Metaheuristic Approaches for Occlusion Invariant

3D Face Recognition Technique

A thesis
submitted in the fulfillment of the
requirement for the award of the degree of
Doctor of Philosophy
Submitted by
Sahil Sharma

Registration No. : 951503011

cl

Computer Science and Engineering Department

Thapar Institute of Engineering and Technology, Patiala

INDIA-147004

AUGUST 2021



Certificate

I hereby declare that the work being presented in this thesis “Metaheuristic Approaches for Occlusion
Invariant 3D Face Recognition Technique”, in fulfillment of the requirements for the award of degree
of DOCTOR OF PHILOSOPHY submitted in Computer Science and Engineering Department,
Thapar Institute of Engineering and Technology, Patiala, is an authentic record of my work carried
out under the supervision of Dr. Vijay Kumar, Assistant Professor, Computer Science and
Engineering Department and refers other researcher works which are duly listed in the reference
section. The matter presented in this thesis has not been submitted for the award of any other degree

of this or any other university.

(Sahil Sharma)
Registration No. 951503011

This is to certify that the above statement made by the candidate is correct and true to the best of my

knowledge and belief.

¥

(Dr. Vijay' Kumar)
Assistant Professor
Computer Science and Engineering Department

Supervisor



Acknowledgements

[ owe to the grace of almighty, whose divine light provides me with the perseverance, guidance, patience,
inspiration, faith, and strength to carry out this work.

[ want to express my earnest gratitude to my supervisor, Dr. Vijay Kumar, Assistant Professor,
Computer Science and Engineering Department, for his invaluable guidance and simulation
throughout this research work, giving me constructive comments and support. I am incredibly
indebted to him for providing time to listen and give his valuable suggestions. I am thankful to Dr.
Maninder Singh, Professor and Head, Computer Science Department for being my administrative
supervisor during my journey of Ph. D. This thesis was not possible without his support and
cooperation.

I am grateful to the Doctoral committee comprising Dr. Rinkle Rani, Associate Professor, Dr.
Jhilik Bhattacharya, Assistant Professor, Computer Science Department, and Dr. Kulbir Singh,
Professor, Electronics and Communication Engineering Department, for monitoring the progress and
providing valuable suggestions for the improvement of this work. I thank all the Computer Science
and Engineering Department staff members and my colleagues Dr. Ashish Girdhar and Dr.
Simranjit Singh for their support and cooperation. The discussions with them were motivating during
this journey.

Words are inadequate in paying regards to my grandfather Dr. Onkar Nath Sharma, grandmother
Mrs. Sukhvarsha Sharma, father Mr. Suneet Sharma, mother Mrs. Sunita Sharma, and my
brother Dr. Sushant Sharma for their continuous encouragement and patience. I express deep
gratitude to my wife Ms. Ashima Sood, whose love, care, and support have been an invaluable source
of encouragement to me.

I would like to express thanks to all who contributed directly or indirectly during this journey of

research work to make my Ph.D. a successful event.
(Sahil Sharma) M

ii



Abstract

Face identification is one of the non - intrusive biometric strategies. Over the decades, several
investigators have sought to achieve state-of-the-art face-recognition frameworks. Recently,
AlexNet has proven to be the beginning of the deep learning age. Many face-recognition issues
have been overcome in the last eight years by using deep learning methods ranging from
multilayer perceptron to convolutional neural networks. Transfer learning methods have also
been handy where the dataset is not huge, and we have a small number of subjects.

Researchers are focusing on 3D facial recognition and restoration for the last 3-4 years.
There are various methods for 3D face reconstruction, namely, morphable model-based
reconstruction, epipolar geometry-based reconstruction, and one-shot learning-based
reconstruction, shape from shading-based reconstruction, as well as deep learning-based
reconstruction.

3D face reconstruction techniques using voxels as well as facial landmarks have been
proposed in this work. There are three face reconstruction techniques proposed in this work viz.
3D voxel-based face reconstruction using sequential deep learning, 3D landmarks-based face
reconstruction, and voxel-based occlusion-invariant face recognition using game theory and
simulated annealing. The three datasets, namely, Bosphorus Database, University of Milano
Bicocca 3D Face Database, and Kinect Face Database, have been used for training and testing
phases.

Using the game theory and simulated annealing method, the overall classification
accuracy obtained from voxel-based facial recognition is 86.1%. For occlusion invariant facial
recognition, the average accuracy generated by the proposed technique is 75.5%. In facial
recognition using 3D landmarks, the average accuracy achieved from the given methodology is
81.3%. In the case of 3D mesh face recognition, the average precision achieved from the
methodology is 83.9%. Adversarial generation technique for triplet generation promotes minimal
bias. The technique coupled with simulated annealing allows the proposed system to be resilient
in a variety of areas using voxels.

In the 3D voxel-based face reconstruction (3DVFR) method in the performance
iii



evaluation phase, all predictions are shown with and without reconstruction. In terms of gender
identification, the accuracy is greater than 90% following restoration for all three datasets due to
binary classification. In emotional identification, the accuracy for the Bosphorus dataset is
94.57% after restoration compared to 83.95% before restoration, i.e., 10.62% improvement in
accuracy. In the case of University of Milano Bicocca 3D face database and Kinect Face
database, there is a rise of 14.9% and 12.49%. In occlusion classification, there is a rise of 4.07%,
4.82%, and 7.05% for Bosphorus, University of Milano Bicocca 3D face database, and Kinect
Face databases. The precision of the proposed architecture (3DVFR) is state-of-the-art with
90.01% in 3D face recognition using Bosphorus dataset voxels. In the case of University of
Milano Bicocca 3D face database and Kinect Face database, the facial recognition performance
IS 78.21% and 85.68%, respectively.

3D landmark-based facial reconstruction method has been compared with three recently
developed approaches over three well-known databases. The experimental findings indicate that
the proposed method obtained an 8-10 % increase over the current techniques. The
computation period derived from the proposed method is roughly 50% quicker than the other
approaches. Furthermore, in ablation experiments, the efficiency of the proposed model is
checked for occluded versus non-occluded faces, gender, emotion, and occlusion type

recognition.
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1. Introduction

1.1 Preamble

3D face recognition is widely used worldwide due to easily collectible 3D data and economical
graphical processing units (GPUs). However, acquiring 3D images is harder as compared to 2D
scans. Therefore, the number of images is limited in public databases [1]-[3].

Facial characteristics play a vital role when it comes to the recognition of humans with intelligent
machines. 2D and depth image-based facial recognition cannot handle the challenges such as poor
lighting, video monitoring, occlusion-invariant systems, etc. [4], [5]. 3D image segmentation is
commonly used in the medical field [6]. The rapid evolution of 3D data capture devices has started
producing a humongous number of 3D face datasets [7]. As a result, a substantial amount of detail
is present in a single 3D image.

RGB-D image, point cloud image, and 3D mesh image are the various types of 3D faces available
in the literature [8]. There are various challenges in 3D face recognition, viz. pose, occlusion,
expression, lighting, etc. These variations affect the intra-class recognition capabilities of the 3D
face recognition system [9]. Occlusion is one of the major challenges in 3D face recognition. There
are mainly two occlusion types: internal (beard or pose variation) and external (glass, bottle, clothe,
paper). 3D face restoration plays a pivotal role in occlusion handling. Clustering-based methods
are useful in handling 3D data [10]. Restoration of 3D face utilizes point cloud, mesh, or depth
information according to the data at disposal.

3D face recognition is used in the entertainment industry viz. 3D animation, augmented reality,
and virtual reality. Advancements in 3D deep learning have enabled researchers to achieve 3D
fashion modelling [11]. Deep learning has multiple applications [12], [13]. It is possible to build
animated characters through Generative Adversarial Networks (GANSs) [14], [15]. Ensembling,
CNN, and transfer learning are some techniques that are commonly used by many researchers
[16]-[18]. Various approaches have been proposed to address the problems associated with 3D
facial restoration using facial geometry [19], [20]. Multi-modal autoencoders are used for
representation learning [21]. The shape from shading (SFS) method uses the shades on the face

because of lightening. SFS is profoundly sensitive to lightening and does not perform well under
1



pose variation. 3D morphable models (3DMM) are unable to generate accurate face shape [22]-

[24]. Neural networks are used for attention-based signature verification [25].

1.2 General Framework of 3D Face Reconstruction

Training and testing are the two main phases of deep learning-based 3D face recognition (see
Figure 1.1). There are two sub-phases in the training phase, namely, pre-processing and deep
learning. During pre-processing, 3D face acquisition is made by RGB-D depth image, 3D face
mesh image, and 3D point cloud image. Once the 3D face is acquired, face alignment and
registration are done for maximum utilization of the available information. There are three
methods for 3D face alignment. First, coarse-based facial landmark detection is one of the fastest
methods. However, facial landmarks did not preserve the finer details of the face. To overcome
this, voxelization is used that includes fine details of a 3D face. Voxelization is a slower process
in contrast to landmarks detection. The third method uses a 3D object as a whole, in a 3D RGB-D
image, mesh image, or the point cloud image.

After the facial alignment, the deep learning model can be trained. There are different types of
deep learning models such as convolutional neural network (CNN), recurrent neural network
(RNN), autoencoder (AE), generative adversarial network (GAN), and reinforcement learning
(RL) [26], [27]. CNN and RNN are used in supervised learning for images and text, respectively.
AE and GAN are used in semi-supervised learning. RL is used in unsupervised learning. The image
segmentation-based method is implemented using morphological reconstruction [28]. Emotion
recognition is done from face recognition under a virtual learning environment through a neural
network [29]. Signature verification is done using a support vector machine and the neural
classifier [30].

1.2.1 Training Phase
1211 Voxelization

Voxel representation is widely used in multiple fields, viz. computer graphics, computational
science, real-time computer vision, and 3D shape matching. Dynamic modeling requires
voxelization or real-time scan conversion. In this process, the triangular mesh creates a voxel

representation from the input surface [31].



Let point O be arbitrary origin point, and G be a polyhedron with triangular faces t,t,,t,,...,t,
then H ={H,,H,,H,,...,H,} be covering of G with 3D tetrahedra. H; is defined by O and
triangular faces t; [32]. Point Ais considered to be inside the polyhedron G iff

>, sign(H,) incl(H;, A) >0 (1.1)

where sign(H;) is true for Hi>0, and incl(Hi, A) is true for all A€ Hi.

1.2.1.2 Locality Preserving Projections

Algorithm 1.1: Locality Preserving Projections
Input: Graph G with P Nodes
Output: I-dimensional vector
1. Nodes a and b are connected iff
a) Two nodes are close according to Euclidean norm R".

Ix, -x I < e /l € is number of neighbours

b) Nodes a and b are the k-nearest neighbors of each other.

2. Weighting of edges
a) In case of given parameter p, p € R, if nodes a and b are connected,

1% - %17

W,=¢e °F

b) In case of a and b are connected by only one edge,
Wab = 1

3. Computation of eigenvalues and eigenvectors for generalized eigenvector problem

a) ZL,Z'a=A1ZMZ'a
Where M is the diagonal matrix with column sums of W. Ly, is the Laplacian matrix,
Lm =M - W. Z; is the i column of matrix Z.

b) Suppose d,,d,,....d,;, be the column vector solution of Eq. 3(a), the ordered
corresponding to eigenvalues Ay, 4, ...., 4, ;. The final embedding is as follows.

X, =Y, =S"z,5=(So, S, ..., Si1)
where yiis I-dimensional vector, and S is n x [ matrix.

Algorithm 1.1 depicts the locality preserving projections (LPP). Principal component analysis
(PCA) [33] and LPP are two-dimensionality reduction algorithms. Clustering can also be used for
reducing features [34]. Suppose there are large n-dimensional vectors of data points. The intrinsic
property of data is used for dimensionality reduction of these large vectors. Locality preserving

projection (LPP) builds a graph that consists of the neighborhood information of the dataset [35]



and solves the linear dimensionality reduction problem. LPP is a linear approximation of non-
linear Laplace Eigenmap and is as follows [35], [36].

In the LPP algorithm, Graph G with P nodes are connected according to the Euclidean norm and
k-nearest neighbors of two nodes (see Step 1). In Step 2, weights are assigned to nodes. In the final

step, the final I -dimensional vector is computed based on the generalized eigenvector problem.

| TRAINING

Landmarks Detection

3D Image (1), (2), (3

Autoencoder

TESTING

Figure 1.1 A general framework of deep learning-based 3D face recognition
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1.2.1.3  Triplet Loss

Triplet loss uses face embeddings as vectors. It chooses three embeddings, namely, Anchor (A),

Positive (P), and Negative (N), from the dataset such that A and P belong to the same class, and N

belongs to a different class. A, P, and N are selected randomly based on three categories: easy

triplets, hard triplets, and semi-hard triplets. Easy triplets (see Eqg. 1.2) have a loss of 0. In hard

triplets (see Eq. 1.3), negative embedding is closer to anchor embedding than positive embedding.

In semi-hard triplets (see Eq. 1.4), the negative embedding is not closer than the positive but still

has positive loss [37].

d(A, P) + margin < d(A, N)

d(A, N) <d(A, P)

d(A, P) <d(A, N) <d(A, P) + margin

The loss of a triplet (A, P, N) is defined as [19]:

L = max(d(A,P) — d(A,N) + margin, 0)

(1.2)
(1.3)
(1.4)

(1.5)

The main objective of triplet loss training is to find the global optima for the loss by pushing d(A,

P) — 0and d(A, N) > d(A, P) + margin by triplet loss training. Figure 1.2 represents the concept

of triplet loss using three images in form of A, P, and N for triplet embeddings and triplet loss

training.

Deep
Learning

i

Deep
Learning

Anchor (A) @ @ Shared Weights

O 0O O

@)
O

Positive (P)

Deep
Learning

@ @ Shared Weights

@)
O

Triplet Loss

Negative (N)

Embeddings
Figure 1.2 Concept of Triplet loss technique
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1.2.1.4  Game Theory

Game theory is a term used jointly with generative adversarial networks (GANs). GANs [38], [39]

are one of the types of generative models. They can be used to synthesize speech recognition [40],

[41]. Let P, () be the distribution of a real image 1, and P,(J) be the distribution of the input.

Let generator G(z) capture the P, distribution by using an adversarial process. The discriminator

D distinguishes between real images and generated images. The formulation of the adversarial
process in the form of a minimax game (see Eq. 1.6).

ming max,, E, , [logD(l) + E,_, [log(1— D(G(2)))] (1.6)
Theoretically, the global optimum PG(Z) = Paata [42] is reached based on the minimax game on
reaching Nash equilibrium [43] by the adversarial process. Recently, AttGAN [44] has achieved
facial attribute editing as well as gender and age transformation (see Figure 1.3(A) and 1.3 (B))
viz. reconstruction of blond hair, eyeglass, changing expression, makeup, etc. Soft computing
techniques are usable in finding global optimum [45]. Face aging with conditional GANs [46]
achieved remarkable results in generating faces of different ages from a single image (see Figure
1.3 (C)).

Female to Male

Input

Reconstruction

Blond Hair Old to Young

(B

Eyeglasses
10-18 19-29 30-39 40-49 50-59 60+

/. 7 ’r. - "?
Gender ' “‘ ' "' 1" »

Mouth

VAEGAN IcGAN AtGAN

(A)

Figure 1.3 (A) Comparison of transforming attributes using VAE-GAN [47], IcGAN [48], and AttGAN
[44], (B) Gender and age transformation using AttGAN, and (C) Transformation of face using Age
Conditional GAN [46]
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1.2.1.5  Simulated Annealing

The simulated annealing (SA) optimization algorithm is based on metallurgical practices.
Particular material is heated at high temperature, and then it is brought to low temperature
gradually. The shifting of atoms becomes unpredictable when heating a material at a high
temperature. It helps in the elimination of impurities as the material takes pure crystal form after
cooling. In terms of optimization, SA introduces a degree of randomness, which may take the
solution from better to worse in an attempt to escape local minima and increasing the probability
of achieving global optimum [49]. The applications of SA are diverse [50]-[52] by single criterion
optimization [53].

Maximum energy state ° 5 °

path using simulated
annealing

Figure 1.4 State energy maximization using simulated annealing

Figure 1.4 holds four states A, B, C, and D, having different energy. The main target is finding a
path with maximum energy by using a simulated annealing algorithm to traverse every state
exactly once. For understanding purposes, the four states have been connected clockwise and
anticlockwise. The total sum of energies by clockwise traversing of all states is 35. In contrast, the
total sum of energies by anticlockwise traversing is 70. Hence, the maximum energy state path is

selected by anticlockwise traversing.

Algorithm 1.2: Simulated Annealing

Input: Random Initial state

Output: Path covering all states with maximum energy

1. S = Sinit //Selection of initial state randomly
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2. For T = Tmax t0 Tmin dO /INew temperature in every iteration

a. Es=E(S) /[Current state energy
b. N = next(S) /INew state
c. EN=E(N) /INew state energy
d. 4E=En-Es /[Change in energy
e. If(4E> 0©) //Maximization problem
f S=N //New state selected
g. Else if (7> rand(0,1))
h. S=N //New state with probability e
i. Endif
End for

The simulated annealing is shown in Algorithm 1.2. In a simulated annealing algorithm, the initial
state is chosen randomly (see Step 1). Esacts as current state energy. The new state becomes the
current state if there is a positive energy change. Otherwise, the new state is chosen with
probability e?Z7 (see Step 2). During the process, temperature T is decreased gradually so that

solution converges towards the global optimum.

1.2.1.6 Variational Autoencoders

Variational autoencoders (VAES) [54] are based on generative modeling to learn the variation in
disentangled representations. Input data (x) is regenerated over the learned latent factors z € R™ by
non-linear combination. For a given X, the probable posterior configurations of the latent factors
(2) can be defined by a probability distribution g,4(z|x) to maximize the probability of the observed
data x on average over all samples that are possible from the latent transformation factors (z). This

refers to the problem of optimization.
max, » Eq¢(z|x)[log p¢(x| 2)] 1.7)

In studying disentangled representations of generative variables, a restriction is added that allows
the distribution over latent factors z to be similar to independence prior and redundancy reduction.

This results in a restricted optimization problem.
max; , Eq¢(z|x)[log p¢(X| z)] subject to Dy, (a,(z[ )| p(2) <e (1.8)

where £ is the strength of constraint.



SIMPLE AUTOENCODER

;
:

VARIATIONAL AUTOENCODER
(b)

Figure 1.5 Architectural view (a) simple autoencoder (b) variational autoencoder

Kullback-Leibler divergence (Dk.) [55] measures the difference between two probability
distributions. Eq. 1.8 can be expressed in lagrangian form. The traditional variational free energy
goal function can be achieved.

L(0,¢:X) = Ey, ll0g p, (x| 2)]-BDy (a,(z] X) ]| P(2)) 1.9
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where £ > 0 denotes the regularization constraint.

The deep unsupervised models learn the disentangled latent space (z) by using constrained
optimization. B coefficient is the hyperparameter of the VAE model. f is a coefficient to balance
the prior matching costs and magnitude of gradients from the restoration during VAE encoder
training. Figure 1.5 presents the architectural view of a variational autoencoder and simple

autoencoder.

1.2.1.7  Bidirectional Long Short-Term Memory

Bidirectional Long Short-Term Memory (BiLSTM) [56] layer allows the network to learn long-
term dependencies between time instances of embedding during forward and backward
propagation. The cell state and the hidden state are part of the layer. The BiLSTM layer is part of
the hidden state depending upon forward or backward propagation. Information learned from the
previous time steps is part of the cell state. The BiLSTM layer adds or removes the information
from the cell state at every time step. Input gate (i;), forget gate (f;) and the output gate (o;)
controls these updates of the layer.

Figure 1.6 presents the essence of BILSTM architecture. It leverages forward and backward
propagation to learn the long-term dependencies, enabling us to classify the previous and future

states of each element sequence-wise.
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Figure 1.6 Architecture of BILSTM
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For different time steps, BiLSTM has various neural networks in series. The i, f;, and o; gates
control the current time step (xt) input and the cell state (ct) which is defined as the old hidden state
(ht-1) for each time step. The current hidden state (hy) and current memory cell (ct) is updated using
Xi, ht1, it, f, and ot.

Table 1.1 shows the BiLSTM parameters that controls the cell state and hidden state of the layer.

Table 1.1. BiLSTM Parameters

Parameter Equations
Input Gate i = oy W, ® [h,x]+ b
Output Gate o = o, W, ®[h,,x]+ Db,
Forget Gate f, = o, W, ®[h_,x] + b
Cell States ¢ =f®c +i ®q
Cell Outputs h =0® ol(c)

Input W, W,, W,

Weights

In Table 1.1, o is the sigmoid activation function. & denotes the hyperbolic tangent activation

function, and ® represents the element-wise multiplication [56].

1.2.1.8  Support Vector Machine

The support vector machine (SVM) has been used extensively for face classification [57], [58].
The deep embedding calculated from the previous pipeline is trained on Gaussian radial basis
kernel [59] for recognition accuracy.

In case of voxel-based face recognition, the accuracy is computed by using the ensemble of voting

for 82, 162, and 322 voxels predictions. The ensemble is formally represented as:
Ensemble Class (C.) = mode(8® class, 16° class, 32° class) (1.10)

Figure 1.7 illustrates the process of ensemble implemented after the implementation pipeline of

deep learning layers.
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Triplet Loss

Embedding
VM

VM

VM

Figure 1.7 Ensembling of Voxels

1.2.2 Testing Phase

There are two sub-phases in the testing phase, namely, validation and verification.

1.22.1 Validation

The validation is implemented over the test dataset, where the ground truth values are provided.

This helps in calculating the accuracy of the whole test dataset. This prediction is done using the

trained classification model. The basic overview of validation is illustrated in Figure 1.8.

10
TEST DATASET
INPUT

Ground Truth
Vector
{6,2,7,11,8,10}

{6,2,7,9,8,10}
Face IDs vector

Validation Accuracy

OUTPUT
Figure 1.8 Process of validation

The overall accuracy is calculated on comparison of ground truth vector with the face I1Ds

vector. Eq. 1.11 shows the equation of verifying the accuracy of the model.
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Number of IDs matching 100

Accuracy =
y Total number of IDs (1.11)

1.2.2.2 Verification

Verification means a comparison between the query image and the ground truth value. In
Figure 1.9, an image is passed with 10 written in it. As it passes from the trained classification
model, the binary value is calculated as the verification accuracy based on the match of ground

truth value and the predicted class value.

Ground Truth Class

{10}
Trained A
. Verification
10 Classification
Model Accuracy
Query Image {10}

Predicted Class

INPUT

OUTPUT

Figure 1.9 Process of verification

1.3 3D Face Reconstruction Techniques

In this section, the well-known 3D face reconstruction techniques are discussed.

