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Face aging has been widely considered in many studies regarding all the potential applications. However, the de-aging 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 two-dimensional (2D) models. In this work, we propose an extension of a previous 2D adult-child B-FAM into 3D model. This model allows a digital face appearance rejuvenation within a range of [75 -3] years old. To evaluate the performances of the proposed approach, first, we proposed two performance evaluation modes, namely: Generic Perception Based and Biometric Verification Mode. Then, the performances have been evaluated over our own 3D database, called Face Time-Machine database constructed using 75 females and 70 males, leading to 500 textured surface meshes. Finally, results show that they are perceptually satisfying and system performance increases by using the faces obtained from our model.

Introduction

Face perception is a powerful channel for human social interaction [START_REF] Takeuchi | Communicative facial displays as a new conversational modality[END_REF]. According to neuroscience, it is widely accepted that face perception is perhaps the most highly advanced human visual skill [START_REF] Haxby | The distributed human neural system for face perception[END_REF]. The very first field of debates in psychological studies was determining the best way of visualizing the face for modeling human perception [START_REF] Bulthoff | Psychophysical support for a two-dimensional view interpolation theory of object recognition[END_REF][START_REF] Biederman | Recognition-by-components: A theory of human image understanding': Clarification[END_REF]. 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]. Although the aging 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][START_REF] Fei | An Overview of Face-related Technologies[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 previous work [START_REF] Farazdaghi | Backward face ageing model (B-FAM) for digital face image rejuvenation[END_REF] to the third-dimensional space is logical since faces can be thought of as surfaces in a multidimensional space. A 3D face model rep-resents 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 three-dimensional (3D) face representation has been widely discussed in psychological [START_REF] Biederman | Recognition-by-components: A theory of human image understanding': Clarification[END_REF][START_REF] Valentine | A Unified Account of the Effects of Distinctiveness, Inversion, and Race in Face Recognition[END_REF][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 | Threedimensional caricatures of human heads: Distinctiveness and the perception of facial age[END_REF][START_REF] O'toole | Low-dimensional representation of faces in higher dimensions of the face space[END_REF][START_REF] Imai | Facial cues to age perception using three-dimensional analysis[END_REF][START_REF] Liao | Rapid 3D face reconstruction by fusion of SFS and Local Morphable Model[END_REF]. Hence, when dealing with 3D faces, they provide an accurate definition of the face representation, adequately. Facial de-aging 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.

Related Works

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] Ramanathan | Modeling age progression in young faces[END_REF][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][START_REF] Fu | Age synthesis and estimation via faces: A survey[END_REF][START_REF] Panis | Overview of research on facial ageing using the FG-NET ageing database[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 aging faces were developed in the early 80s in which the technique for modeling 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 [START_REF] O'toole | Threedimensional caricatures of human heads: Distinctiveness and the perception of facial age[END_REF][START_REF] O'toole | 3D shape and 2D surface textures of human faces: the role of 'averages' in attractiveness and age[END_REF] has been applied in order to exaggerate or de-emphasize the distinctive 3D facial features 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 de-aging or backward face models have been proposed to obtain rejuvenated facial appearance. Table 1 lists the notable contributions in the facial de-aging modeling topic. One of the first attempts in simulating de-aging effects based on both colour and shape information was performed by generating the average faces for different adulthood age groups, calculating the differences between the composites and superimposing those differences into the colour and shape of subjects in new images [START_REF] Burt | Perception of Age in Adult Caucasian Male Faces: Computer Graphic Manipulation of Shape and Colour Information[END_REF][START_REF] Rowland | Manipulating Facial Appearance through Shape and Color[END_REF]. Later, the statistical face model has been described for modeling 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 transformation from original face to the average one based on the hypothesis indicates that average face is the most attractive 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][START_REF] Marks | Towards Realism in Facial Image Transformation: Results of a Wavelet MRF Method[END_REF][START_REF] Liu | Image-Based Surface Detail[END_REF]. Synthesizing younger faces from super resolution where rejuvenation is made by projecting the identity parameters from the low-resolution tensor space to the corresponding 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][START_REF] Yun | Facetransfer: a system model of facial image rendering[END_REF], detaching aging 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. Generative Adversarial Network based models have been employed recently for the purpose of face ageing modeling [START_REF] Choi | StarGAN: Unified Generative Adversarial Networks for Multi-Domain Image-to-Image Translation[END_REF][START_REF] Antipov | FACE AGING WITH CON-DITIONAL GENERATIVE ADVERSARIAL NETWORKS[END_REF][START_REF] Yang | Learning face age progression: A pyramid architecture of gans[END_REF][START_REF] Song | Dual Conditional GANs for Face Aging and Rejuvenation[END_REF]. A conditional adversarial autoencoder (CAAE) [START_REF] Zhang | Age progression/regression by conditional adversarial autoencoder[END_REF] is proposed for face age progression and regression, based on the premise that the face images are upon a highdimensional manifold, and the age transformation could be obtained through crossing over a certain direction. Given enormous data, an attribute-aware face aging model with waveletbased GANs to ensure attribute consistency is achieved in [START_REF] Liu | Attribute-Aware Face Aging With Wavelet-Based Generative Adversarial Networks[END_REF]. Using GAN-based framework, the spatial attention mechanism is introduced in [START_REF] Li | Age progression and regression with spatial attention modules[END_REF] to present the effects of age changing.

