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Abstract

Face verification has become a pioneer in the field of computer vision, due to the high demand
and for protection, security and access control for public place such as airports, banks and
departments. From facial verification we get to check the kinship, and the goal of the latter is to
identify the relationship of genetic relatives or non-relative based on the image features. In recent
years, several ways to investigate this problem have been suggested using computer vision and
machine learning, including LPQ. We are gradually developing an effective methodology for
facial trait extraction called LPQ descriptor. In fact, we have studied the use of CNNderived
neural networks and superficial characteristics using our proposed technique based on property
extraction, using TQXDA technology. Through the results obtained in our experiments, our
method excels in the Cornell Kinface database and is satisfactory at TS-Kinface.

Key words:Kinship verification, Deep Learning, LPQ, TXQDA, computer vision.

Résumeé

La vérification faciale est devenue un pionnier dans le domaine de la vision par ordinateur, en
raison de le forte et croissante demande de protection, de sécurité et de controle de ’accés pour
les lieux publics tels que les aéroports, les banques et les départements. De la vérification faciale,
nous obtenons de vérifier la parenté et le but de ce dernier est d’identifier la relation de parents
génétiques ou non-parents en fonction de la fonction d’image. Au cours des derniéres années, de
nombreuses facons d’étudier ce probléme ont été suggérées a 1’aide de la vision par ordinateur et
de D’apprentissage automatique, y compris le LPQ.Nous développons progressivement une
méthodologie efficace pour I’éxtraction des traits du visage appelés LPQ descriptor . on fait
effectivement étudié 1’utilisation des propriétés profondes estraites par VGGFace et les
caractéristiques superficielles en utilisant notre méthodologie proposée basée sur 1’extraction des
propriétés ,en utilisant TXQDA through les résultats obtenus dans nos expérience,nous trouvons
que notre méthodologie supasse la base de données CornellKinface et est satisfaisante dans la
deuxiéme base TS-Kinface.

Mots-clés :vérification de la parenté, apprentissage profond, LPQ, vision d’ordinateur, TXQDA.
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General Introduction

The face is the most important source of identification and similarity between them

because it contains much information such as gender, age, expression, race, etc. Through facial
features we can know the person and his behaviors. It also helps us identify the relationships of

relatives between individuals as a useful sign of genetic similarity.

For this purpose, facial analysis received great importance and attracted many researchers,
especially in recent years and became the subject of an intensive investigation where it was
studied extensively for many tasks including kinship verification, which means the ability to
automatically verify whether two people are from the same family or not. Humans can do this job
very easily and very well. As their ability to recognize kinship in the face image of known people
and comment on who these people are or even if these images are unfamiliar faces, but it is quite
different in the science of programming and computer vision it is a difficult problem to
implement and this is due to the differences in the circumstances of the image taken in
uncensored positions and without any restrictions for example position, expression, lighting,

background blockage as well as partial.

In a relationship of kinship four different types are considered: father and son, father and
daughter, mother and son, mother and daughter. The relationship between them is automatically
detected through their faces using computer vision algorithms and techniques. It is considered a
two-classification model meaning the image of a pair of faces that is either related to kinship or

not.

Automatic kinship verification also deals with the facial image of individuals of different
races and ages where the characteristics of the marital faces can be similar to people who do not
have any kinship, while large differences appear for people from the same family. These
differences and challenges make it difficult to establish and verify kinship, and this problem has
important applications, including social media, family album organization, finding missing

children, entertainment, etc.

On the other hand, multilinear transformations which are extensions of linear transformations to

high order tensors representation, offer a powerful and natural way of data representation.In this
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work, we tackle the problem of face pair matching based on tensor representation of face data in

the context of weakly labeled training data. The main contributions of this paper are:

1. We have proposed the LPQ method to solve the problem of expression variation which is
constructed to retain an image in the local invariant formation to artifacts generated by
different forms of blur.

2. So that we can distinguish samples in used data sets, we use the new approach Tensor

cross-view Quadratic Discriminant Analysis (TXQDA).

3. We use LR to integrate the best features of LPQ and VGGFace to make the best use of
these features.

4. Using the Cornell kinface and TS-Kinface database, the proposed LPQ and VGGFace
methods are compared and fusion integration assessment is assessed based on the
proposed TXQDA approach .our method has proven that it can provide high performance

in verifying kinship.

The rest of this manuscript is organized as follows. In chapter 1, we presents an introduction and
general description of face kinship verification systems and their challenges. In chapter 2, we
describes the different steps of kinship verification as well as the existing methods and
algorithms. In chapter3, the proposed face matching approach is presented with the details of
experimental evaluation, results and analysis. Finally, conclusion and future work are given in the

end of the manuscript.



CHAPTER 1 Introduction and general
description

1.1 Introduction
Face detection is very important in the computer field, whether it is facial recognition or
checking for kinship, which is a difficult problem due to difference in facial image, such as
illumination variations, facial expressions, accuracy, etc. Despite this, it has a wide scope of

application and an important research value in many fields.

| this chapter, we organize a discussion to develop a robust kinship verification system. where we
will summarize in the following section, the relationship with face verification in section 2. In
section 3, we talk about the application of kinship verification, in section 4 we present the main
challenges of kinship verification systems and finally we provide data to represent dimensions
and drivers.

1.2 Relationship with Face Verification

The face is a dynamic approach to human identification, and it is the most important component
that people use to get to know each other and it is the key to identifying and verifying kinship.
Facial verification as the most common application is security and monitoring by government
agencies has proven its position as a broad field of research in solving many problems Social
using algorithms[1][2].
With the help of a facial image, it is possible to verify the pair's proximity to the persons in the
image and the motivation for verification is the results that demonstrate that individuals who have
some genetic relationship have certain similarities in the appearance of their faces.
Face verification is often described as a process that first involves four steps, they are: face
detection, face alignment, feature extraction, and face recognition.

e Face detection: locate one or more faces in the image and mark with a bounding box.

e Face alignment: normalize the face to be consisted with the database, such as geometry

and photometrics.
o Face extraction: extract features from the face that can be used for the recognition task.
e Face recognition: perform matching of the face against one or more know face in a

prepared database[3].
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The Kinship verification process seems to be similar to the process of face verification, but they
are actually different although they share common factors.Tablel.1 represents the difference

between kinship and face verification system.

Facial Verification Kinshipverification

Extract features from same person Extract features from different person

Verify or identity Verify the relationships
Same trait of query imagel and query Different trait of query imagel
image?2 andquery image 2
Heightlevel system Highestlevel system
The most common application is the Studying the biological

security, monitoring and extensively by  relationshipand utilizes by people

government a agencies and lessby government agencies
In decision stage Matched or not In decision stage Kin or not kin
matched

Performance of the machine is very
roughly as accurate as human. Accuracyis not satisfactory

Tablel.l: Difference between kinship and face verification system[4].
1.3 Application of kinship verification
Kinship verification is the determination of whether or not persons in the picture have the same
kinship .This is done between people who have a common group in heredity and also tend to be
family members of another person in the picture. With the development of technology in social
media, facial recognition is used to organize billions of photos automatically using a system,
when relationships between people are recognized and then verifies kinship using technique face
recognition, it is possible to create a family tree automatically from this network community.
Despite, many convincing experimental results that have already been published in the past years;
verification of kinship remains a prominent problem of exploration. Human facial expressions
and degrees of illumination, as well as the situation (eye, nose and mouth), reinforce the

complexity of the problem of checking for kinship because each of the aforementioned elements
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leads to the development of a facial image that in turn produces many features. Most methods of
kinship verification focus on the mother's daughter (MD), the daughter of the father (FD), the
mother son (MS) along with the father and son associations (FS). This process is categorized
based on two unique categories, meaning "same closest” or "different relatives"[5].

The following figure shows the verification of kinship and its identification, where passage is
made in three stages. Firstly, if there is a similarity between the query image and the member (s)

present in the image, or if it is found, it is actually seen whether there is a relationship between

them and from here the type of that relationship is determined.

e
g m
Y “J

Verification Phase

Recognition Phase <—|

Fig.1.1 Flowchart to understand kinship verification and identification.

Verifying kinship from facial images is a difficult problem in pattern recognition, and has many
potential real-world applications including social media and family aloum organization, finding
missing children and entertainment.
1.3.1. Social media and family album organization

With the development of technology in social media such as smartphones, Google and
Facebook, it can be used in the facial recognition system to automatically organize many photos
and then verify the kinship, so identifying the relationships between people, enables us to

automatically create a family tree from this network community.