1.3.1 3D Morphable Model-based Reconstruction

A 3D Morphable Model (3DMM) is a generative model for facial appearance and shape. There
are two main ideas around it. Firstly, all the faces to be generated are in a dense point-to-point
correspondence that can be achieved by doing the face registration using some face images. The
morphological faces (morphs) are generated using this dense correspondence. Secondly, this
technique focuses on disentangling the facial color and shape from the other factors, namely

illumination, brightness, contrast, etc. [60]

3DMM was introduced by Blanz and Vetter [61]. In the literature, there are multiple variations of

3DMM in today’s times [62]-[66]. Those models make low-dimensional representations for the

face expression, texture, and identity using PCA with multiple facial scans. Basel Face Model
13



(BFM) is one of the publicly available 3DMM maodels. It constructs the model by registering the
template mesh corresponding to the scanned face by applying Iterative Closest Point (ICP) and
Principal Component Analysis (PCA) [67].

G 000000 BEmA
MLIRET]

Figure 1.10 Progressive improvement in 3DMM in last twenty years

Figure 1.10 shows the different phases of 3DMM models. The progressive improvement in 3DMM
has been taken from [9], [39], [61], [68].

1.3.2 Epipolar Geometry based Reconstruction

Epipolar geometry-based facial reconstruction approach uses various non-synthesizing perspective
images of one subject to generate a single 3D image [20]. Good geometric fidelity is one of the
advantages of this technique. It attains more accuracy as it utilizes the various images from
different angles. The requirement of more than one calibrated camera and the orthogonal images
are the two challenges of this technique. Figure 1.11 shows the horizontal and vertical Epipolar
Plane Images (EPIs) obtained from the central view and the sub-aperture images [20].
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(b)

] (©

Figure 1.11 (a) Epipolar Plane Images corresponding to 3D face curves, (b) horizontal EPI, and (c)
vertical EPI [20]

1.3.3 One Shot Learning based Reconstruction

One-shot learning is a method in which a single image of an individual is used to recreate the 3D
recognition model [69]. The advantages are that a single image is required per subject to train the
model. Hence, it is quicker to train and also generates promising results [70]. However, this
approach cannot be generalized to videos. One-shot learning-based 3D reconstruction is an active
research area. The ground truth 3D models are needed to train the model to map 2D-to-3D image.
Some researchers have used depth prediction to reconstruct 3D structures [71], [72]. While other
techniques directly predict 3D shapes [73], [74]. Few works have been done on 3D face
reconstruction by utilizing one 2D image [22], [75]. The optimum parameter values for each 3D
face are obtained using the deep neural networks and the model parameter vector. As a result, the
major improvement has been achieved over [76], [77]. However, this approach fails to handle pose
variation adequately. The major issues of this technique are the creation of multi-view 3D faces

and reconstruction degradation. The general framework is shown in Figure 1.12.

1.3.4 Shape from Shading based Reconstruction

The shape from shading (SFS) method is based on the recovery of 3D shapes from shading and
lighting cues [78]. It uses an image that produces a good shape model. However, occlusion cannot

be dealt with when shape estimates are interfered with a shadow of the target. It only operates well
15



under lightening from the non-frontal face view (see Figure 1.13).

Repeat for Full Dataset
. Reconstruction using
Data Mid Face Mirror based
Augmentation Plane Technique
Rotate Mid Face Reconstructed
Image 1 Image 1
Single 3D crop Mid Face Reconstructed Deep Learning based
Face Image Image 2 Image 2 Training and Prediction
Shear Mid Face Reconstructed
Image 3 Image 3

Figure 1.12 General framework of one shot learning based 3D face reconstruction

(a) (b) (©) (d)

Figure 1.13 3D face shape recovery (a) 2D image, (b) 3D depth image, (c) Texture projection, and (d)
Albedo histogram [78]

1.3.5 Deep Learning based Reconstruction

The 3D generative adversarial networks (3DGANSs) and the convolutional neural networks
(3DCNN) are the deep learning methods around which the 3D face reconstruction methods are
being built [39]. The advantages of this method are high fidelity and better performance. However,
it takes a lot of time to train GANS. The face reconstruction in canonical view can be done by the
face-identity preserving (FIP) method [79]. [80] introduced a multi-layer generative deep learning
model for image generation under new lighting. In face recognition, the training corpus is
responsible for providing the labels for training a multi-view perceptron-based approach. Synthetic
data is augmented from a single image using facial geometry to train a CNN [22]. [75] proposed

the unsupervised version of this reconstruction. Supervised CNNs are used to implement facial
16



animation tasks [81]. The 3D texture and shape are restored using the deep convolutional neural
networks (DCNNs). 3DMM does the synthesis of images for depth estimation using an image-to-
image translation-based deep convolutional neural network [82]. In [83], facial texture restoration
has greater fine details than the 3DMM based estimated texture [84]. Figure 1.14 shows different

phases for 3D face recognition by restoration of the occluded region.

3D Face Dataset and Its Preprocessing

- —

Restoration of Occluded Region

<~ =

Train-Test Partitioning

~

Deep Learning based Training

~

Validation and Verification

-

Prediction Accuracy

Figure 1.14 Phases of 3D face recognition using restoration

1.4 Performance Evaluation Metrics

Based on the confusion matrix (see Figure 1.15), the multiple performance evaluation metrics are

computed.
R ) ) NU
n
L
1 TRUE FALSE
= POSITIVE NEGATIVE
P TP FN
3 (TP) (FN)
<
o)
74
i, FALSE TRUE
=8 POSITIVE NEGATIVE
l—
5 (FP) (TN)
<

Figure 1.15 Confusion Matrix
It is important to understand the concepts of true positive (TP), true negative (TN), false-positive

(FP), and false-negative (FN). When actual and predicted values are ‘“YES’, it is known as TP.
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When both values are ‘NO’, it is known as TN. In FN, the actual value is ‘“YES’, but predicted is
‘NO’. For FP, the actual value is ‘NO’, but the predicted is ‘YES’.

1.4.1 Accuracy

The accuracy of the prediction model is calculated by checking the correctness of predictions in a
specified task. If the data is biased, the accuracy gets affected. Synthetic data and data
augmentation are the two majorly used techniques in eliminating biasness [85]. It can be defined
as [86]:

TP+TN
TP+TN+FP+FN

Accuracy = (1.12)

1.4.2 Sensitivity

Sensitivity is the correct classification of all the true positives and is defined as [86].

Sensitivity = (2.13)

TP+FN

1.4.3 Specificity

Specificity is the correct classification of all the true negatives and is defined as [86].

TN
TN+FP

Specificity = (1.14)

1.4.4 Precision

Precision is the ratio of actual positive values compared to total positive values, including the

predicted ones. It is mathematically defined as:
TP

Precision = (1.15)
TP+FP
1.4.5 Recall
The recall is the correct classification of all the true positives and is defined as [86].
Recall = —=~ (1.16)
TP+FN

1.4.6 F1 Score
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F1 Score is the harmonic mean of precision and sensitivity value. It is defined as:

F1Score = —=12 (1.17)

2«TP+FP+FN

The F1 score is useful in cases where there is a class imbalance.
1.4.7 Logarithmic Loss or Log Loss

Log Loss is the quantification of the classifier by penalizing the wrong classifications. It is heavily

used in data science competitions on Kaggle. It is defined as:
LogLoss = 3 3 yilog(3) + (1 = yo) log (1 = ) (1.18)

where N is the number of samples, y; is the actual value, and ¥, is the predicted value.

1.4.8 False Positive Ratio

False Positive Ratio (FPR) is the ratio of wrongly predicted negative values to the total number of

negative values in actual and predicted. FPR is defined as:

FP
FP+TN

FPR =

(1.19)

1.4.9 False Negative Ratio

False Negative Ratio (FNR) is the ratio of wrongly predicted positive values to the total number

of positive values in actual and predicted. The mathematical definition of FNR is as: [87]

FN
FN+TP

FNR = (1.20)

1.5 Loss Functions, Activation Functions, and Optimizers

In this section, the well-known classification loss functions, activation functions, and optimizers

are mentioned.

1.5.1 Loss Functions

This sub-section discusses the classification loss functions.
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1511 Binary Cross-Entropy

The binary cross-entropy loss function is used in binary classification viz. gender recognition,
presence of occlusion, verification of a person, etc. [88]

L(Y,Y) = —Ylog(Y), ,whenY =1 (1.21)
L(Y,Y)=( —1)log (1— ¥),whenY =0 (1.22)

Where Y is the actual value and Y is the predicted value.

1.5.1.2  Categorical Cross-Entropy

The categorical cross-entropy loss function is calculated using the one-hot encoding method for
labeling the output values. The one-hot encodings have to be consistent with the training,
validation, and testing dataset. For the Modified National Institute of Standards and Technology
(MNIST) dataset, the classes 0-9 should have labels using one-hot encoding vectors as [88]

Label 0: [1,0,0,0,0,0,0,0,0,0]
Label 1: [0,1,0,0,0,0,0,0,0,0]
Label 2: [0,0,1,0,0,0,0,0,0,0]

Label 9: [0,0,0,0,0,0,0,0,0,1]

1.5.1.3  Sparse Categorical Cross-Entropy

The categorical cross-entropy loss function is calculated using the classes to be singular
numbers[89].

Label O: [O]
Label 1: [1]
Label 2: [2]

Label 9: [9]

1.5.2 Activation Functions

The activation functions are responsible for passing the information from one layer to another in a
neural network. The activations must be computationally efficient as they are used whenever each

neuron fires in a deep learning network. All the neural network-based models use different
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activation functions while performing the various operations, viz. forward and backward

propagation.

1521  Sigmoid

The sigmoid activation function is used for binary classification. The threshold value for rounding
off the output is generally 0.5 in the case of Sigmoid (see Figure 1.16a). The mathematical

formulation of the sigmoid function is as follows:

1
1+ e %

Sigmoid(z) = (1.23)

where z = wx + b with x as input vector, w as weight, and b as bias.

1.5.2.2  Hyperbolic Tangent (tanh)

The tanh function is the non-linear activation function that can be used in place of the sigmoid.
The threshold for tanh is O (see Figure 1.16b). The mathematical representation of hyperbolic
tangent is as follows [90]:

eZ— e Z

e?+e?

tanh(z) =

(1.24)

The value of tanh (2) lies in the range of -1 and 1.

1.5.2.3  Rectified Linear Unit (ReLU)

Rectified Linear Unit (ReLU) is the widely used activation function in the research community.
The rectified linear unit (ReLU) is the non-linear activation function, which does not bound the
output to the upper value. ReLU activation function calculates the value of z by taking the

maximum between 0 and z (see Figure 1.16c).

relu(z) = max (0,z) (1.25)

1524 Leaky ReLU (Irelu)

Leaky ReLU (Irelu) does not make the negative component zero. However, it keeps the maximum
value in the range of z and 0.1z. For example, if z = -100, using ReLU the activation value will be
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0. Whereas using leaky ReL U, the activation value will be -10 (see Figure 1.16d).

Irelu(z) = max (0.1z, z) (1.26)
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Figure 1.16 (a) Sigmoid activation function, (b) tanh activation function, (c) ReLU, and (d) leaky ReLU

activation function

15.25 Softmax

The softmax activation function is helpful for multiclass classification. It maintains the array of
probabilities for all the classes. The sum of all the probabilities in output is 1. The class has a
maximum value of probability is the final prediction (see Figure 1.17).

eZ

S

Softmax (z) = (1.27)

where n = number of samples, z¢ is it" neuron value in the layer
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Figure 1.17 Softmax activation function

1.5.3 Optimizers
1531 Stochastic Gradient Descent

Stochastic Gradient Descent (SGD) is an optimizing algorithm, which calculates the gradients on
the subsets or batches in the deep learning process. The gradient descent algorithm calculates the
value of the objective function at the end of every epoch. Whereas SGD gives the constant

monitoring of the change of value for objective function with every mini-batch.

1.5.3.2  Root Mean Square Propagation

Root Mean Square Propagation (RMSProp) is an optimizing algorithm responsible for reducing
the motion in the vertical direction and increasing the motion of gradient descent in the horizontal

direction towards the global minima.

15.3.3  Adaptive Moment Estimation

Adaptive moment estimation (Adam) optimizer refers to an ensemble of gradient descent with
momentum and RMSProp. There are multiple hyper-parameters, which are responsible for
improving the performance of Adam optimizer viz. learning rate (o), momentum-based friction

parameter (1), RMSprop based friction parameter (f32), and the epsilon (¢€) [91].
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1.6 Application of 3D Face Recognition
1.6.1 Facial Puppetry

The virtual characters in the games and movie industry use facial cloning or puppetry in video-
based facial animation. The expressions and emotions must be transferred from the user to the

target character in input through video streaming.

Figure 1.18 Face puppetry demonstration in real-time by digital avatars [92], [93]

1.6.2 Speech-driven Animation and Re-enactment

Zollhofer et al. [94] discussed various video-based face reenactment works. Most of the methods

in the literature depend on the reconstruction of source and target face using a parametric facial

model.
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Figure 1.19 The Pipeline of Neural Voice Puppetry [95]
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1.6.3 Video Dubbing

Dubbing is an important part of filmmaking where an audio track is added or replaced in the
original scene. The original actor’s voice is to be replaced with a dubbed actor. This process
requires ample training for dubbed actors to match their audio with the original actor’s lip-Sync.
To minimize the discrepancies in visual dubbing, the reconstruction of mouth in motion is done to
complement it with the dialogues spoken by a dubbed actor. It also involves the mapping of
dubber’s mouth movements with the actor’s mouth. Hence, the technique of image swapping or

transferring parameters is used.

Figure 1.20 Visual dubbing by VDub [96] and Face2Face with enabled live dubbing [15]
1.6.4 Virtual Make-Up

Virtual makeup will be of excessive use in online platforms for meetings and video chats where a
presentable appearance is indispensable. It includes the changes in the digital image such as
applying suitable colour lipstick, face masks, etc. It can be useful for beauty product companies as
they can advertise digitally, and consumers can experience the real-time effect of their products
on their images. It is implemented by using different reconstruction algorithms (see Figure 1.21).

1.6.5 Projection Mapping

As the name suggests, projection mapping uses the projectors to amend the features or expressions

of real-world images. This technique is used to bring life in static images and given them visual

display. Different methods are used for projection mapping in 2D and 3D images, such as different
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projectors, to alter the appearance of a person (see Figure 1.22).

Figure 1.21 Synthesized virtual tattoos adjusting to facial expression [97]

Figure 1.22 FaceForge based live projection mapping [98]

1.6.6 Face Replacement

Face Replacement is commonly used in the entertainment industry where the source face is to be
replaced with the target face. This technique is based on parameters such as the track of identity,
facial properties, and expressions of both faces (source and target). The source face is to be

rendered so that it matches the conditions of the target face.
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Figure 1.23 Expression invariant face replacement system

1.6.7 Face Aging

Face aging is an effective technique to convert 3D face images into 4D. If a single 3D image can
be synthesized using aging GAN, then it would be useful in creating 4D datasets. Face aging is
also called as age progression or age synthesis as it revives the face by changing the facial features.

Various techniques are used to enhance the features of the face so that the original image is

preserved.

Figure 1.24 Transformation of face using ACGAN [46]

1.7 Research Motivation

There are many areas in 3D face reconstruction on which the practical work has to be done. Due
to the advent of deep learning techniques and GPUs availabilities on the cloud, such as Google
Cloud Platform (GCP), Microsoft Azure, Amazon Web Services (AWS), and the Google
Colaboratory, the research work has become easier.

Considering the deep learning advancements in recent years, 3D face recognition and
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reconstruction have become the highlight in face recognition. The researchers are developing novel
algorithms and applications for 3D face reconstruction. Due to the COVID-19 pandemic, video
calls have become the norm. Anyone can take advantage of deep learning-based 3D face make-up
applications during online meetings.

These facts motivated me to develop new reconstruction algorithms and applied on face

recognition techniques.

1.8 Thesis Organization

This thesis is devoted to the development of 3D face reconstruction techniques. The review of
existing techniques is mentioned in Chapter 2. Chapter 3 presents the 3D face recognition
framework using the concepts of game theory and simulated annealing. Chapter 4 presents the 3D
face reconstruction technique for voxel-based images. Chapter 5 presents the 3D landmarks-based

face restoration technique.

Thesis Organization
[

Chapter 1: Introduction

Figure 1.25 Thesis Organization

Chapter 5. 3D Chapter 6.
Chapter 1. V%?(gﬁéea:s?;d Chapter 4. Landmark- Conclusions
el el Chapter 2. 3D Occlusion- Voxel-based based Face ang Fuiture
Literature Invariant Face 3D Face Restoration cope
Review Recognition Reconstruction Using
Using Game Using Variational
Theory and Sequential Autogncoder
Simulated Deep Learning and Triplet Loss
Annealing

This chapter discusses the foundation of important concepts of 3D face recognition technique.

The general framework of 3D face reconstruction along with mathematical formulation is

studied. Five well-known 3D face reconstruction techniques are discussed. This chapter

discusses the performance evaluation metrics and applications of 3D face recognition system.

Chapter 2: Literature Review

In chapter 2, various 3D face reconstruction techniques are presented in the literature. 3D

morphable model-based reconstruction, epipolar based face reconstruction, one-shot learning-

based reconstruction, and deep learning-based face reconstruction are discussed with their pros
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and cons. Research gaps and objectives are also discussed.

Chapter 3: Voxel-based 3D Occlusion-Invariant Face Recognition Using Game Theory
and Simulated Annealing

In Chapter 3, the proposed face recognition framework is discussed in detail along with its
computational complexity. The preliminary concepts of voxelization, locality preserving
projections, triplet loss, game theory, and simulated annealing are discussed. The main objective
of this chapter is to present the occlusion-invariant 3D face recognition technique after reducing
the triplet loss below the threshold value using a discriminator based on the concept of simulated

annealing.

Chapter 4: Voxel-based 3D Face Reconstruction Using Sequential Deep Learning

In chapter 4, the proposed 3D face recognition framework is designed to recognize a person's
gender, emotion, occlusion, and face. A series of deep learning models, including variational
autoencoder, BiLSTM, and triplet loss training, are applied to generate deep learning-based
embeddings. After that, the embeddings are passed through a support vector machine to predict
the final class using voting-based ensembling. The main objective of this chapter is to present
the voxel-based face reconstruction technique using epipolar geometry. The ablation studies
show that the 3D face recognition after reconstruction achieves state-of-the-art results for

occlusion, emotion, gender, and person identification.

Chapter 5: 3D Landmark-based Face Restoration Using Variational Autoencoder and
Triplet Loss

In chapter 5, a novel 3D face recognition framework is proposed using variational autoencoder
and triplet loss. Under the ablation studies, four experiments have been performed viz. occluded
versus non-occluded faces, gender recognition, emotion recognition, and occlusion recognition.
The main motive of this chapter is to present the 3D landmarks-based face restoration technique

based on mirroring concept-based epipolar geometry.

Chapter 6: Conclusions and Future Scope
In chapter 6, the conclusion of this thesis is presented. It highlights the contributions made towards the

research objectives. The future scope of this research work is discussed.
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2. Literature Review

The existing 3D face recognition and reconstruction techniques are studied, along with the research
gaps. Based on the research gaps, the objectives and thesis contributions have been presented in
this Chapter.

2.1 3D Face Reconstruction Techniques

Figure 2.1 shows different types of 3D face reconstruction techniques. They are mainly of five
types viz. 3D morphable model (3DMM), deep learning (DL), epipolar geometry (EG), one shot
learning (OSL), and shape from shading. While doing the survey, it was observed that many
reconstruction techniques were a hybrid of multiple types out of the techniques mentioned above.

Hence, the sixth type is hybrid learning-based reconstruction.

3D Face Reconstruction Techniques

|

Hybrid Learning

I

3D Morphable
Model

Epipolar One Shot Shape from

Deep Learning Geometry Learning Shading

[e CNN | |eLandmarks | |eSingle 2D Image | fe 3DMM + DL |
|e RNN | |eCaricature | | Single 2.5D Image | {* 3DMM + OSL |
:-GAN : |e Single 3D Image | | 3DMM + DL + OSL :
& C:\tgencoder | e leEtc. i
|* I
| Transfer |
| Learning |

Figure 2.1 Different types of 3D Face Reconstruction Techniques
2.1.1 3D Morphable Model-Based Reconstruction

Maninchedda et al. [99] proposed an automatic reconstruction of a human face and 3D epipolar
geometry for eye-glass-based occlusion. A variational segmentation model was proposed, which
is capable of representing a wide variety of glasses. Eyeglass detection and segmentation was done
based on depth, connectivity, location, and symmetry.

Zhang et al. [100] proposed a technique of reconstructing a dense 3D face point cloud from a single
frame of data captured from RGB-D sensor. In the first stage, the initial point cloud of the face
region is captured using the K-Mean Clustering algorithm using the aligned depth information and
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RGB data information. In the second stage, the artificial neural network (ANN) based calculation
estimates the point cloud neighborship. Furthermore, applying the RBF interpolation to get the
final estimate of point cloud-based 3D face.

Jiang et al. [101] proposed a 3D face restoration algorithm (PIFR) based on three-dimensional
morphable model (3DMM). The input image is normalized to get more information about the face
along with the visibility of facial landmarks.

Wau et al. [102] presented a 3D face expression reconstruction technique using a single image. A
cascaded regression framework was used to calculate the parameters for 3D morphable models.
After the initialization phase, a histogram of oriented gradients (HOG) features and landmark
displacement were used for the feature extraction phase.

Kollias et al. [103] proposed a novel technique for synthesizing facial expressions, the degree of
positive and negative emotion, and arousal. Based on the valence-arousal (VA) technique, 600K
frames were annotated from the 4DFAB dataset [104]. 4DFAB dataset [104] contains 180 subjects
aged between 5-75 years.

Lyu et al. [105] proposed a Pixel-Face dataset consisting of high-resolution images using 2D
images. 3D morphable model-based Pixel-3DM was proposed for 3D facial reconstruction.

2.1.2 Epipolar Geometry Based Reconstruction

Anbarjafari et al. [106] proposed a novel technique for generating 3D faces captured by phone
cameras. A total of 68 facial landmarks were used to divide the face into four regions. Different
phases were used during texture creation, weighted region creation, model morphing, and

composing.

2.1.3 One-Shot Learning Based Reconstruction

Xing et al. [107] presented 3D face reconstruction technique using a single image without the
ground-truth 3D shape. The face model rendering using new viewpoints and the fine-tuning in the
supervised mode was used in the process. After 3D face reconstruction, the rigid body
transformation, as well as rendering, were performed. To improve the quality of rendering, the

bootstrap fine-tuning method was used to send the feedback to 3D face reconstruction face.
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2.1.4 Shape from Shading Based Reconstruction

Jiang et al. [19] was inspired by face animation using RGB-D and the monocular video. Initially,
the computation of coarse estimation was done for the target 3D face by parametric model fitting

to the input image.

2.1.5 Deep Learning Based Reconstruction

Kim et al. [9] proposed a deep convolutional neural network-based 3D face recognition algorithm.
3D face augmentation technique synthesized a variety of facial expressions using a single scan of
3D face.

Gilani et al. [108] proposed a technique for developing a huge corpus for labeled 3D faces of
people. They trained a convolutional neural network, namely, FR3DNet to recognize the 3D faces
of over 3.1 Million faces of 100K people. The testing was done on 31,860 images of 1853 people.
Thies et al. [95] presented a neural voice puppetry technique for generating photo-realistic output
video the source input audio. This was based on DeepSpeech recurrent neural networks using the
latent 3D model space. Audio2ExpressionNet was responsible for converting the input audio to a
particular facial expression.