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-aging 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], the backward face aging 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 aging 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-aging 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 de-aging trajectory through the 3D morphable model. Having combined the anthropological measurements and growth pattern of facial de-aging with the 3D facial modeling techniques [START_REF] Blanz | A morphable model for the synthesis of 3D faces[END_REF][START_REF] Park | Face recognition with temporal invariance: A 3D aging model[END_REF], 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. The remainder of this paper is structured as follows; in section 3, the method is defined and all the following sub-sections indicate each step of the approach, then section 4 describes the different evaluation modes to assess the model perceptually as well as authentically. The experimental results are discussed thoroughly in section 5 by representing the renderings of 3D faces and analysis of different evaluation metrics and the paper is concluded in section 6.

Proposed Method

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 1 , 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-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 general diagram and the different phases of the work is indicated in Fig. 1. This diagram displays the overview of fundamental phases of this work. First, database collection for the purpose of face template construction, then, 3D backward face aging model (3D B-FAM) will be explained comprehensively in the following sections.

3D Backward Face Aging Model (3D B-FAM)

The 3D backward face aging morphable model can be defined as:

F (i) = w 1 (φ(f (j))) + w 2 T M L(i) (1) 
Where F(i) is the face of age i, TML(i) is the face template in the same age consists of T M L M (i) and T M L T (i). The nonlinear 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 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. 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.

Figure 2 demonstrates the 3D face at current age which is given to the model as an input and the textured mesh after applying the transformation function along with the textured mesh of age-specific face template. As can be seen, the personal features of the input face such as the structural texture and color information are preserved while the output face in childhood is generated as a morph model between the template face and geometrically transformed face.

Face Template Construction

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. 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 = m i=1 a i M i , T = m i=1 b i T i (2) 
Where

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

T M L(i) = (T M L M (i); T M L T (i)) (3) 

Selecting the Template Face Model

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 (see Fig. 5) and, then, to use the growth curve of the selected age to predict the appearance of the child at a target age.

Changing the facial age geometrically requires 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, craniofacial measurement in different ages is needed. This task has already been done by Hall [START_REF] Hall | Handbook of physical measurements -Limbs 8. Handbook of Physical Measurements (Oxford Handbook Series[END_REF]. Among these numbers, those corresponding to formative years are important. As a result, the growth curve is extracted from calculated average radiuses of all faces in each age group as appears in Fig. 3 [START_REF] Farazdaghi | Backward face ageing model (B-FAM) for digital face image rejuvenation[END_REF].

3D B-FAM is dealing with the childhood face alterations, so the anthropometrical variations are distinguishable. It is known that at earlier ages, the human aging process is mainly reflected by the craniofacial changes resulting in shape changes. Entering adulthood, textural changes gradually start to play a more important role since aging is more concerned with skin variations such as wrinkle appearance and other effects of aging. 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.

Proposed Evaluation Model

For the evaluation purpose, two modes have been considered. First, Generic Perception Based Mode (GPBM) which include three different metrics and second, Biometric Verification Mode (BVM). 

Genereic Perception Based Mode (GPBM)

We propose a generic perception based mode (GPBM) 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 ( 4)), where α + β + γ = 1 and α = β = γ.

In the following sections, the theoretical details of each met-ric are explained thoroughly.

GP BM = α(SSIM (x, y)) + β(M SDM (x, y)) +γ(F LM (x, y)) (4) 

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 , 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 ( 5)):

SSIM (x, y) = l(x, y) × c(x, y) × s(x, y) (5) 
Where 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 between images x and y is defined as follows (see ( 6)):

M SSIM (x, y) = 1 M M k=1 SSIM (x j , y j ) ( 6 
)
Where 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.

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 perceptuallybased 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:

M SDM (X, Y ) = ( 1 M M j=1 LM SDM (x j , y j ) x ) 1 x (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 ( 8)). 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.

LM SDM (x, y) = (α(L(x, y)) 3 + β(C(x, y)) 3 +γ(S(x, y)) 3 ) 1 3 (8)

Face Landmarks Metric (FLM)

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 neighbour 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. The metric is thus defined as follows (see ( 9)), measuring the Euclidean distance between the landmark point on the reference face P Ref 

Biometric Verification Mode (BVM)

This evaluation investigates the process of verification by comparing the claimed identities with enrolled ones [START_REF] Zadeh Heravi | Impact of Aging on Three-Dimensional Facial Verification[END_REF]. As shown in Fig. 4. (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 Fig. 4. (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 analyse the performance of the system. The lower the EER is, the better the system performs.

