light beam emit over the object aim at the target as can be seen in Figure 2.1. The 3-dimentional capture is done by pairing a laser illumination source with a camera. This method brings about some advantages that makes it as a competitive technique in the field. The speed, accuracy and resolution of the reconstruction process are some basic advantages we can name. Moreover, the scanners' field of view permits the remaking from size scopes of a couple of centimeters to a few meters which exist in a short or long separation. Thusly, this innovation is reasonable for huge size scenes, as the inside and along these lines, it is commonly acknowledged by the network as a substantial help for documentation and preservation of memorable structures, landmarks or archeological destinations.

Passive

Passive reconstruction approaches are advantageous since they can create 3D models of objects, which no longer exist, due to the fact that they do not involve interaction with the object.

In passive reconstruction methods, it is also possible to use available visual data from web in order to reconstruct some scenes from massive amount of images.

As an example, we can mention the project of "Building Rome in a Day" in which basing on a collection of 150k images of Rome, a visual reconstruction of one of the city's main parts was made [START_REF] Agarwal | Building Rome in a Day[END_REF]. Indeed, there are some limitations in passive 3D methods.

The passive methods of reconstruction differ in required means of image acquisition and as a consequence varies in the quality of the reconstructed 3D object.

In the following, some of the most significant passive methods in 3D reconstruction are described.

Stereo-vision:

Stereo-vision is the method of computing the depth map from two images obtained from two camera systems. The cameras are dislodged on a level plane from each other with a relatively small distance in order to attain two contrasting perspectives on a scene. The idea derives from human binocular vision so that the acquisition for both cameras take place simultaneously. Knowing the distance between cameras and the location of the same points on the image from the left and the right camera, one can determine the location of 3D points using the triangulation method and the relative profundity data can be achieved as a disparity map by comparing these two obtained images. The stereo-vision algorithm steps can be differentiated as camera calibration, images standardization, stereo matching, and triangulation. An example of stereo-vision setup is illustrated in Figure 2.3.

Figure 2. 3 Stereo-vision setup

Structure from motion (SfM):

This method is able to estimate the 3D structure of a scene from a collection of 2D images [87][88]. Shape from motion (SfM) methods are based on a stereovision system which is able to estimate camera positions i.e. pixels, rotation, translation and 3D scene structure from multiple frames of an image dataset, simultaneously. This algorithm can reduce the self-occlusion problem in the stereovision method [START_REF] Fonstad | Topographic structure from motion: A new development in photogrammetric measurement[END_REF]. In SFM, the 3D data about an accumulation of discrete structures is recuperated from a 2D assortment of lines, curves, and focuses. As a result, 2D images are framed by projections from the 3D atmosphere.

Various 2D facial photos including the frontal face are utilized to reproduce the 3D face [START_REF] Joo | A SfM-based 3D face reconstruction method robust to self-occlusion by using a shape conversion matrix[END_REF]. Shape from shading: Shape from Shading (SfS) is the way toward registering the three-dimensional state of a surface from one image of that surface. In opposition to the vast majority of the other three-dimensional reproduction techniques, in SfS approach, data are minimal i.e. only a single image is used [START_REF] Prados E | Shape from shading[END_REF].

The first formulation of the Shape from Shading was done by Horn [START_REF] Horn | Obtaining shape from shading information[END_REF]. Shape from shading deals with the recuperation of surface direction and surface power from the continuous variety of concealing in the photograph. SfS is actualized by first demonstrating the photograph brilliance as a component of surface geometry, and after that reproducing a surface under the given imaging model; this strategy produces a picture with appearance near the information photograph. There have been numerous huge enhancements in both hypothetical and viable parts of this technique. Nevertheless, it has been demonstrated that this is a poorly presented issue [START_REF] Prados E | Shape from shading[END_REF].

All in all, SfS has remained its popularity since it recovers shape from general shading which considered to produce better results in global minimization; however, local approaches have higher false errors but they are faster [START_REF] Ben Amor | An Improved 3D Human Face Reconstruction Approach Based on Cubic Splines Models[END_REF].

Shape from defocus:

The last of the presented methods of passive 3D scene's reconstruction is the shape from defocus (SfD). This approach employs the imperfection's model of the camera's optical system to calculate the distance. The blurring of images is function of distance from focal point of the camera's optical system and image plane. The blurring is measured by the radius of the circle of confusion, which can be calculated using:

𝑏 = 𝐷𝑣 2 | 1 𝐹 - 1 𝑣 - 1 𝑠 | (2-1)
where b is a radius of circle of confusion, D is a radius of lens, F is a focal distance, ν is a distance between image plane and principal point of lens, s is distance between scene's point and principal point of lens.

The SfD methods are based on the analysis of two images. Most frequently the basis of determining the scene's shape is the ratio of the defocusing measure (relative blur). The differentiator of the SfD methods is the way of measuring defocus.

Considering the domain in which the analysis is carried out, the methods can be divided into frequency methods and spatial methods [START_REF] Siudak | A Survey of Passive 3D Reconstruction Methods on the Basis of More than One Image[END_REF].

Up to now, we reviewed a few methods of active and passive 3D reconstruction. In the following, we will present some of the most employed approaches for 3D face reconstruction.

3D Face Reconstruction and Modeling

During the recent decades, three-dimensional face acquisition has developed as a dynamic procedure, advantageous for a variety of applications, such as biometrics, forensics, healthcare, psychology, gerontology and entertainment industry.

Textured scans of the human face achieved from technologies presented in the previous section, ranging from laser scans to passive imagery to infra-red cameras, have made it possible to broaden the knowledge on face morphology studies and its applications.

It is possible to capture 3D face data either by high or low resolution scanners.

Commonly, devices in the primary class provide detailed facial acquisition; however, they are highly priced and require user's assistance. Contrarily, low-resolution scanners are basically low cost and dynamic, without the need for user's cooperation and they are able to capture depth data at high frame rate. Depth acquisition systems such as Kinect have picked up a huge achievement in computer vision and interactive media applications since they are minimal effort, available and basic in guidance use.

Nonetheless, such depth information comes along with low resolution that make it not satisfactory in being utilized in applications where fine subtleties of acquired articles are required. In our case, face is a proper example. This realizes building higher goals portrayals of objects utilizing various lower resolution perceptions.

However, the so-called methods are not perfectly appropriate due to the texture-less nature of depth data as well as their high frequency content along with motion artifacts [START_REF] Berretti | Representation, Analysis and Recognition of 3D Humans: A Survey[END_REF]. The Kinect Fusion framework [START_REF] Newcombe | KinectFusion: Real-Time Dense Surface Mapping and Tracking[END_REF] was presented to perform on depth information originating from a moving Kinect camera, and make a 3D model of a scene. Further, they protracted the method to deal with non-rigid items, for instance, faces, yet aftereffects of non-rigid item denoising were exhibited distinctly in situations where the separation between the item and the camera was practically steady [START_REF] Newcombe | DynamicFusion: Reconstruction and tracking of non-rigid scenes in real-time[END_REF].

According to the literature, some works focused on 3D human face acquisition.

For instance, Pan et al. [START_REF] Pan | Super-Resolution of 3D Face[END_REF] modeled the reproduction procedure as a dynamic goals chain by extending the 2D image pyramid model to 3D domain, whose features were formulated as the explanation by maximizing a posteriori estimation problem. An algorithm that considers a solitary face outline as an input from a depth camera, and generates a high-quality 3D scan and mesh of the face as an output was proposed by

Liang et al. [START_REF] Liang | 3D Face Hallucination from a Single Depth Frame[END_REF].

The above mentioned approaches rely on a combination of single 3D lowresolution scan captured by depth cameras with extra data utilized for remaking originating from various high-resolution scans as ground-truth information. It is worth noting that these 3D faces are not accompanied with the information of the texture. Some works proposed explicit answer for expanding the face resolution from depth arrangements taking into account the textural aspect of the face as well.

Hernandez et al. [START_REF] Way | LASER SCAN QUALITY 3-D FACE MODELING USING A LOW-COST DEPTH CAMERA Matthias Hernandez , Jongmoo Choi and G ´ erard Medioni Institute for Robotics and Intelligent Systems[END_REF] achieved a 3D face model with an advanced quality by utilizing the shots caught from a user moving in front of a low resolution depth acquisition system. The model was instated with the primary depth frame, and afterward each resulting 3D point clouds were enrolled to the reference one utilizing a GPU execution of the ICP calculation. The approach proposed by Berretti et al.

[102] depended on a super-resolution method for 3D faces by which a succession of low-quality 3D face outputs are handled to separate a higher quality 3D face models through an acquisition protocol, where individuals sit before the camera at a predefined distance, moving their head so as to uncover various regions of the face to the sensor. This maintains a strategic distance from scale and speed issues getting a cumulated 3D point cloud by ICP enlistment of 3D edges of a succession. An expanded goals of the cumulated point cloud was then attained by employing 2D-Box splines for up-testing and estimate.

According to the accessible advances in the field of 3D face acquisition, three main categories can be defined. First category can be explained as the stereoscopic camera system. In this approach, two camera systems with a defined geometric network are considered to capture the object, then connecting points are raised in the two images by means of a triangulation process, and the 3D coordination and direction of the points can be calculated. The second approach is designated to structured light. This methodology utilizes a camera and a light projector with a defined geometric relationship. A light example is anticipated into the scene, recognized in a picture obtained by the camera and mutilations of various light examples are utilized to reason the 3D state of the item. The third approach is explained as a combination of passive stereo and structured lighting. In aforementioned techniques, a laser light is projected onto the facial surface and then the stereo camera registers the situation of focuses along the laser stripe in three measurements. All the above mentioned methods are capable of scanning both the 3D shape and the skin color texture simultaneously.

The other approach is to reconstruct 3D face models from a collection or a single 2D image. This approach, known as 3D reconstruction algorithm is a critical mechanism that can be utilized in different applications [103]. According to the literature, numerous 3D face reconstruction methods have been produced in the previous decade. Shape-from-shading (sFs) [START_REF] Castel | Acquiring Height Maps of Faces from a Single Image of a Face using Local Shape Indicators[END_REF], the 3D Morphable Model (3DMM) [START_REF] Blanz | A Morphable Model For The Synthesis Of 3D Faces[END_REF], structure from motion (SfM) [START_REF] Martinez | Rigid Structure from Motion from a Blind Source Separation Perspective[END_REF] and learning-based [START_REF] Song | Three-Dimensional Face Reconstruction from a Single Image by a Coupled RBF Network[END_REF] are some of the most important ones.

An example of 2D-based image approaches is proposed by Blanz and Vetter [START_REF] Blanz | Face recognition based on fitting a 3D morphable model[END_REF]. They proposed the synthesis of 3D faces using a morphable model with only one frontal 2D image for each individual which is able to enhance the given training set. The morphable face model is constructed based on a vector space representation of 3D faces. This space is constructed such that any convex association between shape and texture vectors corresponding to the 3D space describes a human face.

Given a single 2D face image, the model estimates 3D shape, texture, and all relevant 3D parameters e.g. pose and illumination, automatically. This model was mainly used for the purpose of face recognition task. Later, the Basel Face Model (BFM) [START_REF] Paysan | A 3D Face Model for Pose and Illumination Invariant Face Recognition[END_REF] offered a generative 3D shape and texture model for Pose and Illumination Invariant Face Recognition with higher shape and texture accuracy and lower number of correspondence artifacts utilizing an advanced registration algorithm dependent on the non-rigid ICP [START_REF] Amberg | Optimal Step Nonrigid ICP Algorithms for Surface Registration[END_REF]. Multiple 2D facial images including the frontal and profile view face are employed to reconstruct the 3D Face [START_REF] Joo | A SfM-based 3D face reconstruction method robust to self-occlusion by using a shape conversion matrix[END_REF]. The proposed algorithm demands one non-frontal and one frontal view face image to reconstruct the 3D face model using SfM-based method.

Another approach of a 3D model using 2D facial images is introduced by Lu et al. [START_REF] Lu | Face Recognition with 3D Model-Based Synthesis[END_REF] Another way to acquire a 3D face is by manipulating a high quality 3D

scanning. The generic concept is that any face can be generated by establishing a set of parameters to obtain a 3D face textured mesh. Properly adjusting these parameters, the output is a standard 3D file with a high-resolution color texture map that can be imported to a 3D system for rendering or processing. This approach is more robust with respect to pose, rotation and scaling, because the individuals follow the same instruction in the controlled lighting to obtain the same 3D face quality and resolution. However, there are two main drawbacks: (1) the computational cost is very high due to the fact that it generates large amount of 3D face points and a face mesh with up to 60,000 triangles and very high resolution color texture map; (2) the quality of the resulting 3D model depends on the accuracy of the selected parameters.

Fundamentals of 3D Object Representation

With advancement in 3D acquisition technology, numerous scientific disciplines depend on the investigation and handling of geometric information.

Between 3D data acquisition and modeling, geometry processing stands that is involved with numerical models and calculations for controlling geometric information.

In this context, polygon meshes have turned out to be progressively mainstream as of recent decade and are these days employed extensively in various regions of computer graphic designs and geometry processing. As polygon meshes are highly efficient in processing, they have developed into a valuable alternative to traditional spline surfaces. Moreover, the subsequent utilization of polygon meshes as a surface portrayal limits mistaken inclined changes [START_REF] Botsch | Polygon Mesh Processing[END_REF].

Shape is one of the most important features for representing objects. Since the formation of computer vision as a field, 3D geometric shape has been considered to be one of the most important properties in object recognition.

In general, a 3D Cartesian coordinate system (xyz) in ℝ 3 is required so as to determine the area of the items in space (Figure 2.5).

Figure 2. 5 Cartesian coordinate system

There exit diverse approaches to represent 3D objects. In particular, two main categories of modeling approaches are explained below:

 Boundary: an item is depicted by numerous surfaces or faces that differ its inside from its remainder which are subsets of closed surfaces. Each face is limited by edges and each edge is specified by two vertices. A limit portrayal is basically a neighborhood portrayal associating vertices, faces and edges.

 Solid: This sort of portrayal gives an express meaning of an item, depicting the state of the limits as well as the article's inside and outside districts.

In this work, we have manipulated 3D meshes which are placed in the first category. The thorough definition is discussed in the following section.

Polygonal meshes become increasingly popular for the purpose of 3D object representation in computer vision. This expansion in prevalence is as a result of a few variables including developments in hardware capacity limit and processing power and an advancement in the popularity of dense range sensors. Meshes are able to inexact complex freestyle items to any ideal precision given adequate space to store the portrayal. With the diminishing expense of PC memory, even extremely dense meshes are getting to be functional. Unquestionably, polygonal meshes come with limitations. Although they are precise manner of representation, they are approximate and scale-subordinate. A mesh should approve any higher level surface characterization expressly. Moreover, the required mesh resolution may vary according to various applications.

The polygon mesh surfaces have gained a broad use in different fields such as in the industry, cinema, computer vision application and biometrics, due to the fact that they are able to represent any kind of objects more accurately. The principal advantage of these models is to allow the easy modification of the object geometry in function of time and space.

There exists numerous approaches to represent the polygon meshes based on how to store the vertex, edge and face data. We employed the face-vertex meshes which is defined as a list of vertices, as well as a set of polygons which correspond to the vertices it utilizes. Face-vertex mesh is the most widely used mesh representation. It allow explicit representation of the vertices of a face, and the faces surrounding a vertex.

A polygon mesh is a collection of vertices known as cloud of points in 3D space, edges and faces that defines the shape of a polyhedral object in 3D computer graphics. A 3D face consists of numerous triangles or triangle mesh or other kind of convex polygons, for the purpose of simplifying the rendering process. In this work, we process triangular meshes due to the fact that they are the most extensive mesh representation tool. The mesh geometry is defined by the topology positions of all vertices (𝑥𝑖, 𝑦𝑖, 𝑧𝑖), and its topology which corresponds to the object's vertex, edge and face connectivity is indicated by the manner the vertices are associated with edges and faces. Objects that are equal in this type of topology are indistinguishable with the exception of the x-, y-, z-positions of their vertices.

A mesh contains the information that can be classified in three categories as below:

 The geometry data is the position of every mesh vertex in the 3D

Cartesian space.

 The network data related to the connectivity information depicts the occurrence relations between the mesh components.

 The discretionary quality data partners scalar or discrete properties to the mesh components valuable for the applications.

Properties of Mesh

In order to be able to analyze various meshes, we will present a number of properties which affect the rendering process as below:

Solidity: A mesh depicts a firm 3D object if its faces enclose a positive and limited measure of space.

Connectedness: A mesh is associated in case if there is a whole way along the edges between any two vertices. On the off chance that a mesh is detached, it is typically viewed as two isolated objects.

Simplicity: This is related to the global topology characteristics when there are no holes in it.

Planarity: A mesh can be considered planar only if each face can be counted as a planar polygon.

Convexity: Assuming that any two points connected by a line situated totally innermost of an object, a mesh is considered convex. The certain convexity of triangles enables less difficult rendering calculations to be utilized for the age of synthetic models [START_REF] Campbell | A Survey Of Free-Form Object Representation and Recognition Techniques[END_REF].

File formats for mesh storage

In order to store 3D meshes, numerous file formats have been provided [START_REF] Mchenry | An Overview of 3D Data Content , File Formats and Viewers 2 3D Data Content[END_REF].

We review some of the most common examples of such 3D storage formats: Hull. It encodes the surface geometry of a 3D model approximately using a triangular mesh. The STL file format cannot handle high resolutions very well since a higher resolution comes at the cost of increasing file size. This format is also not fit for multi-color 3D printing because it does not support color and texture information.

 OFF (3D
These formats are mainly based on an indexed structure. To be more precise, the first part of this structure contains the list of all vertex coordinates along with the mesh vertices orders. The second part interprets the connectivity of the mesh. In summary, all the above mentioned formats share the similar approach of storing data.

First, the vertices positions in the 3D space with (x, y, z) arranges are displayed.

Then, the polygon or triangles are defined in the face list. Each triangle is designated by the indices of its vertices to an element of the faces list. Basically, the network connectivity of the model can be saved by any mesh format. Nonetheless, extra data information might be incorporated.

3D Face Representation

In this work, we employ the human face as a 3D object to model and use for the purpose of ageing trajectory. We considered all our faces in OBJ file format. As a result, a brief discussion will be presented in the following paragraphs in order to get more familiar to this specific format.

Face Mesh

As has been previously explained, the OBJ file format is one of the most crucial file formats in 3D graphics and computer vision applications. It is the favored arrangement for multicolor 3D displaying and is generally utilized as an unbiased trade group for non-vivified 3D models. As a results, it can be an appropriate format for the purpose of 3D face modeling. Among the advantages of an OBJ file, being able to be exported and rendered by various 3D software programs can be pointed

out. An OBJ file format consists of a three-dimensional object containing 3D coordinates, texture UV maps, polygonal faces, and other information related to object representation. The OBJ record regularly consists of references to at least one .MTL file. It refers to the facial texture information and involves with surface shading material. In order to understand this format, a description of its commands is given in the following.

The OBJ file format comprises of various lines each including a key and numerous values based on the size of the data. The key column designated for every line shows the data description to follow. Based on this premise, the OBJ record arrangement does not depend upon a header. The following is a list of the keys that can be employed given in Table 2.1: Considering OBJ file along with the MTL file, it is possible to render multicolor textured models. MTL documents contain ASCII text that characterizes the light reflecting properties of a surface as indicated by the Phong reflection model [START_REF] Cantor | Real-time 3D Graphics with WebGL 2: Build Interactive 3D Applications with JavaScript and WebGL 2[END_REF]. The material properties can be characterized as ambient color, diffuse color, specular color, transparency etc. To define the ambient reflectivity of the current material, the "Ka" statement, "Ka spectral" statement, or the "Ka xyz" statement are normally used.

Besides providing these material properties, the MTL arrangement gives surface map or texture map, which is a progressively helpful strategy for indicating hues and surface information. In surface mapping, each point in the surface of the 3D model which is a mesh in our case, is mapped to a two-dimensional image dependent on the possibility that the directions of the 2D image have characteristics of shading and texture. Having rendered the 3D surfaced mesh model, each surface point is designated to a coordinate in the above mentioned two-dimensional image. Different points are relegated by interpolating between the coordinates of the vertices.

Different sections of a standard layout for surface mesh storage of a simple object with OBJ can be written in the following way:

Vertex command v x y z

This determines a vertex by its three coordinates. 

Vertex texture command vt u v

The vertex texture command determines the UV mapping related to the texture.

These will be floating point values between 0 and 1 interval which specifies the way to map the texture.

vt 0.3927083 0.2378144 vt 0.4094712 0.2220184 vt 0.4057942 0.2354472 : : :

Vertex normal command vn x y z

This command determines a normal vector. Actually, these are not employed often, since the 'f' face command uses the order the 'v' commands are defined to determine the normal instead. Same as the 'vt' commands, they have no interpretation as long as being sorted with a vertex in the 'f' face command. In order to achieve a high degree of realism in face modeling, we apply the alterations during morphing on both mesh and texture of the face. This part is fully explained in Chapter 3, Section 3.4.1.

Visualization plays an important role in analyzing, manipulating and representing 3D data. However, visualizing large amounts of data is often challenging, especially for multivariate data spanning across several dimensions. As previously explained, three-dimensional (3D) models represent a physical object using a collection of points in 3D space, connected by various geometric entities such as triangles, lines, curved surfaces, etc. In this study, the polygonal modelling is considered so that the characteristics of the 3D facial image data called "Mesh

Polygon" is used in order to represent the 3D face image.