Li et al. [109] proposed SymmFCNet, a symmetry consistent convolutional neural network used
for missing pixels on the half face for the development of the other half. SymmFCNet consists of
two parts, namely, the illumination-reweighted warping subnet and the generative reconstruction
subnet.

Han et al. [110] proposed a sketching system that creates the 3D caricature photos by modifying
the facial features. An unconventional deep learning method was designed to get the vertex-wise
exaggeration map based on the 2D sketch images given by the user. FaceWarehouse dataset [63]
was used while training 150 neutral face models, and ten different exaggerations are applied to
each model.

Moschoglou et al. [111] implemented an autoencoder like 3DFaceGAN for modeling 3D facial
surface distribution. Reconstruction loss and adversarial loss were used during the training of the

generator and discriminator.
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2.1.6 Hybrid Learning Based Reconstruction

Richardson et al. [22] proposed a technique for generation of the database, which has photo-
realistic face images using geometries. Convolutional neural network-based ResNet model [112]
was used for building the proposed network. Adam optimizer was used with a fixed learning rate.
This technique is unable to restore the images, which have different facial attributes than the
training data. Therefore, it is unable to generalize the training process for new face generations.
Liu et al. [113] proposed a 3D face reconstruction technique.

Richardson et al. [75] proposed a single shot learning-based convolutional neural network (CNN)
model, extracting the facial shape in a coarse-to-fine technique. There are two parts of the proposed
architecture, namely CoarseNet and FineNet. CoarseNet and FineNet were responsible for
recovering coarse facial features and refining the facial geometry, respectively.

Jackson et al. [70] proposed a CNN-based model capable of reconstructing 3D face geometry by
using a single 2D facial image. This method did not require any kind of facial alignment. It works
on various types of expressions and poses. 3D facial geometry was reconstructable, including the
missing information without the use of a 3DMM. The convergence function used is Normalized
Mean Error (NME) using the cube root of the voxel count.

Tewari et al. [114] proposed a generative model-based convolutional autoencoder network. The
encoding part of the network was based on AlexNet [85] and VGGFace [115] model final
activation passed to the semantic code vector, and the decoder reconstructs the face.

Dou et al. [23] proposed a deep neural network (DNN) based technique for end-to-end 3D face
reconstruction using a single 2D image. Two components of DNN, namely, multi-task loss
function and fusion CNN were combined.

Han et al. [116] proposed a sketching system for 3D faces and caricature modeling using CNN-
based deep learning. Generally, the rich facial expressions were generated through MAYA and
ZBrush. However, it includes the gesture-based interaction with the user. The shape level input
was appended with the output of the fully connected layer to generate the bilinear output.

Hsu et al. [117] proposed two different approaches for cross-pose face recognition. One of the
techniques is based on 3D reconstruction, and the other is built using deep CNN. The different
components of the face are built out of the gallery of 2D faces. 3D surface is reconstructed using
2D face components. The recognition is done using the components of the testing face image.

Feng et al. [20] developed a technique (FaceLFnet) to restore 3D face using Epipolar Plane Images
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(EPI) with the use of CNN for recovery of vertical and horizontal 3D face curves. The
photorealistic light field images were synthesized using the 3D faces. A total of 14K facial scans
of 80 different people were used during the training process, making up to 11 Million facial
curves/EPIs.

Zhang et al. [118] proposed a technique for 3D face reconstruction using the combination of
morphable faces and sparse photometric stereo. An optimization technique was used for per-pixel
lighting direction along with the illumination at high precision. It was followed by semantic
segmentation on input images and geometry proxy to reconstruct details such as wrinkles,
eyebrows, whelks, pores comparable to movie quality productions. Synthetic as well as real data
was used in the implementation. The average geometric error was used for verifying the quality of
reconstruction.

Tran et al. [119] proposed a bump map-based 3D face reconstruction technique which can handle
extreme occlusions. The convolutional encoder-decoder method was used while estimating the
bump maps. Max-pooling and rectified linear unit (ReLU) were used along with the convolutional
layers. ReLU adds the non-linearity into model training, therefore reducing the underfitting. Max-
pooling is used as a function to reduce the trainable parameters.

Feng et al. [120] presented the benchmark dataset consisting of 2K faces in 2D for 135 people and
their corresponding 3D face scans as the ground truth. Five different approaches for 3D face
reconstruction were evaluated for the competition.

Feng et al. [121] proposed a 3D face reconstruction technique called Position map Regression
Network (PRN) based on the UV position maps generated by 2D representations. A convolutional
neural network regressed the 3D shape from a one-shot 2D image. The weighted loss function used
different weights in the form of a weight mask while doing the convolutions.

Liu et al. [122] proposed an encoder-decoder-based network used for regressing 3D face shape
from 2D images. The joint loss calculation is done based on 3D face reconstruction as well as
identification errors.

Chinaev et al. [123] developed CNN based model for 3D face reconstruction in real-time using
mobile devices. MobileFace CNN was used for the testing phase.

Gecer et al. [39] proposed a 3D face reconstruction technique based on deep convolutional neural
networks (DCNNSs) and generative adversarial networks (GANS). In UV space, GAN was used to

train the generator for facial texture. An unconventional 3DMM fitting strategy was formulated
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based on differentiable renderer and GAN.

Deng et al. [124] presented a CNN-based single-shot face reconstruction method for weakly
supervised learning. The perception level loss and image-level loss were combined during the
experimentation. Shape confidence learning for the multi-shot face reconstruction technique was
studied.

Yuan et al. [125] proposed a 3D face restoration technique for occluded faces using the inverse of
3DMM and GAN. Local discriminator and global discriminator were used for verifying the quality
of the generated 3D face.

Luo et al. [126] implemented a Siamese CNN method for 3D face restoration. The training of the
method utilized the triplet loss principle-based contrastive loss. Two loss functions, namely,
weighted parameter distance cost (WPDC) and contrastive cost function, were used to validate the
quality of the reconstruction method.

Gecer et al. [127] proposed a GAN-based method to synthesize high-quality 3D faces based on the
coupled UV maps. The UV map of texture, shape, and normals was used in the synthetic 3D face
and input to the discriminator for the classification of real and fake images. Conditional GAN was
used for expression augmentation. For training data, 10K new individual identities were randomly
synthesized from 300W-LP dataset.

Chen et al. [128] proposed a 3D face reconstruction technique in a self-supervised 3DMM trainable
VGG encoder using a single image. A two-stage framework was implemented to regress the
3DMM parameters for reconstructing facial details. The CelebA [129] dataset is used for the
training, and LFW [130] dataset is used along with the CelebA while testing.

Ren et al. [131] developed an encoder-decoder framework for video deblurring of 3D face points.
The identity knowledge and facial structure were predicted by the rendering branch and 3D face
reconstruction. In the case of differentiable rendering, ResNet-50 was employed.

Tu et al. [132] developed a 2D-assisted self-supervised learning (2DASL) technique that can used
for the 2D face images having noisy information of landmarks to improve the quality of 3D face
models. A novel method based on self-critic learning was developed to improve the 3D face model
learning procedure. The two datasets, namely AFLW-LFPA [133] and AFLW2000-3D [134] have
been compared for 3D face restoration and face alignment.

Liu et al. [135] proposed an automatic method for generating pose-and-expression-normalized

(PEN) 3D faces. The overall facial recognition had improved invariant of expression and posed
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using the PEN 3D faces. The proposed technique gave state-of-the-art results for the reconstruction
as well as the facial alignment.

Lin etal. [67] implemented a 3D face reconstruction technique based on the one-shot image in the
wild. Graph convolutional networks were used for generating the high-density facial texture.
FaceWarehouse [63] along with the CelebA [129] database were used for training purposes.

Ye et al. [136] presented a big dataset of 3D caricatures and generated a PCA-based linear 3D
morphable model for the caricature shapes. 6.1K portrait caricature images were collected from
pinterest.com as well as the WebCaricature dataset [137].

Lattas et al. [138] proposed a technique for producing high-quality 3D face reconstruction using
arbitrary images. The large-scale database was collected using 200 different subjects based on their
geometry and reflectance. The image translation networks were trained to estimate specular and
diffuse albedo along with the specular normals.

Zhang et al. [139] proposed an automatic landmark detection and 3D face restoration for the
caricatures. The input 2D image of the caricature was used for regressing the orientation and shape
of 3D caricature. The ResNet model was used for encoding the input image to a latent space. The
decoder was used along with the fully connected layer to generate the projection of 3D landmarks
on the caricature. Different loss functions have been used for landmarks, caricature shape, and
projection parameters.

Deng et al. [140] presented DISentangled precisely-COntrollable (DiscoFaceGAN) latent
embedding for representing fake people with various poses, expressions, and illumination.
Contrastive learning was employed for promoting disentanglement by doing the comparison of
rendered faces with the real ones.

Li et al. [141] proposed a 3D face reconstruction technique, which used 2D and 3D landmarks to
estimate the pose of 3D face using coarse-to-fine estimation. Further, it used an adaptive
reweighting method to generate 3D model.

Chaudhuri et al. [142] proposed a deep learning method to train personalized dynamic albedo maps
and the expression blend shapes. Hence, the 3D face restoration was generated in a photorealistic
manner. The two constraints for the model training proposed were face parsing loss and reflectance
and blendshape gradient loss was responsible for capturing the semantic meaning of the
reconstructed blend shapes.

Shang et al. [143] proposed a self-supervised learning technique for occlusion aware view
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synthesis. Three different loss functions namely, depth consistency loss, pixel consistency loss,
and landmark-based epipolar loss, were used for multi-dimensional consistency.

Cai et al. [144] proposed an Attention Guided GAN (AGGAN), which is capable of 3D facial
reconstruction using a single depth (2.5D) image. AGGAN generates 3D voxel image from the
depth image using the autoencoder technique.

Xu et al. [145] proposed a technique for training the head geometry model without using 3D
ground-truth data. The combination of deep synthetic image with head geometry was trained using
CNN without optimization. The head pose manipulation was done using GANs and 3D warping.

Table 2.1 presents the detailed comparative analysis of 3D facial reconstruction techniques,
including the approaches and models. Table also shows alignment done in the method, along with

the binary value for the presence of convergence, deep learning, and synthetic data.

Table 2.1: Comparative analysis of 3D facial reconstruction techniques

Is Face Is Deep | Synthetic
Reference | Year Approaches/Models used Alignment Convergence factor Learning Data
Done? Done? used?
[22] 2016 | SFS with landmarks and deep learning No MSE Yes Yes
[113] 2017 SDMM_ and SFS, learning cascaded Yes Mean Absolute Error No Yes
regression (MAE)
[75] 2017 | CNN and Coarse-to-fine details No MSE Yes Yes
Volumetric regression networks Normalized Mean Error
[70] 2017 | \Multitask and Guided) Yes (NME) Yes No
Geometric,
[114] 2017 | Auto encoder-based CNN Yes Photometric, and Yes No
Landmark error
. Root Mean Square
[23] 2017 | DNN architecture No Error (RMSE) Yes No
[116] 2017 | CNN based deep regression network No Mean error Yes Yes
Automatic reconstruction of a human face Mean and Standard
[99] 2017 and 3D epipolar geometry Yes Deviation No No
Cumulative Matching
Characteristic (CMC)
[9] 2018 25) dmeeerﬁgﬁzt:g\;gggr and 3D Yes and Receiver Operator Yes Yes
9 Characteristic (ROC)
curve
[19] 2018 Coarsg face mod_ellng, Medlum_ face Yes RMSE No No
modeling, and Fine face modeling
[100] 2018 Clustering z_md interpolation-based No Error distribution No No
reconstruction
Faster Region-based CNN (RCNN) and Moving Least Squares
[117] 2018 reduced tree structure model No (MLS) Yes Yes
FR3DNet, CNN, Data augmentation.
Main objective of the paper is to close the
[108] 2018 gap between size of 2D and 3D datasets ves ROC curve Yes Yes
for effective 3DFR
FaceLFNet. 3DMM with facial geometry.
[20] 2018 EPIs and CNN No RMSE Yes No
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Average geometric error

[118] 2018 | Leverages sparse photometric stereo (PS) | No f - No Yes
or reconstruction.
[119] 2018 | Deep convolution encoder-decoder No ROC curve No No
3D dense face reconstruction algorithm.
[120] 2018 3DMM-CNN No RMSE Yes No
[121] 2018 | UV position maps Yes NME Yes No
[122] 2018 | Encoder-decoder network No RMSE Yes No
[101] 2018 | PIFR based 3DMM Yes '(\",\;’grll/l";uc"dea” metric | No No
[102] 2019 | 3DMM. Cascaded regression. No RMSE and MAE No No
Structural Similarity
[106] 2019 | Blended model Yes Index Metric (SSIM) No No
[123] 2019 | MobileNet CNN No (A';Eaclinder the Curve 1 yeg No
[107] 2019 | Deep learning model Yes NME Yes Yes
3DMM fitting based on GANs and a Mean and Standard
[39] 2019 differentiable renderer No Deviation Yes No
[124] 2019 | CNNs Yes RMSE Yes No
Peak Signal to Noise
[125] 2019 | Inverse 3DMM GAN model Yes Ratio (PSNR) and Yes Yes
SSIM
[126] 2019 | Siamese network-based CNN model Yes ROC curve Yes No
[127] 2019 | GAN No gﬁ?ﬁfﬁéﬁ'&iﬁaﬁ' I%’;’S' Yes Yes
[128] 2019 | Self-supervised 3DMM encoder Yes RMSE No No
ncoder-decoder framewor es an es es
[131] 2019 | Encoder-decoder f k Y PSNR and SSIM Y Y
[95] 2019 | Neural rendering No RMSE Yes Yes
ended mode 0 es es
103 2020 | Blended model N F,:/fgrEson correlationand | , Y
PSNR, SSIM, Identity
mm et es istance, an es 0
109 2020 | SymmFCN Y Di d Y N
Perceptual Similarity
eep learning-based technique es es es
110 2020 | Deep learning-based techni Y MSE Y Y
2D-Assisted Self Supervised Learning
[132] 2020 (2DASL) Yes NME Yes Yes
[111] 2020 | VAE-GAN Yes \':'ec::rtr:f:)'rzrf)‘: dense Yes No
[135] 2020 | Summation model and cascaded Yes MAE and NME No No
regression
raph convolutional networks 0 ) es 0
67 2020 | Graph convolutional k N - GAN adversarial |y N
Adversarial loss,
Bidirectional cycle-
mode 0 consistency loss, Cross- es es
136 2020 | PCA model N i loss, C Y Y
domain character loss,
and User control loss
[138] 2020 Generation of per-pixel diffuse and No PSNR Yes Yes
specular components
[139] 2020 Parametr!c model based on vertex Yes C_um_ulat_lve error Yes Yes
deformation space distribution
Adversarial loss,
[140] 2020 | DiscoFaceGAN Yes Imitative loss, and Yes Yes
Contrastive loss.
[141] 2020 | Joint 2D and 3D metaheuristic method Yes gﬁg?gg}gﬁgéﬁuare No No
[142] 2020 | End-to-end deep learning framework Yes NME and AUC Yes No
[143] 2020 | MGCNet Yes RMSE No No
[105] 2020 | 3D morphable model-based Pixel-3DM Yes NME and RMSE No Yes
[144] 2020 Attention Guided Generative Adversarial Yes Intersection-over-Union Yes No

Networks (AGGAN)

(loV) and Cross-
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Entropy Loss (CE)
[145] 2020 | GAN Yes Adversarial loss Yes Yes
[87] 2020 Variational autoencoder, bi-LSTM, and No MAE Yes No
triplet loss training
Deep learning process, game-theory
[146] 2020 based generator and discriminator No MAE Yes No
[147] 2021 :]{:irrl]?:gonal autoencoders and triplet loss No MAE Yes No
Single-shot learning-based weakly
[148] 2021 | supervised multi-face reconstruction Yes NME Yes No
technique

The detailed pros and cons of all the reconstruction techniques in the literature have been

summarized in Table 2.2.

Table 2.2 Pros and cons of existing 3D face reconstruction techniques

References Year Pros Cons
Efficient on various illumination conditions and Fail f in th
[22] 2016 expressions ail to reconstruct new faces in the test set
Generalizes well on the synthetic data Fails on facial attributes not present in synthetic data
[113] 2017 No annotation needed for invisible landmarks The facial texture quality is low -
Unable to apply in real-world scenarios
Fails to generalize on facial features not in training
[75] 2017 Fine details such as wrinkles can be reconstructed data
Dependency on synthetic data
[70] 2017 Reconstruction is done using single 2D image !_ack_of facial alignment leads to generation of almost
identical faces after reconstruction
[114] 2017 End-to-end deep learning Fail under occlusion such as beard or external object
Shrinked reconstruction
[23] 2017 ﬁq';?g;g';g i{;?;?iivg?:;(ﬂth end-to-end model Dependency on synthetic data
[116] 2017 ngﬁ:;]tir;g rsr!(c?(tj%rll of face gets converted to 3D Unnatural results when exaggeration is inconsistent
Model training can be done on mobile
[99] 2017 A general variational segmentation model is Occlusion-invariant only on glasses
proposed to generalize the glasses
. . . Loses information while converting 3D point cloud to
[9] 2018 Transfer Learning based model is faster to train 25D
[19] 2018 3D face reconstructed from single 2D image SFS techr_uque depends on pre-de_flned knowledge
about facial geometry such as facial symmetry
100K point clouds are generated with single shot of
-D sensor xternal hardware is require
100 2018 RGB-D External hard i ired
Low-cost method
gg (r:;)cr)ggfsnent-based approach requires only few 3D component-based approach does not generalize
[117] 2018 CNN based models can easily handle in-the-wild well . .
characteristics CNN based approach requires large dataset for training
[108] 2018 ngg}g (szlz\:);\é;]:del trained on 3.1M 3D faces of Training a CNN from scratch is time consuming
Method generalizes well Huge amount of epipolar plane image curves are
[20] 2018 This model free approach is superior choice in re ?Jired Pip P g
medical applications a
[118] 2018 dHé?a?lgua“ty 3D faces are generated with fine Dependent on light falling on face
ump map regression takes 0.03 s/image noptimized soft symmetry implementation takes
[119] 2018 Bump map regressi kes 0.03 s/imag Unoptimized soft sy y impl i kes 50

Face segmentation requires 0.02 s/image

s/image
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Texture based reconstruction takes high computational

[120] 2018 3D face reconstruction from single 2D image -
time
Size of the model is 160 MB in contrast to 1.5 GB
[121] 2018 of Volumetric Regression Network Unable to apply in real world scenarios
The UV position map can generalize well
[122] 2018 Itis a light weight network ;I'hhaepje(;mt loss function affects the quality of face
[101] 2018 Good reconstruction invariant of poses The reconstruction needs improvement for large poses
[102] 2019 The reconstruction technique is robust to light Less landmarks are available, hence landmark
variation displacement features can be improved
L Dependent on database with good head shapes
[106] 2019 Good gengrallzatlon through UV map based on Due to this the overall head shape is lacking good
feature points quality
[123] 2019 Fast training on mobile devices Annotation of 3D faces using morphable model is
Realtime application costly at preprocessing stage of proposed MobileNet
[107] 2019 ;Sni?s:gng tgf3lBp:r:;&ai%er;?;g?]:tl:ﬂégIeW angles Rigid-body transformation is used for preprocessing
[39] 2019 High texture 3D images are generated using UV GANSs are hard to train
maps with GANs Cannot be applied in real time solutions
[124] 2019 Large pose and occlusion invariant Confidence of model is low on occlusion during
Weakly supervised learning prediction
. _ Multiple discriminators add on to the model
Synthetic faces under occlusion images generated .
[125] 2019 with semantic mapping to facial landmarks complexity
ppIng GANS are hard to train
Stamese CNN based reconstruction has achieved Face recognition has not been tested in-the-wild
[126] 2019 at-par normalized mean error when compared to The number of imades in training set are low
3D dense face alignment method g g
[127] 2019 High quality 3D faces are generated with fine GAN:s are hard to train
details Cannot be applied in real time solutions
Faces are gengrated with good quality under Model fails on extreme occlusion, expression, and
[128] 2019 normal occlusion large nose
Details of face are captured using UV space gep
Face deblurring is done over video handling . .
[131] 2019 challenge of pose variation High computational cost
[95] 2019 Technique is fast to train as it depends on transfer Video quality needs to be improved for real world
learning and not training from scratch applications
[103] 2020 Works for in-the-wild face datasets 4DFAB dataset is not publicly available
[109] 2020 mézs;rg pixels are regenerated using generative Dependency on multiple networks
. . . Caricature quality is affected when occlusion such as
[110] 2020 gg gcaegﬁ] 33 e|3r|1put can be converted to caricature of eyeglasses exist
Not invariant to lighting conditions
[132] 2020 Works for in-the-wild 2D faces along with the Dependency on 2D-to-3D landmarks annotation
noisy landmarks. Self-supervised learning
3D GAN method for generation and translation of GANS are hard to train.
[111] 2020 3D face o . .
- . Cannot be applied in real time 3D face solutions
High frequency details are preserved
3D face reconstruction from single 2D image
[135] 2020 3D face recognition invariant of pose and Does not include occlusion invariance
expression
No large-scale dataset is required .
[67] 2020 Detailed and colored 3D mesh image Does not work for occluded face regions
End-to-end deep learning method
[136] 2020 6.1K 3D meshes of caricature are synthesized Does not work well if the input image is occluded
Generates high quality caricatures
[138] 2020 Generates high resolution avatars using GANs Fa_lls to g_enerate avatars of dark skin subjects. .
Minor alignment errors lead to blur of pore details
[139] 2020 3D caricature shape is directly built from 2D Does not work well if the input image is occluded
caricature image
[140] 2020 Face generation is precise over expressions, poses, | Low quality of model is generated under low lighting

and illumination

and extreme poses
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Fails when 2D and 3D landmarks are wrongly

[141] 2020 Robust to partial occlusions and extreme poses - .
estimated for occlusion
Trained through in-the-wild videos
[142] 2020 Generates high quality 3D face and facial motion Does not work well under external occlusion
transfer from one person to other
[143] 2020 riztt:ﬁ(r)\(sjtructlon Is done through occlusion-aware Does not work well under external occlusion
[105] 2020 zé?lgfsteigrzee?f];?il\ieelilan do face analysis and External occlusions are not considered
2.5D to 3D face mapping is done with attention- . Lo
[144] 2020 based GAN ;anlz)iibli t(za :urIT:)é urter::onstruct the facial expression in case
Handles wide range of head poses and expressions gop
[145] 2020 \?v:\tlrlm\:) -llj)tastregurgé)_(jtiljtlﬁeg;zhead-geometrles even Unable to handle large pose variations
Mirroring technique is faster for reconstruction as
compared to deep learning-based methods Preprocessing does not include facial alignment
[87] 2020 The preprocessing time, reconstruction time, and Technique has not been tested on a big dataset of 3D
verification time are faster in computation as faces
compared to the state-of-the-art
End-to-end deep learning technique .
[146] 2020 Occlusion invariant reconstruction is done Not tested for being scalable
One shot learning based 3D face restoration Facial ali N
technique Nz;me_t a |gnr_nentf|shm|§smg "y o 5
[147] 2021 Landmarks based reconstruction is faster as aximum size of the dataset s 666_3 images. Leep
compared to mesh-based reconstruction using the learning model can be trained better if the dataset is
mirroring technique huge
[148] 2021 Single network model for multi-face reconstruction | Low facial texture

Faster preprocessing for feature extraction

Multiple GPUs required

2.2 Performance Evaluation Measures

Evaluation measures are important to know the quality of the trained model. There are various

evaluation metrics, namely, mean absolute error (MAE), mean squared error (MSE), normalized

mean error (NME), root mean squared error (RMSE), cross-entropy loss (CE), area under the curve

(AUC), intersection over union (loU), peak signal to noise ratio (PSNR), receiver operator

characteristic (ROC), and structural similarity index (SSIM). Table 2.3 presents the evaluation of

3D face reconstruction techniques in terms of performance measures. The most important

performance measures are MAE, MSE, NME, RMSE, and adversarial loss during facial

reconstruction. These are the five widely used performance measures. Adversarial loss is being
used since 2019 with the advent of GANs in 3D images.