1.3.2. Finding missing children

Find missing children is an important kinship check app. We know very well that a

Deoxyribonucleic Acid (DNA) is the most accurate test to verify family kinship, but it is
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restricted in some applications, unlike facial verification which is convenient and very low cost.
For example, if we want to find a child missing from thousands of children, it is difficult for us to
use a DNA test. Facial photos we can quickly identify and verify some potential candidates their
relationship. After that, a DNA test is applied to get the accurate search result.

1.3.3. Entertainment

Make-up artists who specialize in transforming the face add effects to the face of the
actors who require similarities between them. This enables them to benefit from building specific
models of people, age and relatives. These effects are not limited to movies but have been applied

on a large scale[4].

1.4 Principals challenges of kinship verification systems

In order to verify kinship we face four main challenges, age gap, gender differences,
poses, illumination and expression variations and hierarchy in kinship verification ,which will be
explained in the following:

1.4.1. Age gape

When verifying the members of a generation, we find that there is a large age gap between
the spouses of relatives. The great age variation between parents and children, especially due to
aging and the appearance of signs of aging, leads to large differences that negatively affect the
composition between the two faces and then delay the calculation process Kinship[6].
In order to reduce the large age gap between older parents and their young children, the image of
elderly parents when they were young was exploited and matched with pictures of their children.
However; despite all the continuous changes that occur to the individual over time, from the

complexities of facial features and the like, humans can easily recognize a person[7].

Fig.1.2 Changes in facial features over time[8].
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1.4.2. Gender Differences
Gender is an important variable in verifying kinship, and it is a major disagreement
between the kin pair, especially between mother and son, and between father and daughter, where

we find it difficult to prove kinship, as shown in the figure below[6].

(a)Daughter-Father(b)Son-Mother
Fig.1.3 Gender different.

However; there is a note that must be taken into consideration, which is that the accuracy rate is
high for the same gender, for example, as a father and his son or mother and daughter, this result

motivates us to identify the features that distinguish the differences, the following figure explains

w— = .

- = = <3

=

= E=EIE
2

(c)Father-Sun (d) Mother-Daughter.
Fig.1.4 Same gender[9].

more[7].

1.4.3. Poses, illumination and expression variation
Poses, illumination and expression variationare among the main problems hindering face analysis

and making the face recognition system weak,we explain them as follows:

e Poses: The image captured and viewed in the first stage allows us to correct for any
rotation in the image plane[10] .The distances between facial features can also be changed
through the face recognition feature. If the position of the face in the image differs greatly

from the previously recorded faces, the performance features and recognition systems are



Chapter 1 Introduction and general description

greatly reduced. The difference in degrees of oblique rotation causes many changes in the

captured image. The Figure 1.5 shows changing positions.

Fig.1.5 Changing of poses.

IHlumination: When taking any photo in our real life, there can be differences in lighting
that change from dark to very bright depending on the light source and the source
direction i.e. with different indoor and outdoor environments. One of the most important
problems with face recognition is changing lighting and one of the biggest challenges in
face recognition systems; this reduces the performance of the system.

In order to record the lighting effect, 20 photos were taken, one without flash, and 18
photos with each flash fired within 0.7 seconds[10].

Below we show all the photos taken in the front view. It is observed that the difference in
lighting makes us face a huge challenge in checking the face because there are shadows
around the nose, eyes, etc. which cause distortion of the displayed image. Therefore,
facial contouring in an unsupervised environment remains an open area of research.

Figure 1.6 represents the luminance contrast.
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e Expression variation: Various facial expressions such as sadness, smiling, laughter,
closed eyes, and a natural face are captured., It was found that changes in only a specific
area of the face, and not the entire image, are expressions mainly limited to certain areas
of the face[11].As long as facial expressions are reasonable, they do not affect the
recognition algorithms significantly. However, it leads to a significant deterioration in the
performance of automatic facial recognition in extreme cases, for example closing or
narrowing the eyes completely, or if there are significant mouth distortions (such as

screaming).

Fig.1.7 Example of the Variation facial expressions.

There are other types of difficulties that must be taken into account and not ignored in the face
recognition system; among these problems we find for example occlusions, obstacles, beards,

mustaches, identical twins, surgeries, scarves and glasses.

1.5 Hierarchy in Kinship Verification

The kinship consists of the father, the mother, and their children, but this does not prevent us
from finding similarity in the face if we expand in the family tree, whether in width or height
(such as grandparents, nephews and cousins).

The problem of verifying the kinship of individuals increases as we move away from the
immediate children, which leads us to study only the family tree hierarchy in order to set the

performance of the automatic kinship verification algorithm[6].

m—— m— . N . W —
r .
& vl B4 = v
r ¢ - | /
. k- 2 L& L=
| ' i A D
e B . o' ﬂl F g
» - ; —~y ‘_'? | IS
. == =, e | y, @\ Y
Brother Brother Father Father Mather Mother Sigter
Brother Sistar Daughter San Son Daughter Sister

Fig.1.8 Hierarchical representation learning for kinship verification.
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Chapter 1 Introduction and general description

1.6 Multidimensional representation of data and tensors for face matching

Generally, the face image, which is a matrix of m by n pixels, is considered as a 1-D
feature vector of size m X n. Unfortunately, the image vectorization process implies losing the

pixels’ location information [12]. More recently, much attention was given to multilinear
subspace approaches based on tensor analysis of data in high dimensional spaces[13]. These
approaches allow the preservation of the essential face structure information[12]. Multilinear
transformations tend to analyze the multifactor structure of face image sets through a number n of
different indexes, which defines the order of the tensor. The traditional linear subspace methods,
such as Principal Component Analysis (PCA) and Linear Discriminant Analysis(LDA), are
extended to Multilinear PCA (MPCA)[12] and Multilinear Discriminant Analysis (MDA)[14]
allowing the mathematical manipulation of tensors. The high order tensors (i.e., n _ 2) are a
natural way for representing the set of face images without breaking the original structure and

correlation of data[15]. Tensor-based face representation examples are depicted in Figure. 1.9,

Fig.1.9 lllustration of a face image representation with different tensor orders. (a) Represents the
face by vectorization of the pixel labels; (b) represents the face using a single local
descriptor as a matrix; and (c) is a 3rd -order tensor representation of the face using a
number of different local descriptors.

1.7 Conclusion

In this chapter, we dealt with the relationship of proof of kinship to the validation of the face
and its applications for the purposes of research and development and evaluation of mathematical
models in determining them and extracting the characteristics of family kinship automatically.
We also touched upon the main challenges of the kinship verification systems, and finally we

talked about the multi-dimensional data and tension.



CHAPTER 2kinship verification systems,
algorithms and methods

2.1 Introduction

The relation of relatives is a scared relationship and one of the most important and
simple human social relations that cannot be disturbed, the accuracy and honesty of a relationship
of kinship is not easy and needs to be focused purely. Verification of kinship is an emerging task
in the computer vision and a problem that can’t be solved only using the simple methods of
verification existing i.e. facial verification, and this is what we will address in this chapter, we

will talk about everything surrounding the kinship verification methods, systems, principals and

its algorithms.

2.2 Deep learning in face verification

In 2020, people benefit from artificial intelligence every day: music recommender
systems, Google maps, Uber, and many more applications are powered with artificial intelligence
(Al). However, the confusion between the terms artificial intelligence, machine learning (ML),
and deep learning remains (DL). One of popular Google search requests goes as follows: “are
artificial intelligence and machine learning the same thing?”

» Artificial intelligence: is a science like mathematics or biology. It studies ways to
build intelligent programs and machines that can creatively solve problems, which
has always been considered a human prerogative.

» Machine learning: is a subset of artificial intelligence (Al) that provides systems
the ability to automatically learn and improve from experience without being
explicitly programmed. In ML, there are different algorithms (e.g. neural
networks) that help to solve problems.

> Deep learning: or deep neural learning, is a subset of machine learning, which
uses the neural networks to analyze different factors with a structure that is similar
to the human neural system.

Figure 2.1 illustrates the relation between Al, ML and DL.
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Machine Learning:A technique by
which a computercan "learn" from data,
withoutusing a complex set of
differentrules. This approach is mainly
based on training a model from datasets

Deep Learning: A technique
to perform machine
learninginspired by our

hrain'enwwmn natwinrls

Fig.2.1 Relation between Al, ML and DL.

