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Abstract

Nowdays, Machine learning techniques reached a higher level
of success. Especially, Deep Learning (DL). The purpose of
this work, is to investigate the application of DL techniques
in the problem of Face Recognition. In fact, Face Recognition
is a currently developing technology with multiple real-life
applications. In particular, Facial Hair Recognition/detection
plays an important role in improving Face Recognition
system. The goal of this work is to develop a Facial Hair
Recognition (FHR) system using DL. The developed system
uses Convolutional Neural Networks (CNNs), which is capable
of learning and improving its performance without the need of
human intervention. The system can be trained to distinguish
between faces that have a beard and/or moustache and the
shaved faces by learning from faces dataset. We compared our
system’s results with a non deep learning based system, where
our system achieved promising results with accuracy surpassed
77% for a set of 800 images.

keywords: Machine Learning, Deep Learning, CNNs, Face
Recognition, Facial hair Recognition.
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Résumé

De nos jours , les techniques d’apprentissage automatique
ont atteint un niveau supérieur de succes. En particulier,
lapprentissage en profondeur (DL). Le but de ce travail, est
d’examiner 'application des techniques de DL dans le probleme
de la reconnaissance du visage. FEn fait, la reconnaissance du
visage est une technologie en cours de développement avec de
multiples situations d’applications réelles . En particulier, la
reconnaissance/détection des cheveux du visage joue un rdle
important dans l’amélioration du systeme de reconnaissance
faciale. Le but de ce travail est de développer un systéme de
reconnaissance des cheveux de visage utilisant 'apprentissage
en profondeur. Le systeme développé utilise des réseaux de
neurone a convolution, qui est capable d’apprendre et d’améliore
ses performances sans avoir besoin d’intervention humaine. Le
systeme peut étre formé pour distinguer entre les visages qui ont
une barbe et/ou une moustache et les visages rasés en apprenant
a partir d’'un jeu de données de faces. Nous avons comparé les
résultats de notre systéme avec un autre systéme basé sur un
apprentissage non approfondi, d’ou notre systeme a atteint des
résultats prometteurs avec une précision dépasse 77% pour un
ensemble de 800 images.

mots-clés: Apprentissage automatique, apprentissage en
profondeur, reconnaissance du visage, Reconnaissance des
cheveux du visage.
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Introduction

Today we are living in a highly technological environment. We use
devices which are getting smarter every day. Artificial intelligence and
Machine learning have become one of the most important aspects of
today’s high-tech world. Face recognition, as a biometric authentication
technique, is an important application in the field of machine learning.
Unlike other biometric techniques such as the fingerprint, iris and speaker
recognition, its main advantage is that it does not require the applicant
to spend time in the personal data acquisition process. For example,
a facial recognition system that deployed in a public area where many
different people pass by, can recognize faces of passers in a crowd and
can help to identify a criminal. Its main disadvantage is the sensitivity
to illumination variances, and poses etc. Face Recognition (FR) is one
of the areas from computer Vision (CV) that has drawn more interest
in recent years. The practical applications for it are many, ranging
from security, to automatically tag friends in pictures on social media
and many more. Because of the possibilities, many companies and

researchers have been working on it.

e The first Chapter of this manuscript is dedicated to Image
Processing, some of their related concepts, some of their techniques,
their importance in enhancing the image and some of their domain

of applications.

e The second Chapter introduces the Machine Learning, their types,

some of their common techniques. And basically, we focused on the
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Deep Learning and CNNs.

e In the third Chapter we introduced the Face Recognition problem,
its state of the art, FR problems, then an overview about Facial

Hair Recognition is given.

e Chapter IV is dedicated to describe and explain the principle of
our approach. Followed by used tools and some of the evaluation
metrics, then, description of existing datasets and our dataset,

followed by experiments and obtained results with discussion.

We conclude with some observations and proposing further researches.



Chapter I

Image Processing: Generalities

Digital image processing deals with manipulation of digital images through a
digital computer. It is a subfield of signals and systems processing but focus
particularly on images. In this chapter we present some of the fundamental

concepts and operations related to digital image processing.

Image processing is a method to perform some operations on an image, in
order to get an enhanced image or to extract some useful information from it.
Typically It is a type of signal processing where the input is an image and the

output can be an image or characteristics/features associated with that image.

The field of digital image processing refers to processing images by a digital
computer.In addition, there are many concepts related to this field. With many

different operations that can be performed on an image.

As we can see in figure 1.1, an image has been captured by a camera and
sent to a digital processing system to focus on the water drop and get rid of

the details that we do not need without degradation to the image quality.

In the following we will present these points in detail and we will finish by

some examples of digital image processing applications.
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Z 1 P Digital Image Processing )
ﬂ -/;) o

a particular system I that's gives its  Processed image
34 world around us by A S St forus on awater drop,  CoPplasan
Figure 1.1: Digital image processing
1 Concepts

In the next subsections we present some of the concepts related to the digital
processing image field. We start by the basic definitions of the term image, its

types and elements.
Image
The term image' has several definitions depending on the field of use. Among

these definitions we mention:

1. A design or representation made by various means (such as painting,
drawing, or photography).
2. An image is a visual representation of something. In information

technology, the term has several usages.