Generally, for 3D face graphics, we need at least three characteristics:

1. A number of points in 3D space (called vertices)

2. Information on how these points connect to each other to form triangles (called faces)

3. Information on how to draw the 3D model (i.e. colors, images to be used, etc. This is summarized in the term material)

Face Texture UV map

There exists many methods to represent the surface properties of a 3D object in computer graphics. In case of the original Morphable Model per vertex, the texture information was used. The texture UV maps are commonly used in computer graphics and are an appropriate way to represent the skin surface color of a face. The advantage of using them can be related to the resolution which is independent of the geometry. The term "Texture mapping" means the mapping of a function onto a surface in 3D.

Color is one of the basic visual variables. Concerning the enhancement of perception of 3D shapes, a common practice is applying textures. Textures are frequently used to highlight the surface features such as curvature.

To completely value the surface correspondence idea, it is first important to exhibit a surface data recovery strategy utilized in the territory of computer graphic illustrations. Plainly, a 3D model should consistently contain both 3D shape and surface data. Be that as it may, precise 3D surface data can likewise be held in a 2D image organization by utilizing the purported UV map (The letters "U" and "V" allude to the individual axes of the 2D surface, while "X", "Y" and "Z" allude to the area of the 3D model) as appeared in Figure 2.11. The figure contains two different individuals, one female and one male, with various 3D shapes as per every individual's distinctive facial appearance. In any case, we conclude that these mesh contradictions do not impact the topology in their UV maps. The pixel intensities are the main contrasts for the two instances of UV maps in RGB color space. At the point when the UV maps are changed into 3D space by consolidating surface data with the shape data at each listed vertex, the essences of the subjects will show up fundamentally unique. In this case, the most crucial fact is that when the vertex index is known, the specific 3D geometric directions of that vertex would not add to the vertex's coordinates in UV space. The index is adequate to recover relating UV arranges from obj. The texture data of the vertex is spared at the area of its relating UV coordinates.

UV mapping is a procedure which can generally be portrayed by the coordinate where (𝑖, 𝑗, 𝑘) stand for the index triplet such that the triangle [(𝑢 𝑖 , 𝑣 𝑖 ), (𝑢 𝑗 , 𝑣 𝑗 ), (𝑢 𝑘 , 𝑣 𝑘 )] in UV space contains the point (𝑢, 𝑣). The triplet (𝛼, 𝛽, 𝛾)

denotes the barycentric coordinates at point (𝑢, 𝑣) in the triangle which will be mapped to the mesh triangle [START_REF] Botsch | Polygon Mesh Processing[END_REF].

In summary, constructing a parameterization of a triangulated surface can be explained as finding a set of coordinates (𝑢 𝑖 , 𝑣 𝑖 ) associated to each vertex 𝑖. The detailed methods of how texture is mapped on 3D face mesh is out of the scope of this thesis.

3D Face Databases

Overview of Existing 3D Face Databases

An extension to the 3D environment is not straightforward and comes along with many challenges. With the technology advancements, acquired 3D facial scans using different modalities that presented previously in this chapter such as structured light and facial scanners, single camera imagery-based algorithms, and dynamic face capturing systems have been gradually collected.

Acquiring a 3D face database at high resolution is time-demanding and costly.

Due to the lack of appropriate resources to collect sizeable datasets, many researchers are dependent on broadly available databases. As a consequence, 3D face datasets for different applications such as face recognition or age estimation and modeling still are certainly small compared to 2D image datasets. This constrains the capability of learning strategies that acquired viable outcomes on 2D images.

In many researches, many types of 3D face databases have been built in order to develop and evaluate 3D face recognition algorithms or other 3D face-based applications [START_REF] Sadhya | Neurocomputing A comprehensive survey of unimodal facial databases in 2D and 3D domains[END_REF]. In this section, we present a list of most important 3D face databases available for research purposes. Some of these face databases may contain facial expressions. An example scan from some of these databases is shown in Figure 2.13. A summary is given in Table 2.2, indicating the number of scans, the number of subjects and the texture availability in each database. In most of the cases, several scans are taken per subject which are then used for face recognition applications. The characteristics of each database are discussed further and will be compared in order to measure their inherent limitations.

 FRGC [START_REF] Phillips | Overview of the Face Recognition Grand Challenge[END_REF]:  GavabDB [START_REF] Moreno | GavabDB: a 3D face database[END_REF] and SHREC '08 [START_REF] Daoudi | SHREC 2008 -shape retrieval contest of 3D face scans[END_REF]: This database is used as validation for 3D face recognition algorithms dealing with expression variations. The GavabDB is acquired with a Minolta VI-700 scanner.

For each of the 61 subjects, nine scans are taken including two frontal, three expressions, and four pose variations scans. A subset excluding the profile scans was used during the Shape Retrieval Contest (SHREC)

in 2008 [START_REF] Daoudi | SHREC 2008 -shape retrieval contest of 3D face scans[END_REF] with the pose normalized faces.

 FRAV 3D [START_REF] Conde | Multimodal 2D, 2.5D & 3D face verification[END_REF]: This database similar to GavabDB is acquired with a Minolta Vivid-700 scanner and contains 106 subject with 16 scans each The characteristics of the presented 3D face databases make them mainly suitable for studies in expression recognition and face recognition applications.

Moreover, there are some limitations in the publicly available databases which are not appropriate to develop a robust and reliable ageing model as highlighted through the five points below:

1. Database Structure: Some of the databases, such as Texas 3D FRD contain faces from the same subject at different ages; however, the age categories are not defined as required by our model. Moreover, in most cases, database contains only adult faces within different age ranges, so, we do not have any references from the individual's childhood which are needed for 3D B-FAM evaluation purpose, will be explained in Chapter 3.

Mesh resolution and texture quality:

The main target of our work is to propose and to validate a reliable face ageing model. Accordingly, high-resolution and high-quality faces are required. This can be achieved by considering a selective environment, through a specific protocol. Unfortunately, in some available databases faces are of low quality and/or low resolution. In addition, they are captured in an uncontrolled environment. Missing parts and differences in resolutions are also challenging for 3D data. Facial morphology differs significantly due to facial expressions such as mouth opening or smiling and occlusions. Different databases contain high variability on the resolution of scans.

Capture Conditions:

To ensure a reliable model, the faces highlighting various poses, lightening, and occlusion should be discarded which makes the databases limited for this work. The quality of the scans is often corrupted with artifacts (e.g., hair).

Facial Expressions and Emotions:

Facial images with the expressions of disgust, anger, fear, sadness, happiness, surprise, and contempt are not appropriate to be employed in generating an ageing model and should be discarded.

Data type:

Since the visual perception is an important factor in our study, the proposed model is sensitive to the color information. However, some mentioned databases contain only mesh of the faces without providing the information of the texture. The texture images are not made available for privacy reasons and the surface style is not represented in the same manner for the given database.

Proposed 3D Face Database

It is obvious that the greater part of the accessible face databases fall inside the classification of technically arranged databases and that the research community lacks a generic 3D face database containing individuals in different periods of time providing the age. Hence, to the best of our knowledge, no prior dataset have been created to address the aforementioned challenges. In the present research, we have created our 3D Face Database, which intends to fill this vacancy and offers new prospects for 3D face processing.

The created databases for constructing the models are an extension of the previous work that has been done in two-dimension [START_REF] Farazdaghi | Facial ageing and rejuvenation modeling including lifestyle behaviours , using biometrics-based approaches[END_REF]. This database contains two albums:

 3D Backward Facial Ageing Collection (3D BFAC), contains 5 template face models corresponding to various ages from 3 to 25, for constructing the 3D Backward Facial Ageing Model (3D B-FAM), which is discussed in Chapter 3. An illustration is given in Figure 2.14.

 3D Forward Facial Ageing Collection (3D FFAC), consists of 5 template face models, as can be seen in Fig 2 .15, corresponding to various ages from 26 to 75, to develop the 3D Forward Facial Ageing Model (3D F-FAM), which will be discussed in Chapter 4.

The aforementioned databases are built for the purpose of face template construction from overall 1600 facial images [START_REF] Farazdaghi | Backward face ageing model (B-FAM) for digital face image rejuvenation[END_REF]. The images are constrained to frontal view with minor facial expression in order to reduce the artefacts of the face pose. Having considered that only their frontal view images were available, 3D faces were reconstructed using single 2D frontal images [START_REF] Blanz | A Morphable Model For The Synthesis Of 3D Faces[END_REF]. Each frontal 2D image of an individual is constructed based on a vector space representation of 3D faces.

Accordingly, given a single 2D face image, the 3D shape and texture of the face are estimated, automatically. The reconstruction method to 3D has been previously explained in section 2.2 thoroughly. It is worth mentioning that some of the faces were directly captured in 3D and some were reconstructed from frontal and profile views. For the faces with only frontal view, the shapes were not paired arbitrary but obvious that 3D facial image acquisition of people's childhood was impossible, so we were obliged to collect their photos of their past. Then, the images have been reconstructed into 3D. In addition, the database contains the volunteers who have agreed to contribute in our acquisition protocol. The procedure of the acquisition protocol will be presented in the following section. It is worth noting that for each subject, we collect at least three faces in three different ages from 3 to 75 years old.

Consequently, the database of reference (ground truth) faces have been collected. The collection of suitable data for testing the models was very challenging considering the complexity of acquisition under specific conditions such as illumination, expression, pose, resolution, etc. In the next section, the employed 3D face acquisition process in our work is presented.

Proposed Acquisition Protocol

In the calibration procedure presented here, the system is constituted by one 

Camera Setup Instruction

In order to start using the camera, the steps below should be followed: that the front camera is between the clip legs).

STEP 4:

Ensure the Android gadget that the camera is connected to is completely charged and has at least 4GB of memory and 5GB of storage space. The camera and the application may not perform appropriately in case the battery power is excessively low or the gadget does not have adequate memory or storage space.

Calibration Protocol Description

In our calibration procedure, we use Samsung Galaxy tab S3 and the 3D face camera attached to it in the center, two Studio Light VideoFLEX LED EL-1000 2.4GHZ continuous light projectors assembled with a white shoot-through umbrella on each to create a broad and extremely soft light source. The brightness is adjusted to 6. The LED lights are located in 150 CM from the user at 45° angle to the left and right side of the camera with a lighting ratio of 1:1 since we want to have the exact same lights on either side of the camera and user and absolutely no shadow on the model's face. The distance between two LED lights is 160CM. The camera is located at the same physical distance of 115CM from both projectors, and the projectors are guided at 30º to the horizontal line. Figure 2.17 is indicated to present the acquisition setup proposed for this work. The subject during the acquisition process is shown in 

3D Scan Instructions

In order to obtain high quality 3D faces, the scanning procedure instructions given below should be carefully followed.

1. Position the camera so that it focuses at the tip of the nose and the head ought to be in a vertical direction. The Android gadget should position at 90º to the horizontal line toward the subject as in the diagram. The camera ought to be approximately 30-40 cm away from the user's face.

2. Remove any occlusion means such as eyewear, caps, and tie long or loose hair to the back.

3. User's face ought to be equally lit from the front. Stay away from solid back lights illuminations, side lights, bright walls, or windows behind or to the side of the face during scanning. Poor lighting will influence the color image quality and may cause the scan to fail. For this reason, two LED projectors ought to be situated in front focus, slightly left and right of the user.

4. Listen cautiously to the guidelines given by the camera when you begin the scanning of the face.

5. Keep the look straight and not at the screen while user turn the head. Turn the head completely to the other side before turning back. Turn the head only and not the entire body. Turn the head at a consistent and moderate pace (around 20 degrees per second). Keep a similar articulation during the scanning and avoid abrupt motions.

6. If the scanned models consistently have rough or noisy surfaces, the camera may be out of calibration. By turning on "Camera Calibration" in the app's Settings menu, it is possible to recalibrate the camera.

As a result of three dimensional (3D) model reconstruction, the output is obtained in 3D point cloud format.

The acquisition can be from imaging equipment such as the stereo camera, the camera with digital fringe pattern projection, the whole body scanner and so on. This part has been fully explained in the previous section.

The quality of 3D models has used to be limited to the hardware and software capacities. In recent years, it becomes possible to visualize and manipulate complex models easily. The models can be rotated, scaled, deformed and edited under different conditions. Moreover, modern scanning technologies like the one we used, make it possible to generate accurate 3D models of real-life objects. The models can be exported other formats, which can be afterwards imported into other systems.

Conclusion

In this chapter, 3D acquisition techniques for different applications are presented. Having studied the various 3D reconstruction methods, we hereby are able to reach a decision on which technology to be utilized in our proposed 3D acquisition protocol.

After acquiring the necessary data, we need to employ them in our system and visualize the 3D faces. Concurrently, theoretical 3D object representation approaches are presented and 3D faces are manipulated and rendered accordingly. Then, we have given a list of available databases, some of which containing facial 3D data. For each database, we have given a brief description of the database which includes its salient features and the initial objective behind its construction. Contrary to publicly available 2D face databases, 3D scans acquisition is exhausting. Moreover, the number of scans and subjects in public 3D face databases is limited. From the literature review, it is deduced that the size of the available 3D face databases are relatively small compared to publicly available labeled 2D faces, and may not be sufficient to train a Deep CNN from scratch for instance.

Further, some existing face ageing databases are discussed, and the proofs for creating a new database have been mentioned. Since the existing databases do not meet our model requirements such as structure, image quality and resolution, capture conditions, expressions, emotions and etc., our created database is introduced: 3D Backward Facial Ageing Collection (3D BFAC), 3D Forward Facial Ageing Collection (3D FFAC) for models construction. To validate the results, FaceTiM V2.0 database is collected.

Chapter 3

The 

Summary: Face ageing has been widely considered in many studies regarding all the potential applications. However, the de-ageing known as the rejuvenation or backward face modeling has not received competent attention. The main focus of the existing literatures in this topic has been the prediction of the face in its older ages. Some previous studies mainly focused on rejuvenating faces from aged adults into young adults using two-dimensional (2D) models. In this chapter, we propose an extension of a previous 2D adult-child B-FAM into 3D model. In particular, this model allows a digital face appearance rejuvenation within a range of [75 -3] years old. To evaluate the performances of the proposed approach, numerous criteria have been considered. We proposed a performance evaluation mode, namely: Generic Perception-based Mode (GPM) which includes three different metrics. The performance has been evaluated over our 3D face database, called Face Time-Machine database (FaceTim V. 2. 0).

This chapter is organized as follows: first, age groups and sub-groups are defined in the Section 3.1. Then, Geometrical measurements are raised in the Section 3.2. After, Section 3.3 presents the face template construction which is the fundamental phase of the proposed model. The model development is explained in Section 3.4. The proposed performance evaluation metrics are discussed in Section 3.5. Some experimental results, renderings and discussions over the evaluation results are presented in the Section 3.6. The chapter is concluded in the Section 3.7.

We started with a brief discussion of the nature of three-dimension environment and how to apply it on facial visualization. Subsequently, the visualization techniques of the facial features in three-dimension is presented. In practice, it is usually easy to define the appropriate technique, but compared to twodimension space, it requires some extra work, requiring the knowledge of the geometry involved, to construct the three-dimension model. Although the ageing section may be familiar to the readers as many research has been done on this subject so far, the age reversal or regression calls rejuvenation is a newly absorbing topic which is approached thoroughly in the following chapter.

Throughout the years, each face will change along a growth direction in the three-dimensional space. We aim to gauge the variations of growth trajectory in a longitudinal report with different sets of individuals in various age samples. Then, the goal is to transfer the obtained aging curve to new subjects. However, collecting such data were challenging. Building a database containing 3D face scans of each individual, as well as the information of the age of each subject, along with applying the growth curve, the effect of aging on new faces can be simulated. This includes two difficulties: (1) Learn how an individual face appearance would alter during maturing and ageing process (non-linear function), and (2) figure out how these changes rely upon the person's face appearance preserving the identity of the person.

To answer these two issues, we proceed in two steps: First, we collected our own database with the information of the age of each face. The approach and acquisition procedure is explained in Chapter 2. Second, the ageing curve variations for each age group is obtained by calculating the distance of each extracted point on the face contour from the origin shown in Figure 3.1 for both genders using average radiuses of all face images in each age cluster [START_REF] Farazdaghi | Backward face ageing model (B-FAM) for digital face image rejuvenation[END_REF]. Henceforth, the comprehensive description will be given.

Age Group Definition

The human age is classified into seven categories as Infancy and toddlerhood (from birth -3), early childhood (3 -6 years), Middle Childhood (from 6 -11 years), young adulthood or Adolescence [START_REF] Briggs | Anthropological assessment. In: Craniofacial Identification in Forensic Medicine[END_REF][START_REF]Anatomy of the facial ageing process[END_REF][START_REF] Filler | Structural Fat Grafting : More Than a[END_REF][START_REF] Coleman | The Anatomy of the Aging Face : Volume Loss[END_REF][START_REF] Edelstein | Aging of the Normal Nose in Adults[END_REF][START_REF] Coleman | The Anatomy of the Aging Face : Volume Loss[END_REF][START_REF] Farkas | Anthropometry of the Head and Face[END_REF][START_REF] Bush | 3-dimensional facial anthropometry using a laser-surface scannervalidation of the technique[END_REF], emerging adulthood [START_REF] Bush | 3-dimensional facial anthropometry using a laser-surface scannervalidation of the technique[END_REF][START_REF] Alley | Social and Applied Aspects of Perceiving Faces Edited by[END_REF][START_REF] Todd | The perception of human growth[END_REF][START_REF] Mark | The perception of growth in three dimensions[END_REF][START_REF] Bruce | Further experiments on the perception of growth in three dimensions[END_REF][START_REF] Decarlos | An anthropometric face model using variational techniques[END_REF][START_REF] Parke | A Parametric Model of Human Faces[END_REF][START_REF] Donnai | Handbook of Normal Physical Measurements[END_REF], middle-aged adulthood , and Senior Adult (50 years and above).

Infant is derived from the Latin word, "infans" signifying "unable to speak". Thus, in many studies infancy is defined as the period from birth to roughly two years old, when language starts to thrive. The infant is a dynamic, consistently changing being who experiences a systematic and predictable succession of neurodevelopmental and physical development. The general features of a person's face in infancy is impacted mostly by genetic factors. The process of growth during this time is quite different from the same individual's grown face [START_REF] Johnson | Infant Growth and Development[END_REF]. This procedure is affected ceaselessly by natural and extraneous variables that produce singular variety and make every newborn child's formative way novel. Natural impacts known as intrinsic factors incorporate the physical qualities, condition of health or illness, and other hereditarily persistent traits. Extrinsic effects at the same time of early stages start principally from the family. The family's financial status with its effect on assets of time, the characters and style of minding by parents and kin, as well as the cultural ambiance through which the newborn child is conceived.

The adventure through earliest stages is a period of superlatively quick changes in physical development and improvement.

During infancy, the general structure of the face has not yet formed and there are only minimal variations in facial structure of their faces. Generally a high temple without coarse eyebrow edges, wide and large eyes, short nose, vertically short flat face and prominent cheekbones, low nasal bridge and as yet developing jaw bones

and not yet settled essential and optional dentition. The face is still relatively wide and vertically short overall. As a result, the face in less than 3 years old cannot be advantageous for identification and subsequently for potential applications regarding this work. Hence, childhood (3 to 16), adulthood (17 to 30) and senior adult (after 30: with the appearance of wrinkles) are arbitrarily considered as the main age groups. We also take into account five age sub-groups: 3-5, 6-8, 9-13, 14-17 and 18 to mid-20's years old, since these are the formative years in which most of the changes in the process of growth occur [START_REF] Hall | Handbook of physical measurements[END_REF]. Considering the difficulty of predicting very close age, sub-age groups are defined in a way that their age differences are more distinguishable. Consequently, the de-aged facial appearance is estimated within an age interval rather than that of an exact age. For example, distinction between a 3-year-old and a 4-year-old child is very difficult but differences between a 3-year-old child and a 6-year-old one are entirely visible and noticeable. In fact, sub-groups have been set up in a way that transformations are clearly visible especially in the face's geometry. Therefore, age clusters for digital face rejuvenation are; Cluster 3-5, Cluster 6-8, Cluster 9-13, Cluster 14-17, and Cluster Adult for 18 years old and above during emerging adulthood.

Facial Features and Geometric Measurements

Information on normal facial development is essential to understand the facial patterns and growth. Specific facial elements such as the eyes, mouth, and nose have significant importance as they deliver most of the audiovisual information expressed by humans [START_REF] Chan | Comparative study of 3D face acquisition techniques[END_REF]. As one of the most complex facial traits, the human facial shape topology, differed due to many factors such as genetics, ethnicity, age, gender, and health. Mature features in adult human faces reflect the masculinization or feminization of their characteristics that occur at puberty. Larger jawbones, more prominent cheekbones and thinner cheeks and lips are all features of male faces that differentiate them from female faces [START_REF] Donnai | Handbook of Normal Physical Measurements[END_REF] [START_REF] Little | Facial attractiveness: evolutionary based research[END_REF]. Normal facial growth depends on several factors. It is evident that belonging to different ethnic groups generates different facial forms. However, there may also be differences within an ethnic group.

Gender is another influencing factor. The direct anthropometric facial measurements of Farkas are certainly the most comprehensive data [START_REF] Farkas | Craniofacial norms in north american caucasians from birth (one year) to young adulthood[END_REF]. They are probably the only data to the best of our knowledge covering the complete normal facial growth from birth to adulthood.

Although the ageing pattern generally differs from a person to another, the same age group of individuals may share mutual skin texture and facial shape traits which bring about classifying them into a number of age groups using some of their facial features. In some age ranges, significant face variations occur in both its shape and skin texture.