2.2.1. Artificial Intelligence

The technological revolution has developed qualitatively and rapidly in the field of information
technologies, especially with the twentieth century, led to the emergence of new applications and
programs characterized by diversity and continuous innovation, which increased the intensity of
competition on the global market, the modern applications of information technologies recently
turned to the use of artificial intelligence and smart systems in most fields, which led to the
highlighting of the basic concepts of artificial intelligence and knowledge of its characteristics.
Its objectives, as well as the identification of intelligent systems (expert systems, neural
networks, algorithms systems).It has its roots in mathematics through the fields of: computation,

logic, probability theory, and algebra under the hands of the Arabian scientist “‘Al-Khwarizmi
[16][17].
Its beginnings were in the conference held at Dart Mouth University in 1956[16][17]under the

suggestion of John McCarthy to use the term artificial intelligence to describe computers with the
ability to perform the functions of the human mind .Therefore, artificial intelligence systems

include all individuals, procedures and physical parts of the computer ,software, data and
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knowledge .Required for the development and development of automated computer systems and

equipment that show the characteristics of intelligence.

What’s exactly the artificial intelligence? It is a branch of computer science that enables us to
create and design computer programs that mimic the style of human intelligence so that the
computer can perform some tasks instead of human, but as the American scientist John McCarthy

has known is the science and engineering of the manufacture of smart machines.

Al aims for creating systems that are able to think and act like humans and also have the ability to
think and act rationally, can repeat the human intelligence, in addition to all of this goals Al do an
intelligent connection between perception and action. In the following you find some examples of
the applications of Al: Game playing, Speech and face recognition, understanding natural

language, computer vision, expert systems and neural network.

2.2.2. Machine learning

It’s an artificial intelligence technology that enables computers to learn without being properly

programmed to do and to handle tasks that only people have done till now.

Those systems are used all around us to recommend which product you might want, in other
way, the machine learning objective is to design methods that automatically perform learning
without explicit definition of rules or logic by the human, using observations of the real world
(Training data).Machine learning is generally split into Four main types are: Supervised,
unsupervised, supervised and Reinforcement learning. The Figure 2.2 shows the different
technigues of machine

learning and their required data.

Machine Learning Technigques

k///\‘x_

Supervised Unsupervised Semisupervised Reinforclem ent
Learning Learning Learmning Learning
Concerned Concerned with Concerned with
with classified unclassified mixture of classified No data
(labeled’) data (unlabeled) data and unclassified data

Fig.2.2 Different techniques of machine learning and their required data.
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2.2.2.1 Supervised Learning

This approach basically teaches machines, its function approaches the mapping function F
(x) that has a specific (known) input X and is able to predict from output variables Y where it is
able to distinguish and recognize the input data because it has previously trained these systems
with massive amounts of disaggregated data. To master a task. Due to its superior performance
compared to other countermeasures, the majority of machine learning methods are currently

supervised learning methods[18].

2.2.2.2Unsupervised Learning

On the other hand, we find unsupervised learning in which only X input data is found,
where it takes over algorithms to identify patterns in the data, in an attempt to identify similarities
that divide that data into categories. Unlike supervised learning, unsupervised learning has no real

outcomes, and there is no teacher, where assembly is a way of learning, such as hierarchy[18].

2.2.2.3 Semi-supervised Learning

As the name suggests, it is a combination of supervised and unsupervised learning that uses
this type of learning when a large set of input data is available and only some data is classified,

including a small, classified amount and a large amount of untagged system training.

This technique is partly trained by the automated learning model by classified data and then this

partial model is used to label untagged data called pseudo-labeling[18].

2.2.2.4 Reinforcement Learning

The reinforcement learning method aims at using observations gathered from the interaction
with the environment to take actions that would maximize the reward or minimize the risk.In
order to produce intelligent programs (also called agents), reinforcement learning goes through

the following steps:

1) Input state is observed by the agent.

2) Decision making function is used to make the agent perform an action.

3) After the action is performed, the agent receives reward or reinforcement from the
environment.

4) The state-action pair information about the reward is stored.

12
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Using the stored information, policy for particular state in terms of action can be fine-tuned, thus

helping in optimal decision making for our agent[18].

2.2.3. Deep learning

Since 2006, deep structured learning, or more commonly called deep learning or
hierarchical learning, has emerged as a new area of machine learning research[19, 20]. Deep is
adjective in deep learning which inspired from the use of multiple layers in the network. So we
can define deep learning as a part of a wider family of machine learning methods based on
artificial neural network.Deep Learning architectures are constructed with layer-by-layer

methods, this one would help to choose features that improve performance.

Definition: Deep Learning is a class of machine learning techniques, where many layers of
information processing stages in hierarchical supervised architectures are exploited for
unsupervised feature learning and for pattern analysis/classification. The essence of deep learning
is to compute hierarchical features or representations of the observational data, where the higher-
level features or factors are defined from lower-level ones. The families of deep learning methods
have been growing increasingly richer, encompassing those of neural networks, hierarchical
probabilistic models, and a variety of unsupervised and supervised feature learning
algorithms[21].

2.2.3.1 Deep Neural Networks

We call a network which consist of too many layers (multilayers) a DNN Deep neural
network .Those layers are hidden and fully connected and are often (although not always)
initialized using either an unsupervised or a supervised pretraining technique [21].The
information in this network moves in only one direction forward, from the input nodes, through
the hidden nodes (if any) and to the output nodes. There are no cycles or loops in the network.
Each neuron in one layer has direct connections to the neurons in the subsequent layers. It

contains an input layer, a number of hidden layers and an output layer [22].

That network has many types, each one depending on the task is used for... below we

review some of the most common types of DNNS.
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2.2.3.2 Recurrent Neural Networks RNN
The Recurrent Neural Network (RNNs) [23]is a type of network, use sequential

information and perform the same task for each element of a sequence that’s why they called
recurrent, the output being dependent on previous calculations. Another way of thinking about
RNNSs is that they have a "memory" that captures information about what has been calculated so
far. In theory, RNNs can use information in arbitrarily long sequences, but in practice they are

limited to looking only a few steps back[24]. Here is what a typical RNN looks like:

Fig.2.3 The basic architecture of an RNN.

Rather than learning the posterior over y given single input vector X, RNNs learn the posterior
given a sequence X, X,, ..., Xrand are more informative for sequences. The basic architecture of
RNNSs [25]contains the hidden layer h, at time t that has the feed-forward input X, and recurrent
input X7_1[26] .

he = f(W/X; + WTh,_y + b) (2.1)

Where W/ is the weight matrix for feed-forward input and W™ for recurrent input.b is the basis

vector and h; is the output of hidden units.

2.2.3.3 Auto Encoders "AEs"

Auto-encoders are a family of neural network models composed of two parts:

Encoder: is the part of the network which compresses the input into a latent-space representation

that can be represented by an encoding function z = f(x).
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Decoder: Reconstruct the input from the latent space representation, that part can be

represented by a decoding function y = g(z).

AE are used to learn efficient data encoding in an unsupervised manner by compressing the
input data into a latent-space representation, then reconstructing the output (usually the input and
the output are the same) from this representation[27].Figure 2.4 demonstrate the architecture of a
simple AE model. Usually the Auto-encoders are trained by minimizing the reconstruction
error,L(x, X), which measures the deference between our original input x and the consequent
reconstruction X.in many applications the mean square error and mean absolute deviation are

popular choices for the reconstruction loss.

Origmal mage Latent Bepresentztion Eeconstructad Output
]
E-——8 :
) X

Fig.2.4 Architecture of a standard Auto-Encoder Model.
2.2.3.4 Deep Belief Networks DBN

Deep belief network are Probabilistic generative models composed of multiple layers of
stochastic, hidden variables. Which consist of many restricted Boltzmann machines (RBMs), they
constitute an input layer x (also known as visible layer) and a hidden layer .RBMs is similar with
the structure of SAEs, as shown in Figure2.5[21].

In DBN the top two layers have undirected, symmetric connections between them. The lower

layers receive top-down, directed connections from the layer above[28].

Hidden laver 3

[ Hidden layer 2 j

|

[ Hidden laver 1 j

( Wisible laver (observed) )

Fig.2.5 DBN architecture.
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2.2.4. Convolutional Neural Network (CNN)

Convolutional networks, also known as convolutional neural networks or CNNs ,was
initially proposed by Fukushima in a seminal paper, called "Neocognitron"[29],are a specialized
kind of neural network for processing data that has a known, grid-like topology. Convolutional
networks have been tremendously successful in practical applications. The name "convolutional
neural network" indicates that the network employs a mathematical operation called convolution,
Convolution is a specialized kind of linear operation. Convolutional networks are simply neural
networks that use convolution in place of general matrix multiplication in at least one of their

layers[28].