Table 2.3 Summary of performance evaluation measures in literature

References | Year Ad"f(;::”a' AUC [CE | loU | MAE | MEM | MSE | NME | PSNR RMSE |[ROC | SSIM| Other
[22] 2016 x x x x x x v x x x x x x
[113] 2017 x x x x v x x x x x x x x
[75] 2017 x x x x x x v x x x x x x
[70] 2017 x x x x x x x v x x x x x
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[114] 2017 x x x x x x x x x x x x v
[23] 2017 x x x x x x x x x v x x x
[116] 2017 x x x x x x x x x x x x v
[99] 2017 x x x x x x x x x x x x v
[9] 2018 | % x x x x x x x x x v x v
[19] 2018 x x x x x x x x x v x x x
[100] 2018 x x x x x x x x x x x x v
[117] 2018 x x x x x x x x x x x x v
[108] 2018 x x x x x x x x x x v x x
[20] 2018 x x x x x x x x x v x x x
[118] 2018 x x x x x x x x x x x x v
[119] 2018 x x x x x x x x x x v x x
[120] 2018 x x x x x x x x x v x x x
[121] 2018 x x x x x x x v x x x x x
[122] 2018 x x x x x x x x x v x x x
[101] 2018 x x x x x v x x x x x x x
[102] 2019 x x x x v x x x x v x x x
[106] 2019 x x x x x x x x x x x v x
[123] 2019 x v x x x x x x x x x x x
[107] 2019 x x x x x x x v x x x x x
[39] 2019 x x x x x x x x x x x x v
[124] 2019 x x x x x x x x x v x x x
[125] 2019 x x x x x x x x v x x v x
[126] 2019 x x x x x x x x x x v x x
[127] 2019 v x x x x x x x x x x x x
[128] 2019 x x x x x x x x x v x x x
[131] 2019 x x x x x x x x v x x v x
[95] 2019 x x x x v x x x x x x x v
[103] 2020 x x x x x x v x x x x x x
[109] 2020 x x x x x x x x v x x v x
[110] 2020 x x x x x x v x x x x x x
[132] 2020 x x x x x x x v x x x x x
[111] 2020 | % v x x x x x x x x x x v
[135] 2020 | x x x x v x x v x x x x x
[67] 2020 | vV x x x x x x x x x x x x
[136] 2020 | vV x x x x x x x x x x x x
[138] 2020 x x x x x x x x v x x x x
[139] 2020 x x x x x x x v x x x x x
[140] 2020 | v x x x x x x x x x x x x
[141] 2020 | % x x x x x x x x v x x x
[142] 2020 | x v x x x x x v x x x x x
[143] 2020 x x x x x x x x x v x x x
[105] 2020 | % x x x x x x v x v x x x
[144] 2020 x x v v x x x x x x x x x
[145] 2020 v x x x x x x x x x x x x
[87] 2020 | x x x x v x x x x x x x v
[146] 2020 v x x x v x x x x x x x x
[147] 2021 x x x x v x x x x x x x v
[148] 2021 x x x x x x x v x x x x x

2.3 Dataset used in 3D Face Reconstruction Techniques

Table 2.4 depicts the detailed description of datasets used in 3D face reconstruction techniques.
The analysis of different datasets highlights the fact that most 3D face datasets are publicly
available datasets. They do not have a high number of images to train the model compared to 2D
face publicly datasets. This makes the research in 3D faces more interesting because the scalability

factor has not been tested and becomes an active area of research. It is worth mentioning that only
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three datasets, namely, Bosphorus, KinectFaceDB, and UMBDB datasets, have occluded images

for occlusion removal.

Table 2.4 Detailed review of datasets

Emotion Occlusion . .
Dataset Name Modalities I:w(;ga(:s SLTl;)jtea(!ts L_abe] . I_.abe_l . :\l;el;illlgl?lle usiﬁzctr;lr:?jl;:set
Availability | Availability
Annotated faces-in-the-wild 2D +
(AFW) [149] Landmarks 468 - No No Yes [113], [101]
Annotated facial landmarks in 2D +
the wild (AFLW) [150] Landmarks 25993 | - No No ves [101]
[121], [107],
2D + [125], [132],
AFLW2000-3D [134] Landmarks 2000 - No No Yes [135]. [141].
[143]
2D +
AFLW-LFPA [133] Landmarks 1299 - No No Yes [132]
Age Database (AgeDB) [151] 2D + Age 16488 | 568 No No Yes [127]
ﬁ%ss]' Face Model (BFM2009) | 5, 200 - No No Yes [113], [19]
Bosphorus [153] 2D, 3D 4666 105 Yes Yes Yes Eggﬂ [7[%‘2[]9]’
Binghamton University 3D [113],[108]
Facial Expression (BU3DFE) 3D 2500 100 Yes No Yes [20] [’122] ’[135]
[154] ; )
Binghamton University 4D
Facial Expression (BU4DFE) 3D + Time 606 101 Yes No Yes [108],[20], [123]
[154]
Chinese Academy of Sciences
Institute of Automation 3D 4624 123 Yes No Yes [9], [108]
(CASIA-3D) [155]
CASIA-WebFace [156] 2D 494414 | 10575 No No Yes [109]
: [67], [114],[124],
CelebFaces Attributes Dataset |, 202599 | 10177 | Yes Yes Yes [125], [128],
(CelebA) [129] [145]
Celebrities in Frontal-Profile in
the Wild (CFP) [157] 2D 7000 500 No No Yes [127]
FaceScape [158] 3D 18760 | 938 Yes No Yes -
[114], [19],
Facewarehouse [159] 3D - 150 Yes No Yes [124], [110], [67]
i, 22],[23],
Face Recognition Grand [
Challenge (FRGC-v2.0) [160] 3D 4950 466 Yes No Yes Hgg},[l&ﬁ],
GavabDB [161] 3D 549 61 Yes No Yes [108]
Helen Facial Feature Dataset 2D +
(Helen) [162] Landmarks 2330 ) No No Yes [144]
Hi-Lo [111] 3D 6000 - No No Yes [111]
IARPA Janus Benchmark A 2D+
(1JB-A) [163] Landmarks 5712 500 No No Yes [124]
KinectFaceDB [164] 2D, 2.5D, 3D 936 52 Yes Yes Yes [87], [146]
Labeled Faces in the Wild 2D + 13233 | 5749 No No Yes [[112%]‘[[112282]]1
(LFW) [130] Landmarks [ 45]’ '
Labeled Face Parts in the Wild 2D + 3000 - No No Yes [101]
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(LFPW) [165] Landmarks
Large Scale 3D Faces in the 2D +
Wild (LS3D-W) [166] Landmarks 230000 | - No No Yes [107], [124]
Media Integration and [122],[107],
Communication Center 2D, 3D 53 53 No No Yes [124], [141],
Florence (MICC-Florence)[167] [143], [121]
Notre Dame (ND-2006) [168] 3D 13450 | 888 Yes No Yes [108]
. 2D +

Texas 3D Face Recognition
Database (TexasFRD) [169] szgnEc)imarks, 1149 105 No No Yes [108]
University of Houston Database
(UHDB31) [170] 3D 25872 | 77 No No Yes [23]
University of Milano Bicocca
3D Face Database (UMBDB) 2D, 3D 1473 143 Yes Yes Yes [108]
[171]
Visual Geometric Group Face .
Dataset (VGG-Face) [172] 2D + Time 2.6M 2622 No No Yes [114]
VGGFace2 [115] 2D 3.31M | 9131 No No Yes [109]
VidTIMIT [173] Video + Audio - 43 No No Yes [131]
VoxCeleb2 [174] 2D + Audio 1.12M | 6112 No No Yes [142]
WebCaricature [137] 2D 6042 252 No No Yes [136]
YouTube Faces Database .
(YTF) [175] 2D + Time 3425 1595 No No Yes [122]
300 Videos in the Wild (300 .
VW) [176] 2D+Time 218595 | 300 No No Yes [114], [131]
300 Faces in-the-wild 2D + [123], [107],
Challenge (300W-3D) [177] Landmarks 600 | 300 No No ves [125]

. . . 127], [124],
300 Faces in-the-wild with [

) 2D, 3D 61225 - No No Yes [145], [144],

Large Poses (300W-LP) [134] [70], [126]
3D Twins Expression Challenge
(3D-TEC) [178] 3D 428 214 Yes No Yes 9]
4D Facial Behaviour Analysis .
for Security (ADFAB) [104] 3D+Time 1.8M 180 Yes No No [103],[111]

2.4 Tools and Techniques in 3D Face Reconstruction Techniques

Table 2.5 presents the techniques along with hardware used in terms of the graphical processing

unit (GPU), size of random-access memory (RAM), central processing unit (CPU), and brief

applications. The comparison highlights the importance of deep learning in 3D face reconstruction.

GPUs play a vital role in the deep learning-based models. With the advent of Google

Collaboratory, GPUs are freely accessible.

Table 2.5 Comparative analysis based upon technique, hardware, and applications

References | Year Technique Hardware ?éé\;l Applications
[22] 2016 | CNN on synthetic data GPU 8 Real Images

[113] 2017 | Cascaded regression Intel Corei7 | 8 Real Images

[75] 2017 | CNN on synthetic data Intel Corei7 | 8 Facial Reenactment
[70] 2017 | Direct volumetric CNN regression GPU 8 Real Images

[114] 2017 | Unsupervised deep convolutional GPU 8 Real Images
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autoencoder

[23] 2017 | End-to-end Deep Neural Network GPU 8 Real Images

[116] 2017 | Deep learning-based sketching GPU 8 Avatar, Cartoon characters

[99] 2017 | Glass-based explicit modelling m]%?:ée 4 Real Images

[9] 2018 | Deep CNN and 3D augmentation GPU 8 Captured 3D face reconstruction

[19] 2018 | Coarse to fine optimization strategy Intel Corei7 | 8 Real Images

[100] 2018 | RBF interpolation Intel Corei7 | 8 3D films and virtual reality

[117] 2018 | Landmark localization and deep CNN Intel Corei7 | 8 Real Images

[108] 2018 | Deep CNN GPU 8 Real Images

[20] 2018 | Epipolar plane images and CNN GPU 8 Real Images

[118] 2018 | Sparse photometric stereo Intel Corei7 | 8 ﬁz??:;i(;r!abelmg of face into

[119] 2018 Bump map estimation with deep GPU 12 Real Images

convolution autoencoder
[120] 2018 Morphable model_, Basel face model, and Intel Corei7 | 8 Real Images
Cascaded regression

[121] 2018 | Position map regression network GPU 8 Real Images

[122] 2018 | Encoder decoder based GPU 32 Real Images

[101] 2018 | 3DMM Intel Corei7 | 8 Real Images

[102] 2019 | Cascaded regression Intel Corei7 | 8 Estimation of hlgh-quallty 3 D
face shape from single 2D image

[106] 2019 | Best fit blending Intel Corei7 | 16 Virtual reality

[123] 2019 | CNN regression GPU 8 Real time application

[107] 2019 | Unguided volumetric regression network | Intel Corei7 | 8 Real Images

[39] 2019 | GANs and Deep CNNs GPU 11 Image augmentation

[124] 2019 | Weakly supervised CNN GPU 8 Real Images

[125] 2019 | GANs GPU 11 De-occluded face generation

[126] 2019 | Siamese CNN Intel Corei7 | 8 Real Images

[127] 2019 | GANs GPU 4 Image augmentation

[128] 2019 | 3DMM Intel Core i7 | 8 Easy combination of multiple
face views

[131] 2019 | Encoder decoder based GPU 8 Video quality enhancement

[95] 2019 | RNN and autoencoder GPU 11 Video avatars, facial reenactment,
video dubbing

[103] 2020 | Deep neural networks Intel Corei7 | 8 Ejglrzlssifofﬁ(s:t synthesis of basic

[109] 2020 | Symmetry consistent CNN GPU 11 Natural Images

[110] 2020 | Deep CNN GPU 11 E;f’é:tsj'rg” modeling on

[132] 2020 | 2D assisted self-supervised learning Intel Corei7 | 8 Real Images

[111] 2020 | GANs GPU 32 3D face augmentation

[135] 2020 | Cascaded coupled regression GPU 8 Real Images

[67] 2020 | Graph convolutional networks GPU 11 gi?grr:te high fidelity 3D face
Animation, 3D printing, virtual

[136] 2020 | GANs GPU 11 reality

[138] 2020 | 3DMM and GAN algorithm Intel Core i7 | 16 Generation of $KXGK 3D face

rom single 2D face image

[139] 2020 | ANN GPU 16 Expression modeling on
caricature

[140] 2020 | GANs and VAEs GPU 8 Vision and graphics

[141] 2020 | Adaptive reweighing based optimization | Intel Corei7 | 8 Real Images

[142] 2020 | 3DMM and blendshapes GPU 8 Personalized reconstruction

[143] 2020 | Multiview geometry consistency Intel Corei7 | 8 Real Images

[105] 2020 | 3DMM Intel Corei7 | 8 Expression modeling

[144] 2020 | Attention guided GAN Intel Corei7 | 8 2.5D to 3D face generation

[145] 2020 | GANs GPU 12 Face animation and reenactment

[87] 2020 | Clustering, VAE, BiLSTM, SVM GPU 32 Real Images
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[146] 2020 | End-to-end deep learning GPU 32 Real Images

[147] 2021 | VAE and Triplet Loss GPU 32 Real Images

[148] 2021 | Encoder decoder GPU 32 Multiface reconstruction

2.5 Research Gaps

Based on the investigation of literature, the following research gaps were identified.

a) Fast and accurate method for pre-processing of 3D face image

More than 20 percent of face recognition systems cannot detect the face accurately due to noise and
variations of illumination. Hence, a fast and accurate method for pre-processing 3D face image is required
to achieve better accuracy in the recognition system.

b) Automatic registration technique for 3D face image

The accurate registration of human faces plays a vital role in face recognition. Most automatic face
registration algorithms such as Iterative closet point algorithm (ICP) suffer from parameter initialization
problems. Hence, an automated 3D face registration without initialization is quite required.

c) Automatic restoration technique for 3D face image

The mask and thresholding concepts are used to restore the occluded part of the face. However, they are
not efficient to restore the occluded part. The focus of the thesis is to identify the efficient approach that
help in determining the occlusion part of the face and restore the missing part using the available features
or information about the face.

d) Restriction on 3D face database

Most of studies have been conducted on datasets in controlled environments with controlled expression.
There is almost no work on occlusions caused by hair and surface irregularities caused by facial hair. Hence,
there is a need to design 3D face database that includes the face images having occlusion variation.

e) Metaheuristic approaches for 3D face recognition

It has been observed from the literature that only a few optimization techniques have been used for 3D face
recognition — face modelling, model estimation, and angle rotation. There is a vast scope of applying these

metaheuristic techniques in 3D face feature extraction and restoration.

2.6 Objectives

To address the aforementioned research gaps, the following objectives were identified for the

46



research work:
To develop an efficient pre-processing and registration technique for 3D face images.

To develop an efficient restoration technique using metaheuristics.

To design a framework to efficiently recognize the human face from restored face image.

A w npoE

To test and validate the developed framework using standard 3D face databases.

2.5 Thesis Contribution

To achieve the objectives mentioned above, the following contributions have been mentioned in
this thesis.

e A comprehensive survey of various 3D face reconstruction algorithms is presented. This

will help the researchers to understand different face reconstruction algorithms.

e A novel voxel-based 3D occlusion-invariant face recognition framework is proposed
using game theory and simulated annealing. VVoxelization and locality preserving projections
are applied to preprocess the mesh image. The highest overall classification accuracy from
voxel-based facial recognition is 86.1%. For occlusion invariant facial recognition, the average

generated by the proposed technique is 75.5%.

e A novel framework for 3D face recognition using voxel reconstruction is proposed using
deep sequential learning. 3D geometry-based mirroring technique is applied to the voxelized
image for regenerating the occluded voxels. The 3D face recognition has been done using a
series of deep learning models viz. variational autoencoder, BiLSTM, and triplet loss training
embedding. In the performance evaluation phase, all predictions are shown with and without
reconstruction. In terms of gender identification, the accuracy is greater than 90% following
restoration for all three datasets due to binary classification. In emotional identification, the
accuracy of the Bosphorus dataset is 94.57% after restoration compared to 83.95% before

restoration, i.e., 10.62% improvement in accuracy.

47



e Anovel 3D deep learning-based face recognition framework is proposed using landmark-
based face restoration, variational autoencoder, and triplet loss. This technique uses the
principle of reflection and mid-face plane for the restoration of the facial landmarks. The
experimental findings indicate that the proposed method obtained an 8-10 % increase over the
current techniques. The computation period derived from the proposed method is roughly 50%
quicker than the other approaches. Furthermore, in ablation experiments, the efficiency of the
proposed model is checked for occluded versus non-occluded faces, gender, emotion, and
recognition of occlusion. The experimental findings indicate that the suggested methodology is

capable of comprehending the occluded face with gender classification.
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3. Voxel-based 3D Occlusion-Invariant Face
Recognition Using Game Theory and
Simulated Annealing

3.1 Introduction

This chapter presents voxel-based occlusion-invariant 3D face recognition framework (V3DOFR)
based on game theory and simulated annealing. In V3DOFR approach, 3D meshes are converted
to voxel form of sizes 43, 83, and 16°. After that, locality preserving projection-based embeddings
are computed for removing the sparseness of voxels and generating consistent linear embedding
per mesh with size 64x3, 128x3, and 256x3, respectively. The generator of triplets provides the
triplets of sizes 64x3x3, 128x3x3, and 256x3x3. The simulated annealing is used to check the
threshold value of adversarial triplet loss generated after ensembling losses of different grid sizes.
The proposed framework is compared with four well-known methods using three face datasets,
namely, Bosphorus, UMBDB, and KinectFaceDB.

3.2 Proposed 3D Face Recognition Framework

This section discusses the motivation followed by voxel-based 3D occlusion invariant face

recognition framework.

3.2.1 Motivation

The proposed framework is motivated by the recent success of generative adversarial networks
(GANSs). The use of voxels makes it possible to include the finer details of 3D face. According to
the best of the author’s knowledge, little work has been done in voxels and deep learning for 3D
face recognition. The proposed framework utilizes the concepts of voxelization, locality preserving
projections, triplet loss, simulated annealing, and game theory. In the traditional approach, 3D
mesh images are converted into depth images (2.5D) or Epipolar geometry-based multiple 2D
images, which are further used to train the conventional neural networks (CNNSs) or autoencoders.
In contrast to 2D and 2.5D images, the presented work is implemented using voxels in 3D form.

In Sharma and Kumar [87], mirroring technique-based face reconstruction was done after
49



voxelization along with BiLSTM based sequential deep learning. Figure 3.1 shows the comparison
between the traditional approach [23], [179], and the proposed 3D face recognition framework

approach. The proposed approach uses voxels in contrast to depth images or epipolar geometry
images.

Traditional Approach Proposed Approach

3D Mesh 3D Mesh

|

Voxelization

Depth Images l
OR - -
Epioolar G ; Locality Preserving
pipoiar eometry Projection
Images l
Generator
Convolutional Neural l
Networks Simulated Annealing
OR l
Autoencoder
Discriminator
Prediction Prediction

Figure 3.1. Comparison between the traditional approach and proposed approach of 3D face recognition
framework

3.2.2 Proposed 3D Face Recognition Framework

The proposed 3D face recognition framewaork consists of two phases, such as training and testing.
Figure 3.2 presents the proposed 3D face recognition framework.

3.22.1  Training Phase

There are two sub-phases in the training phase, namely, pre-processing and simulated annealing-

based deep learning. The detailed descriptions of these phases are mentioned in the preceding
subsections.
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Figure 3.2. Proposed 3D face recognition framework (A) Training phase (B) Testing phase
1. Pre-processing

During the training phase, voxelization and locality preserving projections are two well-known

51



preprocessing techniques for generating embeddings. Figure 3.3 shows the mesh images and their
corresponding voxel images. The voxelization process converts a 3D mesh into voxel form in such
a way that 3D coordinates are generated for each triangular mesh represented using cubes in
different grid sizes. A single mesh is converted into three different voxel grid sizes viz 43, 8%, and
16%. The number of voxels generated is sparse for different phases, even for the same size grid.
Locality preserving projections are used to handle the problem of sparseness. 4% voxels are
converted into 64x3 embedding, 8° voxels are converted into 128x3 embedding, and 16° voxels
are converted into 256x3 embedding. Ensembling is a famous technique in making the prediction
model more robust towards new test images. Hence, three different kinds of grid sizes are used. It

helps in boosting the quality of training data during the preprocessing step.

MESH IMAGES

Figure 3.3. Mesh images and its corresponding voxel images

2. Adversarial Voxel Triplet Generator and Simulated Annealing based Prediction

The pre-processing sub-phase produces normalized voxel embedding for further processing. The

generator produces triplets of Anchor ( A), Positive (P ), and Negative (N ) for triplet loss training.
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Motivated from [180], normalized voxel embeddings for a voxelized mesh image X is represented
as V(x)eR". Given <A P,N > as atriplet, < A, P > is relevant (positive) pair and < A,N > is
irrelevant (negative) pair. The objective function to train Vv (x) such that minimizing the following
loss:

Lytri = [d(V(A),V(P)) —d(V(4),V(N)) +m], 3.7)
where d(x,y) = ﬁ—”—;/” | is squared Euclidean distance between two L2-normalized vectors.
m is the least margin required between d(A, P) and d(A, N) during training, and [.], = max(.,0)
denotes the positive component of the input. Let the adversarial voxel triplet generator (G)
generates an adversarial sample G(V(x)) e R~ by modifying the feature representation v (x) of an
image x. While generator training to minimize the triplet loss, G produces hard triplet examples
by pushing away the same category vectors and pushing close the different category vectors.