In the growth process during childhood, most of the changes occur in geometrical aspect; however, texture undergoes subtle changes. In the ageing development during adulthood to senior and old adulthood is inverse. Based on these premises, facial features can be divided into two different categories:

Morphological Features which are involved with changes in craniofacial morphology and anthropometry of a person which happen in the hard segments of the head and delicate tissues of the face. It very well may be said that the morphological highlights can be categorized into two subdivisions [START_REF] Farazdaghi | Facial ageing and rejuvenation modeling including lifestyle behaviours , using biometrics-based approaches[END_REF]:

1. The data which is associated with the facial regions' (eyes, nose and lips) size and their distribution.

2. The data regarding the face shape, comprising of the upper face, its mandible size and its development procedure.

Textural Features that are affecting the skin variations over time. These progressions comprise of the thickness and the shade of the skin, resilience of the facial muscles and the presence of the wrinkles.

Changing the facial age geometrically requires the change of the facial segments' size, intervals between them, face shape, and its size. Picking the realistic scales and separations has initiated with the investigation of the craniofacial morphology and data accumulation managing craniofacial development. One section of this data was about improvement and realizing how organs change during the maturing procedure. The outcome was only valuable to have a superior view of the facial development so the center was moved to the adjustments in the extent of facial landmark focuses.

To apply the geometrical face transformation, craniofacial measurements in different ages were determined. First, the required components' size and distances were defined using extracted landmark points to define eye size, inner canthal distance, nasal height, nasal width, mouth width. Moreover, 20 facial feature points around the face contour were considered to define the face shape (Figure 3.1). Having compared these two charts, they appear to be noticeably similar. Thus, using these results, final percentages and orders are obtained by comparing these two charts. Figure 3.3 shows the percentage number of all components' size in different age clusters. Comparison to adult components' size can be seen. Note that an adult, in terms of geometry, means a person with more than 18 years of age because the geometrical growth of the face winds up at this age.

These measurements were used later to build the Template face models for different defined age groups which were then reconstructed in three-dimension for the purpose of 3D de-ageing model. In this work, our approach presents a method for facial de-ageing deformation, in three-dimensional space considering the depth information and pose variation which is efficient in time complexity. The most significant advantage of our model is simply its robustness in simulating realistic faces preserving the facial identities from senior adulthood to young adulthood and to childhood by visualizing the deageing trajectory through the 3D morphable model. Having combined the anthropological measurements and growth pattern of facial de-ageing with the 3D facial modelling techniques [START_REF] Blanz | A Morphable Model For The Synthesis Of 3D Faces[END_REF][58], we propose a method to simulate rejuvenated faces in not only young adulthood but also childhood in contrast with the previous models which mainly work on adult face images.

According to the literature [137][17], there are two significant facial ageing spans during lifetime:

1. From birth to adulthood, that can be known as formative years, in which most of the changes regarding the facial shape and geometry appear. There are minor changes in the skin color, facial hair color, and the density. It can be said that the textural variations tend to be subtle during this period.

2. Adulthood to senility which is the end of facial skeletal growth. The majority of changes in this period are related to the skin texture. The skin becomes thinner and darker with less elasticity; wrinkles develop mainly due to photo-ageing, specifically impacting sun-exposed areas. Craniofacial changes in this period are minor.

The facial changes during the above mentioned spans are explained thoroughly in Chapter 1.

3D B-FAM is dealing with the facial growth development during childhood, accordingly, the geometrical variations have more important roles.

3D Face Template Construction and Selection

Since growth process depends on the genetic and the complex environmental interactions, growth related effects on the face are different from one person to another. However, the facial growth pattern similarities among the people in the same age cluster cannot be disregarded.

To study these common characteristics in an age range, an average face is calculated [START_REF] Farazdaghi | Backward face ageing model (B-FAM) for digital face image rejuvenation[END_REF]. In fact, the average of the facial images in the same age cluster can demonstrate; first, the sum of the important and distinctive similar information for that specific age; that is why it has been named Face Template. Second, the typical differences between two age clusters. Of course the more these two ages are far from each other the better the differences are distinctive.

Accordingly, the proposed approach requires a collection of a finite number of typical faces in different age groups, called Face Templates. The template associated to each age group is calculated by averaging separately male and female faces. In other words, in each of the age categories, there are certain characteristics which change in almost all faces of a given type. The template faces were reconstructed in 3D (see Chapter 2). Consequently, the template faces are constructed using a database of 𝑚 faces, each represented by its mesh-vector ℳ 𝑖 and texture-vector 𝒯 𝑖 .

ℳ = ∑ 𝑎 𝑖 ℳ 𝑖 𝑚 𝑖=1 , 𝒯 = ∑ 𝑏 𝑖 𝒯 𝑖 𝑚 𝑖=1 (3-1)
where

∑ 𝑎 𝑖 = ∑ 𝑏 𝑖 𝑚 𝑖=1 = 1 𝑚 𝑖=1
. Accordingly, the face template can be interpreted as:

𝑇𝑀𝐿(𝑖) = (𝑇𝑀𝐿 ℳ (𝑖); 𝑇𝑀𝐿 𝒯 (𝑖)) (3-2)
The first and foremost phase of our method is to select the proper template 3D face model from our database, which represents the common facial characteristics in each age group and, then, to use the growth curve of the selected age to predict the appearance of the child at a target age. The database is already introduced in Chapter 2 named as 3D BFAC.

The general diagram and the different phases of the work is indicated in Figure 3.4. This diagram displays the overview of fundamental phases of this work. First, database collection for the purpose of face template construction which was presented in Chapter 2, then, 3D Backward Face Ageing Model (3D B-FAM) which will be explained comprehensively in the following sections. Based on this premise, the approximation of the coefficients is not the same for geometrical and perception aspects due to the fact that most of the changes in the polygon mesh of the face occurs during the formative years until the age of 18 [START_REF] Ramanathan | Modeling age progression in young faces[END_REF],

while the changes in texture take place when facial muscles begin to lose their elasticity and the wrinkles appear. This basis has been taken into account in the model construction as can be seen in Figure 3.5 where an age condition is defined in deageing simulation process.

3D De-ageing Model Development

The proposed approach utilizes both the 3D polygon mesh of the faces and the UV texture map which is mapped point by point onto the mesh surface. Therefore, polygon mesh and UV texture map are defined. The polygon mesh of a face is indicated by a mesh-vector ℳ = (𝑋 1 , 𝑌 The model is able to generate rejuvenated faces using the original face shape as an input while keeping the personal characteristics throughout all ages to obtain a very realistic 3D facial appearance result. This model can be carried out for different genders.

Mesh and Texture based Face Morphing

Undeniably, decreasing a face age down to its childhood period requires a reliable geometrical model. In this work, the geometry (or shape) of a model is stored as a set of 3D points (or vertices). The surface of the model is then stored as a series of polygons (or faces) that are constructed by indexing these vertices. The number of vertices the face may index can vary, though triangular faces with three vertices are common. The geometry information in ASCII format with an extension of OBJ consists of 5904 points specifying Vertex data (specifies a vertex by its three coordinates), Vertex texture (the UV mapping which determines how to map the texture), Vertex normal (specifies a normal vector) and the faces (specifies a polygon made from the vertices listed). For each vertex, there is an associated Vt, which says how to map the texture at this point. The theory and representation of 3D objects in OBJ format is defied comprehensively in Chapter 2.

There exists many methods to represent the surface properties of a 3D object in computer graphics. In case of the original Morphable Model per vertex, a texture information was used. On the other hand, texture UV maps are commonly used in computer graphics and are an appropriate way to represent the skin surface color of a face. The advantage is that the resolution is independent of the geometry. For this reason, we defined a single 2D texture UV map for the facial regions of the head (see Chapter 2). All the UV map regions of importance are normalized to a size of 512*512 pixels. The texture average is considered to calculate a single mean texture template for each age group as a PNG file format. It is noticeable that face variations take place in both geometrical shape and skin texture. Therefore, two sub-space of polygon mesh and UV texture map are defined as can be seen in Figure 3.5.

On account of 3D meshes, the term morph can be translated as the smooth variety of item's appearance. The transforming procedure is characterized as the development of an enlivened arrangement relating to the progressive change between two distinct articles, purported source (initial) and target (final) models. The goal of a transforming technique is to process a change guaranteeing an outwardly progress between the two, source and target faces.

We employ mesh-based morphing method which uses the element topology of the mesh being morphed to compute new point locations. In particular, these methods can morph exclusively meshes with a similar topology and number of vertices. A technique that performs morphing in a totally automatic way was introduced [START_REF] Athanasiadis | Feature-based 3D Morphing based on Geometrically Constrained Spherical Parameterization[END_REF] which functions admirably just for the situation where comparable source and target models, having a place with a similar classification are considered. Having assisted the geometric neighborhood characteristic, purported concavity intensity, object alignment, feature detection and feature point coordinating are performed automatically [START_REF] Stamati | Feature-Based Approach to Re-engineering Objects of Freeform Design by Exploiting Point Cloud Morphology[END_REF].

In order to morph the mesh from an initial model to target model (age), we employed 3D Morphable Model [START_REF] Blanz | A Morphable Model For The Synthesis Of 3D Faces[END_REF]. Subsequently, the correspondences are processed between one 3D face, selected as an initial model, and each of the other faces. Then a Principal Components Analysis (PCA) [START_REF] Sirovich | Low-dimensional procedure for the characterization of human faces[END_REF] is applied to learn measurements of the 3D shape and texture of the faces. PCA transforms the space in a way that the covariance matrix is diagonal i.e. it de-correlates the data. In this work, PCA is applied on both the shape and texture. Compute matrix 𝑉 which satisfy 𝑉 -1 × 𝐶𝑂𝑉 × 𝑉 = 𝐷, 𝐷 is the diagonal matrix of eigenvalue of 𝐶𝑂𝑉; 𝑅 ⇐ the first 𝑘 column of 𝑉 The Morphable Model computes correspondences between all face templates and the input face. The network related issues which guarantee a smooth and nearby adjustment among source and target models are very crucial in order to ensure a decent match between relating highlight focuses. For this purpose, all meshes are normalized to 5904 vertices so the topology and number of vertices is the same. As a result, the transition is smooth. Correspondences are designated so that each point in the first face corresponds to the same point coordinate on the second face.

When rendering the 3D model, every surface point is assigned a coordinate in the two-dimensional texture UV map which is morphed as the development of succession comparing to a steady variation between a source the source and target.

The morphing of 3D mesh and texture UV map is occurring simultaneously.

The goal of such a morphable face model is to represent any face as a nonlinear combination of a template face and the current face of an individual. 

Performance Evaluation

We propose a Generic Perception-based Mode (GPM) for the purpose of evaluating the visual quality of 3D textured face meshes as a linear combination of its structural texture quality, its geometric distortion quality and its morphometric landmarks comparison, measured by a texture metric SSIM, 3D mesh distortion metric MSDM, and face landmarks metric FLM, respectively. All metric scores are normalized representing value range from 0 (exactly the same) to 1 (totally different).

Our combined metric is thus defined as follows (see [START_REF] Enlow | Handbook of Facial Growth[END_REF][START_REF] Sharma | Age Changes of Jaws and Soft Tissue Profile[END_REF]), where 𝛼 + 𝛽 + 𝛾 = 1 and 𝛼 = 𝛽 = 𝛾.

𝐺𝑃𝐵𝑀 = 𝛼(𝑆𝑆𝐼𝑀(𝑥, 𝑦)) + 𝛽(𝑀𝑆𝐷𝑀(𝑥, 𝑦)) + 𝛾(𝐹𝐿𝑀(𝑥, 𝑦))

(3-4)

In the following sections, the theoretical details of each metric are explained thoroughly.

Texture Similarity Evaluation (SSIM)

The first metric is applied to compare the texture between the reference (ground truth) face and the simulated one. For that, we use structural similarity (SSIM) index [START_REF] Wang | Image quality assessment: From error visibility to structural similarity[END_REF]. This metric measures the perceptional image degradation changes in luminance, contrast and structural information. In order to evaluate our model from the perceptual point of view, the comparison is done between each corresponding pair of UV texture maps of the simulated and the reference faces, then the difference is measured using the SSIM metric.

In order to compare local pixel intensities between two images 𝑥 and 𝑦, 𝑆𝑆𝐼𝑀(𝑥, 𝑦) is defined as follows (see [START_REF] Enlow | Handbook of Facial Growth[END_REF][START_REF] Sharma | Age Changes of Jaws and Soft Tissue Profile[END_REF][START_REF] Snell | Clinical Anatomy of the Eye[END_REF]):

𝑆𝑆𝐼𝑀(𝑥, 𝑦) = 𝑙(𝑥, 𝑦) × 𝑐(𝑥, 𝑦) × 𝑠(𝑥, 𝑦) (3-5)
where 

Geometric Distortion Evaluation (MSDM)

In order to evaluate the robustness of our model to geometric distortion, the reference mesh topology and simulated one are compared [START_REF] Lavoue | A comparison of perceptually-based metrics for objective evaluation of geometry processing[END_REF] using MSDM. The differences of curvature statistics are computed over local windows of two face meshes. Then the Minkowski sum of the distances over the local windows is applied to obtain the global measure between the two meshes as below:

𝑀𝑆𝐷𝑀(𝑋, 𝑌) = ( 1 𝑀 ∑ 𝐿𝑀𝑆𝐷𝑀(𝑥𝑗, 𝑦𝑗) 𝑥 𝑀 𝑗=1 ) 1 𝑥 (3-7)
LMSDM is the local distance between two mesh local windows 𝑥 and 𝑦 which is defined by representing luminance (curvature), contrast and structure (𝐿, 𝐶 and 𝑆) comparison functions (see [START_REF] Enlow | Handbook of Facial Growth[END_REF][START_REF] Sharma | Age Changes of Jaws and Soft Tissue Profile[END_REF][START_REF] Snell | Clinical Anatomy of the Eye[END_REF][START_REF] Subtelny | A longitudinal study of soft tissue facial structures and their profile characteristics, defined in relation to underlying skeletal structures[END_REF][START_REF] Genecov | Development of the nose and soft tissue profile[END_REF][START_REF] Foley | Facial growth in females 14 to 20 years of age[END_REF]). A local window is defined as a connected set of vertices belonging to a mesh with a given radius; this radius is a parameter of the method.

𝐿𝑀𝑆𝐷𝑀(𝑥, 𝑦) = (α (𝐿(𝑥, 𝑦)) 3 + β(𝐶(𝑥, 𝑦)) 3 + γ(𝑆(𝑥, 𝑦)) 3 ) 1/3 (3-8)

Face Landmarks Metric

One way of performing 3D face comparison is to employ the facial landmarks. We used 3D face meshes to extract the 3D landmark coordinates. An analysis was performed to find the landmarks that are best suited for facial comparison. To do so, we extracted the points on the eyes, nose, around the lip, chin, and middle of the eyes by finding the maximum and minimum local curvatures.

Consequently, we obtained nine craniofacial landmark coordinates on 3D face mesh.

We measured the disparity between the landmarks of the corresponding pair of meshes, i.e. the young simulated 3D face and the reference one. First, iterative closest point (ICP) associates each point on one mesh with its nearest neighbor on another mesh. Procrustes distance corresponds to shape differences between two objects in the space [START_REF] Urbanová | Performance of distance-based matching algorithms in 3D facial identification[END_REF] defined as a sum of squared distances between the extracted landmarks was selected as the measure of dissimilarity. Pioneer employment of Procrustes analysis was performed in [START_REF] Patel | 3D Morphable Face Models Revisited Ankur Patel[END_REF] to set up correspondence between series of 104 physically marked features of the face, and the mean coordinates of these landmarks were utilized as anchor focuses. A total deformable model was then developed by warping the landmarks points of each example to the anchor focuses and interjecting the districts between landmarks utilizing Thin-Plate Splines (TPS).

Lastly, steady re-sampling was performed over all faces, however utilizing the assessed surface between landmarks as opposed to the genuine one. The metric is thus defined as follows (see [START_REF] Enlow | Handbook of Facial Growth[END_REF][START_REF] Sharma | Age Changes of Jaws and Soft Tissue Profile[END_REF][START_REF] Snell | Clinical Anatomy of the Eye[END_REF][START_REF] Subtelny | A longitudinal study of soft tissue facial structures and their profile characteristics, defined in relation to underlying skeletal structures[END_REF][START_REF] Genecov | Development of the nose and soft tissue profile[END_REF][START_REF] Foley | Facial growth in females 14 to 20 years of age[END_REF][START_REF] Bartlett | Age-related changes of the craniofacial skeleton: an anthropometric and histologic analysis[END_REF]), measuring the Euclidean distance between the landmark point on the reference face 𝑃 𝑖 𝑅𝑒𝑓 and the landmark point on the simulated face 𝑃 𝑖 𝑆𝑖𝑚 .

𝐹𝐿𝑀 = ∑ 𝑑(𝑃 𝑖 𝑅𝑒𝑓 , 𝑃 𝑖 𝑆𝑖𝑚 )

𝑁 𝑖=1

(3-9) 

Experimental Results

Face Rendering using 3D B-FAM

Performance Comparison

The list of methods with similarity scores used in facial ageing models, specifying the name of the method, the score on 3D B-FAM, the score of methodology from literature, the sensitivity to texture or shape, the dimension and the type of the face models in order to compare with our proposed model, is proposed in Table 3.1. As can be seen, GPM examines the model both in textural and geometrical aspects. One should notice that the proposed evaluation method has higher similarity rate compared to other methods while it combines geometrical, textural and landmarks distortion measurements. As can be seen, except the objective performance similarity rate of Ref. [START_REF] Farazdaghi | Backward face ageing model (B-FAM) for digital face image rejuvenation[END_REF] in 2D showing a higher rate than ours, only the texture-based method in [START_REF] Wang | Image quality assessment: From error visibility to structural similarity[END_REF][146] have higher rate. But one should notice that evaluation phase in [START_REF] Wang | Image quality assessment: From error visibility to structural similarity[END_REF][146] consider only 5 samples in their test study while our test has been employed on 145 textured meshes. 

Discussion on Potential Applications

A reliable model of facial backward ageing or de-ageing trajectory has numerous and diverse applications. Some of these applications are: forensics, criminal investigation, finding missing people, modeling suspects' faces, face recognition (age normalization), movie special effects in the film industry, visual arts and entertainment, computer graphics, cosmetic surgery, anthropology, biometric systems, and many other applications.

In the following, we present the result of applying the proposed model 3D B-FAM in a verification system to analyze the performance of the model in a potential biometric application.

This mechanism investigates the process of verification by comparing the claimed identities with enrolled ones. As shown in Figure 3.10 (a), the conventional verification process compares adult to child faces in order to verify that a claimed identity is correct. While in the modified verification process, the goal is to compare child to child faces obtained using 3D B-FAM (see Figure 3.10 (b)).

For performance evaluation, we used the FAR (False Acceptance Rate), calculated as a fraction of impostor scores exceeding the threshold, and the FRR (False Rejection Rate), which is calculated as a fraction of genuine scores falling below the threshold. Determining FAR and FRR will allow us to consider the EER (Equal Error Rate) to obtain the threshold values for its FAR and FRR and analyze the performance of the system. The lower the EER is, the better the system performs. For this verification scenario, the reference faces of 70 adult subjects from the Time Machine V.2.0 database were used in conventional process and the de-aged results obtained from the 3D B-FAM as modified verification process. We simulate the adult faces into their childhood appearance in the same ages as we have their faces in enrolment phase, then, we integrate the new module containing 70 simulated child faces to verify child to child evaluation and to analyze the performance of the system. Figure 3.11 shows receiver operating characteristic (ROC) curve of our system's performance. The curves represent the comparison of system's performance using modified process. The purpose is to compare system's performance when using the simulated faces obtained from our model with the real faces from the database in order to show that we can accomplish lower EER using the results of 3D B-FAM than those of the real ones, which is the reason we have two curves with labels "Real faces" and "Simulated faces". For the comparison, we considered coefficients for each metric of GPM known as SSIM, MSDM and FLM where 𝛼 + 𝛽 + 𝛾 = 1

and 𝛼 = 𝛽 = 𝛾. As can be seen the EER is around 50% with taking into account all coefficients in GPM combined metrics (see Figure 3.8 (a)). We can see from the figure that the EER is reduced to approximately 38% meaning the performance has been improved. We can notice that face landmark coordinates metric (FLM) is the most reliable metric since the geometrical and textural aspects of faces are subject to many alterations during time and have profound impacts on the verification of the system; nevertheless, the landmarks distances remain stable which makes it the most dominant feature when it comes to security scenario.

Indeed, by extending the number of the faces in the database, a more accurate number for the EER of the system will be achieved. In addition to the database issues mentioned earlier, the quality of the reference face textured meshes influence the evaluation results. That is because most of the references do not have the same pose, light condition or the same facial expression as the final result. 

Conclusion

In this chapter, the dynamic 3D Backward Face Ageing Model (3D B-FAM) has been presented. This model simulates the trajectory of the ageing through a backward path in which an input adult 3D face textured mesh transmits to its younger target age down to 3 years old. Throughout this morphable model, the geometrical and textural aspects of the 3D face are altering simultaneously. The extension of face modeling from 2D to 3D domain allows additional capability of compensating an accuracy in defining the face representation. We have evaluated the proposed model using the Generic Perception-based Mode (GPM) which includes three different metrics to measure the texture quality, mesh distortion quality and landmarks disparity. The similarity rate of 75% was achieved. Accordingly, we showed that our approach is robust to perceptual features by analysing geometrical and textural distortion and it does not represent significant disparity between face landmarks.

The proposed approach is efficient in time complexity and has widespread applications in educational, medical and psychological field and can be considered as a potential solution in biometrics, forensics and general computer vision applications. As an example of application in verification systems, it has been shown that system's performance is improved when considering only face landmarks metric (FLM). Consequently, we highlighted the fact that face landmarks are the dominant features once it comes to verification scenario.