CNN has been one of the most successful and widely used architectures in deep learning

community (especially for computer vision tasks)[27].
e Architecture of CNNs

Yann Lecun and colleagues developed an optimization framework (based on back propagation)
to efficiently learn the model weights for a CNN architecture[30].CNNs mainly consist of three
types of layers are convolutional layers, pooling layers and fully-connected layers. When these
layers are stacked, CNN architecture has been formed. A simplified CNN architecture is

illustrated in Figure 2.6.
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Convolution Layer Fully-Connected Layer
B C: F1

" preprocessin,

Fig.2.6 The basic architecture of a CNN.

e Convolutional layers

As the name implies, the convolutional layer plays a vital role in how CNNs operate. The layers

parameters focus around the use of learnable kernels.
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These kernels are usually small in spatial dimensionality, but spreads along the entirety of the
depth of the input. When the data hits a convolutional layer, the layer convolves each filter across

the spatial dimensionality of the input to produce a 2D activation map.

As we glide through the input, the scalar product is calculated for each value in that kernel. From
Figure 2.7 below, the network will learn kernels that "fire" when they see a specific feature at a

given spatial position of the input. These are commonly known as activations

Every kernel will have a corresponding activation map, of which will be stacked along the depth

dimension to form the full output volume from the convolutional layer[31].

Input Ve tor

o o o [ o o Pooled Vector Kemel Destination Pixel

a 1 2 1 1 2

(] o o e 0 o
a ] 1 ] 1 1

(] 1 2 (i} 0 o - -8

1 0 (1] 0 (1] L]

o 1 ] o a -—
0 (1} 1 1 1 Lh]

(4] ] 1 ] 1 1

Fig.2.7 A visual representation of a convolutional layer. The center element of the kernel is
placed over the input vector, of which is then calculated and replaced with a weighted
sum of itself and any nearby pixels.

e Pooling Layer

Pooling layers aim to gradually reduce the dimensionality of the representation, and thus

further reduce the number of parameters and the computational complexity of the model[31].

A pooling layer operates on blocks of the input feature map and combines the feature activations.

This combination operation is defined by a pooling function such as the average or the max[32].

The main idea of pooling is down-sampling in order to reduce the complexity for further

layers[33].
e Maximum Pooling and Average Pooling

Pooling operators are deterministic, typically calculating either the maximum or the
average value of the elements in the pooling window. These operations are called maximum
pooling (max pooling for short) and average pooling, respectively[34].The essential idea behind
max pooling and average pooling is to break up each feature map into equally sized tiles. Then

we create a condensed feature map. Specifically, we create a cell for each tile, compute the
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maximum or the average value in the tile, and propagate this maximum or average value into the

corresponding cell of the condensed feature map[35].

The figure below is composed of a histogram which can define the average and max pooling

operations.
Average pooling (input array) Max pooling (input array)
0 ol 2 0 102 22
R L (B RSP 5 a2
2 g |9 20 e I R
8 8 |30 108 85 & | 30 108
Pool 2x2 size Pool 2x2 size
16 NS 00 T
2% 63 85 108
The output array The output array

Fig.2.8 Operations of the average and max pooling.

The output array in Figure (2.8) above has a height of 2 and a width of 2. The four elements are

derived from the maximum value of max:

Average<(0 +100+5+ 39)/4>:36, max (0, 100, 5, 39) = 100,
Average<(22 t2z+22+ 22)/4> =2, max (22, 22, 22, 22) = 22,
Average ((2 +9+85+ 8)/4> - 26, max (2, 9, 85, 8) = 85,
Average((95 +20+30+ 108)/4): 63, max (95, 20, 30, 108) = 108,
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e Fully Connected Layer

In a typical CNN, we find usually the full-connected layers placed toward the end of the
architecture, each node of this layer isdirectly connected to every node in both the previous and in
the next layer asin ordinary Neural Networks, Figure (2.9) below show a fully connected layer

diagram.

Fig.2.9 The diagram of fully connected layer.

After the introduction of CNNand the architecture of CNN convolution layers, pooling layer and
the fully connected layers with these layers we can find a various CNN architectures which are
built by many powerful deep CNN models.

We mention briefly some of the most well-known CNN architectures: LeNet[30],AlexNet[36],
VggNet[37], GoogleNet[38], ResNet[39],and DenseNet[40]...

VGGNet: One of the most popular CNN models that architecture was presented by Simonyan
and Zissermanin 2014. It’s a simple model and uses a small-sized convolutional kernel which

leads to very deep networks.

The architecture of VGGnet strictly uses 3x3 convolution kernels, with intermediate layers for
feature extraction and set of three fully connected layers toward the end of classification. Each
convolution layer is followed by a ReLU layer in the VGGnet architecture. The design choice of
using smaller kernels leads to a relatively reduced number of parameters, and therefore an
efficient training and testing. Moreover, by stacking a series of 3x3 sized kernels, the effective
receptive field can be increased to larger values (e.g., 5x5 with two layers, 7x7 with three layers,
and so on). Most importantly, with smaller filters, one can stack more layers resulting in deeper
networks, which leads to a better performance on vision tasks. This essentially conveys the
central idea of this architecture, which supports the usage of deeper networks for improved

feature learning.Similar to AlexNet, it also uses activation dropouts in the first two fully

19



Chapter 2 kinship verification systems, algorithms and methods

connected layers to avoid over-fitting[32].The figure below shows the VGGnet-16(configuration

D) model with the best performing which has 138million parameters.
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Fig.2.10 The VGGnet-16 Architecture (configuration-D).

2.2.5. Deep learning in face recognition and verification

Since the 1960s, the face recognition has been in development. In addition to the modern
digital technology development and methods (Al and internet of things...) ,the several factors
such as the rise of public security and the need for more reliable identity verification methods

have contributed to the increasing interest in face recognition.

Pattern recognition, face analysis, machine learning and deep learning are the main contributors

to the development of facial recognition system.

A subset of ML, deep learning uses MI algorithms and lots of data to educate deep neural
networks for enhanced accuracy .DL learns through an ANN (artificial neural network) and thus

considered as more human-like.
Algorithms for face recognition software

Also known as the biometric artificial intelligence, face recognition detects and verifies an
individual, digitally within a database. Deep learning becomes more and more accurate with the

accumulation of the database.

You can say that it works like a human brain and count the data as its experience with un the field

but with optimal accuracy and efficiency.

So, once the deep learning algorithm gains experience using the accumulated past and new large
datasets, any technology employing deep learning benefits can make reliable predictions and also

present factual responses to real-time data.
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The data face print stored via facial traits is compared by the face recognition software using DL
algorithms. It builds an analogy between the real-time data capture (digital image) and the stored
database to identify an individual. There are four main courses subjected to deep learning for
facial recognition —detection of facial features, alignment, mathematical structure embedding, and
face classification and recognition. Currently there are four recognized Deep Learning systems
that work with the facial recognition, they are DeepFace, DeeplD series of systems, VGGFace,
FaceNet[41].

DeepFace[42]: DeepFace is a DL face recognition system. Based on DNN (Deep neural
network) has been created by FACEBOOK Detectes and determine the identity of an
individual’s face through digital images. With an accuracy of 97.35% reportedly.

DeeplD[43][44]:First coined by Yi Sun in his paper Deep Learning Face Representation from
predicting 10.000 classes.

Deep hidden identity for generic object detection, counted among the first models of deep

learning for facial recognition .that system achieved more accuracy than human on a project.

VGGFace[45]: By Omkar Parkhi,Andrea Vedaldi and Andrew Zisserman of VGG(visual
Geometry Group) at oxford in their paper "Deep Face Recognition".which contributed to
understanding the development of a very large data set necessary to train modern CNN based
face recognition systems. The data set acquired is then used as the basis for deep CNNs

development for facial recognition tasks.

FaceNet[46]: Uses a triplet loss function to learn score vectors for better results in feature
extraction and, thus, identity verification .FaceNet is achieving the state of the art results on
standard data sets.

2.3 kinship verification system structure

Before the kinship verification we have the facial recognition which is a technique that could help
us in kinship verification due to the great and increasing demand for protection, security and
entry control in public places such as airports, banks and administrations, facial recognition has
become very important and popular in the scientific system. Humans can recognize faces
naturally and without making any effort in daily life because facial recognition is trait that is

naturally present in people...
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The big availability of powerful and not very expensive computers as well as loaded computer
systems provoked a huge interest in the automatic treatment of pictures and numerical videos
within numerous applications, including biometric identification, surveillance, correlation man-

machine and the management of multimedia data [47].