The following objective is to be minimize the adversarial voxel triplet loss during training G,

L eri = [d(G(V(A)),G(V(N))) —d(G(V(A)),G(V(P))) + m], (38)
Finally, with a fixed G objective function for training becomes
Ly = [d(G(V(A)),G(V(P))) — d(G(V(A)),G(V(N))) +m]4 (3.9)

Here, L, ,; and L, ,; makes up an adversarial loss pair. Comparing Eq. (3.7) and Eq. (3.9), V is

trained through the triplets generated by G pushing <A, P> closer and <A N > apart to meet
margin m.

The adversarial mechanism using a generator (G ) is insufficient without the use of discriminator
along with it. The role of discriminator (D) is to monitor and constrain the triplet generator G for

attaining a low value of L; ;. Using a discriminator (D), a feature vector is categorized into
(C +1) classes, where real class examples are represented by the first C categories and final one
denotes the fake class. The triplet < A,P,N > has the labels <I,,l,,l, >. The positive pair has
[,=1, and the negative pair has I, #l,. The loss function is minimized for training the
discriminator (D).

I-D = I-D,real +ﬂLD,fake (310)

Here, D is forced for classification of the triplet’s feature vectors correctly by (Lp oo ). Lp e 1S
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mathematically defined as:
Lo rear =[Ly (D(V (A)).12) + Ly (DV (P)), 1) + Ly (D(V (N)), 1,)]*0.33 (3.11)
where L, signifies the log loss. However, the second term L, .. enables D to differentiate

between real features and the generated features. The mathematical formulation of L . is as
follows:

Lo, e =[Li (D(G(V (A)): i) + Ly (D(GV (P)), L) + Ly (D(G(V (N))), I )] *0.33 (3.12)
Here, fake class is denoted by |.,.. D plays a crucial role in helping G for the preservation of a

class of input features. Hence, the subsequent loss enforces the class preservation assumption and

represented as:
Lo ciass = [Li (D(G(V (A)). 1) + Ly (D(G(V (P))). I5) + L, (D(G(V (N))),1,)]*0.33 (3.13)
The final loss value is minimized by training the voxel triplet generator G and defined as:

LG = I-G,tri +7LG,cIass (314)

Based on the mean triplet loss for multiple grid sizes, simulated annealing threshold is applied for
accepting the predicted similarity score. The concept of simulated annealing was introduced to
ensure that the minimization problem of mean loss value as the output from adversarial triplet loss
training under discriminator is handled in an effective way by keeping a check on the threshold
value. If the mean loss value does not satisfy the simulated annealing threshold, then the
embedding is dropped and sent back to the generator for new triplet generation. The similarity
score and final class are generated through discriminator for classifying the selected embeddings.
Figure 3.4 depicts the prediction and score matching using adversarial triplet loss and simulated
annealing. In this figure, M is the number of embeddings after the voxel normalization, and n is

the number of triplets forming via generator.
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Figure 3.4. Prediction of face using adversarial voxel triplet generator and simulated annealing

3.2.2.2  Testing Phase

There are two sub-phases in the testing phase, namely, pre-processing and the prediction for
validation and verification. Figure 3.5 shows the pre-processing and prediction phase for different

grid size voxels.

1. Pre-processing

The pre-processing during testing phase is considered for validation/verification. For validation,
the testing dataset is considered and voxelization process is carried out on each image in the testing
dataset. For verification, the voxelization process is carried out on a single query image. Locality

preserving projection normalizes the voxels by removing their sparseness.

2. Prediction

For validation, an array of class predictions is given as output from trained deep learning model.
The output array values are compared with ground truth values to compute the accuracy of the
proposed model. For verification, the predicted value is a single class and the final similarity score

is calculated using the correlation value.
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Figure 3.5. Pre-processing and prediction processes in the testing phase

3.2.3 V3DOFR and Computational Complexity

The proposed voxel-based 3D occlusion invariant face recognition (V3DOFR) consists of five
steps. Firstly, raw 3D mesh image is taken as input, and the number of triangular units of mesh is
counted. If there are no triangular units found, then an error message is generated (see Step 1). In
Step 2, voxelization is performed for different grid sizes. The number of voxels and grid sizes are
linearly proportional. During the process of voxelization, there is an inconsistency in voxel count
due to different poses with in the same class. To overcome this inconsistency, locality preserving
projection (LPP) is used in Step 3 that will help in removing the sparseness while maintaining the
neighboring voxel properties. Thus, LPP is an effective technique than principal component
analysis (PCA) for dimensionality reduction in maintaining the voxel properties at facial feature
level. Different grid sizes are converted into different number of LPP feature set. Once the LPP
embeddings are generated, triplet generation is followed using generator in Step 4. The generator
randomly selects Anchor (A), Positive (P), and Negative (N) embeddings. Deep learning-based
triplet loss training is performed for computation of loss value. Further, the normalization of loss
values for corresponding grid sizes is performed in Step 4. In final step, the average of normalized
loss value is calculated for simulated annealing-based triplet selection. After triplet selection,
discriminator assigns the class identification number. If triplet is not selected, then new triplet is

generated through generator. Algorithm 3.1 depicts the working of V3DOFR.
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Algorithm 3.1. Proposed V3DOFR — Voxel based 3D Occlusion Invariant Face Recognition

Input: 3D Mesh Face Image (1)
Output: Classification of Image |
1. Pre-processing of Mesh
a. Count traingular units of mesh (Cy)

b. IfCi=0do
c. Voxel = “Error: No triangular unit found”
d. Endif

2. Voxelization according to grid sizes of 43, 8%, and 16°
a. Find the voxel for each triangular unit. Function: V(size)
b. Fort=1toC;do
c Using three coordinates A(x1,y1,z1), B(x2,y2,z2), and C(x3,y3,z3)
d. X = (x1+x2+x3)/3
e. Y = (yl+y2+y3)/3
f Z = (z1+z2+23)/3
g Save Vi = [X,Y,Z]
h. End for
i. VoxelSize = [4, 8, 16];
jo Cu=[.Cs=[],Cus=1[; /[Current Voxels for all sizes
k. Cu=V(4%);
. Cs= V(8);
m. Cyis = V(16);
3. Calculation of LPP embeddings
a. LPP4=LPP(C,, 64); //LPP embedding of grid size 4°
b. LPP8=LPP(C,, 128); /ILPP embedding of grid size 82
c. LPP16=LPP(C,, 256); /ILPP embedding of grid size 162
d. TotalLPP4 = [TotalLPP4;LPP4;]; //ILPP embedding of grid size 42 for all the dataset
e. TotalLPP8 = [TotalLPP8;LPP8;]; //ILPP embedding of grid size 82 for all the dataset
f. TotalLPP16 = [TotalLPP16;LPP16;]; //LPP embedding of grid size 162 for all the dataset
g. TotalLPP = [TotalLPP4, TotalLPP8, TotalLPP16];
4. Triplet Generation with Generator and Discriminator
Loss =[0,0,0]
b. NormLoss =[0,0,0]
Fort=1to3do
d Select embedding for A and P randomly from TotalLPP[t] of same class and N randomly
from other class
Adversarial voxel triplet loss training
Loss[t] = triplet loss after training //Logarithmic Loss value
g. Endfor
5. Simulated Annealing based Prediction
a. FinalLoss= (Loss[1] + Loss[2] + Loss[3])/3;

a.
c

-

b. Try
c. If(eFinaltoss < rand(0,0.8))) //Concept based on simulated annealing
/[Accept
Throw(lip) /ND of the image
d. Else
/IReject
Goto: Step 4 //Go back to Generator for Triplet Generation
e. End If
f. Endtry
g. Catch(lp)

ID = Max (Corr(lip)) among all classes
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FinalClass = ID
h. End catch

The time complexity of the proposed algorithm is as follows. The pre-processing of mesh requires
O(n) time. In voxelization (i.e. 2(a)-2(h)), all steps require O(n) time and sub-steps (i.e. 2(i)-2(m))
requires O(1) time. The calculation of LPP embeddings (i.e. 3(a)-3(c)) requires O(n°) time [35],
and other sub-steps (i.e. 3(d)-3(g)) requires O(1) time. Triplet generation with generator and
discriminator takes O(1) time for steps (i.e. 4(a)-4(b)) and O(n®) time [181] for rest of the sub-
steps (i.e. 4(c)-4(g)). The simulated annealing based prediction takes O(1) time. Hence, the total

complexity of proposed technique is O(n®).

3.3 Experimental Results and Discussion

In this section, the performance of the proposed technique is compared with the existing techniques
along with their visual verification. This section presents datasets used, parameter setting, and

computational time analysis.

3.3.1 Datasets Used

The datasets used for evaluation of the proposed techniques are Bosphorus face database [153],
UMBDB face database [171], and KinectFaceDB face database [164]. Bosphorus dataset consists
of 105 subjects in different poses and occlusions. There are 381 occluded images in Bosphorus
dataset. All images are annotated with subject 1D, pose, occlusion, and emotion description. The
total number of images in Bosphorus dataset is 4666. For UMBDB dataset, there are 1473 different
images. 590 images are occluded out of 1473 with a different type of occlusions. The number of
subjects in the dataset is 143. The modalities of this dataset are 2D and 3D. In KinectFaceDB
dataset, there are a total of 52 subject’s data. Three types of modalities are covered in this dataset
viz. 2D, 2.5D, and 3D. The total number of images is 936, and 312 images are occluded out of it.
Table 3.1 presents the detail description of these datasets. Table 3.2 depicts the occlusion

description for these datasets.
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Table 3.1. Description of datasets used

Dataset Number of | Number of | Modality Annotation
Subjects Images
Bosphorus 105 4666 2D, 3D Yes
UMBDB 143 1473 2D, 3D Yes
KinectFaceDB 52 936 2D, 2.5D, 3D Yes
Table 3.2. Occlusion description for datasets
Dataset Bosphorus KinectFaceDB UMBDB
Occlusion Type Count 4 3 5
Occlusion Types Eye, Mouth, Glass, Hair | Eye, Mouth, Paper Cloth, Glass, Hair,
Mouth, Paper
Occluded Images Count | 381 312 590

3.3.2 Parameter Setting

The parameters of the proposed approach are mentioned in Table 3.3. In the voxelization process,
the grid sizes are kept as 4x4x4, 8x8x8, and 16x16x16, respectively. The corresponding number
of neighbours for locality preserving projection are 16, 64, and 128 using the current voxels of the
corresponding grid size. K-nearest neighbour along with adjacency weight matrix is assigned for
an effective LPP embeddings. The number of epochs are 2700, 1200, and 800 corresponding to
various grid sizes in triplet loss training. Adaptive moment (Adam) optimizer [91] is employed in
triplet loss training. The alpha value is kept to be 0.2 and mean absolute error is used as a loss
parameter. The loss function used in the discriminator is the logarithmic loss function. The batch
size is kept to be 30, dropout rate is 0.40, learning rate is 5e-3, and activation function used is the
rectified linear unit (ReLU).

Table 3.3. Parameter setting for the compared algorithms

Parameter | Value

Proposed V3DOFR

Voxelization

Grid sizes | 43, 8% 16°

Locality preserving projection [35]

Number of neighbours 16, 64, 128

Number of voxels Current Voxels (Vc)
Neighbour algorithm K-nearest neighbour
Weight Adjacency
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Adversarial Voxel Triplet loss training [180]

Number of epochs 2700, 1200, 800
Optimizer Adam

Alpha 0.2

Overall Loss Mean Absolute Error
Discriminator Loss Log Loss

Batch Size 30

Dropout 0.40

Learning Rate 0.005

Activation ReLU

ElSayed et al. [182]

Number of inputs 2
Number of hidden layers 1
Nodes in hidden layer 500
Number of outputs 1

Tan et al. [183]

Input size 256 x 256
CNN model ResNet-18
Optimizer Adam
Weight decay 5x10°
Initial learning rate 0.01

Liuetal. [135]

Number of SIFT descriptors 128
Yaw poses 0°,+10°,£20°,...,+90°
Activation tanh

ElSayed et al. [182] used Siamese neural network with (2, 500, 1) model, where 2 are the number
of inputs, 500 are the number of nodes in the hidden layer, and giving single output. Tan et al.
[183] used ResNet-18 model with a 256x256 grid size of the depth map image. Adam optimizer
was used with an initial learning rate of 0.01 and weight decay of 5 x 107°. Liu et al. [135] built a
face reconstruction model based on the pose and expression normalization using 128 SIFT

descriptors and tanh activation function for yaw poses of 0°,+10°,420°,...,+90°.
3.3.3 Non-Adversarial versus Adversarial Voxel Triplet Generator Face
Recognition Technique

This section compares the techniques of 3D face recognition by using adversarial voxel triplet
generator and without using the adversarial technique. Table 3.4 shows the performance

comparison between non-adversarial and adversarial based voxel triplet generator.
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Table 3.4. Comparison between proposed adversarial and non-adversarial based voxel triplet generator

face recognition

Dataset Accuracy Sensitivity Specificity
Adversarial | Non- Adversarial | Non- Adversarial | Non-
voxel triplet | adversarial | voxel triplet | adversarial voxel triplet | adversarial
generator voxel triplet | generator voxel triplet | generator voxel triplet

generator generator generator

Bosphorus 90.8 82.7 95.8 94.7 70.0 32.7

[153]

UMBDB 81.9 75.4 88.5 90.2 43.8 44.5

[171]

Kinect Face | 85.6 77.2 92.7 92.4 454 34.8

DB [164]

The accuracy obtained over three datasets is 8-10% better in case of adversarial voxel-triplet based
face recognition than the non-adversarial voxel-triplet generator based face recognition. Hence,
the adversarial technique in conjunction with simulated annealing has proven to be beneficial for

the face recognition accuracy.

3.3.4 Performance Evaluation and Visual Verification of Face Recognition

In this sub-section, the performance of the proposed techniques and four well-known techniques
namely ElSayed et al. [182], Tan et al. [183], Liu et al. [135], and Sharma and Kumar method
(mentioned in Chapter 4) [87] has been evaluated in four different experimentations. These are 3D
face recognition using voxels, under occlusion condition, using landmarks, and using 3D mesh. In
each experimentation, the evaluation has been done through seven performance measures viz.
Accuracy, Sensitivity, Specificity, Precision, False Positive Rate (FPR), False Negative Ratio
(FNR), and F1 Score. The validation of the proposed technique and compared algorithms has been

tested over the dataset mentioned in Section 3.1.

Table 3.5. Performance measures obtained from various face recognition techniques using voxels

| Accuracy | Sensitivity | Specificity | Precision | FPR | FNR | F1 Score
Bosphorus Dataset
ElSayed et | 89.2 94.5 64.9 90.2 34.3 9.8 90.4
al. [182]
Tan et al. 87.4 95.3 50.2 89.4 54.6 13.1 88.1
[183]
Liuetal. 84.7 93.3 31.0 91.0 65.1 7.2 91.9
[135]
Sharma 90.0 93.4 73.7 94.5 26.3 6.6 93.9
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and

Kumar

[87]

Proposed 90.8 95.8 70.0 94.5 28.4 6.2 94.0
UMBDB Dataset

ElSayed et | 79.2 91.2 36.3 87.9 59.2 14.3 87.2
al. [182]

Tan et al. 775 89.8 21.4 87.3 58.9 16.0 85.6
[183]

Liu et al. 72.8 80.5 46.0 80.4 73.7 12,5 83.8
[135]

Sharma 78.2 89.7 31.6 84.2 68.4 10.3 86.8
and

Kumar

[87]

Proposed 81.9 88.5 43.8 88.7 53.2 8.8 89.5
Kinect Face DB

ElSayed et | 82.8 92.9 27.1 89.5 48.8 10.4 89.6
al. [182]

Tan et al. 79.8 91.9 34.2 86.2 64.9 11.2 87.5
[183]

Liuetal. 74.3 84.4 31.3 85.7 57.5 17.5 84.1
[135]

Sharma 85.7 92.2 50.0 91.0 50.0 7.8 91.6
and

Kumar

[87]

Proposed 85.6 92.7 45.4 92.6 41.6 10.3 92.2

Table 3.5 shows the performance comparison of various face recognition techniques using voxels.
The training dataset has been generated using randomly selected 80% images from the given set.
20% images are used in the testing dataset. In Bosphorus dataset, the proposed technique provides
better results than the existing techniques in terms of accuracy sensitivity, precision, FNR, and F1
score. Sharma and Kumar method provides better value of specificity and FPR. The accuracy
obtained from the proposed technique is 90.8%. In UMBDB dataset, the proposed technigque
outperforms the other techniques in terms of performance measures except for sensitivity and
specificity. The accuracy achieved by the proposed technique is 81.9%. The main reason behind
to drop the accuracy in UMBDB dataset is that the presence of more dynamic occlusion present in
UMBDB dataset as compared to Bosphorus dataset. In case of Kinect Face DB dataset, the best
accuracy obtained from [87] is 85.6%. However, the proposed technique provides accuracy with
a difference of 0.1%. Sharma and Kumar technique outperforms the others in terms of FNR and
specificity. Whereas, precision, FPR, and F1 score obtained from the proposed technique is better
than the existing techniques. The proposed technique and ElSayed’s method achieved the

sensitivity of 92.7% and 92.9%, respectively.
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Table 3.6. Performance measures obtained from the various face recognition techniques under occlusion

condition

| Accuracy | Sensitivity | Specificity | Precision | FPR | FNR | F1 Score
Bosphorus Dataset
ElSayedet | 77.5 93.7 17.6 85.3 66.5 12.4 86.4
al. [182]
Tan et al. 75.6 91.2 42.4 83.9 54.0 15.5 84.2
[183]
Liu et al. 73.5 88.2 26.0 82.3 74.1 9.6 86.1
[135]
Sharma 79.4 90.6 43.6 83.8 56.4 9.4 87.0
and
Kumar
[87]
Proposed 81.5 93.2 50.2 84.1 51.8 7.9 87.9
UMBDB Dataset
ElSayed et | 64.2 83.9 25.5 725 81.3 22.8 78.2
al. [182]
Tan et al. 63.0 86.7 19.4 78.3 78.5 26.8 75.7
[183]
Liu et al. 60.9 79.1 16.9 79.1 83.5 28.3 75.2
[135]
Sharma 65.6 74.6 37.7 78.8 62.6 25.4 76.7
and
Kumar
[87]
Proposed 67.0 79.2 38.0 79.9 62.3 15.2 78.6
Kinect Face DB
ElSayed et | 74.6 91.0 24.9 80.0 62.6 14.8 82.5
al. [182]
Tan et al. 72.4 90.5 13.6 84.0 63.2 184 82.8
[183]
Liu et al. 71.3 89.7 19.2 78.0 76.3 12.7 82.4
[135]
Sharma 76.7 85.9 39.1 83.9 58.9 14.1 85.1
and
Kumar
[87]
Proposed 77.9 88.1 40.4 85.0 56.2 9.6 85.4

Table 3.6 presents the results obtained from various face recognition techniques under occlusion
environment. The proposed model and four techniques were trained with the non-occluded images
present in the dataset. However, these were tested on the occluded images. In Bosphorus dataset,
the best accuracy obtained from the proposed technique is 81.5%. The accuracy achieved by the
proposed approach is better than the second best technique by 2.1%. In terms of sensitivity, the
proposed technique is the second best technique. For specificity, FPR, FNR, and F1 Score, the
proposed method outperforms the other face recognition methods. In case of precision, the

proposed technique and ElSayed et al. provide 84.1% and 85.3% value, respectively. In case of
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UMBDB and Kinect Face DB dataset, the proposed technique attained best value for all the
performance measures except sensitivity. The best accuracies obtained from the proposed
approach over UMBDB and Kinect Face DB are 67% and 77.9%, respectively. The sensitivity and
specificity values obtained from the proposed technique are 79.2% and 38.0% for UMBDB, and

in case of Kinect Face DB are 88.1% and 40.4%, respectively.

Table 3.7. Performance comparison between different 3D face recognition techniques using landmarks

| Accuracy | Sensitivity | Specificity | Precision | FPR | FNR | F1 Score
Bosphorus Dataset
ElSayed et | 83.4 90.6 28.8 90.4 46.2 9.9 90.2
al. [182]
Tan et al. 81.7 915 18.9 87.3 69.4 8.5 89.4
[183]
Liu et al. 775 85.8 55.8 90.3 67.0 13.8 88.2
[135]
Sharma 84.6 924 28.5 88.4 415 8.3 90.3
and
Kumar
[87]
Proposed 84.9 93.8 49.7 90.8 36.6 5.6 91.3
UMBDB Dataset
ElSayed et | 73.7 84.6 30.1 80.2 62.3 14.2 82.9
al. [182]
Tan et al. 72.3 83.7 34.8 81.3 78.3 14.8 83.2
[183]
Liu et al. 69.8 81.9 25.9 75.5 66.6 13.2 80.8
[135]
Sharma 75.0 89.2 35.7 79.5 65.3 12.8 84.0
and
Kumar
[87]
Proposed 77.4 90.1 29.7 85.2 60.8 10.2 85.0
Kinect Face DB
ElSayed et | 79.4 85.2 15.1 80.5 76.3 10.3 84.9
al. [182]
Tan et al. 77.1 83.3 27.6 88.0 61.0 16.8 85.5
[183]
Liu et al. 73.9 81.2 36.4 82.5 54.6 17.5 82.5
[135]
Sharma 80.1 90.0 37.9 86.1 62.1 11.2 88.0
and
Kumar
[87]
Proposed 81.6 91.7 19.2 88.7 45.9 10.0 88.8

Table 3.7 shows the results obtained from 3D face recognition techniques using landmarks. The

training and testing datasets are generated in ratio of 80-20 randomly using 26 landmarks in each
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case. In case of Bosphorus dataset, the proposed technique proposed best results for most of the
performance measures. The highest accuracy achieved from the proposed face recognition
technique is 84.9% with 93.8% sensitivity and 49.7% specificity. The proposed technique achieved
precision as 90.8%, FPR as 36.6%, FNR as 8.3%, and F1 score as 91.3%. Sharma and Kumar
provides the second best performance in terms of accuracy, sensitivity, FPR, FNR, and F1 score.
In case of UMBDB dataset, the recognition accuracy obtained from the proposed approach is
77.4%. The proposed method outperforms the other methods in terms of performance measures
except specificity. Sharma and Kumar method provides better results than the proposed method in
terms of specificity. In case of Kinect Face DB dataset, the proposed technique outperforms all the
other methods in terms of evaluation metrics except specificity. Sharma and Kumar method
provides more specificity than the proposed technique. The accuracy achieved from the proposed
face recognition for Kinect Face DB is 81.6%.