In the next chapter 3D Forward Facial Ageing Model (3D F-FAM) will be presented. This model predicts an adult face appearance in its future by considering the natural ageing procedure. Unlike the 3D B-FAM, in F-FAM most of the alterations are related to the face texture.

Facial ageing is a complex alterations of textural variations of the facial skin and facial volume deficit along with the progressive impacts of time on the delicate tissues and profound basic layers of the face.

A large number of the facial appearances of maturing mirror the consolidated impacts of gravity, dynamic bone remodeling and diminished tissue versatility. Other ecological components that are inferred to influence facial appearance incorporate mental pressure, nutrition, work propensities, drug misuse, and illness which will be discussed thoroughly in the next chapter.

3D Forward Ageing Model Development

The 3D face ageing morphable model can be defined as:

ℱ(𝑖) = 𝑤 1 𝑇 𝑝 (𝑖) + 𝑤 2 𝜓(𝑓(𝑗)), { 𝑖 = 𝑗 + ∆ 𝑤 1 + 𝑤 2 = 1 (4-1)
where as much as possible. As a result, the aged faces for different genders are generated using the original face shape as an input while keeping the personal characteristics throughout all ages to obtain realistic 3D facial appearance results.

The general diagram and the different phases of the work is indicated in Figure 4.1. This diagram displays the overview of fundamental phases of 3D F-FAM. Each step will be explained comprehensively in the following sections. Age-related facial changes can be categorized as geometrical and textural. The variations occur in the shape will appear on the facial mesh and those of skin and soft tissues on the UV texture map. However, contrary to the growth development, in ageing trajectory, most of the variations are textural and geometry is subjected to minor reforms.

Proposing a reliable model for facial ageing requires an understanding of both youthful and elder face anatomy and ageing stigmata on the face which was explained earlier in Chapter 1 by demonstrating which parts of the face are affected by ageing and how these changes will appear on the face. The outcomes of the morphological studies indicated that the face does not age homogeneously, rather, its ageing is associated with many dynamic components.

Facial Features Measurements

To build the face templates for each age group and apply the geometrical face changes, craniofacial measurements in different age groups were required. To choose the scales and distances associated with ageing process, and definition of the components' size and their distribution, the determined standards are used.

Having completed the facial shape growth and reaching its maximum size by entering the adulthood, there is no detailed accomplished geometrical measurements for the adulthood to the best of our knowledge as the changes are insignificant. All the measured values are achieved by calculating the average number of size and distances obtained from all the face images in the age clusters.

According to the literature, the geometrical change differences between each two age clusters after 20's are very minor. Although the differences are not significant, these minor alterations can make the face appear older so their impact could not be denied. 

3D Face Template Construction and Selection

There exist various factors which can influence the normal pattern of ageing process. In other words, age-related effects are different from one person to another since the aging process is under the influence of different factors like genetic, health and lifestyle; these factors will be introduced in Chapter 5; however, the common age-related aspects of the faces in one specific age range cannot be overlooked.

As previously mentioned, Face Template illustrates the common features of each age cluster's faces. The more the distance between these two age clusters is, the better these distinctions are determined. The average of faces for each age cluster is calculated as has been explained in Chapter 3.

As the most tangible changes with ageing are related to the texture, the output result is based on the changes on the geometry and texture simultaneously.

Up to now in this chapter, the aim of our research is studying the ageing pattern in a normal condition i.e. natural facial ageing development. As a result, except in the conditions that the shape of the face or its components transformed due to a special disease or gain/lose weight, we assume that the facial shape does not change significantly after certain age in 20's.

The procedure to display the maturing of human face enables to simulate the trajectory of face aging process consists of collecting the database for the purpose of face templates construction, considering the variations of faces for both females and males where the maturing procedure is detectable by estimating the varieties of shape and texture for a while in a gathering of individuals and lastly, building up the 3D facial aging model through the estimations dependent on close to particular characteristics.

In the proposed approach, polygon mesh of the 3D face indicated by a meshvector ℳ = (𝑋 1 , 𝑌 Consequently, the 3D template faces are constructed using a database of m faces, each represented by its mesh-vector ℳ 𝑖 (ℳ = ∑ 𝑎 𝑖 ℳ 𝑖 𝑚 𝑖=1

) and texture-vector 𝒯 𝑖

(𝒯 = ∑ 𝑏 𝑖 𝒯 𝑖 𝑚 𝑖=1
) where

∑ 𝑎 𝑖 = ∑ 𝑏 𝑖 𝑚 𝑖=1 = 1 𝑚 𝑖=1 .
Selecting the appropriate template 3D face model from the database representing the common facial characteristics in each age group is the first phase of the proposed method. Then, the aging trajectory curve of the selected age is applied to simulate the appearance of the person at an older target age.

Age-related facial alterations can be assorted as geometrical and textural. Yet, contrary to the growth process during childhood, in adulthood aging trajectory, geometry encounters insignificant changes while most of the transformations are textural.

To apply the geometrical face changes, even delicate after 20's, craniofacial measurements in different age groups are required. Changing the facial age geometrically needs the transformation of the facial components' size, distances between them, face shape and its size.

To apply the facial age transformation as a non-linear function, the growth curve regarding these measurements has been employed [START_REF] Hall | Handbook of physical measurements[END_REF].

Same as the previous proposed model in Chapter 3, the texture information is used as a UV map if there should arise an occurrence of the Morphable Model per vertex, to show the skin surface alterations in each age group. The advantage is that the resolution is independent of the geometry. For this reason, we defined a single texture UV map for the facial regions of the head. The texture average is considered to calculate a single mean texture template for each age group as a UV texture map.

While human face aging during childhood is mainly reflected by the craniofacial changes resulting in shape changes, it is for the most part spoken to relatively enormous surface alterations with skin variations such as wrinkle appearance and minor shape changes after entering adulthood. Based on this theory, the approximation of the coefficients is not the same for geometrical mesh and perception aspect due to the fact that most of the changes in the polygon mesh of the face occurs during the formative years until the age of 18 [START_REF] Ramanathan | Modeling age progression in young faces[END_REF], while the textural changes take place when the wrinkles appear and facial muscles begin to lose their elasticity.

Table 4.1 demonstrates the mean MSDM scores resulting from the comparison between simulated aged textured mesh face and the reference textured mesh face for both genders. We considered different radius values (R = 0.001, R = 0.01, R = 0.02, R = 0.05 and R = 0.1) in which the smaller the radius value is, the more the accuracy of the comparison becomes as the bounding box gets smaller throughout the comparison process. The metric value tends toward 1 when the measured objects are very different and is equal to 0 for identical ones. As can be seen from the values, the calculated mean MSDM scores for the set of evaluated 3D faces are carrying out the scores of 0.006 when R = 0.001 and 0.001 when R = 0.1. These scores represent that the meshes being compared are identical as they are almost equal to 0. As can be seen, the model behaves the same for both genders which results in high similarity rate and low distortion between 3D output and their reference faces for both females and males. Figure 4.5 is illustrated to show the decrement flow of the obtained values for different radiuses. We can conclude that our model does not represent significant geometric distortion and is robust for both genders. In Table 4.2, GPM is discussed comprehensively. As can be seen, the age difference between input and output in the testing phase is defined as ∆. We divided ∆ into four different age intervals of ∆ <5 years old, between 5-10 years old, between 10-20 years old and ∆ >20 years old. We can see that for both genders, the mean scores for all metrics increase with incrementing ∆. For instance, in case of females, SSIM = 0.1737 in the interval of ∆ <5 and reaches to 0.2414 in the interval of ∆ >20 years old. This trend is same for two other metrics as well as for males. This proves that results are less identical as ∆ increases. It indicates that simulating face aging effects would become more challenging when the time range increases. According to the mean score values in ∆ > 20 years, we can conclude that the method is still robust even when there is huge age difference between input and output faces.

Having compared the mean score values of females and males, although the model behaves almost the same for both genders, one can note higher mean scores for males due to the textural impact of having beards. According to Table 4.2, the mean scores in all cases are slightly higher for males than that of females in all ∆ classes. This mode of variation expresses an increase in size of the male face, especially in the nose, eyebrows, and chin. All in all, the analysis of these metrics shows that our model is robust regarding the textural, geometrical and landmarks comparison and does not represent considerable distortion for both genders. 

Impact of Ageing on 3D Facial Verification Application

In order to analyze the impact of ageing on 3D facial verification, the performance evaluation rate between the conventional verification process and that of modified verification process has been compared. As a matter of fact, verification scenario is considered as an application for the purpose of studying the ageing effects when it comes to biometric applications.

In general, this application examines the process of verification by comparing the claimed identities with enrolled faces. As can be seen in For performance evaluation, we used the FAR (False Acceptance Rate), calculated as a fraction of impostor scores exceeding the threshold, and the FRR (False Rejection Rate), which is calculated as a fraction of genuine scores falling below the threshold. Determining the FAR and FRR will allow us to consider the EER (Equal Error Rate) to obtain the threshold values for its FAR and FRR and analyze the performance of the system. The lower the EER is, the better the system performs. As can be seen the EER is around 50% in case of using real faces in conventional verification process and is reduced to approximately 35% applying the simulated faces obtained from our proposed 3D ageing morphable model. This indicates that the system verification performance has been improved. Indeed, by extending the number of the faces in the testing database, a more accurate number for the EER of the system will be achieved.

In addition to the database issues mentioned earlier, the quality of the reference facial textured meshes influence the evaluation results. That is because most of the references (ground truth faces) do not have the same pose, light condition or the same facial expression as the final result. 

Conclusion

In this chapter, we have described the morphable 3D Forward Facial Ageing Model (3D F-FAM) for constructing point by point deformable models from a set of 3D facial surfaced meshes. We have demonstrated how separate ageing trajectories for male and female subgroups can be modeled to simulate the trajectory of the ageing through a forward trajectory in which an input 3D facial textured mesh transmits to its older target age until it reaches to 80s. This 3D morphable model deals simultaneously with both shape and texture deformations throughout the ageing process. We have evaluated the proposed model using three different metrics to analyze the performance in textural, geometrical and landmark distortion aspects.

Based on the results, the textural measurement points to approximately 0.2 for females and 0.27 for males which shows the model represents plausible accuracy. In geometrical measurement, the distance differences of the two compared meshes and the landmark comparisons indicate the score value toward to 0 which shows that the model does not represent significant disparity.

We verified that aging impacts the performance of 3D facial verification process and our 3D model improves the performances. Although, the verification performance rate is not considerably high using our model, the reduction in EER value compared to using enrolled real faces is noticeable. As a result, we can consider the applicability of the proposed ageing model for 3D face verification and facial appearance prediction across ageing. Indeed, by taking into account some external factors in process of aging, a better value can be obtained. 

Summary:

Having considered various intrinsic and extrinsic factors during the ageing process, the facial dissimilarity between individuals can appear. Adapting the lifestyle behavior to face ageing model can result in more realistic results and they can be more desirable when different circumstances, behavior and lifestyle and their impacts on the facial shape appearance as a consequence are taken into account. Such may be applicable for many practical reasons in healthcare, forensics, psychology, missing people and children, etc. This chapter presents the 3D Face Time Machine Matrix (FT2M), a 3D Dynamic Shape Model which is a fusion of two models of ageing and rejuvenation with facial shape variations due to lifestyle and behavioral factors.

Furthermore, in the following chapter, a study has been done on the impact of methamphetamine (METH) abuse on facial appearance to show how it accelerates biological ageing process and causes severe distortion such as facial asymmetry.

This chapter is organized as below: Frist, facial ageing influential factors are discussed in Section 5.1. Then, 3D dynamic shape model is explained in Section 5.2. In section 5.3, global impact of methamphetamine abuse on facial appearance is defined and the facial asymmetry distortion as a result of using methamphetamine is quantified. In Section 5.4, simulation of the 3D face considering the statistical distortion results of the methamphetamine abuse is studied. Chapter is concluded in Section 5.5.

Impact of Factors on Facial Ageing

The skin aging phenomena is a complicated process. It is dependent on a number of genetic or environmental factors. It is ambiguous to acknowledge skin aging as a homogeneous biological development; as structural, anthropometrical, and aesthetic alterations happen at a fluctuating proportion and a few specific natural procedures may happen simultaneously [START_REF] Gunn | Why Some Women Look Young for Their Age[END_REF].

There exists a number of determinants assist in stimulating the aging process in a natural manner. Skin aging trajectory can be categorized into two levels: extrinsic and intrinsic. Extrinsic ageing comprises external factors which can be controlled like sun exposure. On the contrary, intrinsic ageing includes age-related alterations which are uncontrollable and occurs as an inevitable consequence of physiological changes over the time. In the following, an overview of these factors will be discussed.

Perceived age of an individual's facial appearance has been stated to be linked to intellectual and environmental factors. Not only it has accompanied with numerous skin characteristics anatomy e.g. wrinkling, but also it has been affected by facial characteristics of the under structure physiology e.g. fat deposits, lip volume, etc.

Extrinsic Factor

The variables that have the greatest effect on facial skin ageing are recognized as extrinsic determinants which are caused by external influences, i.e. one can deal with them to improve the perceived age of the skin [START_REF] Farage | Intrinsic and extrinsic factors in skin ageing: a review[END_REF] [START_REF] Chung | Photoaging in asians[END_REF]. Some key factors of extrinsic ageing are defined as follow:

Environment (Sun Exposure):

There is no distinct determinant of skin aging that has more significant impact than sun exposure. Frequent exposure to sunlight (ultraviolet radiation) can cause skin, particularly the face skin, to age prematurely [START_REF] Uitto | Understanding Premature Skin Aging[END_REF]. According to literature, up to 80 percent of skin aging is subject to damage caused by ultraviolet rays emitting from sun [START_REF] Flament | Effect of the sun on visible clinical signs of aging in Caucasian skin[END_REF]. In addition to the photo damage precipitated by sun exposure, which devastates the cells and underlying skin layers, ultraviolet rays generate a thickened appearance to the skin and stimulates the development of wrinkles, mainly around the eyes [START_REF] Shaw | Aging of the mandible and its aesthetic implications[END_REF]. With persistence ultraviolet emission, the color and texture of the face can vary over time. The ultraviolet (UV) radiation provokes the creation of free-radicals in the skin. Free-radical is an extremely reactive atom which is able to be employed in accelerated chain responses that destabilize other atoms and produce free radicals to a greater extent. Excess of free radicals may cause an intrusion to skin collagen and brings about an expanded danger of perpetual infections, such as cancer. Consequently, skin loses its elasticity and develops wrinkles. A representation of UV impact on the face apparent age is shown in Figure 5.1 (a) in which identical twins have been examined. Researchers commented that twin A looks 11-and-a-quarter-year younger than twin B. The cumulatively exposure to the sun since her 20's on Florida's east coast can be the main reason of obtaining more aged and darker skin.

Published in the New England Journal of Medicine, the 69-year-old's photo illustrates how much more aged one side of his face is than the other as can be seen in Figure 5.1 (b). Upon assessment, the left half of his face was found to have signs of the Favre-Racouchot disorder of photo-damaged skin, named dermatoheliosis.

During 28 years, the truck driver has had his left face side exposed to ultraviolet rays transmitted through his windowthough his correct side was secured and generally safe which brought about the skin on the left side getting thicker, a procedure known as one-sided dermatoheliosis (DHe) which occurs when unreasonable as well as extended exposure of the skin to UltraViolet Radiation (UVR). UV rays can enter through glass windows and mists and unending exposure can prompt the devastation of the skin's resilient filaments which clarifies the profound wrinkles. Smoking: Smoking is a crucial factor in skin ageing and wrinkle appearance in older individuals [154][155][156] [START_REF]Cigarette smoking: risk factor for premature facial wrinkling[END_REF]. Although some studies show that smoking has a minor impact on the skin wrinkle appearance [START_REF]Tobacco smoking contributes little to facial wrinkling[END_REF]. Smoker's face is utilized to depict the feature variations that happen on the essences of smoking individuals.

The generic comment is quickened facial ageing with a trade pattern of facial creases and dull tint.

As a result of smoking, the flow of oxygen to the skin decreases by 30 percent.

Constricting of the fine veins in the dermis of the skin, which have the responsibility to cut off the supply of supplements that are important for steady self-recovery of the skin and expulsion of waste items is another impact of smoking on the skin. Hence, skin starts to appear dull. Smoking also triggers the free-radicals generation in the skin. Along with threatening the skin balance, the free-radicals invade the collagen existing in the skin composing an excess skin which loses its elasticity. Accordingly, smoking accelerates aging process because of all above mentioned impacts, also, significant increase in facial wrinkles take place due to the degradation of elastic fibers. Compared to nonsmoker faces, the smokers' face looks deeper and narrower. This wrinkling pattern is followed by withered highlights and atrophic, dull and uneven skin surface shading [START_REF] Model | Smoker's face: an underrated clinical sign?[END_REF]. Additionally, tightening the lips and squinting while at the same time inhaling smoke may prompt the development of sharp wrinkles and prominent perioral lines. Air Pollution: Akin to smoking, air pollutants confine the oxygen flow and supplements to the skin and cause abundance free-radical production. It is worth noting that free radicals are always present in the body as a byproduct of normal metabolic activity. As long as they are present within the healthy standards, they are neutralized by built-in mechanisms of the body before they go through the cellular environment [START_REF] Mccord | The Evolution of Free Radicals and Oxidative Stress[END_REF]. The main issue commences at the point when such external elements, for instance, sun exposure, smoke and contamination cause them to grow to the levels that the body ends up powerless of neutralizing which will influence the appearance and anatomy of the face skin directly.

Lifestyle Habits: In recent decades, lifestyle as an important factor of health has been of great interest to the researchers [START_REF]Dietary nutrient intakes and skin-aging appearance among middle-aged American women[END_REF]. According to WHO, 60% of related aspects to individual health and quality of life are related to lifestyle [START_REF] Ziglio | The WHO cross-national study of health behavior in school aged children from 35 countries[END_REF].

Unfortunately, millions of people follow an unhealthy lifestyle and bad habits.

Consequently, they encounter illness, disability and in the worst case death. Those bad habits and lifestyle choices can do huge damage to mind and body and specifically on how good, or not, the facial skin looks in no time. Accordingly, the relationship of lifestyle and health has been highly considered. Such factors like eating habits, the amount of sleep, the stress level to which one is exposed, amount and type of exercise one engages also affect the skin and facial shape. Healthy lifestyle and habits decrease the speed of ageing trajectory development of whole body as well as the skin. Including basic changes in daily routine may have a significant impact for boosting the skin circumstances and its health.

Intrinsic Factors

Intrinsic skin aging is a gradual natural procedure with biological highlights, e.g. less resilience skin with fine wrinkles that are not obvious until elderly [START_REF] Farage | Textbook of Aging Skin[END_REF].

Researches into the principles of diversities in ageing process have identified intrinsic factors as being crucial to consider. In the following, some studies are described to define the impact of such determinants on either single component of facial skin or on a combined exemplary evolved from a number of single characters.

Ethnicity:

The ageing effects can differ according to ethnicity given underlying structural and functional variations. The most common evidences of skin aging regardless of the type of skin are dark shaded marks, resilience and volume deficit. Skin ageing is a unique process due to the specific characters of skin texture color. Among different ethnicities, those of African American, Asian and Hispanic descent have specific facial characteristics. Variations in the epidermal melanin concentration make dark pigmented individuals more vulnerable to depigmentation, while a thicker and more compact dermis (the thick layer of living tissue below the epidermis that forms the true skin) appears facial lines less remarkable. Ethnic skin which is a term to classify specific skin types associated with their heritage and genetic links, comprises a large number of the world population. Hence, understanding the unique structural diversities among different existing ethnicities is crucial to adequately consider the signs of aging.

To clarify the definition of the term ethnicity, we can mention that it refers to large groups of inhabitants who share a common language and culture, whereas race typically represents a distinct population in terms of genetic similarity [START_REF] Rawlings | Ethnic skin types: are there differences in skin structure and function?[END_REF]. In this section, we allude to ethnic skin as the wide scope of skin phenotypes and compositions that portray people with obscurely pigmented skin including African American, Asian, Caucasian and Latino/Hispanic ancestry. The maturing procedure has ethnocentric changeability with respect to both facial shape and perception.

A full discussion of anthropometry variations in different ethnics is beyond the scope of this chapter; however, a brief description of ethnic facial anatomy diversity is provided in table 5.1 [START_REF] Vashi | Aging Differences in Ethnic Skin[END_REF].

Facial Skeleton Remodeling: Throughout life, skeletal tissue is continuously developing, removing and remodeling. During early period of life span, particularly before entering young adulthood at the age of twenty and with peak acceleration at puberty, the growth, and modeling of facial bony structures become noticeable. This chronological phenomena is visible with the changes in shape, height, and facial structure in both genders with entry into early adulthood [START_REF] Taister | Comments on Facial Aging in Law Enforcement Investigation[END_REF]. The facial bone structure alters in a way that the maxilla moves posteriorly and superiorly while frontal bone moves anteriorly and inferiorly. This revolution makes sharp edges become increasingly and likely affects the situation of overlying delicate tissues.

These progressions have all earmarks of being extremely vivid in females [START_REF] Richard | Analysis of the anatomic changes of the aging facial skeleton using computer-assisted tomography[END_REF]. The full description of anthropometrical changes are given in Chapter 1. 