The recognition of faces by computer also requires a database which is habitually constructed by
using pictures of the face or sometimes pictures different from the same person to hold rely on

variations in traits of the face [48].

At first look, the kinship verification process may seem similar to face verification process. In
effect, these two processes are different things but they have common factors. We might say that

kinship verification is the highest level of face verification[4].

The genetic relationship between two family members is called Kinship; there are four types of
kinship: Father-Daughter (FD), Father-Son (FS), Mother-Daughter (MD) and Mother-Son
(MS).To recognize this genetic is kin or not kin relationship based on extract features from
images, researchers proposed architecture for the kinship system showed in the Figure 2.11

below:

|

Kin

Input Detection Pre- Feature
father face processing extraction :@ 4 R

[ Classification ]:> or

|

children face processing extraction

Not Kin
Input I Detection} Pre- Feature }

Fig.2.11 Kinship verification system General schema.

2.3.1 Detection and preprocessing

Firstly, detection: System focuses on groups of facial data that contain a collection of facial
images taken in uncontrolled environments without any restrictions for family members taken
and collected from the internet .The face is detected by revealing facial characteristics such as
head shape, skin color, eye color... and recognize facial features such as nose, eyes, eyebrows,
mouth, lips, they are distinct areas of the face which in turn can reveal kinship once you look at it

all after entering facial data. Detection is the most sensitive step when the image is contained.
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Secondly, the pre-treatment (Preprocessing): This process symbolizes the removal of all what
isn’t important, flawled or exceptional and can be dispensed with, the treatment is an element of
great importance in order to localize the face of image. The facial area is used to check the
kinship by cutting the face and removing everything other than my face especially the
background, hair, light. If it’s a colored image, will turns to the gray scale, all these steps in order

to preserve the basic information and prepare the image to the next step.
2.3.2 Feature extraction

Extracting properties (features) can be called this phase by indexing, representation or also
modeling, we extract information that will be saved in memory, where it can be used in the next

step, this phase is considered the heart of the recognition system.
2.3.3 Classification

This stage is considered as a separation stage or the interval phase of the identification of
kinship, in which the classification and adjudication of the decision is made if this spouse is
positive (the real spouses of fathers and children) or negative (false spouses of parents and

children) based on their common characteristics extracted from the last stage.

Parents

[ ==

Children Parents Children

Positive examples Negative examples

Fig.2.12 Examples for positive and negative spouses.
2.4 Kinship verification databases
In this section we will address the so-called dataset or database, to verify kinship or to see
if the spouse is close and have a relationship with each other, parents and children images are

collected for use as an input than we apply what was mentioned earlier in the structure of the

kinship system, so we will find below the various databases used in kinship verification:
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Fig.2.13 Samples of images from a different database for different kin relations.

Family 101 TSKinFace
3 Parent Parent Child
Famity
tree

Input Databasename | Relation type Number of
pair image

KinFaceW-I FD,FS,MD,MS 533

KinFaceW-II FD,FS,MD,MS 1000

Cornellkinface P,C 143

Images The Family101 Family 206

UB KinFace Old PC,Young 400

PC
I11 TD Kin FD,FS,MD,MS 272
SS,BB, BS
TS kin face FMD,FMS, 1015
FMDS

Table2.1: Kinship verification databases.

i.  KinFaceW(I-11) [49]:KinfaceW database has a large scale, the thing what makes it the
most popular one among to all the other databases. That database has divided into two
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Vi.

subsets are: KinFaceW-I , KinFaceW-II ,contains 533 pair image and 1000 pair image in
order .all images in the two subsets collected from the Net and captured in uncontrolled
conditions no facial expression , no restriction of illumination, pose ,age and race .every
single image is aligned and cropped into 64x64 pixel, at beginning those subsets look like
are same but we find the difference that in the kinfaceW-limages are captured from
different images while in the other one are from the same picture. KinfaceW consist four
kinds of relationship are: Father-Son, Mother-Son, Father-Daughter and Mother-Daughter
(F-S, M-S, F-D and M-D).

Cornell Kin Face [50]:Facial images from these datasets are collected through a
controlled online search; Contains 143 parents-children pairs images which are taken for
celebrities, public figures and their parents.

The ”Family101” dataset [51]:As the name is saying the family 101 dataset contains
101diferent family trees, with 14,816 images. It is the largest dataset with familial
relationship structure.Family 101 includes 206 nuclear families and 607 individuals .it has
72% causians, 23%Asian and 5% African Americans. From those 101family we have:
Kennedy family, Obama, Bush, Reagen, Roosevelt, Hilton, British, Saud, andMaktoum.
UB KinFace[52]: That dataset contain mostly a real-world images (Celebrities and
politicians) collected without pose, illumination neither backgrounds. Involves only the
parent-child relation, comprises 600images of 400people can be separated into 200groups;
every group is composed of child, young-parent and old-parent.

111 TD Kin[53]: That one categorizes the kinship relation into seven relations which are:
Brother-Brother (B-B), Brother-Sister (B-S), Sister-Sister(S-S), in addition to the other
kin relations F-S, M-S, F-D and M-This dataset includes celebrities face images,
classified to: Asian, Afro-American, Indian and American ethnicities.

TS-kin face[54]:" Tri-subject kinship face"The TS-Kinface has two kinds of parents-child
kin relationship are: Father-Mother son and Father-Mother daughter.It is the first large
scale dataset of families for one-versus-two kin relation .contain 1015different family
with 787image .274, 285 and 228 family photos for (F-M-D), (F-M-S) and (F-M-S-D)
Kin relation respectively (all the dataset images are harvested from the internet). The F-M-
S and the F-M-D contain 513 and 502 groups of trisubject kinship relations, respectively.

While we have 1015 tri-subject groups in our database totally.
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2.5 Local features based LPQ descriptor

Local phase Quantization is a new method proposed by Ojansivu and Heikkil&a[55] used for
a best face verification results. That recent technique based on quantized phase of the discrete

Fourier transforms (DFT).
Short-Term Fourier Transform

The local phase gquantization (LPQ) method is based on the blur invariance property of the
Fourier phase spectrum. It uses the local phase information extracted using the 2-D DFT or, more
precisely, a Short-Term Fourier transform (STFT) computed over a rectangular M-by-M

neighborhood N, at each pixel position x of the image f (x)defined by:
Fux) =) fGc—y)e 'y = wif, (22)
YENy
Where W,, is the basis vector of the 2-D DFT at frequency u, and fis another vector containing
all M2 image samples fromN,.

Statistical Analysis of the Coefficients

Let us assume that the image function f(x) is a result of a first-order Markov process, where the
correlation coefficient between adjacent pixel values is p, and the variance of each sample isa2.
Without a loss of generality we can assume that 02 = 1 .As a result, the covariance between

positions x; and x; becomes.
oy = piil (23)

Where || . lldenotes L, norm, and the covariance matrix of all M samples in N,.can be expressed

1 - oy
C=| " : ] (2.4)
o1 1
Hence, the covariance matrix of the transform coefficient vector E,can be obtained from
D=wcwT (2.5)
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One can easily notice that D is not a diagonal matrix forp > 0, meaning that the coefficients are

correlating.
Decorrelation and Quantization

Before quantization the coefficients are decorrelated, because it can be shown that the
information is maximally preserved in scalar quantization if the samples to be quantized are
statistically independent. Assuming Gaussian distribution, independence can be achieved using a

whitening transform.
Gy =VTE, (2.6)

Where V is an orthonormal matrix derived from the singular value decomposition (SVD) of the

matrix D that is:
D=UXVT (2.7)
Notice, that V can be solved in advance for a fixed value of p.

Next, G,is computed for all image positions, i.e., € {xy, x5, ..., Xy} , and the resulting vectors are

quantized using a simple scalar quantizer

Qi={ L i g;20 (2.8)

0, Otherwise

Where g;is the j,;, component of G,.. The quantized coefficients are represented as integer values

between 0-255 using binary coding
b=3%%,q;27" (2.9)

Finally, a histogram of these integer values from all image positions is composed and used as a

256-dimensional feature vector in classification.