Table 3.8. Performance comparison between different face recognition technigques using 3D mesh

| Accuracy | Sensitivity | Specificity | Precision | FPR | FNR | F1 Score
Bosphorus Dataset
ElSayed et | 87.1 935 63.6 91.1 34.6 7.3 92.7
al. [182]
Tan et al. 85.9 94.1 49.2 91.6 35.4 6.0 92.9
[183]
Liu et al. 81.3 90.1 324 87.7 58.7 8.9 89.3
[135]
Sharma 87.4 93.8 38.3 92.2 61.8 6.24 92.9
and
Kumar
[87]
Proposed 88.7 92.8 68.0 92.8 30.3 5.8 93.4
UMBDB Dataset
ElSayed et | 78.4 90.4 34.4 83.0 49.9 13.4 86.4
al. [182]
Tan et al. 75.2 88.5 20.5 84.0 60.7 13.0 86.7
[183]
Liu et al. 70.6 79.3 45.8 78.3 65.0 12.5 82.7
[135]
Sharma 77.4 89.5 34.9 82.8 65.1 10.5 86.0
and
Kumar
[87]
Proposed 79.2 85.2 42.7 86.6 48.7 10.4 87.9
Kinect Face DB
ElSayed et | 80.7 89.0 25.8 86.6 48.8 8.7 89.7
al. [182]
Tan et al. 77.5 90.7 33.7 88.9 45.7 14.9 86.6
[183]
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Liuetal. 72.3 82.1 30.2 82.4 56.7 9.6 86.2
[135]
Sharma 85.7 92.1 58.4 90.4 41.6 7.9 91.2
and

Kumar
[87]

Proposed 83.7 90.1 42.3 87.5 51.4 12.9 87.3

Table 3.8 shows the results obtained from different face recognition techniques using mesh. The
training and testing dataset is partitioned into 80-20 ratio randomly. For Bosphorus dataset, the
accuracy achieved from the proposed face recognition technique is 88.7%. While, Sharma and
Kumar method provides the accuracy of 87.4%. The sensitivity achieved by the proposed
technique is 92.8%. Tan’s method attained the best sensitivity of 94.1%. The proposed technique
achieved the best results in terms of accuracy. In case of UMBDB dataset, the best accuracy for
3D face recognition obtained from the proposed technique is 79.2%. The best sensitivity achieved
by ElSayed’s method with 5.2% difference from the proposed technique. The precision, FPR,
FNR, and F1 score of the proposed technique are 86.6%, 48.7%, 10.4%, and 87.9%, respectively.
Liu’s method provides better specificity of 45.8% for UMBDB dataset. In case of Kinect Face DB,
Sharma and Kumar outperforms the other recognition methods for all evaluation metrics.

3.3.5 Visual Verification

Figure 3.6 shows the visual verification of random 3D mesh images based on occlusion invariant
proposed framework. All 3D meshes have an occlusion viz. hand on eyes, hair, glasses, hands-on
mouth, cloth, cap, and finger. Ten 3D meshes from the occluded images are selected randomly for
verification. The predicted subject IDs are given along with actual subject IDs. Nine out of ten
meshes have the correct predicted value during verification. Hence, it validates the proposed

method is an occlusion invariant.
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Actual: 3 Actual: 28 Actual: 81 Actual: 95 Actual:104
Predicted: 20 Predicted: 28 Predicted: 81 Predicted: 95 Predicted: 104

[Batch 1]

Actual: 129

Actual: 8

Actual: 7 Actual: 38 Actual:168
Predicted: 7 Predicted: 53 Predicted: 68 Predicted: 129 Predicted: 168
[Batch 2]
Figure 3.6. Visual verification of 3D meshes with their actual and predicted subject IDs in Batch 1 and
Batch 2

3.3.6 Computational Time Analysis

Table 3.9 depicts GPU based computational time obtained from the proposed approach and other
techniques. Four well-known 3D face recognition techniques are compared with the proposed
method using voxels, landmarks, and meshes. The computation time is presented in Table 3.9. The
computation time is the average time in all the phases. The experimentation has been done on
GeForce GTX 1080Ti GPU model with 3584 Compute Unified Device Architecture (CUDA)

cores and a memory speed of 11 Gbps.

Table 3.9. Computation time (in ms) on GPU for proposed technique versus other techniques in voxel-
based face recognition

Technique Pre-Processing Recognition Verification Learning Model

ElSayed et al. [182] 90 81 107 Siamese neural network

Tan et al. [183] 87 88 104 Convolutional neural network

Liu et al. [135] 96 73 112 Pose and expression
normalized

Sharma and Kumar 78 66 98 VAE, BiLSTM

[87]

Proposed using voxels 80 65 99 Adversarial triplet loss

Proposed using 55 67 95 Adversarial triplet loss
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landmarks

Proposed using meshes | 105 69 105 Adversarial triplet loss

The overall computation time of the proposed technique is the fastest using landmarks, and slowest

using meshes.

3.3.7 Convergence Analysis

Figure 3.7 shows the convergence of accuracy obtained from the proposed technique for all
datasets. Bosphorus dataset converges at 90% accuracy in 2700 epochs, UMBDB dataset
converges at 81% accuracy in 1200 epochs, and KinectFaceDB dataset converges at 85% in 800
epochs. The convergence plot shows the accuracy obtained from combined approaches of triplet
loss training, simulated annealing, and game theory.

100
90
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50
40
30
20
10

—e—Bosphorus

Accuracy

UMBDB

KinectFaceDB

0 500 1000 1500 2000 2500 3000
Epochs

Figure 3.7. Accuracy based convergence plot for the proposed approach

Figure 3.8 shows the accuracies obtained from the face recognition model using voxelized
technique over three datasets viz. Bosphorus, UMBDB, and KinectFaceDB. It can be seen from
Figure 3.8 that the accuracy on Bosphorus dataset is 90.8%, UMBDB is 81.9%, and KinectFaceDB
dataset is 85.6%.
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Figure 3.8. Accuracy comparison of three datasets using the proposed approach

3.4 Summary

In this chapter, voxel-based 3D occlusion invariant face recognition framework is proposed. The
proposed framework utilizes the concept of generator and discriminator. Bosphorus, UMBDB, and
Kinect Face DB have been used for implementing face recognition techniques. The best average
accuracy obtained from voxel-based face recognition is 86.1%. For occlusion invariant face
recognition, the average given by the proposed technique is 75.5%. In case of face recognition
using 3D landmarks, the best average accuracy obtained from the proposed technique is 81.3%. In
case of face recognition using 3D meshes, the average accuracy obtained from the proposed
technique is 83.9%. The adversarial training strategy for triplet generation ensures low biasness.
The technique coupled with simulated annealing allows the proposed method to be robust in

different areas using voxels.
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4. Voxel-based 3D Face Reconstruction
Using Sequential Deep Learning

4.1 Introduction

This chapter presents a novel 3D face reconstruction technique is proposed along with a sequential
deep learning-based framework for face recognition. It uses the voxels generated from the
voxelization process. It uses the reflection principle for generating reconstructed point in 3D using
the mid-face plane. From the reconstructed face, a sequential deep learning framework is
developed to recognize gender, emotion, occlusion, and person. The developed framework utilizes
the concepts of variational autoencoders, bidirectional long short-term memory, and triplet loss
training. The sequential deep learning model extracts and refines the reconstructed voxels by
generating deep features. The support vector machine is applied to deep features for final
prediction. The proposed 3D face recognition system is compared with three well-known deep

learning approaches over three occluded datasets.

4.2 Proposed 3D Face Recognition Framework

This section describes the motivation behind the 3D face recognition followed by the proposed

framework.

4.2.1 Motivation

The main challenges of 3D face recognition are the number of voxels may vary and high time
complexity of voxel-based technique. To resolve the former problem, fuzzy c-means clustering is
used. To tackle the latter one, deep features have been used. The proposed framework is inspired
from the concept of mirroring image [184]-[186].

The existing techniques cannot extract the deep features of 3D face voxels. Variational
autoencoder based framework is proposed that extract deep features from the input voxels. The
deep features help Bidirectional LSTM along with triplet loss training to generate consistent
embedding for better classification.

The human face is nearly symmetrical along the vertical axis of nose tip. This concept is leveraged
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and the random sample of eight images is visually verified in Figure 4.1. After the selection of the
frontal pose face images, each image is cropped from the left side of face. The mirror image of the
matrix of pixels is found using the mid-face plane. The mirrored images generated are tested for
similarity with the original image using the concept of correlation. The higher correlation value

means that the more similar is the original image to the mirror image.

4.2.2 Proposed 3D Face Recognition Framework

There are two phases of 3D face recognition namely, training and testing phase. In the proposed
architecture, the training phase is divided into four parts. These are preprocessing, reconstruction,
deep learning, and prediction. In pre-processing, a 3D mesh image is voxelized in three different
sizes of 82, 162, and 323 using the voxelization technique. The voxelization of different pose mesh
images produces a different number of voxels intra-class voxels. Voxel clustering is performed to
handle this sparsity of the number of voxels in intra-class voxelization. Reconstruction is
performed on the clustered forms of voxels by using 3D voxel-based face reconstruction technique
(3DVFR).

ORIGINAL FRONTAL POSE IMAGES

CROPPED IMAGES

MIRRORED lMAGES

0.9476 0.9538 0.9328 “ 0.8018 ‘ 0.8974 0.9107 0.9455 H 0.8929

CORRELATION BETWEEN ORIGINAL AND MIRROR IMAGES.
Figure 4.1. Mirroring of face images
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After the reconstruction, deep learning is performed using the final reconstructed
landmarks/voxels for deep feature embeddings. There are three deep learning techniques used in
succession for achieving these embeddings. These are variational autoencoders, a variant of
recurrent neural network viz. bidirectional long short-term memory model. The triplet loss training
is applied on final embedding for classification. The final prediction of face class is achieved
through support vector machine (SVM).

During the testing phase of the proposed architecture, two standard methods are applied viz.
validation and verification. The final trained model is used to achieve these two testing methods.
The prediction value for verification and validation are compared with the ground truth values to
produce overall accuracy. Figure 4.2 presents the proposed framework for 3D face recognition
using voxel reconstruction. The detail description of sub-phases is given in the preceding

subsections.

4.2.2.1  Pre-processing

3D mesh images cannot be directly used for reconstruction. The voxels are extracted from the
mesh using voxelization process. In a particular region, if the voxel exists then the location is given
true value else it is given false value. The number of voxels generated from 3D mesh depends on
the size of mesh given as input. When multiple mesh images are processed for voxels, the number
of voxels generated is not consistent and needs preprocessing in terms of removing the sparsity of
the array. Fuzzy c-means (FCM) clustering [187] plays an important role in bringing all the voxels
count into the same size. This algorithm assigns membership to each voxel corresponding to each
cluster based on the cluster center and voxel point. Voxel's membership for a particular cluster

depend upon its distance from center to cluster.
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FCM is based on the concept of minimization of the objective function, which is given below
[187]:

C

N
Jn =ZZ/’li;n ”Xi_cj ”2’ 1< m<eco (4.6)
i1

j=1
where m>1 and m belongs to real numbers, pij is the membership degree of x; in cluster j. x; is i
data point, c;is the d-dimension center of cluster and ||*|| denotes the similarity between the cluster

center and the data. pjj is computed as follows [187]:
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Where c;j can be defined as [187]:
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This iteration will terminate when max,{| 11 - 14 [} <€, where k denotes iteration steps and = (0,

1). The convergence of this whole procedure is to a local minimum Jn. Figure 4.3 presents the

visualization of preprocessing of voxelization and clustering of voxels.

A. 3D Mesh Image B. Voxelization C. Clustered Voxels

Figure 4.3. Preprocessing of 3D Mesh Image into Voxelization and Clustering of VVoxels
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4222

Reconstruction

This subsection discusses the reconstruction of the face using a mirror image technique. A 3D

voxel-based face reconstruction (3DVFR) technique is proposed. It involves pre-processing the

available frontal mesh image for voxelization and reconstruction of the voxels based on the

available information.

Algorithm 4.1. 3DVFR — 3D Voxel-based Face Reconstruction Technique

Input: Dataset D is divided into Train (Ty) and Test (Ts) sets

Tr:
Ts:

All mesh images without any kind of rotation of face.
All mesh images having some kind of rotation of face.

Mesh image In taken as input from T..
Output: Reconstructed 3D voxels

1
2.

o o k@

10.
11.

Count triangular units of mesh (C).
If C=0do

Voxel = “Error: Cannot be generated”
End if
Finding the voxel for each C
Fort=1toCdo

b. Using triangle t coordinates, find centroid O(Cy, Cy, C;)
c. X = Cx

d. y=Cy

e. 71=C;

f. save Voxel =[x, Y, ]

End for

Derive voxelized image (V) from the voxels generated in step 3.
Apply fuzzy c-mean clustering on V to extract N voxels based on fine to coarse details.
Find mean voxel (Vw)

N
Vv, = ini , where N = Number of voxels point clusters.
i=1

Calculate Euclidean square distance (Di) of each voxel Vi from Vy and find Nose Tip
(VnT):
Vnt = Min (Di) v Vi, where i €[1, N].
Find maximum and minimum z coordinate (zmin and zmax) from all the voxels [V1,Vy, ...,
Vcl.
Choose two random z values (z: and z) between zmin and Zmax.
Using Vnt(X,y,2), V1(x,y,z1), and V2(x,y,z2), calculate 3D mid-face plane.
Find the array (R) of all reconstructable points on the face.
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R = {set of all voxels not lying on mid-face plane}

12. Reconstruct the 3D face voxels using the concept of mirroring through mid-face plane for
all the R number of voxels on the face.

a. Fort=1tolen(R) do

b. P =R[t] = [X1, y1, z1] /P is reconstructable 3D point
C. N = [x2,¥2,22]  //PNis perpendicular to mid-face plane
d. PN direction ratios = [a, b, c] /la, b, ¢ are constants
e. PN = [(x-x1)/a = (y-y1)/b = (z-z1)/lc = k] //k is constant
f. Xx=ak+Xx,y=bk+y,z=ck+27;
g. Since N lies on mid-face plane
h. k=(-axi-byi-cz1-d)/(a®+b?+c?)
I. Xo=ak+X1, y2=bk+y1, zo=ck+z1
J. return [2xz-X1, 2y2-y1, 2z2-z1] ~ //Reconstructed 3D Voxel
k. End for

The dataset is divided into training (Tr) and testing (Ts) sets based on non-yaw rotation and yaw
rotation, respectively. The input of one of the mesh image (Im) is selected from T,. The mesh image
is selected as the triangular meshes. It is converted into voxel form for further processing (see
Steps 1-4). All the triangular units are counted and based on centroid information. The voxels are
generated for the mesh. The resultant image is considered a voxelized image (V). The number of
voxels is generated by varying the pose of the face images. To normalize the number of voxels,
FCM clustering is used (Step 5). The number of voxels generated using this technique helps in
normalization of the dataset.

3D mid-face plane is calculated for reconstruction of missing voxels along with the array of
reconstructable points is generated. The training set images hold all the images with frontal pose
only. Hence, the mean voxel is calculated over the face as the nose tip voxel point cluster. Using
Euclidean square distance, Nose Tip (Vnt) is calculated over the voxel clusters space. The
minimum (zZmin) and maximum (zmax) value of z-ent is calculated over all the voxel clusters for
generating a mid-face plane. Two values of z-element (z: and z2) are selected at random in the
range from zmin t0 Zmax. Using Vnr(X,y,z) and two other 3D points V1(x,y,z1), V2(x,y,z2), mid-face
plane is generated as Eq. 4.9 ax + by +cz +k = 0. Array (R) consists of all voxels that are
eligible for reconstruction, those voxel points are not lying on the mid-face plane (see Steps 6 to
11).
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After the mid-face plane is found, the list of reconstructable voxels is calculated using all the
voxels in the current space and checking if voxel is lying on the mid-face plane or not. Those
voxels do not lie on the plane are added to the list of reconstructable voxels. Reconstruction is
done using the concept of mirror image. For all reconstructable points R, the corresponding 3D
points are on the other side of the mid-face plane is computed. Let P(x1, y1, z1) be 3D point whose
reflection is to be calculated and N(x2, y2, z2) be 3D point on the mid-face plane such that P and

N form 90° with respect to mid-face plane. With a, b, and c as the direction ratios, PN is defined

as:
X=X _ YV _Z°n
= = = 4.10

a b C (4.10)

Since N lies on the mid-face plane, according to the rules of 3D coordinate geometry,
—(ax, + by, +cz, +d
k== X12 y12 2 ) (4.11)
a“+b“+c

So, X, = @k + Xy, = bk +y and z, = ck +Z,. (4.12)

When the coordinates of N are known, then reflected point is calculated as:
lee = (2X2_X1’23’2_y1’222_21) (4.13)
Hence, if the number of voxels generated after clustering is N, then the total number of

reconstructed voxels is N-1 and the total number of voxels generated after the reconstruction

process is approximately 2(N-1) + 1.

4.22.3  Deep Learning

After the reconstruction phase, deep learning is applied to the different sized voxels. The number
of voxels nearly gets doubled after using reconstruction on the voxels generated from FCM. Two
sequential deep learning models, namely VAE and BiLSTM, are applied along with the triplet loss
training. With reference to Figure 4.7, the reconstructed voxels are generated as 255x3, 511x3, and
1023x3 for 8%16°, and 32° voxelized 3D mesh images, respectively. The deep features are
extracted using variational autoencoder as 200x3, 400x3, and 800x3, respectively. Autoencoders
provides an efficient dimensional reduction [188]. VAE provides the deep features in a compressed

form as compared to the input by using the probability distribution based latent transformation
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[54], [189]. Voxel image is sequential locally for facial features. Hence, BiLSTM further optimizes
the deep features by using long term dependencies between the time steps of sequential data for
its input into triplet loss training by forming triplets [190]-[192]. Triplet loss training provides the
final embedding for prediction phase by simultaneously reducing the distance between anchor and
positive embedding of triplet and increasing the distance between anchor and negative embedding.

Triplet loss training handles the imbalanced classes efficiently [193].

4224 Prediction

The deep learning embedding is given as input to support vector machine-based classification
model [194]-[198]. The support vector machine takes 200x3, 400x3, and 800x3 embeddings as
input and provides classes of 8%, 162, and 323 voxels for each 3D mesh input image. The final step
of the prediction is the application of voting based ensemble model [199]-[201] for final class
prediction.

Once the model is trained, the validation and verification are done in the testing phase. During
validation, the accuracy is calculated for the whole test dataset by comparing the prediction output
with ground truth. Verification is valid on a single query image. The trained model is used for the
prediction of the query image and the solution is compared with ground truth for prediction
accuracy.

4.2.3 Computational Complexity

The input of proposed algorithm is a 3D mesh image selected from the training dataset, which
requires O(n) time. The triangular units of the mesh (C) requires O(n) time. The count of triangular
units requires O(1). The voxelization process of all the triangular units is done in iteration from
the initial to final triangular unit. Therefore, it requires O(n). The voxelized image after
voxelization needs O(1). After the voxelization process, FCM clustering requires O(ndc?i), where
n is the number of data points, d is the number of dimensions, c is the number of clusters, and i is
the number of iterations. Finding the mean voxel is of O(n). The computation of Nose Tip (VnT)
requires O(n). The computation of the minimum and maximum z-coordinate values is O(n) and

choosing two random z values from min-max range is O(1). The computation of mid-face plane is
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O(2). Finally, the set of reconstructable voxel points and reconstructing with mirroring technique

requires O(n).

4.3 Results and Discussion

In this section, the proposed approach for voxel reconstruction is compared with three well-known

techniques over 3D face datasets.

4.3.1 Datasets Used

Bosphorus dataset [153] consists of 105 subjects in different occlusions, emotions and poses with
a total of 4666 facial samples. Every subject has seven emotional expressions including the neutral
and multiple head poses over 0-90 degree. There is a total of 381 samples having four types of
occlusions in them. Every sample has a 2D image, a 3D point cloud, and landmark files associated
with both of them. UMBDB dataset [171] consists of 143 subjects with a total of 1473 samples of
2D as well as 3D images. There are 590 occluded images of multiple types, such as cloth, glass,
hand, bottle, cigarette, and others. KinectFaceDB dataset [164] is an RGBD sensor-based face
database of different facial expressions in multiple lighting as well as occlusion conditions. There
are 52 subjects in the dataset. Data collection is done in two sessions with a gap of one-two weeks.
RGB image, depth image, 3D object file, and landmark files of all three types are available in the

dataset. Table 4.1 provides a detailed description of the datasets used.

Table 4.1. Detailed description of datasets

Dataset Bosphorus uMBDB KinectFaceDB

Dimensions 2D, 3D 2D, 3D 2D, 2.5D, 3D

Number of Subjects 105 143 52

Number of Images 4666 1473 936

Number of occluded | 381 590 312

images

Occlusion Classes Hair, Glasses, Mouth, Eye | Cloth, Glasses, Hand, | Eye, Paper, Mouth
Others

Occlusion Classes | Yes No Yes

Annotation

Pose Based Occlusion [-90 to +90] No No
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Rotation Based | Yaw Rotation, Cross | No No
Occlusion Rotation

Degree of Occlusion 0-50% 0-80% 0-50%
Synthetically No No No

Scanner Stereo Laser Kinect sensor
Condition Controlled Controlled Controlled

4.3.2 Parameter setting for the proposed algorithm

The parameters of the proposed framework are shown in Table 4.2. A 3D mesh image is voxelized
into three different sizes of 82, 162, and 32° respectively. Due to the variation in number of voxels
generated in the voxelization process, FCM clustering is used to normalize these voxels to form
three different number of cluster centers (128, 256, and 512 respectively). Further, these clusters
are applied on VAE to generate deep features. Similarly, the output of VAE is applied to BiLSTM
for optimization of deep features. The triplet loss training is done by using Adam optimizer, which

provides the final embedding for SVM.

Table 4.2. Parameter setting for the proposed approach

Parameter Value

Voxelization

Sizes 8%, 168, and 323 respectively
Fuzzy C-Means Clustering

Number of cluster centers 128, 256, and 512 respectively
VAE

Number of Epochs 1200, 1200, and 1100 respectively
Batch Size 100, 50, and 10 respectively
Activation ReLU

Regularization L2

Latent Dimension 100, 200, and 400 respectively
Optimizer Adam

BiLSTM
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Number of Epochs 240, 230, and 220 respectively
Batch Size 100, 50, and 10 respectively
Activation

- Input Gate Sigmoid

- Output Gate Sigmoid

- Forget Gate Sigmoid

- Cell Output Tanh

Dropout 0.2, 0.3 and, 0.4 respectively
Optimizer Adam

Triplet Loss

Number of Epochs 3050, 2850, and 2700 respectively
Alpha 0.2

Optimizer Adam

Loss Mean Absolute Error

4.3.3 Performance Evaluation

The performance evaluation of 3DVFR reconstruction technique is tested on the above-mentioned

datasets for gender, emotion, occlusion, and person recognition before and after reconstruction.