Caucasian

Narrower nasal base, intercanthal widths identical to the African face, less volume lips, less protruded maxilla, greater upper anterior face height and lower posterior facial height [START_REF] Janson | Craniofacial characteristics of Caucasian and Afro-Caucasian Brazilian subjects with normal occlusion[END_REF] East Asian Wider face, higher eyebrows, fuller upper lid, lower nasal bridge, flatter malar prominence and midface, more protuberant lips, and more receded chin [START_REF] Gao | ScienceDirect Comparison of aesthetic facial criteria between Caucasian and East Asian female populations : An esthetic surgeon ' s perspective[END_REF] Latino/Hispanic Increased bizygomatic distance, bimaxillary protrusion, broader nose, broad rounded face, and a more receded chin [START_REF] Vashi | Aging Differences in Ethnic Skin[END_REF], shorter nose protrusion, height, and head length than Caucasians, larger face than Caucasians [START_REF] Zhuang | Facial Anthropometric Differences among Gender, Ethnicity, and Age Groups[END_REF] African/Amercian Longer lip length, larger faces than Caucasians, shorter nose protrusion, and head length than Caucasian [START_REF] Zhuang | Facial Anthropometric Differences among Gender, Ethnicity, and Age Groups[END_REF], greater nasal root breadth, nose breadth, and lip length than those of Caucasians by upward of 10% [START_REF] Zhuang | Facial Anthropometric Differences among Gender, Ethnicity, and Age Groups[END_REF], broad nasal base, decreased nasal projection, bimaxillary protrusion, orbital proptosis, increased soft tissue of the midface, prominent lips, and increased facial convexity.

Hormones:

The skin is a hormone-subordinate organ, and the decrease of hormonal stream during menopause quickens skin maturing in females. A large number of the impacts of estrogen on human skin depend on the progressions that occur in post-menopausal for women. Menopause shows up as a defining moment throughout life, with a decrease in skin quality characteristics [START_REF] Farage | Textbook of Aging Skin[END_REF]. Estrogen specifically profoundly affects skin, empowering extracellular grid creation and averting diminishes in collagen which is a significant protein that repays the majority of the skin's steady structure, skin thickness, skin hydration and epidermal obstruction function. Various examinations have demonstrated that estrogens have numerous significant advantageous and defensive roles in skin physiology [START_REF] Verdier-Sévrain | Biology of estrogens in skin: implications for skin aging[END_REF] [START_REF] Wildt | Oestrogen and age estimations of perimenopausal women[END_REF]. Expanded sagging, rather than coarse wrinkles, is the fundamental side effect of postmenopausal ageing [START_REF] Trojahn | Characterizing Facial Skin Ageing in Humans: Disentangling Extrinsic from Intrinsic Biological Phenomena[END_REF]. The most significant changes in women's facial skin occur during menopause period. It commences with estrogen deterioration which brings about extensive collagen destruction. As a result, wrinkles start to emerge and skin loses its elasticity and remain loose. Despite the fact that a variety happens in skin thickness during the menstrual cycle, with skin thickness level being at the most reduced in the start of the menstrual cycle, it at that point increments with the rising degrees of estrogen [START_REF] Eisenbeiss | The influence of female sex hormones on skin thickness: evaluation using 20 MHz sonography[END_REF]. Skin experiences significant changes related with maturing. This is most evident in the face and other sun-uncovered territories.

Maturing is related with a reduction in skin thickness because of decay of the epidermis, dermis and subcutaneous fat deposits. This is related with dryness, wrinkling and an expanded occurrence of proliferative deficiency [START_REF] Stevenson | Effect of estrogens on skin aging and the potential role of SERMs[END_REF]. Within the dermis, expanding age prompts diminished fibroblast action, decreased collagen and hyaluronic corrosive substance, progressively divided elastin strands and diminished vascularity [START_REF] Ashcroft | The effects of ageing on cutaneous wound healing in mammals[END_REF]. Following menopause numerous women identify a quick initiation of skin ageing; skin winds up more slender with diminished collagen content, diminished flexibility, expanded wrinkling and expanded dryness.

Genetic factors and Heredity:

Genetic is a significant way to recognize key sub-atomic occasions that are engaged with indicating organic capacities [START_REF] Shekar | Genetic and environmental influences on skin pattern deterioration[END_REF]. Longevity and healthy aging in humans are harmonized by a combination of multiple genetic and non-genetic factors. Heredity studies exhibited that around 25% of the variety in human life span is because of hereditary variables [START_REF] Passarino | Human longevity : Genetics or Lifestyle ? It takes two to tango[END_REF]. As per the hereditary hypothesis of ageing, life expectancy is fundamentally controlled by the genes that individuals inherit. In other words, human's life span is fundamentally concluded at the moment of origination and is to a great extent dependent on individuals' parents and their genes. The examinations behind this hypothesis demonstrate that telomeres, which are the fragments of DNA occur at the end of chromosomes, establish the greatest life expectancy of a cell. Telomeres become shorter each time a cell partitions. These telomeres continue to shorten and in the long term, the cells are not able to separate without losing significant bits of DNA. All in all, the studies state that interference adjusting the collaboration between hereditary circumstances and condition is essential to decide the individual opportunity to accomplish long life span [START_REF] Jin | Modern Biological Theories of Aging[END_REF].

Up to now, this chapter has presented various features of daily routine related with apparent facial age as well as the influential factors of intrinsic facial ageing.

We explained that a large number of these lifestyle behaviors can possibly impact skin maturing.

Accordingly, we can consider that "face" can be best element to survey whether facial appearance could be utilized as a rousing element for the appropriation of a scope of healthy behaviors. Addressing all the possible determinants is beyond the scope of this study; however, two of the most influential determinants, facial shape remodeling and drug abusing will be discussed. Then, an analysis on the impact of methamphetamine abuse on facial asymmetry will be presented.

3D Dynamic Shape Model (FT2M)

Being able to modify three-dimension face requires precise three-dimension models including such mouthfuls as "Geometrical Mesh and Textural Model".

We improve on previous proposed models in previous chapters by offering a fusion of two models of ageing and rejuvenation with facial shape variations due to lifestyle and behavioral factors using Principal Component Analysis (PCA). This model can simulate the requested target age of the 3D input either at older or younger age and can change the face shape of an individual. By extracting 3D Face information and manipulating them, wide variety of applications for education, healthcare, security and entertainment purpose could be expected.

Specific facial elements such as the eyes, mouth and nose have significant importance as they deliver most of the audiovisual information expressed by humans [START_REF] Dixon | Fundamentals of Craniofacial Growth[END_REF]. As one of the most complex facial traits, the human facial shape topology, is differed due to many factors such as genetics, ethnicity, age, gender, and health. Male and female faces differ in their shape. Mature features in adult human faces reflect the masculinization or feminization of their characteristics that occurs at puberty. Larger jawbones, more prominent cheekbones and thinner cheeks and lips are all features of male faces that differentiate them from female faces [3][26]. It is obvious that normal face shape differences are controlled by one's genes. Craniofacial development is a complex process determined by genetics influence facial morphology [START_REF] Liu | A Genome-Wide Association Study Identifies Five Loci Influencing Facial Morphology in Europeans[END_REF] [START_REF]Genome-wide association study of three-dimensional facial morphology identifies a variant in PAX3 associated with nasion position[END_REF] although there are multiple attributes regarding one's lifestyle and behavioral traits which contribute to facial shape variations and bring about for example a fat or slim face appearance. Accordingly, facial modeling and simulation can not only be helpful in forensics in the aim of finding the missing children but also in health and educational purpose to make children aware of the bad habits and lifestyle impacts by showing them the simulation of their face due to consuming too much processed and fast food and/or spending countless hours in front of the television being sedentary and as a result assisting in controlling the degeneration of health among many people today.

Our aim in this chapter is to discuss on the model approach which is able to take the 3D face of a particular person and to simulate a rejuvenation and ageing trajectory specific to that particular individual as well as visualizing the perceptible changes occur in facial appearance and shape changes due to the lifestyle and behavioral traits.

The importance of lifestyle and health and its impact on facial appearance brought about the results of the 3D dynamic shape model [START_REF] Majid | A 3D Dynamic Shape Model to Simulate Rejuvenation & Ageing Trajectory of 3D Face Images[END_REF] in which the 3D Face Time Machine Matrix (FT2M) presented as a fusion of two models of ageing and deageing with facial shape variations due to lifestyle and behavioral factors. We improve on previous proposed models in the previous chapters by offering a fusion of two models of ageing and rejuvenation with facial shape variations due to lifestyle and behavioral factors using Principal Component Analysis (PCA).

This model can simulate the requested target age of the 3D input either at older or younger age and can change the face shape of an individual. what makes this model exclusive, is the face shape variance along the horizontal axis displaying the probable facial shape changes from relative thin to relative fat regarding the person's behavior and lifestyle which can affect multiple aspects of the health including the aging process and how physical health changes with age. Thus, this 3D model permits transforming an image of the face of a person into a corresponding image of that person as he would appear in any target age and perceptible shape either a number of years later, or earlier, thinner, or heavier respectively. By extracting 3D Face information and manipulating them, wide variety of applications for education, healthcare, security and entertainment purpose could be expected.

3D face database featuring face models are not common and defective; however, 2D datasets are more readily available. We therefore decided to construct our 3D face databases and then extract the 3D information regarding the geometry and texture of the 3D face to construct the "Geometrical Mesh and Textural Model". See Chapter 2.

We proposed an approach to model 3D faces such that the Mesh and Texture of the input 3D face are extracted and based on the input age >18 or <18 , the Ageing database or Rejuvenation Database are considered to apply Ageing Model or Rejuvenation Model, respectively. The diagram of the approach is illustrated in 

Face Time Machine Matrix Model

The goal of a face model is to represent the appearance of faces in a mathematical way. Using PCA [START_REF] Sirovich | Application of the Karhunen-Loeve procedure for the characterization of human faces[END_REF][186], the faces of females and males are parameterized as triangular meshes of the facial mask separately. One most challenging part of this topic is to keep personal characteristics in every age while simulating. Our model reconstruct an aged/rejuvenated face from the input face image by performing Principal Component Analysis (PCA) on each age category.

The appropriate coefficients are designated by a special similarity measurement between current age and target age to keep personal characteristics as much as possible. The system is able to generate aged/ rejuvenated faces using the original face shape as an input and considering the probable shape changes (slim or fat face) and age-related features such as spots, wrinkles, and sagging while keeping personal characteristics throughout all ages.

The model starts out with the recognition that there are a finite number of typical faces in different age groups that has already been explained thoroughly in previous chapters. In each age group, typical face categories exist as average female face, fat female face, thin female face, average male face, fat male face and thin male face. In other words, in each of the age categories, there are certain characteristics which change in almost all faces of a given type, e.g., the types of wrinkles which appear, the loss of facial elasticity, etc.

Forming the rejuvenation and ageing evolution of a human face for different age groups and genders requires a reasonable collection of data. In order to learn the 3D face characteristics including the geometry and texture information, we need to construct a database consists of the vertices of 3D polygon mesh of craniofacial structure as well as the material concerning the UV map skin texture of a real human face. The de-ageing/rejuvenation and ageing models are defined previously in where ℱ 𝑅𝑀 (𝑖) and ℱ 𝐴𝑀 (𝑖) are the target rejuvenated and aged output of the 3D face at the given age, j is the input age and i is the output age. R is the Reference 3D image which consists of RM and R𝒯, the reference mesh and texture respectively.

Coefficients 𝛼 and 𝛽 are specified such that the personal characteristics similarity measurement between current age and target age can be kept as much as possible. In other words, to synthesize the different measures using the geometrical and textural models, it is necessary to calculate varying model coefficients. The approximation of the coefficients is not the same for shape and perception since most of the changes in the polygon mesh of the face occurs until the age of 18 [START_REF] Mark | The perception of growth in three dimensions[END_REF], while the changes in texture take place when facial muscles begin to lose their elasticity and the wrinkles appear. ℳ and 𝒯 are representatives of shape (mesh) and perception (texture) of the face. Using PCA, the model is proposed in which 𝑤 is the projection of the observation matrix over the eigenvector 𝑉. Accordingly, the algorithm below explains the procedure of the proposed model. 

Performance Evaluation

To evaluate the results, the objective performance is applied based on 

Global Impact of Methamphetamine on Facial Appearance

Drug abuse is a continuous public health issue in the contemporary society.

Any drugs can affect users in different ways when they are continuously abused. All substances such as heroin, cocaine, crack, hallucinogen (PCP and LSD), amphetamines, marijuana and etc can cause negative mental effects as well as serious physical damages on the addicted person.

Among all the drugs which have influence on an individual's facial appearance, the most visible symptoms of abuse has been detected as a result of consuming methamphetamine. Methamphetamine abuse devastate the whole body, ruining blood vessels and tissues and preventing the body to repair itself in case of vulnerability. The methamphetamine abuse comprises appetite decrease which brings about muscle reduction, unhealthy degradation of body mass, atrophy and a bony appearance. Facial formation may suffer a profound revolution as a result of severe skin disorders due to meth consumption. Some impacts of meth abuse which can affect the person's face appearance are discussed in the following [START_REF] Freese | The effects and consequences of selected club drugs[END_REF]:

Skin: Destroyed blood cells, low blood movement, and inadequate hygiene inadequate hygiene related with meth misuse bring about dull skin without a characteristic of a healthy skin, resilience damage and an incompetence to mend.

Meth impacts cause outrageous obvious changes on the drug abuser's skin, e.g., serious skin inflammation, untimely maturing and droopiness. Dull skin shading is related with physical pressure and continuous sicknesses brought about by a debilitated body immune system. Besides, consuming meth causes rashly wrinkled skin with a insusceptible skin appearance. In addition, loss of soft tissues and body fat accompanied with a severe weight loss, due to the loss of appetite correlated with meth use.

Meth bugs and Rashes -A few people who misuse meth accept they are plagued with bugs crawling over or beneath their skin. In investigations of meth abusers [START_REF] Rusyniak | Neurologic Manifestations of Chronic Methamphetamine Abuse[END_REF] confessed to medicate treatment offices, about 40% announced meth bugs. This pattern rose to 70% in people with a past filled with psychosis. Initially, they may look like scabies bruises. Various blemishes on an individual's face and limits, or intermittent skin abscesses in these zones are regularly an indication of constant meth misuse. Meth addicts may scratch their skin relentlessly to dispose of the nonexistent bugs, now and then tearing the substance open. They may use any sharp objects to remove meth bugs. Also called delusions, a few people think the medication itself is leaving their skin instead of creepy crawlies. Open wounds regularly influence the face and arms, making the sufferer powerless against abscesses, just as staph, strep and different diseases. An investigation on meth clients [START_REF] Braun | Beautycheck-Causes and Consequences of Human Facial Attractiveness(Summary)[END_REF] discovered staph contaminations in 61% of abscesses and 53% of purulent injuries treated at U.S. medical clinic crisis rooms. Since many meth addicts selftreat their wounds, the given statistics are presumably low.

Eyes: Barely any investigations have been distributed on the visual reactions of meth. Substantial clients of meth can build up a few sorts of eye conditions, prompting perpetual eye harm and vision disability [START_REF] Peragallo | Ocular manifestations of drug and alcohol abuse[END_REF]. Obvious symptoms incorporate automatic eye jerking, identified with an interruption in elements of the focal sensory system. Now and again, students can remain widened for as long as 48 hours after meth use. Moreover, the symmetry of the eyes may be distorted in most case. This study will be discussed in the next section.

Teeth: The condition known as "meth mouth" is the noticeable symptom numerous abusers partner with meth utilization. Meth can cause darkened, recolored, spoiling or disintegrating teeth and gum infection. An investigation that has been done on 571 meth clients expressed that 96% had cavities, 58% experienced untreated tooth rot and 31% had at least six missing teeth. Indeed, even in youthful or transient clients, teeth are regularly hopeless and should be pulled. A study [START_REF] Richards | Patterns of Tooth Wear Associated With Methamphetamine Use[END_REF] found that users who grunted the medication had fundamentally more terrible tooth rot than clients who smoked or infused it, albeit all clients experienced dental issues. A few reports credit tooth rot to the damaging impacts of the synthetic substances found in the medication. These synthetic substances dissolve the tooth's defensive polish covering. Accordingly, the impacts are also on the appearance of the lower face due to the corrosive nature of the drug, which unbalances the lips and mandibular symmetry while increasing the chances for infections and face swells.

According to the National Institute on Drug Abuse [191], one of the most striking impacts of methamphetamine is the adjustment in the physical appearance and thusly the substance of meth clients. In the following, the study is focused on the methamphetamine effects on facial asymmetry by employing the features extracted from 3D faces.

Methamphetamine Effects on Face Asymmetry

Typical human countenances are not respectively symmetric [START_REF] Wang | Discriminative Thresholds in Facial Asymmetry : A Review of the Literature[END_REF].

Craniofacial studies have shown a prevailing right hemiface in both females and males [START_REF] Peck | Skeletal asymmetry in estheti-cally pleasing faces[END_REF]. According to the studies that have been done in facial ageing process, it has been demonstrated that face asymmetry increases with natural aging trajectory [START_REF] Sajida | The role of facial asymmetry in recognizing age-separated face images[END_REF]. They showed that lower hemifaces were concluded to exhibit maximum asymmetry across temporal variations. Furthermore, the triggers of early onset agerelated impacts due to drug addiction has been analyzed in [START_REF] Bachi | Is biological aging accelerated in drug addiction?[END_REF] which shows that drug addiction accelerates biological aging. Accordingly, abnormal aging mechanism associated with drug abuse brings about the poor performance of face recognition systems on drug addicts. Concurrently, face asymmetry was found to play a big role in face recognition and age estimation. Hence, addressing face asymmetry as a function of temporal variation for illicit drug addicts is highly serviceable if we consider how drug addiction accelerates biological aging and causes severe face distortion.

The context of addressing the question "does drug abuse distort face symmetry?" has been answered in the work of [START_REF] Harastani | Drug Abuse and Addiction: Effects on Face Asymmetry[END_REF] where the 2D drug addicted faces were analyzed in order to quantify the facial asymmetry. Knowing the fact that the asymmetry for normal people increases slightly by aging, this study showed that asymmetry measure reaches to a 1% increase in geometrical asymmetry and a 3% increase in textural asymmetry. These values for drug addicts has been quantified and showed that the asymmetry in faces is relatively exaggerated and reaches to a 123 5% increase in geometrical asymmetry and an 11% increase in textural asymmetry.

The aim of this chapter is to extend this analysis to three-dimension. According to the recent literature on face asymmetry [197][192], 3D-based assessment methods have gained popularity in the past decade. In the rest of this chapter, the facial asymmetry is quantified considering 3D faces of drug addicts (mainly methamphetamine). The analysis is assessed by employing the most credible state of art tools for face symmetry assessment.

Illicit Drug Addicts Database

Assessing the asymmetry of faces across temporal variations requires clear frontal face scans for each individual under consideration, captured in separated time slots. This arises a major difficulty in this research due to the very limited publicly available databases offering such a setting. Fortunately, the database that was collected for the drug abusers (mostly methamphetamine) is specially designed to model the distortion of faces versus temporal variations and meets the requirement for this research. However, the faces are provided in 2D. Thus, the faces were reconstructed in 3D in order to be assessed by the 3D feature assessment tools. The employed database was collected from internet photo collections on drug abuse and reconstructed in 3D. The methods of reconstruction are thoroughly explained in Chapter 2. For the purpose of this work, we considered passive method of reconstruction of the 3D object's shape on the basis of one image. This approach, known as 3D reconstruction algorithm is a critical mechanism that can be utilized in different applications. According to the literature, numerous 3D face reconstruction methods have been produced in the previous decade. Shape-from-shading [START_REF] Castel | Acquiring Height Maps of Faces from a Single Image of a Face using Local Shape Indicators[END_REF], 3D

Morphable Model (3DMM) [START_REF] Blanz | A Morphable Model For The Synthesis Of 3D Faces[END_REF], structure from motion [START_REF] Martinez | Rigid Structure from Motion from a Blind Source Separation Perspective[END_REF] and learning-based methods [START_REF] Song | Three-Dimensional Face Reconstruction from a Single Image by a Coupled RBF Network[END_REF] are some of the most important ones. Having considered that only frontal view images of drug abusers in the Illicit Drug Addicts database are available, 3D faces were reconstructed using single 2D frontal images. Several methods exist for retrieving 3D information of the face from a single 2D image. An example of 2Dbased image approaches is proposed by Blanz and Vetter [START_REF] Blanz | Face recognition based on fitting a 3D morphable model[END_REF]. They proposed the synthesis of 3D faces using a morphable model with only one frontal 2D image for each individual. The morphable face model is constructed based on a vector space representation of 3D faces. This space is constructed such that any convex association between shape and texture vectors corresponding to the 3D space describes a human face. Given a single 2D face image, the model estimates shape, texture, and all relevant 3D parameters e.g. pose and illumination, automatically. It is obvious that an error rate might arise due to the estimation of Z coordinate since we did not have access to profile view of faces. In order to compensate this, we considered ± Δ as a correction parameter. This parameter can be rectified in case of perfect 3D reconstruction from multiple views, subsequently.

The collected database has 120 members with two frontal face shots at least for each member, which shows the progress of drug abuse and its effect on the addict's face as shown in Figure 5.6. 

Facial Asymmetry Measurement

In this section, we present facial asymmetry measurement and evaluation for the drug addicts before and after abuse across temporal variations (aging) on the database, with necessary landmark detection and face pre-processing in the following.

To assess, the different metrics that are used to measure and quantify face asymmetry are presented. By looking at the database used in this work, it would be easy to notice that the face asymmetry can be affected in both geometrical and textural aspects. Hence, it is necessary to consider metrics for an assessment evaluation as follows:

 

Morphological Asymmetry Assessment

For the 3D faces, morphological or geometrical facial asymmetry measures can be employed as the symmetry between the left and right hemi faces which is discussed for certain landmarks. We used 3D face meshes to extract the 3D landmark coordinates.