Decorrelation and quantization do not have any effect on the blur invariance property. In the
whitening transform the coefficient vectors are subject to an eight dimensional rotation that only
causes a uniform phase shift to all vectors. In quantization the eight-dimensional space is divided
into 256 hyper cubes, and the assignment of a vector to one of these hyper cubes depends only on
the phase information. Down here will attach the Local Phase Quantization diagram steps

necessary in the LPQ.
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Fig.2.14 Local Phase Quantization diagram.
2.6 Multilinear dimensionality reduction: semi supervised methods

2.6.1. MSIDA
The Multilinear Side-Information based Discriminant Analysis (MSIDA)[56]is a new approach

which used for verification of face and kinship under unconstrained  environments,

experimentally evaluated on four databases (LFW, Cornell 89 KinFace, UB KinFace and
TS-kinface).

That novel method proposed for dimensionality reduction and classification of tensor data, when
the data full class label is missing. MSIDA projects the input face tensor into a new multilinear
subspace in which the margin between samples belonging to different classes is enlarged while
the margin within samples belonging to same classes is reduced Additionally, MSIDA reduces
the dimension of each tensor mode. The objective of the subspace transformation techniques is to
transform the feature space into a lower, and often more discriminative, subspace leading to
better classification accuracies [57][58].As a solution for the problem of the full class label
information of each data sample which required operating the supervised dimensionality
reduction Kan et al [59],proposed a discriminative dimensionality reduction method named Side-
Information based Linear Discriminant Analysis (SILD). SILD directly calculates the within-
class and between-class scatter matrices using the side-information (image pair
labels).Empirically in the MSIDA ,the authors proposed a multilinear extension of SILD for

tensor data subspace analysis. Than for solving the problem of matching pairs of face images
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calls the new algorithm Multilinear Side-Information based Discriminant Analysis (MSIDA) and
use it. the set of facial images are represented as a 3™-order tensor built using histograms of two
local face descriptors, Multiscale Local Phase Quantization (MSLPQ) [60]and Multiscale
Binarized Statistical Image Features (MSBSIF) [56, 61].

2.6.2. TXQDA

A new Tensor Cross-view Quadratic Discriminant Analysis (TXQDA) method based on the
Cross-view Quadratic Discriminant Analysis (XQDA) method for kinship verification in the wild
to train multilinear data using local histograms of local features descriptors; the objective of these
methods is to learn and reduce the high dimensional feature subspace into a lower and discriminated
subspace which leads to a better separation between the classes[57][58].that new approach evaluated
against the state-of-the-art methods using five challenging kinship databases namely Cornell
KinFace, UB KinFace, TS-KinFace, KinFaceW-I1 and FIW.

Tensor Cross-view Quadratic Discriminant Analysis

The variables and mathematical notations that we used in our work are as follows: Lowercase and
uppercase symbols (e.g., i, j, F, N and V) indicate scalars; Bold lowercase symbols (e.g., X, y and
z) indicate vectors; italic uppercase symbols (e.g., U, X, Y and W) indicate matrices; bold italic
uppercase symbols (e.g., X, Y, and Z) indicate tensors. A tensor is explained as a
multidimensional array[62][14]. N is considered the order of the tensor and X is called an Nt-

order tensor. I, 1 <k <N, is the dimension of the kX mode.
Cross-view Quadratic Discriminant Analysis (XQDA)

XQDA [63]is the extended method of the Bayesian face[64]and KISSME[65] approaches to

cross-view metric learning, where considered to learn a subspace

W = (wg, Wy,...,w;) € R¥>Twith cross-view (i.e. Parent-Child) data, and learn a distance
function in the r dimensional subspace for the cross-view similarity measure at the same time.
We assume that we have a cross-view training set {X, Z} of c classes, in which X =
(x4, X2, -+ %) € R¥Mincludes n samples in a d-dimensional space from one view (i.e. Parents
samples), Z = (24,24, , Zm) € R¥™ includes m samples in the same d-dimensional space but

from the other view (i.e. Children samples). Note that Z is the same with X in the single-view
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matching scenario. Considering a subspace W, the distance function in the r dimensional

subspace is computed as:
dy(x,2) = (x —2)"W(E - S H)WT(x — 2) (2.10)
Where:Y, = WT Y, W and}; = WT YW Then, we learn a kernel matrixM(W) =

W(Zl_l—z'];l) WT.In [63] the projection direction W is optimized such that XE z,:Iis

maximized. Consequently, 2/, corresponds to the Generalized Rayleigh Quotient:
I

wTyew

Jw) = WTyw (2.11)
The two covariance matrices Y. zand Y, are computed as follow:
nY, = XXT + 77" — SRT — RST (2.12)

Where X = (Vmy xq, VMg X, -+, My X, -+, /M %),
Z = (\/nl Z1, NN Zp,*,\V N Zml' 4/ Ne Zm),
S = (ZJ/lei ) Dy=2 Xis 'ZJ/FCxi) R =
(Z,}.zlzj,z,jzz zj,m,Z,j:Czj),yi and I; are class labels, n; is the number of samples in class i
of X, andm; is the number of samples in class i of Z.

ngYp =mXXT +nZZT —srT —rsT —n; Y, (2.13)
Where s = ¥iL x; and 7 =YL, z;

Tensor Cross-view Quadratic Discriminant Analysis (TXQDA)

Let a Tensor cross-view training set {X, Z} of c classes, where: X € RI1*[2% >IN contains
n samples of one view (Parents samples) and Z e R1>2XXINX™ contains m samples of other

view (Children samples). The goal of our TXQDA is the calculation of N projection matrices

(Wye RI<I Wye Ri2¥lz, ... Wye RININ). . Thus, we calculate one projection matrix for each

tensor mode. The objective function of XQDA 2 is transformed into:
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Wi X Wy

J(Wg) = WT YW, (2.14)

We calculate the two covariance matrices ¥ Xand Y:¥for each k mode by:

Yy = Slozklo g P 0,5 = Frp(Fer)' 4 Zep(Zkr)" - skp(RkP)T — REP(SKPYT  (2.15)
WhereXkpP = (\/m_le’p,\/m_lxg'p,~--,\/W1xrlf’1p,---, mcx,'f'p),

Zkp — (\/n_12f’p,\/n_12§’p;"',\/n_12§{f,"'.\/n_czfrip),

2 = (Symaxt? ymaxt? 0 Ty RP = (L1 2f” Byma 2 Bpe )

Where, for all presentations, x*Pand z*? are thep™ column vectors of the k-mode unfolded

matrices XXand Z¥ of sample tensors X and Z, respectively.

ngYg = Zno:atklo nEZp'nEZE = mXkP (XkP)T 4 nZkP(7kP)T — gk (php)T _ kb (k)T

nyy (2.16)
Kk, k, Kk, k, k, k, k k
Where XkP = (x1 P,xz P,...,xnlp'...,xnp) Zkp = (Zl p,Zz P ..z p p)
skp = rkr — kp
=yn, xf = Xj=1%;

Now that the solution for one mode is known, the optimization problem in equation 14 can be
solved iteratively. The projection matrices Wy, W,,--- Wy, are first initialized to identity. At each
iterationWy, W, -+« Wx_1, Wk 41, -+, Wy, are hypothetical known and Wkgis estimated. Set:
U=XXq Wy Xpoq Wi—q Xgrq Wieyr - Xy Wyand

Y =27 X, Wy Xpooq Wi_q Xpp1 Wiqq -+ Xy Wyare replaced in equation 14 by X and Z. The

new equation can be solved by the generalized eigenvalue decomposition problem:

Z’EWk = /\RZ¥WR (2.17)

Where, W,is the eigenvectors matrix and Aythe eigenvalues matrix. The iterative process of
TXQDA breaks up on the recognition of one of the following situations: i) The number of
iterations reaches a predefined maximum; or ii) the difference of the estimated projection

between two consecutive iterations is less than a threshold, ||Wi — Wi 1| < I, €, where
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Iis the k mode dimension of W . The number of iterations, for our TXQDA algorithm, is

empirically tuned and the better value is Iteration,,,, = 2[66].
2.7 Conclusion

Without any doubt, Deep learning shows its great power now in relation to Face recognition
delivering superhuman performance and great accuracy of output results that’s what we give in
this chapter .Also an overview of Kkinship verification ,we described the system structure and
summarizes the existing databases. And finally, we discussed some exciting Kinship methods and

algorithms.
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CHAPTER 3 Implementation of the
proposed approach

3.1 Introduction

Kinship Verification is process of checking a pair of images from the same family is
centered on facial features. The face is considered as a primary source of kinship because it
contains human characteristics such as identity, age, expressions, gender, ethnicity...etc. because
of researchers in computer vision and science, and their permanent contributions to improve the
characteristics of the kinship verification, are trying to develop various methods and models
achieve high rates in the field of verification. Among the kinship verification models, we find the
metric learning and hand engineered face descriptors, like LBP, LPQ, BSIF ... While some of the
other methods are using deep features through deep learning methods. This chapter is about doing
an implementation of the proposed approach, in which we will present a set of results for
experiments we have done using two different types of features, Deep features using VGG16
CNN model and LPQ features then we will do a Fusion for both types of features to extract the
best performing features for kinship verification system using a new dimensionality reduction
method called Tensor Cross-View Quadratic Discriminant Analysis.