4.3.3.1  Gender Recognition

Table 4.3 depicts the accuracy comparison of three datasets namely Bosphorus, UMBDB, and
KinectFaceDB for gender recognition. The accuracy of gender prediction improves by 5.8% after
reconstruction for Bosphorus dataset, 8.6% for UMBDB and 8.5% for KinectFaceDB dataset.
Firstly, the reason behind the improved accuracy of gender recognition is that after the
reconstruction of face, the number of voxels is double. It makes the deep learning based
recognition model perform better than the others. Secondly, the accuracy for three datasets is above
90% because there are only two classes such as male and female. The sensitivity and specificity
values show decent improvement because of the appropriate classification of true positive and
negative values. In case of FPR and FNR, the values have decreased after reconstruction for gender

recognition as true positive and negative values have been correctly classified.
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Figure 4.4 shows the gender-wise accuracy plot for each dataset. The proposed model recognizes
male with better accuracy than females. This is primarily due to a smaller number of females in
datasets as compared to males. In KinectFaceDB, the accuracy of male prediction is 96.20% and
female is 92.68%. In UMBDB dataset, the accuracies for male and female prediction are 95.35%

and 88.89%, respectively. In the Bosphorus dataset, the male and female prediction accuracies are

Table 4.3. Quantitative analysis of gender recognition using voxels

Metrics Accuracy | Sensitivity | Specificity |Precision | FPR FNR | F1

Dataset Score
Before 3D Face Reconstruction

Bosphorus 91.449 95.432 55.292 95.092 44,708 | 4.568 | 95.262

UMBDB 83.503 92.707 35.983 88.204 64.017 | 7.293 | 90.399

KinectFaceDB | 85.897 92.761 39.669 91.194 60.331 | 7.239 | 91.971
After 3D Face Reconstruction

Bosphorus 97.28 98.86 85.02 98.08 14.98 1.14 | 98.47

UMBDB 92.12 95.34 59.20 96.05 43.80 466 | 95.70

KinectFaceDB | 94.44 97.48 59.46 96.55 40.54 2.55 97.00

98.56% and 96.00%, respectively.
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Female

Male

Female

Male

Female

Male

8

S

86

88 90

Gender

92
Accuracy

94

98

Figure 4.4. Voxel-based accuracy representation for gender recognition
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4.3.3.2  Emotion Recognition

Table 4.4 presents a quantitative analysis of emotion recognition. The overall increase in accuracy
before and after the reconstruction is 10.62%, 14.9% and 12.49% for Bosphorus, UMBDB and
KinectFaceDB datasets, respectively. The primary reason for improved accuracy after
reconstruction is the same as in the case of gender recognition, which is the number of voxels are
doubled. The accuracy has shown improvement due to less number of classes for all the datasets.
In case of FPR and FNR, the values have decreased after reconstruction for emotion recognition.

F1 score has improved from 7-10% after the reconstruction.

Table 4.4. Quantitative results of emotion recognition

Metrics Accuracy | Sensitivity | Specificity | Precision FPR FNR | F1

Dataset Score
Before 3D Face Reconstruction

Bosphorus 83.95 94.01 34.64 87.57 65.36 | 5.99 90.68

UMBDB 72.37 87.26 11.11 80.16 88.89 | 12.74 | 83.56

KinectFaceDB |77.46 90.93 23.12 82.67 76.88 | 9.07 | 86.60
After 3D Face Reconstruction

Bosphorus 94.57 96.89 53.22 97.36 46.77 | 3.10 97.12

UMBDB 87.78 93.17 49.72 92.89 50.27 | 6.82 | 93.03

KinectFaceDB |89.95 94.16 53.12 94.61 46.87 | 5.83 | 94.39

Table 4.5 shows the classification of emotions for each dataset. Bosphorus dataset has seven
classes of emotions. UMBDB dataset has five different types of emotions, and KinectFaceDB
dataset has three categories of emotions.

Table 4.5. Emotions classification for datasets

S.No. |Dataset Number of | Emotion classes
emotions
1. Bosphorus 7 Anger, Disgust, Fear, Happy, Sadness, Surprise,
Neutral.
2. UMBDB 5 Anger, Disgust, Happy, Sadness, Neutral.
3. KinectFaceDB | 3 Happy, Surprise, Neutral.
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Figure 4.5 depicts the qualitative analysis of classification of emotions for three datasets. Neutral
emotion is recognized with the highest accuracy, followed by fear and happiness. In case of
KinectFaceDB, happy emotion is recognized with an accuracy of 87.6788%, surprise with the
accuracy of 85.7581%, and neutral with an accuracy of 96.4130%. In UMBDB dataset, the
accuracy of recognition for happy emotion is 88.8061%, sadness is 81.0609%, anger is 87.5489%,
disgust is 85.5958, and neutral is 95.8880%, respectively. In Bosphorus dataset, accuracy for
happy emotion is 96.6975%, surprise is 91.2190%, sadness is 87.3164%, fear is 97.9006%, anger
is 94.2960%, disgust is 95.7788%, and neutral is 98.7815%, respectively. The accuracy of neutral
emotion is the highest for all three datasets because the neutral face is the most common emotion
amongst all emotions. On the other side, sadness is observed with minimum accuracy as this type
of emotion is generally unpredictable. Sadness is considered as a neutral emotion. Fear and happy
face are prominent in the real world. Hence, they have shown higher accuracy as compared to

sadness and surprise emotions.
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Figure 4.5. Voxel based multiclass accuracy representation for emotion recognition
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4.3.3.3  Occlusion Recognition

Table 4.6 shows the different types of occlusions are being classified by the proposed approach.
There is 4.07%, 4.82%, and 7.05% increase in accuracy after reconstruction for all three datasets
due to the mirror-based technique used in 3DVFR proposed technique. 3DVFR uses the mid-plane

to generate the voxels missing on one side of the face using the other side voxels of face.

Table 4.6. Quantitative analysis of occlusion recognition using voxels

Metrics Accuracy Sensitivity Specificity Precision FPR FNR F1 Score
Dataset
Before 3D Face Reconstruction
Bosphorus 89.95 95.60 58.74 92.76 41.26 4.40 94.15
uMBDB 76.44 85.12 25.93 86.99 74.07 14.88 |86.05
KinectFaceDB 82.80 91.43 29.77 88.89 70.23 8.57 90.14
After 3D Face Reconstruction
Bosphorus 94.02 97.31 72.08 95.87 27.91 2.68 96.58
uMBDB 81.26 87.06 50.84 90.27 49.15 12.93 |88.64
KinectFaceDB 89.85 93.49 55.55 95.18 44.44 6.50 94.33

Figure 4.6 shows the comparative accuracy of the type of occlusion is represented for each dataset.
The occlusion accuracy for Eurecom KinectFaceDB dataset for mouth is 93.3987%, for an eye is
89.5989%, and paper is 86.5523%. For UMBDB dataset, the accuracy for cloth is 78.5853%, hair
is 87.1621%, glass is 81.2606%, mouth is 80.2129%, and paper is 79.0788%, respectively. In case
of Bosphorus dataset, the accuracy for hair is 98.4778%, glass is 95.5400%, mouth is 88.2121%,
and eye is 93.8499%, respectively. In case of face rotation, the reconstruction depends on
mirroring technique using mid-face plane. In case of paper, cloth, glass, eye, hair, and mouth, the
reconstruction technique builds the missing voxels to some extent in the occluded region. The hair
based occlusion is observed as the highest occlusion recognition and cloth is observed as the lowest

occlusion recognition.
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Figure 4.6. Voxel-based multiclass accuracy representation for occlusion recognition

Table 4.7 represents the classification of occlusion types. Bosphorus dataset has four, UMBDB

has five and KinectFaceDB has three different types of occlusions in it.

Table 4.7. Occlusion type classification

S.No. |Dataset Number of occlusions Occlusion type classes

1. Bosphorus 4 Hair, Glass, Mouth, Eye.

2. UMBDB 5 Hair, Glass, Mouth, Cloth, Paper.
3. KinectFaceDB 3 Mouth, Eye, Paper.

4.3.3.4  Face Recognition

Table 4.8 depicts the quantitative comparison of different 3D face accuracies. The accuracy
improvement after reconstruction for three datasets are 9.49%, 8.94%, and 7.45%, respectively.
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The number of subjects used are 105, 143, and 52 in Bosphorus, UMBDB, and KinectFaceDB,
respectively. In comparison to gender, emotion, and occlusion classes, face recognition has a
significantly higher number of classes to be recognized during the training process. The proposed
technique has performed considerably well for this number of classes.

Table 4.8. Quantitative results of face recognition using voxels

Metrics Accuracy | Sensitivity | Specificity | Precision | FPR FNR |F1

Dataset Score
Before 3D Face Reconstruction

Bosphorus 80.52 87.88 38.12 89.11 61.88 12.12 [88.49

UMBDB 69.27 82.13 32.34 82.93 67.66 14.87 [84.02

KinectFaceDB | 78.23 87.08 33.33 88.62 66.67 | 7.92 |90.31
After 3D Face Reconstruction

Bosphorus 90.01 93.38 73.68 94.51 26.32 |6.62 [93.94

UMBDB 78.21 89.68 31.62 84.19 68.38 | 10.32 |86.85

KinectFaceDB | 85.68 92.17 50.00 91.02 50.00 7.83 |91.59

4.3.4 Face Recognition Accuracy Based Comparison

The performance of the proposed technique is compared with the different approaches over
Bosphorus, UMBDB, and KinectFaceDB datasets after 3D face reconstruction (see Table 4.9).
The proposed method 3DVFR outperforms the existing techniques such as [75], [118], [120]. The
best accuracy of face recognition is achieved for Bosphorus dataset. The sensitivity of Feng et al.
[120] outperforms 3DVFR for Bosphorus as well as KinectFaceDB dataset. However, in the case
of precision, 3DVFR outperforms the other approaches. FPR and FNR are low in case of
Bosphorus and KinectFaceDB datasets. These results signify the superiority of 3DVFR in terms of
face recognition accuracy.
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Table 4.9. Face Recognition Accuracy based comparison of Proposed Approach with other Approaches

Metrics Accuracy | Sensitivity | Specificity | Precision | FPR FNR |F1
Dataset Score
Case 1: Bosphorus Dataset

Richardson et al.

[75] 85.92 91.38 50.95 92.27 49.05 | 08.62 |91.82
Cao et al. [118] 86.67 91.96 41.39 93.07 58.61 | 08.04 |92.51
Feng etal. [120] | 87.25 95.56 36.91 90.17 63.09 | 04.44 |92.79
Ours — 3DVFR 90.01 93.38 73.68 94,51 26.32 06.62 |93.94
Case 2: UMBDB Dataset

Richardson et al. | 69.38 77.98 36.60 82.43 63.40 22.02 |80.14
[75]

Cao et al. [118] 63.41 76.11 25.27 75.36 74.73 23.89 |75.73
Feng et al. [120] 73.12 87.14 38.30 77.81 61.70 12.86 |82.21
Ours — 3DVFR 78.21 89.68 31.62 84.19 68.63 10.32 | 86.85
Case 3: KinectFaceDB Dataset

Richardson et al. | 76.50 84.19 47.45 85.81 52.55 15.81 |84.99
[75]

Cao et al. [118] 67.20 77.96 30.00 79.38 70.00 | 22.04 |78.67
Feng etal. [120] | 81.73 93.17 36.51 85.29 63.49 | 06.83 |89.06
Ours - 3DVFR 85.68 92.17 50.00 91.02 50.00 | 07.83 |91.59

4.3.5 Computational Time Analysis

Table 4.10 shows the time taken in seconds by a single probe image for three steps in the pipeline
of architecture, pre-processing, reconstruction, and verification. In case of pre-processing, the
proposed approach (3DVFR) outperform the other techniques [75], [118], [120] by completing the
pre-processing phase in 0.078 seconds. In addition, it outperforms the other techniques in
reconstruction phase by completing the task in 0.060 seconds as the mean time. 3DVFR
outperforms the other techniques during verification phase with an average time of 0.098 seconds
for all datasets. 3DVFR has faster computation on a GPU than the other methods.
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Table 4.10. Comparison of computation time (seconds) of reconstruction per probe (using GPU) and

deep learning technique

Approaches Pre- Reconstruction | Verification | Deep learning
processing model

Richardson et al. | 0.087 0.071 0.120 CNN

[75]

Cao et al. [118] 0.082 0.090 0.117 CNN

Feng et al. [120] 0.103 0.065 0.106 CNN

3DVFR 0.078 0.060 0.098 VAE, BiLSTM

4.3.6 Convergence Analysis

The convergence of VAE is shown in Figure 4.7. For 200 voxels and 1200 epochs, VAE converges

at accuracy of 70%. For 400 voxels and 1200 epochs, VAE converges at accuracy of 73%.

Similarly, for 800 voxels and 1100 epochs, convergence is found at accuracy of 75%. The accuracy

of VAE can be increased by using BiLSTM based on its ability to learn the long term dependencies

using forward and backward propagation.

Accuracy
= N w H w (o)) ~ [os]
o o o o o o o o

o

0 200

400

VAE

600
Epochs

800

1000

—@— 200 Voxels

400 Voxels

800 Voxels

1200

Figure 4.7. Convergence of voxel based accuracy for VAE
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The convergence of BILSTM is shown in Figure 4.8. For 200 voxels and 240 epochs, convergence
is at accuracy of 80%. For 400 voxels and 230 epochs, convergence is at accuracy of 84%.
Similarly, for 800 voxels and 220 epochs, convergence is at accuracy of 86%. This accuracy can

be optimized using triplet loss technique, which is capable of handling the imbalanced classes in

datasets.
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Figure 4.8. Convergence of voxel based accuracy for BiILSTM

The convergence of triplet loss with SVM is shown in Figure 4.9. For 200 voxels and 3050 epochs,
convergence is at 15% error. For 400 voxels and 2850 epochs, convergence is at 8% error.
Similarly, for 800 voxels and 2700 epochs, convergence is at 7% error rate. Hence, the usage of
pipeline in deep learning has helped in the improvement of final accuracy of the proposed

approach.
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Figure 4.9. Cumulative loss plot of Triplet loss and SVM

4.4  Summary

In this chapter, a novel 3D face recognition framework is proposed, which is based on deep
sequential learning. 3D voxel-based face reconstruction (3DVFR) is motivated from the concept
of mirror image. The proposed deep learning pipeline utilizes the concept of variational
autoencoder (VAE), bidirectional long short-term memory (BiLSTM), and triplet loss training.
FCM technique helps in handling the sparsity of voxels obtained after voxelization technique for
different poses. VAE helps in an efficient dimensionality reduction of the number of voxels by
using the probabilistic model for latent space. BiLSTM technigue uses the sequential data property
of facial features to optimize VAE embedding. Triplet loss training technique helps in reducing the
loss. A support vector machine-based classifier is used to predict the gender, emotion, occlusion,
and person classification. Experiments have been performed on three publicly available 3D face
datasets, namely Bosphorus, UMBDB, and KinectFaceDB, respectively. In performance
evaluation phase, all the predictions are demonstrated with and without the 3D face reconstruction.
In gender recognition, the accuracy is above 90% after reconstruction for all the three datasets due
to binary classification. In emotion recognition, Bosphorus dataset accuracy is 94.57% after
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reconstruction as compared to 83.95% before the reconstruction, i.e., 10.62% increase in accuracy.
In case of UMBDB and KinectFaceDB datasets, there is an increase of 14.9% and 12.49%
accuracies, respectively. In occlusion recognition, there is an increase of 4.07%, 4.82%, and 7.05%
for Bosphorus, UMBDB, and KinectFaceDB datasets, respectively. The accuracy of the proposed
framework (3DVFR) is state-of-the-art with 90.01% in 3D face recognition using voxels for
Bosphorus dataset. In case of UMBDB and KinectFaceDB datasets, the face recognition
accuracies are 78.21% and 85.68%, respectively. 3DVFR has been compared for accuracy as well
as the computational time with the other methods. 3DVFR outperforms the other methods by 3-

5% increase in accuracy in case of all the datasets.
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5. 3D Landmark-based Face Restoration
Using Variational Autoencoder and Triplet
L_0ss

5.1 Introduction

Restoration of a 3D face from the mesh image is highly demanded in computer vision applications.
3D face restoration is a challenging task due to the variation of expression, poses, intrinsic
geometries, and textures. This chapter presents a proposed technique consisting of two main
components, namely face restoration and recognition. A novel three-dimensional (3D) landmark-
based face restoration method is proposed. 3D facial landmarks are used in the face recognition
technique. It uses the principle of reflection and mid-face plane for the restoration of facial
landmarks. By using the restored 3D face, a deep learning-based face recognition system is
developed. It utilizes the concept of deep features from variational autoencoders. Further, these
deep feature embeddings are trained using triplet loss training to increase the distance between
embeddings of different persons and decrease the distance between embeddings of the same
person. These trained embeddings are used in support vector machine for prediction. The proposed
framework is compared with recently developed face recognition techniques in terms of
computational time. The proposed technique is able to recognize the person's face with better
accuracy than the existing methods. Further, ablation studies are conducted to test the robustness

of the proposed technique.

5.2 Proposed 3D Face Recognition Framework

This section discusses the motivation behind the face recognition technique followed by
restoration-based 3D face recognition framework.

5.2.1 Motivation

The concept of facial asymmetry has been studied in the field of plastic surgeries and
reconstruction. Facial symmetry is one of the key factors in human attractiveness [202]-[205].
Linden et al. [206] presented the study of age effect on facial symmetry. These facts motivated me
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for developing 3D face recognition framework. From a holistic point of view, more than 80% of
the face is symmetrical in nature. Sharma and Kumar presented 3D voxel-based face
reconstruction (3DVFR), which is present in Chapter 4. It uses full mesh as input and generates
reconstructed voxels. It performs voxelization process for reconstructing the reconstructable
voxels. The computational time is more for voxel reconstruction as compared to landmark
reconstruction. It gives us a new direction to develop the computationally efficient face recognition

technique.

5.2.2 Proposed 3D Face Recognition Framework

The proposed 3D deep learning based face recognition framework is shown in Figure 5.1. It is
based on deep learning and restoration of 3D landmarks. While designing the pipeline, once
ground truth landmarks are fetched from a 3D mesh image. The number of landmarks is sparse for
different images due to the variation of pose. The proposed restoration technique restores the
missing landmarks using mirroring technique. The raw 3D landmarks are to be refined using deep
learning for prediction phase. VAE uses the concept of probabilistic encoder to remove the sparsity
of 3D landmarks. The deep features obtained from VAE are optimized using triplet loss training
method. There are two phases namely, training and testing. The detailed description of these phases

is as follows.

5.2.2.1  Training Phase
The training phase of the proposed framework includes pre-processing of 3D mesh image, the

restoration process, deep learning-based models, and prediction of face after restoration from

occlusion.
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A. Pre-Processing

3D facial landmarks are extracted from the mesh image. These landmarks may or may not be
present within the dataset. While extracting the face landmarks, the data augmentation technique
plays a vital role in improving the quality of facial landmarks. The extracted landmarks serve as
ground truth landmarks. Unique landmarks are generated for all the images in the dataset. The
landmarks of each image are compared to a list of unique landmarks for generating the array of
available and missing landmarks using landmark-to-landmark mapping. The number of landmarks
varies for all images. As depicted in Figure 5.2, a face with yaw rotation left 90° has 19 landmarks

initially. Whereas, a face with yaw rotation of left 45° has 24 landmarks.

a. Pose: Left 90° b. Pose: Left 45° c. Pose: Occlusion
Landmarks: 19 Landmarks: 24 Landmarks: 20

Figure 5.2. Representation of 3D landmarks under different pose meshes

B. Proposed Restoration Algorithm and Computational Complexity

The restoration phase of the proposed framework utilizes the concept of 3D landmarks-based face
restoration (3DLFR). Training (Tr) and testing (Ts) sets are randomly selected from the given
dataset. Mesh image (Im) is taken as input from T. Initially, the array of ground truth landmarks
(LaT) is fetched in correspondence to Im. Thereafter, an array Lmia of mid-face landmarks is
generated (Step 2). The selection of one of the landmarks (Lw), and nose tip landmark (Lnt) is done
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from array Lwmiq (Step 3). The next step is to generate one landmark (L) such that it lies on the same
mid-face plane as of Lyt (Steps 4 and 5). In Step 6, the midface plane is generated using Lnr, L,
and Lw. A list of reconstructable landmarks is calculated by the technique of {LcT - Lmia} (Step 7).
Finally, the reconstruction is achieved by mirroring technique (Step 8). Restoration using a
mirroring technique through a mid-face plane is implemented from the list of reconstructable

landmarks. Algorithm 5.1 depicts the 3D landmark-based face restoration technique.

Algorithm 5.1. 3DLFR — 3D landmarks-based face restoration technique
Input: Dataset D is divided into Train (Tr) and Test (Ts) sets randomly. Mesh image I taken
as input from the T..
Output: Restored 3D landmarks
1. Fetch array of ground truth landmarks (Let) corresponding to Im.
a. Let=[L1 L2 L3, ..., Ln]
2. Generate an array Lwid of mid-face landmarks from array Let which are on mid-face
plane.
a. Lwmia = [LnT, LuLum, LuLm, Licum, Licm, Lem]
3. Select nose tip face landmark Lnt from Lwmig and one more landmark Lm from Lwmig as
mid-face landmark from Lcr.
a. Lt = (Xo0,Y00,200)
b. Lm = (X11,y11,211)
Find maximum and minimum z coordinate (Zmin and zmax) from Lgr.
Choose one random L(Xoo,Y00,2) such that zmin <Z< Zmax.
Using Lnt(X00,Y00,200), L(X00,Y00,2), and Lm(X11,y11,211), calculate 3D mid-face plane.
Find the array (R) of all restorable points on face.
R = {Lot - Lmig} //List of landmarks not on mid-face
8. Restore the 3D face landmarks using the concept of mirroring through mid-face plane
for all the R number of points on the face.
I. Fort=1tolen(R) do
m. P =R[t] =[x y1, z1] /IP is restorable 3D point
n N =[xz, y2, Z2] /IPN is perpendicular to mid-face plane
0 PN direction ratios = [a, b, c] /la, b, c are constants
P PN = [(x-x1)/a = (y-y1)/b = (z-z1)/c = k] //k is constant
o} X=ak+Xx,y=bk+y,z=ck+2z
r
S
t.
u
v

N o o A~

Since N lies on mid-face plane

k=(-axi-byi-cz1-d)/(a®+b?+c?)

Xo=ak+x1, y2=bk+y1, zo=ck+z;

return [2xz-x1, 2y2-y1, 222-z1]  //Restored 3D landmark
End for
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The face restoration phase aims to generate the missing landmarks by separating these landmarks
either on the mid-face plane (Lwmig) or not on the mid-face plane (R). By using the mid-face plane,
the restoration of the landmarks is done in Step 8. Restoring the missing landmarks helps in
increasing the deep learning accuracy by providing suitable parameter setting during the model

training.
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Figure 5.3 Selection of three points on face to calculate mid-face plane

Figure 5.3 illustrates how the three points are selected for calculating the mid-face plane. The first
point is the nose tip Lnt(Xo00,Y00,200) Which is assumed to be available in all 3D face meshes. The
second landmark needed for mid-face plane generation is one of the mid-face landmark
Lm(X11,y11,211). It can be chin middle (Lcwm), upper lip upper-middle (LuLum), upper lip lower middle
(LuLwwm), lower lip upper-middle (LiLum), lower lip lower middle (Liiim), mid-point of the two
eyebrows, and mid-point of the two eyes landmarks. The third point is calculated by varying the
value of z in the range of zmin and zmax, by keeping (Xoo,Yoo) as it is. Using this technique, the three
points are not collinear and a unique midface plane can be easily formed for mirroring of
reconstructable landmarks (R). Hence, the total number (T) of landmarks after reconstruction
becomes

T = (2xlen(R)+ len(Lmia)) (5.1)
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This method increases the number of landmarks to double. The number of landmarks is given as
input to VAE model for generating deep features. Figure 5.4 depicts 3D landmarks before and
after the restoration by mirroring.