Experimental Results

Database Collection

Two databases are constructed for this work. The first one is 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. They were split into ten different age groups for both genders each spanning 10 years for above 18 years old and age groups of 3-5, 6-8, 9-13, and 14-17 years old for below 18 in which most of the significant changes in the process of growth occur. The collected images were reconstructed in 3D. 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 they were designated corresponding to their template model in the category of specific age and gender. Consequently, all images have been normalized geometrically and texturally and classified into ten specific age groups, 3-5, 6-8, 9-13, 14-17, 18-25, 26-35, . . . , 66-75 years old for both genders separately (see Fig. 5).

The second database containing the ground truth faces is created for the evaluation purpose of the proposed model. The Face Time-Machine database (FaceTim V. 2. 0) [START_REF]Face Time-Machine Database (FaceTiM V. 2. 0[END_REF] consists of 500 3D textured meshes of 145 subjects at different ages in frontal view, with minimum facial expression. This database has been collected partly by using the web and celebrities' facial images as well as the volunteers who have agreed to contribute. It is 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. 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. Table 2 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.

The collection of suitable data for testing 3D B-FAM was very challenging considering the complexity of acquisition under specific conditions such as illumination, expression, pose, resolution, etc.

Face Rendering using 3D B-FAM

Figure 5 represents the rendering results of the 3D template face models (explained in section 3.2) for both females and males in 5 different age intervals that have been generated by computing the average value of a set of common traits across a large number of faces in each defined age groups.

Figures 6 and7 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 Fig. 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.

Generic Perception Based Mode (GBPM) 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 Fig. 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 (Fig. 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 Fig. 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.

MSDM

Figure 9 illustrates the mean MSDM scores of this metric applied on the comparison of the simulated de-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 in Fig. 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 Fig. 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.

FLM

According to what has been explained earlier, nine craniofacial landmark coordinates have been extracted from the meshes to compare the distance of the points in the simulated 3D faces with the reference ones. As can be seen in Fig. 8. the mean scores of FLM increases as we increase ∆. According to Fig. 8. (b), the mean scores are slightly higher for males than that of females in all ∆ classes. By increasing the age difference between input and target age, the distortion slightly increases. Nevertheless, they do not represent significant disparity as the highest distortion is approximately 0.3 when ∆ > 20 years for males. Consequently, we can conclude that our model is robust for the landmarks comparison, does not represent noticeable distortion for both genders.

Biometrics Verification Mode (BVM) Discussion

For this verification mode of the objective evaluation, 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 analyse the performance of the system. Figure 10 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". As can be seen the EER is around 50% with taking into account GPBM combined metrics (see Fig. 10. (a)). Fig. 10. (b) indicates the performance considering only the face landmarks metric. 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.

The list of methods with similarity scores used in facial aging 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. As can be seen, GBPM 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]56] 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]56] consider only 5 samples in their test study while our test has been employed on 145 textured meshes.

Conclusion and Future Work

In this article, the dynamic 3D B-FAM morphable model has been presented. This model simulates the trajectory of the aging 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 two modes. First, the Generic Perception Based Mode (GPBM) which includes three different metrics to measure the texture quality, mesh distortion quality and landmarks disparity. Second, the Biometric Verification Mode (BVM) was performed. According to the first mode, 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. Based on the second mode, 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.

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.

In the future work, we would like to extend our database for different ethnics and adapt it to different external factors which can affect aging process. For instance, considering the information of boundary parts such as hairstyle and hair color can provide more information about aging. Actually, in this paper, we are basically focusing on the biological facial features including the eyes, mouth, and nose regarding their impact on both the perception and the recognition process. The considered facial features change slowly overtime. However, the hair style is considered as an artifact because of its high variability and sensitivity to some external factors. For example, hairstyle and hair color are dependent on different factors such as ethnicity, personality and culture. They can be deliberately modified. We believe that the proposed model can be combined with variety of hair styles to match some criteria. Figure 11 illustrates a toy example as a proof of concept to improve the visualization aspect. It can explain the fact that the proposed model can be complementary and considered as a fundamental for any supplementary model based on any extrinsic criteria such as boundary parts and hair style. 
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 1 List of the notable contribution in the facial de-aging modeling topic

Table 3 .

 3 List of the notable performance evaluation metrics used in facial aging models

	Method	3D B-FAM Other models Sensitivity	Representation Type
	RMSE distance [56]	64%	55%	Texture	2D	Predictive aging
	Mahalanobis distance [57]	71%	58%	Shape	3D	Predictive aging
	Objective performance [11] 62%	78%	Texture	2D	De-aging
	SSIM [51,58]	65%	78%	Texture	3D	De-aging
	MSDM [52,58]	70%	64%	Shape	3D	De-aging
	GBPM	75%	-	Texture & shape 3D	De-aging

 We propose a 3D model to simulate faces at younger age.  We propose a Generic Perception Based Mode to evaluate the results.  We show that proposed 3D model improves the verification performances.
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