3.2 Frame work of the proposed approach

Using MATLAB1r2019a, we performed experiments on a computer with Intel ® Core ™ 13-
3110M with 4GB of RAM at 2.40GHz , using the MatConvNet environment[67/] for CNN
networks .The kinship system consists of three main parts : Pretreatment , Extraction of features
,Reduction of dimensions ,Classification and comparison .Figure 3.1 shows the structure of the

Kinship system .

Images are prepared and processed through the editing procedure in pre-processing, while the
attributes are extracted in certain ways through the extraction phase of features in facial images
(visible later in this chapter) to reduce the dimensions of their data in the third part and use them
without complications within the learning algorithm. Through the K-Fold validation technique,
the performance of the training phase is tested. Next step is the matching phase; kinship is

determined which mean that if pair of facial images is related to relatives or not, that would
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be discovered by comparing the vectors of their features, finally comes the stage of merging

the scores obtained in the previous stages.

Tensar Dimensianality
s Reduction and Classification

i Features
Training pair
Tace fmmages exXTractiom Mrom

™ | Parents® subset

E Features

— | X TERCTION (0T e—
Childrem subser

|

OFflime Training

Fig.3.1 The proposed kinship verification system.

3.3 Features extraction

We extract two types of features for the purpose of describing a facial image with solid
discrimination power, by deep features using VGG16ConvNet, and features using Local Phase
Quantization (LPQ). Already mentioned with more details in page (28-30).

By OmkarParkhi the VGGFace[45] model was described in 2015 where he introduced us to
the development of the training data set, the latter of which is required for modern training in
facial recognition systems based on neural systems and networks. That model’s dataset consist
about 2.6 million images, including 2,622 identities with 1,000 images per identity [68], Parkhi
and AL collaborating on training the VGG16 model on this dataset, then they created new model
called VGGface where we will use it in our work, names the learning transfer process. We run
the VGGfaceConvNet model trained on the VGGface data set on each of our kinship verification
datasets; we get a set of features for each image. At the end, we extract four layers connected to
the networks, each layer containing features learned from the images of the kinship dataset,
where these features are a biometric identity for each person in each image. The extracted layers

are like the following:

The relu6 is the sixth Rectified Linear Unit (ReLu) activation function layer which contains

4096D weights. The fc7 layer is the seventh fully connected layer which contains 4096D weights.
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The relu7 is the seventh Rectified Linear Unit (ReLu) activation function layer which contains

4096D weights. The fc8 layer is the eighth fully connected layer which contains 4096D weights.

All weights resulted from the four layers are concatenated in one vector of size(4096 X 4) x

1 = 16232. The process is fully described in the diagrampresented in Figure.3.2.

Note:The parameter settingsare chosen experimentally.

1 " g
Farcot E Chilg
Face (i) I Face (i)

® VGG-Face
Vit F

weights

wilghls

Fig.3.2 Feature extraction using VGG-Face.

The process goes as follows:

Each face image from our datasets is subdivided into a certain number of blocsM X N,

where M = PL andN = Pi, P,and P;denote the number of pixels corresponding to the
2 1

number of blocks along X and Y respectively.
The resulted matrix is arranged into another matrix of size (P, X P,) X (M X N)

Histograms of 256 bins are applied to aggregate the features from each bloc to get a
matrix of size (256) X (M X N).

The resulted feature matrix is reshaped to a set of vectors where each vector
represents one scale of the features, we get (Scales) x (256) X (M x N)) . Scales
are set to: 2,3,4,5.

Finally, these features are concatenated (flattened) into a one-dimensional vector of
length Scales X 256 X M X N .
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Fig.3.3 Feature extraction using LPQ.

3.4 Tensor representation of face data

Using the histograms of different feature descriptors extracted from the training face images, they
are constructedthe training 3" order tensors X, Z € RI1*12xI3 The three modes of the tensors X
and Z are defined as follows: I; corresponds to the feature descriptors extracted at different
scales, I represents the histograms, and I;face samples in the database as shown in Figure.3.3.
3.5 Dimensionality reduction stage

By linking features extracted from VGG16 and LPQ technology , the feature vector is
created .The feature vector should be displayed in a smaller space that contains privileged
information only because its high dimensions cause a fundamental problem .The goal of reducing
dimensions is to stimulate the efficiency of the calculation of the recognition system and reduce
the calculation time as well as avoid technical problems, but it has a negative loss of information ,
where the bad action of this process (reducing dimensions)ignores useful information that cannot
be retrieved when it is lost instead of useless information[69].There are many dimensionality
reduction methods used in data science for different types of applications namely Principal
Component Analysis (PCA), Linear Discriminant Analysis (LDA), Side Information
Discriminant Analysis (SIDA), TeSNE, Multilinear PCA (MPCA), Multilinear SIDA (MSIDA),
Cross-View Quadratic Discriminant Analysis XQDA... etc.

Among the new dimensional reduction technologies we use TXQDA, which was developed on
the XQDA method to verify the relativeness, proposed by Laiadi and Al[66]; has archived better
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results than its predecessors in reducing dimensions. Down we will show the algorithm of Tensor

Cross-view Quadratic Discriminant Analysis method.

Algorithm 1Tensor Cross-view Quadratic Discriminant Analysis(TXQDA)

Input:

° X € m11X12X"~XINXn
° Z € 9{11><12><~~><1N><m
e iterationy,,x

o [ixlhx-xly

Output:

o Wy=wiere Rl =1, N
Algorithm:

1. Initialization: Wy = I, , W, = Ip,---, Wy = I,
2. For iter :1to iteration,
(@) For K=1to N
o U=Xxq Wi e W™y s WRSET™h e Xy Wyrer™!
o Uk, U
0 Y =Zx; Wi oo WRteT ™t oo s g WREET™T ey WRFET 1

o Yie, Y

o nY, :ZHo#Jo n ¥F n, YF = ijk,P(l"jk,P)T n yk,P(yk,p)T _ SkP(RRPYT _

p=1
Rk,P (Sk,P)T
I I
0 N Yp = SN0 ny N, ng Bf =mURP (URP)T + ny kP (rkP)T — kP (rP)T —

rkP (skP)T —n, 37,
o Compute XKW = A, YXWIT obtain Wit
(b) Ifiter> 2 and ||Wite" — witer=1||<f I , k = 1,---, N, break;

3. Sort thel eigenvectors Wter € Rk according to Ay in decreasing order,k = 1,---, N.

3.6 Cross Validation Protocol

37



Chapter 3 Implementation of the proposed approach

We use the K-Fold Cross Validation method, which trains and drills the model at the same time,
mutual verification uses a limited sample to estimate how the model performs; when predicting
the performance of the model the data didn’t used in the training process The Figure3.4 that

comes illustrates the K-Fold Cross Validation method with K=5.

Iteration 1 Test Train Train Train Train
Iteration 2 Train Test Train Train Train
Iteration 3 Train Train Test Train Train
Iteration 4 Train Train Train Test Train
Iteration 5 Train Train Train Train Test

Fig.3.4 K-fold Cross Validation, with K = 5.

3.7 Similarity Comparison and Fusion

We used the reduced features expected with a TXQDA space to compare a pair of faces
combined to form a single feature vector. After this, we applied cosine similarity[43] to each pair
test for the two face images. In order to perform the matching result, the use of cosine similarity
distance after differential analysis methods has an advantage that comes from its association with
the Bayes decision rule[44].

Cosine similarity between two vectorsh, andb,, isdefined as the following:

b{ “b,
cos(b;,, b;,) = —+—2—~
YR b [ - [l
Where, [|-|lis the Euclidean norm.A high value of the produced score means a high probability

thatb,, andb,,belong to the same family.

The combination of two or more Scores is called Fusion, so that we can get a higher
performance work, so here we use the Logistic Regression (LR) to incorporate the best
performance settings through the methods used in the results of our work experiences. Figure3.5

below defines more about the LR process.
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Fig.3.5 Fusion at the score level of VGG-Face and LPQ features.