Different approaches were introduced for landmarks localization on 3D faces for using in face recognition applications. Colombo et al. [START_REF] Colombo | 3D face detection using curvature analysis[END_REF] identified eyes and nose of the individuals to perform 3D face detection. A precise face analysis for the purpose of face alignment was performed by Gordon [START_REF] Gordon | Face recognition based on depth maps and surface curvature[END_REF]. This analysis was based on curvatures of extracted features on nose tip, nose bridge and eyes corners. An algorithms was developed by Colbry et al. [START_REF] Colbry | Detection of Anchor Points for 3D Face Verifcation Detection of Anchor Points for 3D Face Verification[END_REF] to detect face anchor points using 3D models for verification to estimate the pose and then match the test face to a 3D face model.

In this work, an analysis was performed to find the landmarks that are best suited for the geometry assessment purpose. Since the structure and pose of the face was known, the distinguished landmarks were detectable. First, the nose tip was detected by finding a maximum local curvature. Once the nose tip was localized, the search is repeated in the neighboring region with smaller curvatures to finally find all the points. We extracted the points on the eyes (middle canthus), tip of the nose, around the lip (oral commissures, Cupid's bow, and lower vermillion border), chin, and middle of the eyes (nasion) by finding the maximum and minimum local curvatures. For example, the most extreme projection as the maximum protrusion was designated to the nose at the focal point of the bounding box [START_REF] Colbry | Detection of Anchor Points for 3D Face Verifcation Detection of Anchor Points for 3D Face Verification[END_REF].

Consequently, we obtained eleven craniofacial landmark coordinates on 3D face mesh. The faces in the early and late stage of drug abuse were then compared based on the Euclidean distances between each features. This type of asymmetry measures, usually named as bilateral symmetry. The features are computed using Eq. 5.4; each bilateral feature is the percentage of the difference between two bilateral distances.

𝐵𝐹 𝑖 % = |𝛼 𝑖 -𝛽 𝑖 | max (𝛼 𝑖 ,𝛽 𝑖 ) × 100 (5-4) 
where:

𝐵𝐹 𝑖 : Bilateral feature i.

𝛼 𝑖 : Midline to left feature point distance for feature i.

𝛽 𝑖 : Midline to right feature point distance for feature i.

As can be seen in Figure 5.9, 11 bilateral features known as BF1, BF2, …, BF11 are considered on the 3D face mesh. Each feature corresponds to a distance difference between a landmark in the middle of the face and its left and right feature point. For instance, BF1 demonstrates the difference distance from the nasion point, which marks the midpoint at the intersection of the frontonasal suture with the internasal suture joining the nasal bones, to the left mid-canthus and right midcanthus. This distance comparison is represented in percentage in order to analyze the asymmetry measurement statistically. In order to compensate the error rate that might arise due to the estimation of Z coordinate since we did not have access to profile view of faces, we considered ± Δ error as a correction parameter. This parameter can be compensated later in case of perfect 3D reconstruction from multiple views. An example of the bilateral asymmetry metric applied on two 3D faces of the same person in the early and late stages of drug abuse (before and after) is demonstrated in Figure 5.10. We can visualize the changes in facial appearance in both texture and shape as well as statistical results of asymmetry measurements applying bilateral feature assessment given in the table. It can be seen that for each feature, there has been slight increase. As mentioned earlier, ± Δ was considered to cover the error in depth since the faces have been reconstructed in 3D with only frontal views. These values confirm that drug abuse causes premature ageing and brings about an increment in the asymmetry of the face shape. 

Statistical Analysis on 3D Drug Addicts Database

The results presented in Table 5.4 correspond to the before and after reconstructed 3D faces (early vs late stages of drug abuse) of 120 subjects in the Illicit Drug Addicts database. The results show a significant increase in face asymmetry both morphological and textural aspects with aging. As can be seen in Table 5.4, each feature reaches to a higher distortion value after using the drugs compared to the face before drug consumption. This increment can also be seen in the measurement values of textural asymmetry in the upper third, cheeks and lower third zones comparing before and after face in case of using drugs (mainly methamphetamine). The results are presented for both genders. A visual illustration of the findings regarding bilateral features of 3D meshes can be visualized in the bar graph presented in Figure 5.12. It can be seen that the mean score of each extracted feature has a slight positive shift in the bar which represents the mean score of faces after methamphetamine consumption i.e. late stage of drug abuse. The same pattern can be found in Figure 5. [START_REF] Filler | Structural Fat Grafting : More Than a[END_REF], where textural distortions are compared considering the mean scores in three defined ROIs on the UV texture maps of faces before and after drug abuse. Textural analysis demonstrates a textural-wise increase in face asymmetry. Precisely speaking, a maximum distortion in textural asymmetry was found around the cheeks area for men and in the lower third facial zone for women. 

Drug-addict Face Simulation

Having quantified the asymmetry distortion of the face before and after using drugs (specifically methamphetamine), a vector of distortion values is extracted.

Still, since we lack suitable databases for faces on drug abuse or aging, the purpose of this paragraph is to provide the reader with solid concepts on the potential solutions for methamphetamine abuse simulation using 3D surfaced meshes, which can help later analyzing future databases. In the following, the explanations on an illustrative toy example are provided, by reconstructing a 3D view from an available 2D face image for explaining how 3D facial asymmetry analysis can be performed in the same context and how the face can be simulated considering the statistical results obtained from facial asymmetry assessments.

First, the ageing model 3D F-FAM (see Chapter 4) is applied on the face of an individual in order to simulate the face in some years later. Then, the vector of asymmetry distortion is applied on the simulated face which shows premature ageing and asymmetrical deformity in case of using drugs. The mesh differences and approximate distance of the aged and drug aged faces are also presented in Figure 5.15 in order to visualize the differences and to compare the mesh of the face in the early and late stage of methamphetamine abuse. 

Conclusion

In this chapter, behavioral facial ageing model is proposed. First, different extrinsic and intrinsic factors influencing the facial ageing process are discussed.

Among extrinsic determinants, the lifestyle behavior which has effect on the facial shape appearance due to lose/gain weight is considered to be integrated in our ageing/de-ageing model. So that, an individual's facial appearance can be reconstructed at any age in the past or future considering normal or poor quality diet to predict the facial shape.

Then, the global impact of drug abuse mainly methamphetamine on facial appearance of abusers was raised. We presented a 3D geometrical and textural based face asymmetry analysis for the comparison of normal vs drug-abuse faces. The employed metrics combined both geometrical and textural aspects, namely: bilateral features for morphological analysis of meshes and structural similarity index for segmented dual face regions of UV maps for textural asymmetry. The statistical analysis shows that for drug addicts, the asymmetry measurement in faces before using drugs is 2% in geometry aspect and it reaches to more than 5%. This increment is seen in textural aspect where the similarity index is 28% and points to 39% for drug addicts. As a results, the asymmetry has been quantified on 3D faces to state that methamphetamine addiction has impact on facial asymmetry. Furthermore, a simulation of drug-addicted faces is given as a preliminary study by considering the statistical results obtained from the asymmetry distortion of drug abusers.

Chapter 6 Conclusion and Perspectives

In this thesis, we successfully proposed models for the growth and maturation process as well as the ageing development in the range of years old, mathematically. These models illustrate the individual's appearance in its past or future by using a three dimensional face representation of an individual as the input.

We managed to obtain 3D face data through our proposed acquisition protocol. We were able to change the anthropometrical and textural aspects of the face according to the ageing-related variations using 3D mesh and texture UV map simultaneously through a morphable model to show the changes from input age to target age smoothly via 3D visualizations. To do so, we developed the Face Time Machine simulator to apply some 3D mesh processing, rendering, visualizing, comparing and exporting the 3D textured meshes.

We also proposed various factors effecting natural facial ageing. The impact of nutrition on facial shape as well as methamphetamine abuse on facial appearance have been studied.

The main objectives of this research are:

1. To propose a 3D dynamic morphable model dealing with 3D faces to provide an accurate definition of the face representation. Although it is complicated to extract reliable facial features in 3D environment as they are numerous, the depth (third dimension) and pose variation provides additional information to represent faces accurately.

2. To rejuvenate the 3D adult face appearance down to its childhood, and to consider the effect of growth pattern in the formative years, aiming to fill the void of childhood 3D face modeling in the facial ageing studies. This model predicts the face appearance in older ages to its 80's. Then, the impact of ageing on 3D verification system is studied using the faces obtained from our model and then used in evaluation phase. In addition to the classical applications of this model, the principal advantage of this model is to be employed as the primal facial ageing model for any other supplementary ageing models such as the Behavioral Shape Model in which it considers different factors during ageing process of an individual.

3D F-FAM, mainly emphasizes on the facial texture transformations from input age to the target age after a certain age where facial geometry has minor, yet not ignorable, changes. First, the suitable template is selected from the Predictive Face Template and then the face will be morphed to the target age with changing its mesh and texture simultaneously.

3D Face Time Machine Matrix: 3D Face Time Machine Matrix or a

Dynamic Shape Model as a fusion of two models of ageing and de-ageing with taking into account the facial shape variations due to lifestyle and behavioral factors is presented. This is the first time that the effects of lifestyle are considered in 3D facial ageing modeling. The main goal of these models is to show the effects of the lifestyle habits on the face shape by estimating the faces in any age in the future or even past in case of becoming slim or fat and visualizing its impact on the face shape.

Face Asymmetry Assessment for Methamphetamine-addicts:

The methamphetamine drug abuse impact on the face appearance has been studied to show the catastrophic effects of using this substance on the face and the impact of methamphetamine on facial asymmetry has been quantified in 3D employing 3D textured mesh faces to state that methamphetamine addiction results in distortion of the face. Accordingly, the statistical results obtained from the employed metrics gives an affirmative answer to the question "does drug addiction, mainly methamphetamine, affect face asymmetry?

To build the models, 3D face database containing Face Templates of defined age groups from 3 to 75 years old are constructed. This database is reconstructed to 3D from a database, named Facial Ageing Modeling Database (FAMD) [START_REF] Farazdaghi | Facial ageing and rejuvenation modeling including lifestyle behaviours , using biometrics-based approaches[END_REF] which contains about 1600 facial images. These Face Templates can be used as the face prototypes for different gerontology studies. Besides, Face Time-Machine Database (FaceTiM V2.0) consists of 500 facial textured meshes from 150 subjects of 75 females and 75 males is created during the proposed acquisition protocol. This database is created essentially to test and evaluate the results. This database can be used as the reference to evaluate the results for different 3D gerontology studies.

Furthermore, Face Time Machine simulator is proposed as an operational platform to simulate, visualize, render, compare and save 3D facial textures meshes and their statistics. This simulator is associated with some general 3D mesh processing features and visualization techniques. The system is able to represent the morphing process of the individual's face from input age to target ages in the future or previous years. The interval of the choice is between 3 to 75 years. Visualizing the color map differences of the meshes for evaluation aspect.

Having studied the facial growth pattern involving ongoing bone remodeling and displacement from infancy to young adulthood and the development of facial ageing from adulthood to senior adulthood and old ages, the variations in different structural components of hard and soft tissues of the human face has been explained

as facial growth and ageing pattern is essential to our facial modeling construction.

Having considered the literature we can conclude that there is a void in threedimensional facial ageing modeling since most of the works have been focused on two-dimensional. Besides, they mostly propose models for predictive face ageing.

As a result, the proposed study on facial rejuvenation named 3D B-FAM can be an appropriate model to fill this void.

Primarily, 3D B-FAM morphable model was modelled based on the anthropometrical changes during childhood considering minor textural variations to simulate the trajectory of the ageing through a backward path in which an input adult 3D face textured mesh transmits to its younger target age down to 3 years old.

The Generic Perception-based Mode (GPM) to evaluate the results of the proposed model from different aspects according to 3D object characteristics measures the texture quality, mesh distortion quality and landmarks disparity of 3D faces. We showed that our proposed approach is robust to perceptual features with SSIM, MSDM and FLM values close to 0 which represents identical faces. In addition, system's performance employing biometric verification system has been improved with the EER being reduced to approximately 38% when considering only face landmarks metric (FLM). It can be deduced that while the results have the attributes of a typical child's face, the personal identity features of the original input adult face are preserved. Consequently, we highlighted the fact that face landmarks are the dominant features once it comes to verification scenario.

3D F-FAM morphable model for creating detailed deformable models from a set of 3D facial surface meshes has more weight on the textural aspect since most of the face variations during ageing trajectory occur on the facial skin with minor shape changes. Considering the associated Face Template of the target age group, we have demonstrated how separate aging trajectories for male and female subgroups can be modeled to simulate aging through a forward path in which an input 3D facial textured mesh transmits to its older target age up to 80s.

The 3D rendering results show that our approach is subject specific, it retains the identity information of the input young face and produces satisfying results by comparing with the state-of-the-art and ground truth. We have evaluated the proposed model using Generic Perception-based Mode to analyze the performance in textural, geometrical and morphometrical aspects. The mean scores of GPM evaluation mode containing SSIM, FLM and MSDM for both genders are approximately 0 with maximum value of 0.3133 corresponding to MSDM for ∆ >20 years (i.e. the difference age between young input and old output is more than 20 years old).

In addition, we verified that aging impacts the performance of 3D facial verification process and our 3D model improves the performances by 35% applying the simulated faces obtained from our proposed 3D aging morphable model. It is worth pointing out that 35% does not present high performance, yet the purpose is to highlight the error rate reduction while comparing conventional and modified verification process.

Afterward, the dynamic 3D model of Face Time Machine Matrix (FT2M) has been presented to simulate the trajectory of ageing in either forward or backward path in the designed age time machine matrix in which an input 3D face image travels to its target age. It is also capable to represent the probable changes in one's facial shape regarding the lifestyle or behavioral pattern alterations by using the original face shape as an input.

For the objective evaluation, a deep learning biometric face recognition system was used.

The EER of the objective evaluation performed on 100 faces consisting of 10 different persons with 10 simulated 3D results in different ages are stored in 10 clusters. To generate the ROC curve in order to choose the best threshold, 900 genuine scores and 9000 impostor scores from the database was obtained. We concluded that the system's performance is almost satisfying since the EER is 15%.

Finally, the impact of methamphetamine abuse on facial asymmetry of 3D textured meshes of drug addicted faces has been quantified. For performance evaluation, the employed metrics combined both geometrical and textural aspects, inspired from previous evaluation modes to compare normal vs drug-abuse 3D faces.

The statistical analysis shows that for drug addicts, the asymmetry measurement in faces before using drugs is 2% in geometry aspect and it reaches to more than 5%.

This increment is seen in textural aspect where the similarity index is 28% and points to 39% for drug addicts. As a results, the asymmetry has been quantified on 3D faces to state that methamphetamine addiction has impact on face asymmetry.

In summary, the collection of suitable 3D data for testing the proposed models was very challenging considering the complexity of acquisition under specific conditions such as illumination, expression, pose, resolution, etc. Nonetheless, the extension of face modeling to 3D domain allows additional capability of compensating an accuracy in defining the face representation. Computation of the proposed models is roughly real-time and is efficient in time complexity. The Face Time Machine simulator (see Figure 6.1) can be integrated in widespread applications in educational, medical and psychological field and can be considered as a potential solution in biometrics, forensics and general computer vision applications. Drug-addicted face recognition: An application that can be defined for the perspective of this study is employing the results obtained from drug addicted face simulation in a face recognition system to decide whether the given face is drug addicted (specifically methamphetamine abuser) or not. This task is possible by learning the common facial features of drug addicted faces and using the statistical results achieved in Chapter 5.

Asymmetry assessment on 3D Data: Since we lack suitable databases for 3D faces of drug abusers, the purpose of this work is to provide the solid concepts on the potential solutions for facial asymmetry assessment using 3D surfaced meshes, which can help future works analyzing future available drug-addict face which are directly acquired in 3D.

High quality 3D face representation: High resolution 3D face models can bring about higher precision in representing the facial attributes and characteristics.

Integration in numerous applications: Having the proposed Face Time

Machine Simulator, it can be integrated in numerous applications such as in Psychology, cosmetology, biometric authentication, forensics, digital entertainment, education purpose and gerontology.
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 11 changes in the soft and hard tissue structures appear at different stages, in different orientations and with different proportions [1][2].

Figure 1 . 1

 11 Figure 1. 1 Scammon's graphic representation for differential facial growth. Growth of each structure is illustrated as a percentage of the gain between birth and 20 years [1].

  trajectory. It has a descending growth direction until early adulthood. Contrary to the decrease in skeletal structures, no noticeable decline has been observed in the rate of nasal growth. According to the literature[3][4], average expansion of 1-1.3mm in the general length of the external nose in females and males is occurred.Eyes: A newborn's eyes have approximately 70 percent of the size of an adult's eyes. The eyes grow rapidly over the first three years of life and keep on growing through the youth until they arrive at their adulthood length by age of 13; however, the progressions are committed and unaware. The eye socket develops as the eyeball grows and gives the proper space to the eye to develop in various orientations[START_REF] Snell | Clinical Anatomy of the Eye[END_REF]. At birth the average size of a human sclera is approximately 16 mm (0.63 inches). It then begin a rapid growth rate and within 2 to 3 years, it reaches approximately 23 mm. It will continue growing over the next decade, but will stop at approximately 24 mm eventually. While the shape of the sclera might change slightly, leading to a decreasing or worsening of an astigmatism condition, the size of the eye does change only marginally. Therefore, children have typically large eyes in proportion to the rest of their face organs.

1. 2

 2 illustrates an example of bone volume loss trajectory in three different age period from young adulthood to senior adulthood of a female face.

Figure 1 . 2

 12 Figure 1. 2 Illustration of facial volume loss with ageing[START_REF]Anatomy of the facial ageing process[END_REF] 

Figure 1 . 3

 13 Figure 1. 3 Illustration of facial fat fullness loss with ageing[START_REF]Anatomy of the facial ageing process[END_REF] 

Figure 1 . 4

 14 Figure 1. 4 Illustration of skin texture changes with ageing [12]

Figure 1 .

 1 Figure 1.5 illustrates the sketch of a female face ageing process from the study of Coleman et al. [16] on the anatomy of the ageing face in three different age periods. According to the theoretical explanations which mentioned earlier and as can be seen in the figure, the essential occasion of ageing is the loss of facial volume and drop of delicate tissues.

Figure 1 . 5

 15 Figure 1. 5 Sketch of the female face aging, at 20 years of age (left), 50 years (center), and 75 years (right) [16].

Figure 1 . 6

 16 Figure 1. 6 Anthropometric landmarks on the face defined by Farkas[START_REF] Farkas | Anthropometry of the Head and Face[END_REF] 

Figure 1 . 7

 17 Figure 1. 7 Facial development utilizing cardioidal strain transformations. Sequence continues fromearly stages (innermost profile) to adulthood (peripheral profile)[START_REF] Todd | The perception of human growth[END_REF] 

  challenging and time consuming to train. These characteristics may make deep learning methods unsuitable for the purpose of ageing due to the fact that they are sensitive to adversarial examples and their networks seem to be obscure and incomprehensible. As a matter of fact, the mathematical model behind the ageing process in generative models cannot be described. The recent studies of deep generative methods on facial images [72][73] have all been done only for the task of age progression in adulthood. More specifically, generative adversarial network training can be defined as an optimization of the function υ(θG,θD) as below: 𝐺 , 𝜃 𝐷 ) = 𝐸 𝑥,𝑦∼𝑝 𝑑𝑎𝑡𝑎 [log 𝐷(𝑥, 𝑦)] + 𝐸 𝑧∼𝑝 𝑧 (𝑧),𝑦 ̃∼𝑝 𝑦 [log 1 -𝐷(𝐺(𝑧, 𝑦 ̃), 𝑦 ̃))](1-2)

Figure 2 . 1

 21 Figure 2. 1 Triangulation setup Stereoscopy: Stereoscopy derives from the Greek word "stereos" meaning firm or solid and "skopeō" signifying 'to look' or 'to see'. The first stereoscopy was

Figure 2 . 2

 22 Figure 2. 2 Stereoscopy setup

  Figure 2.4 illustrates an example of a Rubik's cube including a series of reference coordinates consists of color information.

Figure 2 . 4

 24 Figure 2. 4 Illustration of methods for SfM for 3D model reconstruction[START_REF] Zhang | Estimating 3D Leaf and Stem Shape of Nursery Paprika Plants by a Novel Multi-Camera[END_REF] 

Figure 2 .

 2 6 illustrates an instance of a triangular surfaced mesh model.

Figure 2 . 6

 26 Figure 2. 6 3D model represented as a triangular mesh

Figure 2 . 7 Figure 2 . 8

 2728 Figure 2. 7 Mesh elements. (a) Vertices, (b) Edges, (c) Faces[START_REF] Maglo | 3D mesh compression : survey , comparisons and emerging trends[END_REF] 

Figure 2 . 9

 29 Figure 2. 9 3D polygon mesh of human face

Figure 2 . 10

 210 Figure 2. 10 Illustration of (a) 3D face, (b) geometry mesh topology and (c) texture UV map of the face

  mapping function {𝑔 = (𝑢, 𝑣): (𝑥, 𝑦, 𝑧) ⊂ ℝ 2 → ℝ 3 } that warps a 2D intensity image including the texture information to a 3D mesh. In the contrary, 2D flattening process is the reverse of the mapping to ℝ 3 and the flattening process of function f satisfies the accord: {𝑓 = 𝑔 -1 = (𝑥, 𝑦, 𝑧): (𝑢, 𝑣) ⊂ ℝ 3 → ℝ 2 } with respect to 𝑔[START_REF] Levine | State-of-the-art of 3D facial reconstruction methods for face recognition based on a single 2D training image per person[END_REF].