BEFORE
RESTQRATION AFTER RESTORATION

Figure 5.4. Visualization of Landmarks Before and After Restoration

The time complexity of the proposed algorithm is as follows. The fetching of ground truth
landmarks (Step 1) requires O(1) time for a single mesh. The generation of the array Lwid (Step 2)

requires O(L) time. In Step 3, selecting Lnt and Lm requires O(1) time, and finding the maximum-
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minimum z coordinates (Step 4) requires O (L) time each. Choosing one random value (Step 5)
between zmin and zmax requires O(1) time. In Step 6 and 7, finding the mid-face plane as well as the
list of restorable points on the face requires O(1) time. In the final Step, the restoration process
needs O(R) time. Hence, the asymptotic time complexity of the proposed technique is O(L), where
L is the number of facial landmarks.

The limitation of the proposed algorithm is that it does not work when there is no symmetry left.
The face is said to be with no symmetry when the nose tip is missing, or the face is hidden for
more than 50% of the area. Preferably, the nose tip should always be visible for proceeding in the

restoration.

C. Deep Learning Phase

After the restoration of the landmarks, the deep learning phase is implemented. The total number
of landmarks (T) are given as input to variational autoencoders (VAE) for extraction of deep
features. Variational autoencoders are used for enhancement of the restored landmarks due to
probabilistic encoding and decoding capability. Original 3D landmarks, as well as restored
landmarks, are both combined for this phase. The main advantage of using VAE after the
restoration is that it removes the sparsity of landmarks. Further, triplet loss training is performed
on deep features for fine-tuning of feature embedding in the prediction phase.

D. Prediction Phase

The success of support vector machine (SVM) in classification [195], [198], [207], [208] made us
to use it for predicting the subject identification number. 3D face landmarks after restoration are
treated as a medium of coarse-to-fine features. Hence, the chosen variant of SVM is medium
gaussian SVM. The details of the parameter setting of medium Gaussian SVM are mentioned in
Section 5.3.2.

5.2.2.2  Testing Phase

In testing phase, the concepts of validation and verification are represented in pre-processing and
prediction sub-phases.
A. Pre-Processing

The validation is performed on the testing dataset. The ground truth landmarks are used for
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restoration. Enhanced embedding of the restored landmarks is done by using VAE and triplet loss
training. The embeddings generated through deep learning are given as input to the final trained
model of the training phase.

B. Prediction

All the predictions are recorded and compared with ground truth values. Overall accuracy is
calculated from the correctness of predictions. For verification purposes, a single query image is

processed for prediction and compared with ground truth value to generate a similarity score.

5.3 Results and Discussion

This section describes the details of datasets used, parameter setting, performance evaluation and

metrics, computational time analysis of the proposed techniques, and their convergence.

5.3.1 Parameter Setting

The parameters of the proposed technique and compared techniques are depicted in Table 5.1. The
parameter setting of the proposed technique is set by trial and error method while keeping
variational autoencoder [54], triplet loss training[209], and support vector machine [207], [208].
In variational autoencoders, the number of epochs and batch size are set to 1200, and 50,
respectively. The activation function is set as rectified linear unit (ReLU). L2 regularization is
employed along with adaptive moment (Adam) optimizer. In triplet loss training, the number of
epochs is set to 2300 with alpha value as 0.2 using Adam optimizer. Mean absolute error (MAE)
is used for convergence computation. During the prediction phase, medium gaussian support
vector machine is used with Gaussian kernel function and kernel scale is set to 9.1. The data
augmentation based pre-processing technique was added for improving 3D face landmarks. There
are three parameters such as width-shift range, height-shift range, and zoom range. All of these

parameters are set to 0.2.
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Table 5.1. Parameter setting for the involved algorithms

Proposed Technique/Parameter | Value

Variational Autoencoders

Number of Epochs 1200

Batch Size 50

Activation ReLU
Regularization L2

Latent Dimension 200

Optimizer Adam

Triplet loss training

Number of epochs 2300

Optimizer Adam

Alpha 0.2

Loss Mean Absolute Error
Support Vector Machine

Type Medium Gaussian SVM
Kernel Function Gaussian

Kernel Scale 9.1

Multiclass Method One vs Rest
Richardson et al. [75]

Input size 200x200

CNN model ResNet, VGG
Loss Mean Square Error

Objective function

Shape from Shading

Hsu et al. [117]

Input size 128 x 128
CNN model Revised VGG

Optimizer TCDCN [51]

Activation RelLU

Dropout 0.5

Gecer et al. [39]

GAN Type Progressive Growing GAN
Image Size 512 x 512

Optimizer Adam

Identity Loss
Content Loss

Cosine Distance
Normalized Euclidean Distance

The parameters for state-of-the-art algorithms are set as reported in the literature [39], [75], [117].
Richardson et al. [75] have an image 200x200 on ResNet [112], and VGGNet [210]. Mean square
error is used for calculating loss value and shape from shading as the objective function. Hsu et al.
[117] utilized VGGNet [210] with input image size of 128x128. Gecer et al. [39] used progressive
growing GAN [211] with an input image size of 512x512, normalized Euclidean distance for

content loss computation, and Adam optimizer.
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5.3.2 Performance Evaluation

Table 5.2 depicts the accuracy, sensitivity, and specificity obtained from face recognition
techniques before and after the restoration. There is 2-8% increase in accuracy of face recognition
after restoration in contrast to before restoration process for Bosphorus, UMBDB, and
KinectFaceDB datasets. Moreover, the proposed method performs better than the other approaches
in terms of 3-8% more accuracy for all the datasets. The reason behind the better performance of
the proposed technique is due to clustering-based triplet loss will decrease the distance between
the embeddings of the same class and increase the comparative distance of embeddings of a

different class.

Table 5.2. Performance evaluation of face recognition techniques

Datasets | Accuracy | Sensitivity | Specificity
Progose [75] [1]17 [39] Progose [75] [1]17 [39] Progose [75] [1]17 [39]
Before Restoration
Bosphorus 89.6 78.2 | 835 | 85.2 94.9 8;" 92.8 | 93.1 58.4. 23' 19.7 | 56.1
UMBDB 79.8 709 | 728 | 74.9 89.5 8;“ 81.3 | 84.9 36.9 29 355 | 26.3
Kinect 86. 14.
FaceDB 88.0 75.4 | 804 | 79.2 93.4 4 88.8 | 87.3 63.3 7 29 38
After Restoration
Bosphorus | 935 | °3° | 88 | 905 | o972 | % | 935|944 | 624 | % | 458 [ 507
umBDB | 879 | %% | 835 |820| 9533 | % | 027 |8o9| s33 | | 36 |48
Kinect 84.2 90. 47.
FaceDB 92.0 9 85.9 | 83.7 95.2 3 92.8 | 89.8 77.7 7 39.7 | 51.7

The experimentation for comparing the performance of face recognition is divided into two parts
for all methods, before restoration and after restoration. Here, before restoration means that the
performance metrics such as accuracy, sensitivity, and specificity are calculated without the
restoration of landmarks for the proposed technique. The performance of proposed technique
before restoration is compared with Gecer et al. [39], Hsu et al. [117], and Richardson et al. [75]
techniques. The performance of these methods was calculated by removing texture GAN from
[39]. It was done by removing 3D reconstruction phase of [117] from the training phase, and by
removing the FineNet approach from [75]. It use only CoarseNet for prediction of face
recognition. The whole idea of this technique is to compare the state-of-the-art techniques with

the proposed method before and after the reconstruction.
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The accuracy, sensitivity, and specificity measures in all the cases are best for the proposed
technique. The obtained accuracy for UMBDB dataset is below 90% as compared to Bosphorus
and KinectFaceDb datasets. The major challenge for UMBDB dataset is that it contains few
occlusions are upto 80% face occlusion, including the missing of nose tip. Some faces have only
eyes visible, head, mouth, chin, and nose covered with cap and cloth.

The proposed technique has performed best for Bosphorus dataset, the second-best for KinectFace
dataset, and lowest for UMBDB dataset. The reason for lowest accuracy for UMBDB is that it has

the highest classes of occlusions available in the dataset as compared to the other two datasets.

5.3.3 Computational Time Analysis

Table 5.3 shows the computational time analysis of the proposed techniques with other techniques.
All the computation is done using Nvidia GTX 1080Ti GPU. The comparison is made for three

phases viz. pre-processing, restoration, and verification.

Table 5.3. Computational time analysis versus other approaches (per probe)

Approach Pre-processing Restoration Verification (ms) | Deep learning model
(ms) (ms)
Richardson et al. [75] 87 71 120 CNN
Hsu et al. [117] 82 90 117 CNN
Gecer et al. [39] 80 78 110 GAN
Proposed Approach 55 52 80 VAE

The computational time for the proposed technique is 55 ms for pre-processing, 52 ms for
restoration, and 80 ms for verification of the single probe image using VAE deep learning model,

which is 50% faster than the existing approaches.

5.3.4 Convergence Analysis

The convergence of the proposed technique is used to demonstrate the consistency of trained
model. Figure 5.5 describes the convergence of accuracy for VAE and triplet loss with SVM. VAE
converges to 75% accuracy in 1100 epochs and is terminated at 1200 epochs. Triplet loss with
SVM converges at 93.5% accuracy in 2200 epochs and is terminated at 2300 epochs. It is clear
that VAE converges faster as compared to triplet loss and SVM training. The training is stopped

using the callback function.
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Figure 5.5. Convergence of accuracy for VAE and triplet loss with SVM

5.4 Ablation Studies

This section presents four experimentations to support the ablation studies. The different
experimentations include occluded versus non-occluded faces, gender recognition, emotion class

recognition, and the type of occlusion recognition.

5.4.1 Occluded versus Non-Occluded Faces

The performance of the proposed face recognition framework is presented in this subsection. All
three datasets are tested for performance metrics viz. accuracy, sensitivity, and specificity using
occluded as well as non-occluded faces. Table 5.4 presents the results for facial landmarks with
and without restoration. For UMBDB, the accuracy is more than 10% in case of reconstruction of
occluded face. There is a consistent increase in performance accuracy for both instances of the
occluded face and non-occluded faces for all datasets. Additionally, the sensitivity and specificity
are improving after restoration for all the cases. For Bosphorus dataset, the best accuracy for
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occluded faces is 92.60%, and for non-occluded faces is 93.83%.

Table 5.4. Performance of proposed technique for occluded versus non-occluded faces

Dataset Restoration | Occluded Face Non-Occluded Faces
Accuracy | Sensitivity | Specificity | Accuracy | Sensitivity | Specificity

Bosphorus X 89.54 93.53 61.87 90.17 95.00 62.27

v 92.60 95.65 70.74 93.83 96.68 77.80
UMBDB X 76.31 89.03 37.24 83.50 90.24 48.64

v 87.98 93.57 55.93 87.71 92.32 56.63
KinectFaceD X 83.97 92.26 54.10 89.32 95.80 58.67
B 4 89.90 92.43 66.20 89.98 96.32 59.38

5.4.2 Gender Recognition

The performance of the proposed face recognition framework is presented for gender

classification. Table 5.5 shows the performance of the proposed technique on gender recognition.

Table 5.5. Performance on Gender Recognition

Metrics Accuracy | Sensitivity | Specificity
Dataset Before 3D Face Restoration

Bosphorus 81.0 91.2 68.6
UMBDB 69.5 85.6 48.2
KinectFaceDB 77.4 89.4 65.5

After 3D Face Restoration

Bosphorus 89.8 92.6 78.4
UMBDB 80.7 86.9 70.3
KinectFaceDB 85.6 86.1 73.7

It can be seen from Table 5.6 that the increase in accuracy, sensitivity, and specificity is consistent
for all three datasets after 3D face restoration. There is 8-11% increase in gender recognition
accuracy for all three datasets. The best accuracy for gender recognition after restoration is 89.8%
for Bosphorus dataset. There is 1-3% increase in sensitivity and 20% increase in specificity after
3D face restoration for UMBDB dataset.

5.4.3 Emotion Recognition

This sub-section deals with prediction of the proposed framework for emotion recognition. Table

5.6 presents the different classification of emotions for all three datasets.
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Table 5.6. Classification of Emotions

Dataset #Classes Types

Bosphorus 7 Anger, Disgust, Fear, Happy, Neutral, Sadness, Surprise
UMBDB 5 Anger, Disgust, Happy, Neutral, Sadness
KinectFaceDB 3 Happy, Neutral, Surprise

Table 5.7 presents the performance of the proposed technique for prediction of emotion

recognition. Notably, the accuracy, sensitivity, and specificity are improved after 3D face

restoration. There is a 10% increase in emotion recognition for Bosphorus dataset to reach 93.5%

after face restoration. In terms of sensitivity, the values achieved are an increase of 3% after 3D

face restoration. For specificity, the rise is between 11-14% after 3D face restoration.

Table 5.7. Performance on Emotion Recognition

Metrics Accuracy | Sensitivity | Specificity
Dataset Before 3D Face Restoration

Bosphorus 83.3 91.1 65.8
UMBDB 77.2 84.7 57.3
KinectFaceDB 80.9 86.9 61.4

After 3D Face Restoration

Bosphorus 93.5 94.5 79.2
UMBDB 84.2 87.1 69.1
KinectFaceDB 87.8 91.6 12.7

5.4.4 Occlusion Recognition

There are two types of occlusions namely, Internal Occlusion, and External Occlusion. Internal

occlusions are those occlusions, which are due to the person’s own body parts or posing. External

occlusions are those occlusions, which are not body part. It might be some object or other person

blocking the view. Table 5.8 presents all the internal and external occlusions available in the three

datasets.
Table 5.8. Classification of Internal and External Occlusion
Dataset Internal Occlusion External Occlusion
Bosphorus Hair, Mouth, Eye, Yaw Rotation Glass
UMBDB Hair, Glass, Mouth, Yaw Rotation Cloth, Paper, Cigarette, Bottle

KinectFaceDB

Mouth, Eye, Yaw Rotation Paper

Table 5.9 presents the performance metrics for internal and external occlusion recognition.

Notably, the accuracy, sensitivity, and specificity are improved after 3D face restoration for all
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three datasets. The highest accuracy is achieved for Bosphorus dataset with 94.2%, and the lowest
is 85.8% for UMBDB dataset. A rise of 3-8% is seen in sensitivity after the restoration for

occlusion recognition. A rise of 2-9% is seen in specificity after 3D face restoration.

Table 5.9. Performance on Occlusion Recognition

Metrics Accuracy ‘ Sensitivity | Specificity
Dataset Before 3D Face Restoration

Bosphorus 90.5 94.7 78.2
UMBDB 77.8 85.2 65.9
KinectFaceDB 82.7 89.3 75.4

After 3D Face Restoration

Bosphorus 94.2 97.3 80.6
UMBDB 85.8 93.9 74.6
KinectFaceDB 90.6 95.1 79.3

5.5 Summary

In this chapter, 3D landmark-based face restoration is proposed for face recognition. The proposed
technique utilizes the concept of Variational Autoencoders (VAE), triplet loss, and support vector
machine (SVM). Support vector machine achieves the final classification of faces. Medium
gaussian SVM is used for prediction model after the deep learning phase. VAE produces optimised
deep features from the restored landmarks. Triplet loss is used for enhanced embedding. The
proposed approach has been compared with three recently developed approaches over three well-
known datasets. The experimental results reveal that the proposed approach attained an 8-10%
improvement over the existing techniques. The computation time obtained from the proposed
approach is approximately 50% faster than the other techniques. Further, in ablation studies, the
performance of the proposed model is tested for occluded versus non-occluded faces, gender,
emotion, and occlusion recognition. The experimental results reveal that the proposed technique

is able to recognize the occluded face with gender classification.
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6.

Conclusions and Future Scope

In this chapter, the outcomes of each chapter have been highlighted. The future scope of the

presented work has also been discussed.

6.1

Conclusions

With the advent of deep learning and the current COVID-19 pandemic times, there is a need of

contact-less high-quality biometrics system that can handle the requirements. Face recognition is

one of the no-physical-contact biometric system. 3D face recognition system has been worked up

on since more than a decade now. A lot of research using deep learning has been done for 3D face

reconstruction, designing facial caricatures, facial puppetry, face re-enactment, the virtual 3D

makeup invariant of facial expressions, and face aging. The contribution of this thesis are follows:

3D face recognition is one of an effective contactless method of biometric recognition.
Face recognition using mesh images, RGB-D, voxels, or the point cloud images comes
under the category of 3D face recognition. There were multiple challenges in 2D face
recognition viz. illumination, occlusion, make-up, etc. The face reconstruction problem
solves the problem of incomplete information about face and enriches the model with more
information.

From the existing literature, it has been found that the 3D face restoration techniques are
still a challenging research area due to non-availability of large 3D public face datasets and
practical constraints of high power GPU requirements for processing millions of 3D faces
in an economical way. Most techniques are using 3D images as 2D image with time or
annotated 2D face. Some of the techniques are using depth images which are 2.5D images
and not purely 3D. These techniques suffer from low quality face generation when
restoration is applied. The facial details are missing such as texture and shape. The major
drawbacks of the existing 3D face reconstruction techniques are that very few approaches
have been built using 3D images. Another drawback is the lack of publicly available 3D
face dataset with millions of 3D faces using voxel, mesh, or RGB-D image gives the

benchmark of 3D face recognition and reconstruction a scope of improvement over the
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coming years.

To overcome this problem, a novel technique for voxel-based 3D occlusion-invariant face
recognition using game theory and simulated annealing has been proposed. The proposed
technique is capable of achieving better results in minimum time. The adversarial triplet
loss was used to train the model based on generator and discriminator. This technique is
one of the first to use generative model on voxels. The 3D face recognition system has the
capabilities to handle occlusion-invariance. Tthe overall classification accuracy obtained
from voxel-based facial recognition is 86.1%. For occlusion invariant facial recognition,
the average accuracy generated by the proposed technique is 75.5%. In the case of facial
recognition using 3D landmarks, the average accuracy achieved from the given
methodology is 81.3%. In the case of 3D mesh face recognition, the average precision
achieved from the methodology is 83.9%. Adversarial generation technique for triplet
generation promotes minimal bias. The technique coupled with simulated annealing allows
the proposed system to be resilient in a variety of areas using voxels. The drawback of the
technique is that it is not an end-to-end deep learning technique. The process involves a
pipeline of multiple techniques which increases the overall complexity of the model at
training time.

A novel technique for voxel-based 3D face reconstruction using sequential deep learning
has been developed. The conversion of the mesh based 3D image to voxelized form is done.
The voxels were further used to recover the missing voxel information using the mirroring
technique. The pipeline for 3D face recognition is the recovered 3D face voxels were
converted to deep feature embeddings by passing them through variational autoencoders,
bidirectional long short term memory, and finally the triplet loss training for getting the
desired classification. In the ablation studies, various experimentations have been
performed for gender recognition, emotion recognition, occlusion recognition, and finally
the face recognition. In terms of gender identification, the accuracy is greater than
90% following restoration for all three datasets due to binary classification. In emotional
identification, the accuracy for Bosphorus dataset is 94.57% after restoration as compared
to 83.95% before restoration, i.e., 10.62% improvement in accuracy. In the case of
University of Milano Bicocca 3D face database and Kinect Face database, there is a rise of
14.9% and 12.49%. In occlusion classification, there is a rise of 4.07%, 4.82%, and 7.05%
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6.2

for Bosphorus, University of Milano Bicocca 3D face database, and Kinect Face databases,
respectively. The precision of the proposed architecture (3DVFR) is state-of-the-art with
90.01% in 3D face recognition using Bosphorus dataset voxels. In the case of University
of Milano Bicocca 3D face database and Kinect Face database, the performance of the
facial recognition is 78.21% and 85.68%, respectively. The limitation of the approach is
the scalability problem. This technique has been tested on datasets having less than 5K
images in each. If the same technique is tested on 1.8M image 4DFAB dataset, there will
be a need of hyper-parameter in case of deep learning based models. Ensembling technique
has been applied in the model, which increases the time complexity of the model resulting
in need of more resources.

A novel technique based on the 3D landmark-based face restoration technique using the
variational autoencoders and triplet loss training has been proposed. The 3D facial
landmarks were used for building the reconstruction technique based on mirroring
technique and mid-face plane. The experimental findings indicate that the proposed method
obtained an 8-10 % increase over the current techniques. The computation period derived
from the proposed method is roughly 50% quicker than the other approaches. Furthermore,
in ablation experiments, the efficiency of the proposed model is checked for occluded
versus non-occluded faces, gender, emotion, and occlusion type recognition. The limitation
of this technique is that it will not be able to generated a high-quality textured 3D face
image. This technique depends on the accurate labelling of the 3D facial landmarks
manually or automatically. This technique is a pipeline based technique and not an end-to-
end deep learning technique which results in higher time complexity of the model while

training.

Comparison of Proposed Techniques

In this section, the comparison of the proposed techniques [87], [146], [147] of Chapter 3, 4, and

5 have been done in Table 6.1.
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Table 6.1. Detailed comparison of proposed techniques

Year Author Approaches/Models Pros Cons
Deep learning End to end deep learning
Sharma and | process, game-theory technique. .
2020 Kumar [146] | based generator and Occlusion invariant Not tested for being scalable.
discriminator reconstruction is done.
Mirroring technique is faster for
Variational reconstrucyon as compared  to Preprocessing does not include
sh d d bi deep learning-based methods. facial ali
2020 arma and | autoencoder,  bi- |_ The preprocessing acial alignment.
Kumar [87] | LSTM, and triplet . 2" 1. Technique has not been tested
L reconstruction, and verification .
loss train-ing . . - on a big dataset of 3D faces.
time are faster in computation as
compared to state-of-the-art.
_ - Landmarks based reconstruction |-  Face alignment is missing.
Variational . '
2021 Sharma and autoencoders  and is faster as compgred to mesh- | - Deep Iearnmg_ model can b_e
Kumar [147] triplet l0ss trainin based reconstruction using the trained better if the dataset is
P g mirroring technique. huge.
6.3 Future Scope

The present work is the use of 3D face reconstruction for face recognition, emotion, gender, and

occlusion recognition. Some directions with regard to the future work are documented below:

This work can be extended for 4D face recognition, by adding the time factor into the
datasets. A dataset namely, 4ADFAB has already been generated by Imperial College
London. This dataset was launched in CVPR 2018, and it has still not been made public.
3D face reconstruction can also be helpful in 3D animation movies, especially in the
augmented as well as virtual reality based environments.

The lip reconstruction as well as face swapping for 3D images can be utilized for 3D face
recognition and reconstruction techniques.

The generative adversarial networks can be used for reconstruction of 3D faces based on
the available facial data in mesh, voxel, point cloud, or RGB-D format.

The proposed techniques in the thesis namely, V3DOFR, 3DVFR, and 3DLFR can be
extended for 4D face recognition and reconstruction.
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