3.8 Results and discussion
In order to evaluate the two proposed methods, we conduct a series of experiments in this work:
1. For VGG16 there are only 4 scales of features to be extracted and trained with
2. For LPQ:
a) The number of bloc histograms is chosen to: 4, 8, 12, and 16.
b) After experimenting the results with the scale 2, the best performing number of blocs
is fixed and the number of scales is changed iteratively to: 2, 3, 4, 5.
c) With best performing number of scales, the number of features projectionis changed
iterativelyfrom 100 to 200 with the step of 10.
d) The best setting in LPQ is fixed and compared with the VGG16 score.
3.8.1 Data sets

We have applied the experiments to two common database bases with their own
advantages, Cornell database and TS-Kinface database, where we find a unique Kkinship
relationship (parent and children) at the first rule, while we find four relationships
approximately per second(FD-FS-MD-MS), both of them are detailed in the 2™ chapter
page: 27-28.

3.8.1.1 Cornell Kinface dataset

The tables (3.1- 3.2) below are presenting the mean accuracy of kinship verification for
TXQDA using DeepVGG16andLPQ Features, and the fusion of two methods in Cornell
dataset. While the Figure (3.6) submit the curve of best performing methods on Cornell
dataset.
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Number of blocs Meanaccuracy
4 0.8095
8 0.9026
12 0.9131
16 0.9240
Number of scales Meanaccuracy
2 0.9240
3 0.8992
4 0.8740
5 0.8707

Table 3.1The mean accuracy of kinship verification for TXQDA using LPQ. On Cornell Kin

Face database, (table up): defining 2scales, (table down): defining 16 blocs.

LPQ(1)

Features

Deep VGG16 (2)

Fusion (1+2)

Number of features
200

150

*

Meanaccuracy (%)
0.9240

0.9102

0.9481

Table 3.2Fusion of best performing features for LPQ with 2 Scales-16blocks-200 features and
VGG16 with 150 features on Cornell dataset
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Fig.3.6 Curve of best performing methods on Cornell dataset.
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3.8.1.2 TS-Kin Face Dataset
The mean accuracy of kinship verification for TXQDA using LPQ and the VGG16 with

the fusion of both methods are Shown in the two tables below (table 3.3-3.4)respectively ,we can
see the curves of best performing methods in Figure3.7 ,On TS- kin face dataset.

Number of FD! FS? MD?3 Mms? Mean
o] [o]e
4 0.86911 0.6864 0.7201 0.7078 0.7458
.8 0.7980 0.7796 0.8204 0.7942 0.7980
32 0.8564 0.8437 0.8720 0.8417 0.8534
16 0.8564 0.8602 0.8780 0.8553 0.8624
Number of FD FS MD MS Mean
scales
% 0.8564 0.8602 0.8780 0.8553 0.8624
as 0.8386 0.8495 0.8611 0.8398 0.8472
o7} 0.8297 0.8379 0.8542 0.8291 0.8377
15 0.8129 0.8194 0.8413 0.8233 0.8242
e

Table 3.3 (table up) the mean accuracy of kinship verification for TXQDA using LPQ with
2scales, (table down)the mean accuracy of kinship verification for TXQDA using LPQ with
16 blocks and different scales. On TSK kin face dataset.

Features Meanaccuracy (%)

i FS MD Ms Mean

| LPQ (1) 0.8564 0.8602 0.8780  0.8553 0.8624 |
|DeepVGGlG(2) 0.7812 0.7738 0.8006  0.7932 0.7872 |

|Fusion (1)+(2) 0.8634 0.8621 0.8850  0.8660 0.8691

Table3.4 Fusion of best performing features for LPQ with 2 Scales-16blocks-200 features and
VGG16 with 100 features on TSK kin Face database

D Father-Daughter Relation
2FS: Father-Son Relation

> MD : Mother —Daughter Relation
* MS : Mother-Son Relation
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Fig.3.7 Curves of best performing methods TSKinFace dataset
obtained on A. FD set, B.FS set, C. MD set and D.for MS
set, respectively.

3.8.2Discussion

Our experiments on both the Cornell KinFace and TS-KinFace data sets using the
proposed TXQDA-based LR fusion approach for two types of features VGG16 and LPQ showed
the following : We used the CNN models, which was pre-trained in facial recognition tasks in
order to extract deep features from the two Kinship data sets. The results actually tested on the
Cornell KinFace and TS-KinFacedata sets showed satisfactory results that are superior to various

other methods of learning, due to the quality of the model that has been adjusted for facial
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recognition in order to verify kinship. For the purpose of reducing dimensions, we apply the
TXQDA method, which has the advantage of its flaws in order to maintain the data structure,
solid discriminatory power, reduce the computational cost and provide the best results. This is

why it goes beyond the latest dimensional reduction technologies used in the kinship verification

system such as MSIDA. Original paper of TXQDA provides more detail[66].

3.8.3 Comparison with state-of-the-art methods
Tables 3.6 and 3.7 represent the best performance of the TXQDA-based method to integrate

VGG-face and LPQ point with modern technologies in the Cornell and TS-KinFace databases,

respectively. The comparison show that the method proposed in our work outperforms the latest

databases.
| Approach Type Year MeanAccuracy (%)
Metric Learning Lu et al[70]. 2014 69.50
Zhou et al[71]. 2018 81.40
Laiadi et 2018 77.60
al[72].
Multi Metric Learning Lu et al[49, 2014 71.60
70]. 2014 73.50
Yun et al[2]. 2017 76.60
Mahpod et
Keller[73].
Bessaoudi et 2019 86.87
MultilinearSubspaceLearning al[56].
Laiadi et 2019 93.04
al[66].
Proposed Our 2020 94.81

Table 3.5Comparison of realized performance against existing methods in Cornell dataset
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Approach Type MeanAccuracy (%)
Metric Learning Lu et al[74]. 2017 84.15
Liang et 2018 90.47
al[75]. 2018 83.63
Laiadi et
al[72].
Multi Metric Learning Laiadi et 2019 88.59
al[66].
Bessaoudiet 2019 85.18
MultilinearSubspaceLearning al[56].
Laiadi et 2019 90.32
al[66].
Proposed Our 2020 86.91

Table 3.6Comparison of realized performance against existing methods in TS-KinFace dataset.

Approach Database Best Method Increase in

MeanAccuracy
(%)
Metric Learning CornellKinFace Zhou et al[71]. 12.36
TSKinFace Liang et al[75]. 1.19
Multi Metric Learning CornellKinFace  Mahpod et Keller[73]. 17.16
TSKinFace Laiadi et al[76]. 3.07
MultilinearSubspaceLearning  CornellKinFace Laiadi et al[66]. 0.72
TSKinFace Laiadi et al[66]. 1.43

Table3.7Increase in average accuracy of proposed approach against state-of-the art methods.

3.9 Conclusion
In this chapter we presented a very effective method for verifying kinship in non-controlled

environments using both the VGG16 and LPQ modules trained on all images in the two sets
of facial recognition and kinship verification systems. We also compared the two methods
proposed in each of our bases Cornell Kin Face and TS-KinFace data, we found that LPQ is
superior in performance and gives better result in metric learning, multi-scale learning, and

multi-line learning methods.
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General Conclusion

Kinship verification is an important topic of study that has been widely addressed in many areas,
it is a relatives is considered one of the most important and simplest concerns, thus verifying
honestly and accurately whether there is a particular kinship between entities, a unit that aims to
analyze the structure of ratios and calculate the similarity indicators of the characteristics of
different faces. Facial recognition is easy for humans, unlike in the computer vision, as it is a
difficult problem to implement, because of many challenges such as situational lighting, gender
and age gap, but this did not stop researchers in this field to develop methods and techniques of
kinship verification in many aspects, including features extraction, dimensionality of fusion the

highest score levels.

» Re-examine the applications and foundations of deep learning in the field of computer
vision, to prove kinship.

» Use our proposed LPQ method to solve postural problems and provide the best
performance, and to integrate at the point level of these features with VGGFace.

» The use of TXQDA dimensional reduction technology to enable us to better distinguish
between samples in the used data sets.

» The combination of the results obtained between the LPQ and VGGFace features to

improve the classification accuracy

As a future researcher direction, we can extend the proposed algorithm and use it with the
higher tensor orders, greater than three, for face representation in order to increase the features
extraction, and evaluate the performance on newer and a great kinship database such as Family in
the Wild.
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