Figure 2 .

 2 Figure 2. 11 Texture UV map belonging to two different individuals. (a) female, (b) male.

Figure 2 .

 2 Figure 2. 12 (a) A triangulated mesh in 3D space and (b) in (u, v) space

  The most well-known 3D face databases containing expression are the "Face Recognition Grand Challenge" (FRGC) databases. Therefore, the FRGC databases are considered as the reference databases for approval of 3D face acknowledgment algorithms. The 3D scans were taken under controlled illumination conditions by a Minolta Vivid 900/910 series sensor. The range images are 640*480 and include also registered RGB texture information. The data are divided in a training dataset (FRGC v1) containing 943 3D scans, and a testing dataset (FRGC v2) containing 4007 3D scans of 466 subjects. The testing set contains facial expressions such as anger, happiness, sadness, surprise, and disgust, and also puffy faces.  BU-3DFE [120]: This database is specifically in use for facial expression recognition and expression-invariant face recognition applications. 2500 3D scans of 100 subjects consisting of 44 males and 56 females are acquired with a 3dMD scanner and consist of 20000-35000 polygons and 1300*900 texture images. The database contains six types of expression each with four levels of expression strength per subject. This makes it conceivable to assess debasement of recognition execution as a result of an expanding level of expression power. This database categorizes the facial expressions into six classes of anger, happiness, sadness, surprise, disgust and fear.  Bosphorus [121]: The facial expressions in this database are composed of a selected subset of action units as well as the six basic emotions (same as for BU-3DFE). The database consist of 4666 scans of 105 subjects and is captured with the Inspeck Mega Capturor II 3D scanner leading to 3D point clouds of approximately 35000 points. Beside expression variations of 6 emotions of anger, disgust, fear, happiness, sadness, and surprise, pose variations and occlusions are presented in the database.

( 6

 6 frontal, 8 non-frontal poses, one smiling, one open mouth).  CASIA [125]: This database is scanned with the Minolta Vivid 910 device, contains 4059 facial scans from 123 subjects with different expressions of smile, laugh, anger, surprise, closed eyes and pose variations. This database consists of single and combined changes of poses, expressions and illuminations.  UMB-DB [126]: This database includes 3D and 2D facial images of 143 subjects containing 98 male and 45 female captured by a laser depth scanner. This database was developed with an emphasis on facial occlusions encountered in real-world situations. Every subject of this database exhibits 4 facial expressions (neutral, smiling, bored, and hungry) along with occlusions using various objects.  ND2006 [127]: The University of Notre Dame (ND) 2006 Dataset includes 3D facial images corresponding to the 6 expressions. This dataset was collected from 888 subjects with a maximum of 63 samples for each individual. The total number of 3D points present for every frontal image is approximately 112000.  Texas 3D FRD [128]: The Texas 3D Face Recognition Database contains information regarding the gender and ethnicity of the associated subjects. The database contains 1149 pairs of color and range images corresponding to 105 individuals.  EURECOM KFD [129]: Kinect was used for obtaining 3D facial images in the EURECOM Kinect Face Dataset. This dataset contains facial samples of 52 subjects captured by the motion sensing device in two different sessions. For each of these sessions, the facial samples corresponding to every person were captured in 9 forms under various expressions, illumination and occlusions.  Florence Superface [130]: This database contains 3D samples obtained via Kinect. The primary aim behind its construction was to investigate innovative 3D face recognition solutions that use scans at different resolutions. For each of its 20 subjects, the dataset includes a 2D/3D video and multiple 3D face scans acquired with a 3dMD scanner. Similar to the 2D domain, some 3D face databases have specialized characteristics.  3DMAD [131]: The 3D Mask Attack Dataset addresses the problem of face spoof detection in the 3D domain. The database includes 76500 frames of 17 subjects which were recorded by Kinect for both realaccess and spoofing attacks. Every frame in 3DMAD comprises of a depth image, the associated visual image and the manually annotated positions of the eye. The entire data was collected in 3 different sessions with 5 videos for each session. The first couple of sessions were reserved for capturing real access samples, whereas 3D mask attacks were captured in the third session.  3D-TEC [127]: 3D facial images for twins are available in the 3D Twins Expression Challenge Dataset. It contains 214 3D face scans of individuals for 107 pairs of twins. For each subject, there exist 3D scans of faces exhibiting neural and smiling expressions which were captured a Minolta Vivid 910 under regulated illumination and with a uniform black background.  MPI [132]: The Max Planck Institute for Biological Cybernetics Face Database includes videos of 19 models (10 females and 9 males) performing 55 facial expressions which were recorded for each which are scanned by high precision lasers.  FIDENTIS [133] : The Extended FIDENTIS Database contains 117 female and 81 male faces of volunteers from the Czech and Slovak Republics at the Masaryk University, Brno, Czech Republic. The volunteers' age spans from 18 to 67 years. The majority of the individuals in the database are Czech citizens. The publicly licensed portion of the database composed of 200 adult subjects is available. The 3D scans of human faces in the database were captured by Vectra M1 and Vectra XT optical scanners together with corresponding 2D textures. The scans are available in resolution of approximately 85,000 vertices per mesh and 4096x4096 pixels for 2D textures. The average age is 26.12 years -25.06 years for females, 27.60 years for males.  3D morphable database: The database contains 3D face scans of 100 male and 100 female adults. Also, 238 teenage faces between 8 and 16 years old consisting of 113 females and 125 males [79][57]. All faces were without makeup, accessories, and facial hair.  DMCSv1 Database [134]: This database is a multimodal biometric database. It contains 3D face and hand scans of 35 subjects. This database was collected in two sessions. Time interval between the sessions was approximately 2 weeks and varied depending on an individual. This database considers the facial expressions of neutral, smiled, angry, sad and bored mimicry.

Figure 2 . 13

 213 Figure 2. 13 One sample from some 3D available face public dataset

  they were designated corresponding to their template model in the category of specific age and gender. Consequently, all faces have been normalized geometrically and texturally and classified into different specific age groups for both genders separately (see Figures 2.14 and 2.15).

Figure 2 . 14

 214 Figure 2. 14 Renderings of 3D BFAC for 5 age groups, for both genders.

Figure 2 . 15

 215 Figure 2. 15 Renderings of 3D FFAC for 5 age groups, for both genders.

  dual structured light 3D camera which is embedded with two 1MP infrared sensors and one 2MP color sensor with the field of view 66° and 69° respectively, one host Android device (e.g. tablet) with minimum 4GB RAM, and two LED continuous light projectors as shown in Figure 2.16. The scan time takes between 15-25 seconds depending on host device and the capture processing time takes ~15-30 seconds depending on saving the face models in Standard -SD-(~6MB file size (OBJ) with 60,000 triangles and 2K (width) color texture map) or High Definition -HD-(~24MB file size (OBJ) with 250,000 triangles and 4K (width) color texture map.

Figure 2 . 16

 216 Figure 2. 16 Studio Light VideoFLEX LED EL-1000

STEP 1 :STEP 2 :STEP 3 :

 123 Connect the camera to the supported Android tablet. Download and install the following two apps: Connect the camera clip to the Android gadget legitimately and evacuate any gadget case or spread that may adjust the camera's edge or angle. Ensure the camera clip does not cover the gadget's front camera (slide the clip if necessary so

Figure 2

 2 Figure 2.18.

Figure 2 . 17 Figure 2 . 18

 217218 Figure 2. 17 Calibration protocol setup designated for our work

Figure 3 . 1

 31 Figure 3. 1 (a) Illustration of the vertical and horizontal facial measures' definition. (b) Illustrationof the 20 radiuses with their given numbers, which define the face shape and scale[START_REF] Farazdaghi | Facial ageing and rejuvenation modeling including lifestyle behaviours , using biometrics-based approaches[END_REF].

Figure 3 . 2

 32 Figure 3. 2 (a) Facial components' size and distances -both genders, four age clustersextracted by Judith G. Hall [137]. (b) Facial components' size and distances -both genders, four age clustersextracted from calculated average size and distance of all face images in each age cluster calculated by Farazdaghi et al. [29].

Figure 3 . 3

 33 Figure 3. 3 (a) Percentage of the components' size in different age clustersextracted from calculated average radiuses of all face images in each age cluster calculated by Farazdaghi et al. [29].

Figure 3 . 4

 34 Figure 3. 4 General diagram of the approach in 3D B-FAM

Figure 3 . 5

 35 Figure 3. 5 Age constraint and mesh/texture representation in 3D B-FAM

Figures 3 .

 3 Figures 3.6 and 3.7 illustrate the renderings for 5 females and 5 males applying 3D B-FAM morphable model. According to the presented figure, the input shown in column (a) is an adult textured mesh face in actual age and the outputs in column (b) and (d) are the simulations in any younger target age. The reference textured mesh from the second database illustrated in columns (c) and (e) have been used as ground truth faces for the purpose of comparison and evaluation. Visually, the renderings are quite realistic and the textured surface meshes are similar to the reference textured mesh faces. As it can be seen in the results, the face renderings are visually closer to the input when the age difference (∆) is small. In some cases where we have facial expression (e.g. smiling) the simulated faces may look slightly distorted in ages 3, 12 and 8 years old as shown in column (e) of Figure 3.7 For the males rendering faces, we obtained realistic young and child faces while maintaining the identity of the input face. However, in some other cases (e.g. men with beard), we encountered less authentic renderings.
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 36373938 Figure 3. 6 Females rendering results of applying 3D B-FAM (a) Input textured mesh in actual ageadult, (b), (d) Output in target ageyoung/ child, (c), (e) Reference textured mesh in the same age as the output to apply in evaluation mode

Figure 3 . 10

 310 Figure 3. 10 Diagram of verification mode (a) Conventional verification process, (b) Modified verification process

Figure 3 .

 3 8 (b) indicates the performance considering only the face landmarks metric (FLM) i.e. 𝛼 = 𝛽 = 0.

Figure 3 .

 3 Figure 3. 11 ROC curve of the system (a) performance based on GPM metric, (b) performance based on FLM metric

Figure 4 . 1

 41 Figure 4. 1 General diagram of the approach in 3D F-FAM

Figure 4 .

 4 1 illustrates the changing process of components' size and distribution as well as the size of the 20 facial radiuses in different age clusters from 20's to 70's, extracted by calculating the average of facial radiuses in each cluster [135].

Figure 4 . 2

 42 Figure 4. 2 (a) Facial components size and distances -both gendersextracted by calculated average of size and distances from all facial images in an age cluster. (b) Average distance of each point on the face contour from the origin -both gendersextracted from calculated average of radiuses of all facial images in an age cluster calculated by Farazdaghi et al. [135].

Figure 4 . 3

 43 Figure 4. 3 Females rendering results of applying 3D F-FAM (a) Input textured mesh in actual ageadult, (b), (d) Output in target ageolder, (c), (e) Reference textured mesh in the same age as the output to apply in evaluation mode

Figure 4 . 4

 44 Figure 4. 4 Males rendering results of applying 3D F-FAM (a) Input textured mesh in actual ageadult, (b), (d) Output in target ageolder, (c), (e) Reference textured mesh in the same age as the output to apply in evaluation mode

Figure 4 . 5

 45 Figure 4. 5 Mean MSDM scores of testing database for five different radius values for both genders

Figure 4 .

 4 6 (a), first, the verification between young adults who have been enrolled in initial enrollment and their older faces have been performed in the context of conventional verification process. Afterwards, (see Figure 4.6 (b)), the faces which were enrolled initially were aged by proposed 3D F-FAM model. Consequently, modified verification process of the claimed identity has been executed considering the simulated older faces obtained from our model instead of the real old faces.

Figure 4 . 6

 46 Figure 4. 6 Diagram of verification process (a) Conventional verification, (b) Modified verification

Figure 4 . 7

 47 shows receiver operating characteristic (ROC) curve of our system's verification performance. The curves represent the comparison of system's performance using conventional and modified process with taking into account GPM combined metrics.

Figure 4 . 7

 47 Figure 4. 7 ROC curve of the system

Figure 5 . 1

 51 Figure 5. 1 (a) Twins at age 61 -Twin B has smoked for 16 years, severe sunbathe since her 20s.Twin B on the left is a non-smoker and has had as little exposure to sun as possible. (Source: NBC News). (b) A 69-year-old man that had driven a truck for 28 years and the left side of his face had been exposed to the UVA rays transmitted through window glasses. (Image: New England Journal of Medicine [153])

Figure 5 .

 5 Figure 5.2 is an appropriate example of the facial changes caused by smoking within twin sets. Twin A in Figure 5.2 (a) has never smoked while twin B has smoked half a pack a day for 14 years which makes her look significantly older. The nontight skin under the smoker are attributable to her smoking habit, according to the study done at Cleveland's Case Western Reserve University [160].

Figure 5 . 2

 52 Figure 5. 2 (a) Twins at age 52 -Twin B on the right is a smoker for 14 years, twin A on the left is a nonsmoker. (b) The loose skin under the eyes of twin B on the right is typical for smokers [160]. (c) Twin A on the left has smoked 17 years longer than twin B on the right. Note the differences in lower lid bags and upper and lower lip wrinkles [160].

Figure 5

 5 Figure 5.3.

Figure 5 . 3

 53 Figure 5. 3 The 3D Dynamic Shape Model to simulate Rejuvenation and Ageing flow diagram.

Chapter 3 and

 3 Chapter 4, respectively. To generate a database for facial shape variation based model, the data consisting of the slim and fat 3D faces in both genders and 10 different age groups is considered. The proposed 3D FT2M model is learnt from a dataset of overall 100 individuals, 50 male and 50 female captured during the data acquisition protocol (See Chapter 2). The individuals were selected such that various facial shape from very slim to relatively overweight were included. Accordingly, 3D slim face and 3D fat face database in 10 age groups of 3-5, 6-8, 9-13, 14-17, 18-25, 25-35, …, 66-75 years old for female and male gender is constructed. These age classes are recognizable entity in the age group differences. De-ageing/Rejuvenation Model (RM): ℱ 𝑅𝑀 (𝑖) = {𝒯 𝑅𝑀/𝑖𝑛𝑝𝑢𝑡 (𝑗) + 𝑤𝒯 𝑅 (𝑖); 𝑅 ̅ + ∑𝛼𝑉 𝑅𝑀 } (5-1) Ageing Model (AM): ℱ 𝐴𝑀 (𝑖) = {𝒯 𝐴𝑀/𝑖𝑛𝑝𝑢𝑡 (𝑗) + 𝑤𝒯 𝑅 (𝑖); 𝑅 ̅ + ∑𝛽𝑉 𝐴𝑀 } (5-2)

Figure 5 . 4

 54 Figure 5. 4 Simulation of 3D face time machine matrix in Age and Shape axis.

Figure 5 . 5 .

 55 Figure 5.5. It could be concluded that the system's performance is almost satisfying since the EER is 15%.

Figure 5 . 5

 55 Figure 5. 5 EER of the proposed model in ROC curve

Figure 5 . 6

 56 Figure 5. 6 Members of the Illicit Drug Addicts database with some of its members in (a) an early stage of drug abuse and the same members are shown at (b) a later stage in the second row.

  Textural asymmetry assessment. o Structural similarity (SSIM)  Geometrical asymmetry assessment. o Bilateral features An example of the textural asymmetry metric applied on two faces of the same person in the early and late stages of drug abuse is given in Figure 5.8. As can be seen, the SSIM scores indicated as Textural Asymmetry of the face after drug consumption are increased in different extracted regions of interests compared to those of the face in the early stage of drug abuse which shows the distortion on face texture due to methamphetamine abuse.

Figure 5 . 8

 58 Figure 5. 8 Example of textural asymmetry metric applied on a person in the early and late stages of drug abuse. (a) 3D face, (b) UV texture map, (c) segmented ROIs for textural assessment, (d) SSIM scores.

Figure 5 . 9

 59 Figure 5. 9 Employed bilateral features on 3D face for face asymmetry analysis.

Figure 5 . 10

 510 Figure 5. 10 Example of bilateral asymmetry features applied on a person in the early and late stages of drug abuse

Figure 5 .

 5 Figure 5.11 (a) illustrates the representation of point cloud comparison using their colormpas of an example face before and after drug consumption. The corresponding histogram as shown in Figure 5.11 (b) indicates the distribution of the distances and their frequency, relative to the compared meshes of the faces before

Figure 5 .

 5 Figure 5. 11 (a) Mesh colormap comparison of the face in early and late stages of drug abuse, (b) Approximate distance of two meshes for 5904 vertices.

Figure 5 . 12 Figure 5 . 13

 512513 Figure 5. 12 Bilateral features comparison analysis of (a) female and (b) males before and after using drugs.

Figure 5 .

 5 [START_REF] Coleman | The Anatomy of the Aging Face : Volume Loss[END_REF] illustrates the simulation of the two individuals using the given face in current age and simulations in an older age as well as the simulation in an older age considering the methamphetamine impact on face shape and texture.

Figure 5 . 14

 514 Figure 5. 14 Preliminary results (a) The face in current age, (b) simulation of aged face resulted from 3D F-FAM, and (c) simulation of aged face considering meth abuse

Figure 5 .

 5 15 (c) illustrates the representation of point cloud comparison using their colormpas of the face before and after drug consumption. The corresponding histogram indicates the distribution of the distances and their frequency, relative to the compared mesh of the face before using drugs.

Figure 5 . 15

 515 Figure 5. 15 Mesh colormap comparison of the face between (a) normal aged and (b) meth abuse simulated face

3 . 5 . 1 . 2 .

 3512 To propose a 3D model for global natural ageing process in order to predict the face in the future and provide a base model for more specific predictive models taking into account different factors.4.To attach the effects of some lifestyle behaviors to the natural facial ageing model. The purpose is to show the negative impacts of high-risk behaviors on the apparent face age. Following the studies on the effects of extrinsic factors on facial ageing, the impact of drug abuse (mainly methamphetamine) has been studied on 3D faces of drug abusers by quantifying the distortions.The work started with studying the anthropology and craniofacial morphology during childhood. Based on these studies, it was understood that significant geometrical changes happen during the formative years, but subtle changes occur in texture.Then the anatomy of facial ageing are perused. The outcomes indicate that facial ageing is associated with changes in different structural layers of the face, namely, skeleton, muscle, fat and skin. It is also understood that how the changes in these layers affect the upper, mid and lower part of the face. A point worth noting is that although both face geometry and its texture are affected by the changes in different layers, most of them can be considered as a texture variation. In general, during adulthood most of the changes associated with textural and geometrical changes are subtle, yet effectual.To review the research contributions of this thesis, the main contributions of the thesis can be named as follows: 3D Backward Facial Ageing Model: The de-ageing model known as 3D Backward Facial Ageing Model (3D B-FAM) is proposed, aiming at digitally rejuvenating an adult person's face down to its childhood to 3 years old. 3D face textured meshes are employed for this purpose. This thesis proposes the first 3D model for adult face rejuvenation down to early childhood. The Face Template is reconstructed in 3D based on different facial components and face contour which were adjusted nonlinearly. The facial mesh and texture can be morphed automatically from input face age to the target age. 3D Forward Facial Ageing Model: The natural ageing trajectory is taken into account for proposing 3D Forward Facial Ageing Model (3D F-FAM).

Figure 6 . 1

 61 Figure 6. 1 Screenshot of Face Time Machine Simulator. Simulate the input 3D face to 60 years old.

Figure 6 . 2

 62 Figure 6. 2 Screenshot of Face Time Machine Simulator. Illustrating the 3D face with point clouds.

Figure 6 . 3

 63 Figure 6. 3 Screenshot of Face Time Machine Simulator. Simulate the input 3D face to 3 years old and visualizing the depth map.
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  2.4mm increase for males. As a result, both genders had a similar chin thickness reaching age 17. Mandibular development was resolved to be noteworthy for the age

ranges of 14 to 16 years as well as 16 to 20. In general, mandibular development was around twice than that of the maxillary development. The mandibular development rate was observed to be twice as large for age period 14 to 16 years with respect to age period 16 to 20 years

[START_REF] Foley | Facial growth in females 14 to 20 years of age[END_REF]

.

Table 1 . 1

 11 The list of the notable contributions in the facial de-aging modeling topic

	Author	Dimension	Approach	Texture	Shape	Database	Year
						Collection1: 40	
						males aged 25 to 29	
	Rowland et al. [45]	2D	Shape and colour superimposing method	Yes	Yes	years Collection 2: 20	
						males aged 50 to 54	
						years	
						Laser scans of 48	
			Caricature algorithm to			(24 males and 24	
	O'Tool et al. [44]	3D	conclude that average face is younger than	Yes	Yes	females) heads of young adults with	
			individual face.			the mean age of	
						26.9 years	
						Collection 1: 23	
						male	
						and 18 female faces	
	Tiddeman et al. [48]	2D	Wavelet-based method	Yes	Yes	(aged 18 to 45 years) Collection 2: 15	
						male and 14 female	
						faces (aged over 45	
						years)	
				Yes			
	Lanitis et al. [46]	2D	Weighted Appearance Specific method	(gray-	Yes	500 face images of 60 subjects	
				level)			
	Shan et al. [50]	2D	Image-based surface detail transfer (IBSDT) technique	Yes	No	No learning database	
	Yun et al. [52][53]	2D	Texture transfer appearance-based method	Yes	Yes	34 frontal images of 17 subjects with age between 22-61 years	
	Bastanfard et al. [55]	2D	Anthropometric-based theory and texture-based method	Yes	Yes	No learning database	
	Jiang et al. [51]	2D	ERI technique and super-resolution algorithm	Yes	No	195 images for 65 subjects from 20 to 51 and above	
	Guo. [54]	2D	Texture-based method	Yes	No	No learning database	
	Farazdaghi et al. [29]	2D	Active appearance-based method	Yes	Yes	700 facial images from 3 to 18 years old	

Table 1 . 2

 12 The list of the notable contributions in the facial aging modeling topic. 3D Acquisition Techniques .......................................................................... 32 2.2 3D Face Reconstruction and Modeling ........................................................ 36 2.3 Fundamentals of 3D Object Representation ................................................ 40

	Author	Dimension	Approach	Texture	Shape	Database	Year
	Burt et al. [37]	2D	Prototype-based	Yes	Yes	147 Caucasian males aged between 20-62	
						Collection1: 40 males aged	
	Rowland et al. [45]	2D	Prototype-based	Yes	Yes	25 to 29 years Collection 2: 20 males	
						aged 50 to 54 years	
	Wu et al. [67]	2D	Wrinkle model	Yes	No	No learning database	
	Pitanguy et al.[61][62] [63]	2D	Numerical-based analysis	No	Yes	50 females aged from 25 to 65	&
	O'Tool et al.[44][34]	3D	PCA-based	Yes	Yes	50 male and 50 female with the mean age of 26.9 years	
	Tiddeman et al. [48][64]	2D	Wavelet, prototype-based	Yes	Yes	No learning database	&
	Lanitis et al. [46]	2D	Statistical appearance-based	Yes	Yes	500 face images of 60 subjects	
	Scandrett et al. [65]	2D	PCA-based	Yes	Yes	329 males and 329 females from FG-NET	
	Ramanatha n et al. [38][66]	2D	Anthropometrical growth	No	Yes	233 images of 109 individuals	&
	Scherbaum et al. [79]	3D	Nonlinear SVR function	Yes	Yes	3D scans of 125 males and 113 females	
	Suo et al. [80]	2D	And-Or graph, Markov chain	Yes	Yes	50,000 photos of Asian adults aged between 20-80	
	Park et al. [77]	3D	Weighted average	Yes	Yes	FG-Net and 132 scans of 4 subjects	
	Tsai et al. [81]	2D	Guided prediction	Yes	Yes	FG-NET	
	Shen et al. [76]	3D	Metric learning	Yes	Yes	No learning database	
	Kemelmac her et al. [68]	2D	IAAP	Yes	Yes	40K photos aged between 0-80	
	Shu et al. [69]	2D	Dictionary learning	Yes	Yes	800 pairs for females and 800 pairs of males aged between 0-80	
	Sagonas et al. [70]	2D	Robust Age Progression	Yes	Yes	160,000 images aged between 1-70 years	
	Yang et al. [71]	2D	Recurrent Neural Networks	Yes	Yes	FG-NET and IRIP	
			Deep learning-	Yes	No	10,670 images aged	
	Zhang et al. [82]	2D	Adversarial Auto based (Conditional			between 0-80	
			encoder -CAAE)				
	Sagonas et al. [83]	2D	based (RJIVE) Deep learning-	Yes	Yes	MORPH and CACD	
	Antipov et al. [73]	2D	Deep learning-based (Age-cGAN)	Yes	No	110K images of IMDB-Wiki cleaned dataset	

2.4 3D Face Databases ....................................................................................... 53 2.5 Conclusion .................................................................................................... 65

  IGS (Initial Graphics Exchange Specification (or IGES) format): This is a popular neutral format for digital exchange of CAD information.

	Object File Format): This format is created at Digital The iges format is designed to store both 2D and 3D data. The iges
	Equipment Corporation's Workstation Systems Engineering in 1986 for format supports vertices, lines, polylines, arcs, curves, parametric
	the exchange and filing of 3D objects. It is based on ASCII and is not surfaces, CSG and B-Rep Objects.
	relying on languages, gadgets, and operating systems.  STP (Standard for the Exchange of Product Data): This format was
	 OBJ (Wavefront Object Format): OBJ as a geometry definition file developed as a successor to the iges format. The stp format is a plain
	format was first developed by Wavefront Technologies for their text format that deals with named objects rather than just raw geometric
	Advanced Visualizer application. This format stores geometric objects information.
	 3DS (3D Studio Max format): One of the oldest 3D file formats
	developed in 90s and used by the AutoDesk 3D-Studio and 3D-Studio
	MAX commercial modeling, rendering and animation package on the
	PC. The 3DS file format stores only the most basic information about

composed of lines, polygons, and vertices and surfaces as well as the texture related information. It supports both approximate and precise encoding of surface geometry. It can encode color and texture information. This information is stored in a separate file with the extension .MTL (Material Template Library). It supports geometry in form of vertices, edges, faces and parametric surfaces, vertex normals, textures and material properties.  PLY (PoLYgon or stanford triangle format): It was designed for the purpose of being both a flexible and portable 3D file format. The ply format has both an ASCII and a binary version. The binary version includes information to make it machine independent, specifying the types used for each value, and number of bytes per type. In addition, the format makes it possible for user to define types allowing it to be extensible to the needs of future 3D data. The ply file format supports geometry in the form of vertices, edges, faces, vertex colors, textures and materials. geometry, appearance, scene, and animation. It uses a triangular mesh to encode the surface geometry approximately. The 3ds file format supports geometry in the form of vertices, faces and parametric surfaces, textures, physical material properties, transformations, camera information, and lights.   WRL: This format with two versions, VRML 1.0 and VRML97 are text-based and laid out in a structured human readable manner so as to promote authorship of 3D data. VRML files are widely used to transport 3D models between graphics applications. The wrl format supports geometry in the form of vertices, faces and parametric surfaces, textures, cameras, lights, and transformations. However, this format does not have comparable support to the STL and the OBJ file formats.  STL (Stereo Lithography format): This format describes only the 3D model surface geometry of an object without any representation of other attributes like color, texture. STL was created in 1987 by Chuck

Table 2 .

 2 

		1 The keys of OBJ file format
	Key	Description
	#	Comment
	v	Vertex
	l	Line
	f	Face
	vt	Texture coordinate
	vn	Normal
	g	Group

Table 2 .

 2 

			2 Overview of 3D Face databases	
	Database	#scans	#subjects	Texture	Type
	FRGC v1	943	200	Yes	Range image
	FRGC v2	4007	466	Yes	Range image
	BU-3DFE	2500	100	Yes	Mesh
	Bosphorus	4666	105	Yes	Point cloud
	GavabDB	549	61	No	Range image
	FRAV 3D	1696	106	Yes	Mesh
	CASIA	4624	123	No	Range image
	UMB-DB	1473	143	Yes	Range image
	ND2006	888	13450	Yes	Range image
	Texas 3DFRD	1149	105	Yes	Range image
	EURECOM KFD	468	52	No	Depth image
	Florence Superface	80	20	Yes	Range image
	3DMAD	76500	17	Yes	Depth image
	3D-TEC	428	214	Yes	Range image
	MPI	1045	19	Yes	Range image
	FIDENTIS	200	200	Yes	Mesh
	DMCSv1	1050	35	Yes	Range image

Table 2

 2 

	.3 lists the main characteristics of the FaceTim V. 2. 0 database, specifying
	the number of subjects, number of samples, gender distribution, age range and
	characteristic of 3D.

Table 2 .

 2 

	Database	No. of subjects	No. of samples	Gender	Age range	No. of vertices
	FaceTim V. 2. 0	145	500	75 Female 70 Male	3-75 years old	5904

3 A summary table of FaceTim. V. 2. 0 characteristic
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  [START_REF] Harris | The measurement of man[END_REF] , 𝑍 1 , 𝑋 2 , … , 𝑌 𝑛 , 𝑍 𝑛 ) 𝑡 , containing the 𝑋; 𝑌; 𝑍 in Cartesian coordinates of its n vertices, the texture of a face is specified by a texture-𝑖) is the face of age 𝑖, 𝑇𝑀𝐿(𝑖) is the face template in the same age consists of 𝑇𝑀𝐿 ℳ (𝑖) 𝑎𝑛𝑑 𝑇𝑀𝐿 𝒯 (𝑖). The non-linear transformation function 𝜙(𝑓( 𝑗)) is applied on the face 𝑓 in age 𝑗 to adapt the geometrical changes of the face to the target age 𝑖, by keeping the entire identity of the input face. 𝑗 is the input age, 𝑖 is the output age and 𝑖 < 𝑗 since 𝑖 = 𝑗 -∆. ∆ is the difference age between the actual input age and the output age. Coefficients 𝑤 1 and 𝑤 2 (𝑤 1 + 𝑤 2 = 1) given respectively to the result of the geometrical transformation function and face template are specified such that the personal characteristics similarity measurement between current age and target age can be kept as much as possible. We assume that the shape and the texture spaces have a Gaussian probability distribution function so if 𝑤 1 or 𝑤 2 are >> 1, the face produced is implausible.

	The 3D backward face ageing morphable model can be defined as:	
	ℱ(𝑖) = 𝑤 1 (𝜙(𝑓(𝑗))) + 𝑤 2 𝑇𝑀𝐿(𝑖)	(3-3)
	where ℱ(	

vector 𝒯 = (𝑅 1 , 𝐺 1 , 𝐵 1 , 𝑅 2 , … , 𝐺 𝑛 , 𝐵 𝑛 ) 𝑡 , consisting of the 𝑅; 𝐺; 𝐵 color values of the n corresponding vertices.

  The pseudo code of computing PCA for a Set 𝑉 of 𝑑 dimensional data whose size is 𝑛 and each element 𝑥 in 𝑉 is a 𝑑 length vector is given below (see Algorithm 3.1).𝑋 𝑇 × 𝑋 Compute eigenvalue 𝑒 1 , … , 𝑒 𝑑 of 𝐶𝑂𝑉;

	Algorithm 3. 1 PCA
	Input: 𝑥 1 , … , 𝑥 𝑛 𝑑 length vector, 𝑘
	Output: Transform matrix 𝑅
	𝑋 ⇐ 𝑛 × 𝑑 data matrix with 𝑥 𝑖 in each row; 𝑥̅ ⇐ 1 𝑛 ∑ 𝑥 𝑖 𝑛 𝑖=1 ;
	𝑋 ⇐ subtract 𝑥̅ from each row 𝑥 𝑖 in 𝑋; 1 𝐶𝑂𝑉 ⇐ 𝑛-1

  𝑙 is a luminance comparison function, 𝑐 is a contrast comparison function and 𝑠 is a structure comparison function. To calculate SSIM, the computation is carried out over local windows with the size of 11 × 11 which move pixel by pixel on the entire image. Accordingly, the global structural similarity measure, called MSSIM 𝑀 is the number of local windows and 𝑥 𝑗 and 𝑦 𝑗 are the local contents of the 𝑘 𝑡ℎ local windows in the images. 𝑀𝑆𝑆𝐼𝑀(𝑥, 𝑦) measures how much 𝑥 and 𝑦 are similar, 0 represents two images are totally different while 1 indicates that they are identical.

	𝑀𝑆𝑆𝐼𝑀(𝑥, 𝑦) =	1 𝑀	𝑀 𝑘=1 ∑ 𝑆𝑆𝐼𝑀(𝑥 𝑗 , 𝑦 𝑗 )	(3-6)
	where			

between images 𝑥 and 𝑦 is defined as follows (see

[START_REF] Enlow | Handbook of Facial Growth[END_REF][START_REF] Sharma | Age Changes of Jaws and Soft Tissue Profile[END_REF][START_REF] Snell | Clinical Anatomy of the Eye[END_REF][START_REF] Subtelny | A longitudinal study of soft tissue facial structures and their profile characteristics, defined in relation to underlying skeletal structures[END_REF]

):

Table 3 . 1

 31 List of the notable performance evaluation metrics used in facial ageing models

	Method	3D B-FAM Other models	Sensitivity	Representation	Type
	RMSE distance [65]	64%	55%	Texture	2D	Predictive ageing
	Mahalanobis distance [76]	71%	58%	Shape	3D	Predictive ageing
	Objective					
	performance	62%	78%	Texture	2D	De-ageing
	[29]					
	SSIM [142][146]	65%	78%	Texture	3D	De-ageing
	MSDM [143][146]	70%	64%	Shape	3D	De-ageing
	GPM	75%	-	Texture & shape	3D	De-ageing

  1 , 𝑍 1 , 𝑋 2 , … , 𝑌 𝑛 , 𝑍 𝑛 ) 𝑡 and UV texture map specified by a texturevector 𝒯 = (𝑅 1 , 𝐺 1 , 𝐵 1 , 𝑅 2 , … , 𝐺 𝑛 , 𝐵 𝑛 ) 𝑡 are defined while they are mapped point by point. The proposed approach starts with the fact that there are finite number of typical faces in different age groups. As a result, the Face Templates are constructed (see Chapter 2, Section 2.4.2). The face template designated to the ageing model is called 3D FFAC in this work. There are certain characteristics which change in almost all faces of a given type in each age categories. The template associated to each age group is calculated by averaging separately male and female faces.

Table 4 . 1

 41 Mean MSDM scores of females and males testing database for five different radius values.

				Radius		
	Females & Males					
		R=0.001	R=0.01	R=0.02	R=0.05	R=0.1
	MSDM	0.006	0.004	0.003	0.002	0.001

Table 4 . 2

 42 Mean scores of GPM evaluation mode: SSIM, FLM and MSDM for both genders.

	Gender	GPM	𝚫 < 5 years	5 < 𝚫 <10	10 < 𝚫 < 20	𝚫 >20 years
		SSIM	0.1737	0.1830	0.2117	0.2414
	Female	MSDM	0.2463	0.2622	0.2703	0.3064
		FLM	0.2305	0.2628	0.2712	0.2937
		SSIM	0.2136	0.2690	0.2881	0.3034
	Male	MSDM	0.2739	0.2831	0.2936	0.3133
		FLM	0.1865	0.21516	0.2386	0.2639
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Table 5 . 1

 51 Ethnic groups and main differences in facial anatomy

	Ethnics	Facial anatomy diversities

Table 5 . 3

 53 Approximate results of distance computation Distance Results

	Minimum dist.	0
	Maximum dist.	8.47547
	Average dist.	2.16153
	Sigma	1.86925
	Maximum error	0.69668

Table 5 . 4

 54 Statistical results of asymmetry quantification on drug addicted database

			Female		Male		
	Feature	Region	Mean before	Mean after	Mean before	Mean after	Before	After
		BF1	2%	8%	5%	10%		
		BF2	3%	7%	2%	5%		
		BF3	3%	5%	3%	6%		
		BF4	2%	4%	2%	3%		
	Morphological Asymmetry	BF5 BF7 BF6	2% 3% 1%	4% 7% 2%	1% 4% 2%	3% 9% 3%	2%	5.3%
		BF8	5%	9%	7%	11%		
		BF9	1%	4%	1%	4%		
		BF10	2%	5%	2%	4%		
		BF11	1%	4%	1%	5%		
	Textural Asymmetry	Cheeks Lower third Upper third	22% 28% 34%	33% 40% 43%	25% 30% 36%	39% 43% 44%	28%	39%

https://www.franceculture.fr/emissions/la-recherche-montre-en-main/larecherche-montre-en-main-

GPM Discussion

SSIM:

The difference value of the SSIM texture comparison ranges from 0 (totally different) to 1 (exactly the same). The quality of the reference faces influence the evaluation results since they do not have the same quality and illumination condition. In Figure 3.8 where the values were normalized to 0 (identical faces) and 1 (totally different), we can see the mean scores of SSIM metric over the axis of age difference between input and output defined as ∆. We divided ∆ into four different classes of <5 years old, between 5-10 years old, between 10-20 years old and >20 years old. As it can be seen, the mean scores increase with incrementing ∆. It is approximately 0.3 in the class of ∆ <5 years old. However, once ∆ > 20 years old, the mean scores increase slightly and reach to 0.34 for females (Figure 3.8. (a)) which proves that results are less identical as ∆ increases. According to the mean score values of SSIM in ∆ > 20 years, we can conclude that the method is still robust.

Having compared the mean score values of females and males, although the model behaves almost the same for both genders, we see higher SSIM mean scores for males due to the textural impact of having beard (see Figure 3.8. (b)). All in all, the analysis of this metric shows that our model is robust regarding the textural aspect and does not represent considerable textural distortion for both genders. the measured objects are very different and is equal to 0 for identical ones. As can be seen in Figure 3.9, the calculated mean MSDM scores for the set of evaluated 75 females and 70 males are carrying out the score between 0.004 to 0.006 when R = 0.001 and less than 0.002 when R = 0.1. These scores represent that the meshes being compared are identical as they are almost equal to 0. As can be shown in Figure 3.9.

(a) and (b), the model behaves the same for both genders. This brings about high similarity rate and low distortion between 3D output faces and their reference faces for both females and males. These results accomplish high similarity rate with minimum distortion between reference faces and simulated ones. We can conclude that our model does not represent significant geometric distortion and is robust for both genders.

Chapter 4

The 

Summary: In this chapter the Morphable 3D Forward Facial Ageing Model (3D F-FAM) is presented in order to simulate the facial appearance of a young adult in its future. This model is based on the effects of the generic factors that are involved in natural ageing process. The influence of the natural ageing trajectory on the different aspects of the face is modeled and the purpose is to build a model as a foundation for the forthcoming models. In the next chapter, the effects of the different external factors on this process will be quantified.

Unlike 3D B-FAM in which the focus is essentially on geometrical aspects of the face, in Morphable 3D F-FAM, the geometrical variations are subtle and alterations occur mostly in facial texture. Texture adaptation to the target age is performed using the corresponding face templates. The performance evaluation of the model is done based on three different metrics to measure the structural texture quality, geometric distortion of meshes and morphometric landmark distances.

The chapter organization is as follows: First, the model development and fundamental phases of constructing it are stated in Section 4.1. Then, the performance evaluation modes are given in Section 4.2. In Section 4.3, some rendering 3D face results and discussion on performance evaluation metrics are illustrated. In Section 4.4, the impact of aging on the performance of threedimensional facial verification process is studied. Section 4.5 is the conclusion.

Performance Evaluation Mode

To evaluate the performance of our proposed model, Generic Perceptionbased Mode is proposed for the purpose of evaluating the visual quality of 3D textured face meshes as a linear combination of its structural texture quality, its geometric distortion quality and its morphometric landmarks comparison measured by a texture metric SSIM [START_REF] Wang | Image quality assessment: From error visibility to structural similarity[END_REF], 3D mesh distortion metric MSDM [START_REF] Lavoue | A comparison of perceptually-based metrics for objective evaluation of geometry processing[END_REF] and face landmarks metric FLM [START_REF] Urbanová | Performance of distance-based matching algorithms in 3D facial identification[END_REF], respectively. All metric scores are normalized representing value range between 0 (exactly the same) and 1 (totally different) such that 0 represents two faces are identical while 1 indicates that they are dissimilar. Our combined metric is thus defined as follows in Eq. (4-2). 𝑀𝑆𝐷𝑀(𝑥, 𝑦) = (α (𝐿(𝑥, 𝑦)) 3 + β(𝐶(𝑥, 𝑦)) 3 + γ(𝑆(𝑥, 𝑦)) 3 ) 1/3 (4-4)

Where MSDM is the local distance between two mesh local windows 𝑥 and 𝑦 which is defined by representing luminance (curvature), contrast and structure (𝐿, 𝐶 and 𝑆) comparison functions. A local window is defined as a connected set of vertices belonging to a mesh with a given radius; this radius is a parameter of the method which will be used in the analysis of performance evaluation.

Lastly, FLM is considered to quantify the disparity between the extracted landmarks of the corresponding pair of meshes which are the reference and simulated faces at exactly same age. To do so, an analysis was implemented to find nine landmarks on the eyes, nose, lip contour, chin and the procerus center on face meshes by finding the maximum and minimum local curvatures. These landmarks are best suited for 3D facial comparison. The metric is thus defined as follows (see Eq. Visually, the renderings are quite realistic and the textured surface meshes are similar to the reference textured mesh faces. As it can be seen in the results, the face renderings are visually closer to the input when the age difference is small. In some cases where we have facial expression (e.g. smiling) as in female 5 at age 60, the simulated face may look slightly distorted. For the males rendering faces, we obtain realistic aged faces while maintaining the identity of the input face. However, in some other cases (e.g. men with beard), we encountered less authentic renderings for instance male 1 in age 54.

Experimental Results

3D Face Rendering using 3D F-FAM

GPM Discussion

The extension of face modeling to 3D domain allows additional capability of compensating an accuracy in defining the face representation. 

Experimental Results

In order to study the perceptible facial changes along age and shape axis, the experiment has been done on females and males database. According to the presented model, various outputs in different target ages and shapes can be obtained based on the choice of the user. One can be able to simulate his face in younger, older, slim or fat version. Many interesting applications can be proposed using this simulation method. These applications can be found in a lot of different disciplines like medicine, forensic, anthropology, biometrics, art, entertainment, and computer graphics. The following results illustrated in Figure 5.4 are generated automatically by applying the Face Time Machine Matrix (FT2M) model on 3D faces and are applicable to many of these applications. As can be seen in Figure 5.4, the trajectory of ageing evolution and regression in 4 different age groups of 3-5, 14-17, 36-45 and 66-75 years old along the vertical axis is illustrated and the facial shape variance along the horizontal axis from skinny to fat face shape is represented.

The average slim/fat face shape at the age 36-45 is considered as the input and the outputs can be obtained according to lifestyle habits in case the person's face shape alters due to gaining or losing weight and can be shown in a different age intervals in the life period.

Textural Asymmetry Assessment

In the textural asymmetry measurement (explained later in section 5.5.2), the right/left dual parts of a given face are compared. Hence, different sub face segments are segmented from the texture UV map of the face using the coordinates of its landmarks indicated in Table 5. 𝜎 𝑥𝑦 : covariance in images x,y.