3. An image is a picture that has been created or copied and stored in
electronic form. An image can be described in terms of vector graphics
or raster graphics. An image stored in raster form is sometimes called a

bitmap.
Digital image

A digital image is a two-dimensional signal (two-dimensional array). It is

defined by the mathematical function f(z,y), where x and y are the two

"http://whatis.techtarget.com/definition/image
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coordinates horizontally and vertically. The value of f(x,y) is the pixel value

and it ranging between 0 and 255.

Figure 1.2: Digital image.

Figure 1.2 is an example of digital image. But actually, the representation

of this image in computer is a two-dimensional array.

Table I.1: Individual pixel values

128 | 30 | 123

232 | 123 | 321
123 | 77 | 89

80 | 255 | 255

Each number in table .1 represents the value of the function f(z,y) at any
point in the image. In this case the values 128, 230 and 123 each represents
an individual pixel value. The dimensions of the two-dimensional array are

the dimensions of the picture.

Gray level

The grey level or grey value indicates the brightness of a pixel. The minimum
grey level is 0. The maximum grey level depends on the depth of the image.
For an 8-bit-deep image it is 255. In a color image the grey level of each
pixel can be calculated using the following formula: Grey level = 0.299 * red

component + 0.587 * green component + 0.114 * blue component.
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Intensity

The intensity is the amplitude of the function f at any pair of coordinates
(x,y), also called the gray level of the image at that point.Intensity images
measure the amount of light impinging on a photosensitive device. Which is

the incoming light, which enters the camera’s lens and hits the image plane.

Brightness

Brightness is the perceived intensity of light coming from a screen. On a color

screen, it is the average of the red, green and blue pixels on the screen.

Pixel

The pixel (a word invented from 'picture element") is the basic unit of
programmable color on a computer. The physical size of a pixel depends how
the resolution set for the display screen. If the display set to its maximum
resolution, the physical size of a pixel will equal the physical size of the
dot pitch of the display. And if the resolution set to something less than
the maximum resolution, a pixel will be larger than the physical size of the
screen’s dot (a pixel will use more than one dot). The specific color that a
pixel describes is some blend of three components of the color spectrum RGB
(shortcut to Red,Green,Blue it is the computer colors coding systems). Up
to three bytes of data are allocated for specifying a pixel’s color, one byte for
each major color component. A true color or 24-bit color system uses all three

bytes.

True color

True color is the specification of the color of a pixel on a display screen
using a 24-bit value, which allows the possibility of up to 16,777,216 possible
colors.However, the human eye can’t recognize more than 16 million colors,

that is the reason why they called it the true color.However, there are some
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W pixels horizontally -

pixels

- I pixels wertically — e

Figure 1.3: Pixels in an image.

displays support only an 8-bit color value, allowing up to 256 possible colors
such as advertising led panels. The number of bits used to define a pixel’s
color shade is its bit-depth. True color is sometimes known as 24-bit color.
Some new color display systems offer a 32-bit color mode. This mode has the
same number of colors as the 24 bits mode. The extra byte, called the alpha

channel, is used for control and special effects information.

2 Graphics formats

Graphics formats or image file formats used to store photographic and other
images. Image files are composed of digital data in formats that can be used
on a computer display. These formats are separated into the two main families

of graphics, vector and raster.

2.1 Vector graphics

Vector graphics is the creation of digital images through a sequence of

commands or mathematical statements that place lines and shapes in a given
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two-dimensional or three-dimensional space.Vector graphics are comprised of
paths, which are defined by a start and end point. A path can be a line, a
square, a triangle, or a curvy shape.Among the distinguishing characteristics of
vector graphics is their scalability. It can zoom into or enlarge a vector image
without losing any quality. Take, for example, the image 1.4. Even when

enlarged, the image appears crisp, and all its details have been preserved.

v

VECTOR

VECTOR

Figure 1.4: Vector graphic image

2.2 Bitmap

The bitmap as several definitions depend on the domain that we use. In
computer graphics a bitmap(also known as raster) is rectangle content pixels,
each pixel containing a color value. The bitmaps are always orientated
horizontally and vertically. The term bitmap literally means "map of bits". A
bitmap is also a type of image file format used to store digital image, bitmaps
images usually have a .BMP or .DIB (for device-independent bitmap) as file

extension. For example, the image 1.5 is a bitmap.

It is easy to identify a bitmap image by zooming into the image. If we

enlarge the image enough, we can clearly see the individual dot of color.
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Figure 1.5: Bitmap image
3 Some of the digital image processing operations

In the next subsections we present some operations of the digital image
processing. We start by the definition of the term preprocessing. At the

end, we present some examples of the application domains.

3.1 Preprocessing

In computer science, the preprocessing is a program that processes its input
data to produce output that is used as an input to another program.In digital
image, the preprocessing is a common name for operations with images (both
input and output are intensity images). The aim of pre-processing is an
improvement of the image data that prevents unwanted distortions or enhances

image features for further processing.

3.2 Filtering

Most images are affected by noise that is unexplained variation in data,
disturbances in image intensity which are either unexplained or not of interest.
Filtering is a technique for modifying or enhancing an image. The filtering is
process the value a pixel depends on both itself and its surrounding pixels.
Filtering is a neighborhood operation, in which the value of any given pixel

in the output image is determined by applying some operations to the values
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of the pixels in the neighborhood of the corresponding input pixel. A pixel’s

neighborhood is some set of pixels, defined by their locations relative to that

pixel[1].
Mean filters

The mean filter is a linear digital filtering technique, and it is the most popular
filter. The mean filter works by moving through the image pixel by pixel,
replacing each pixel value with the average (mean) value of its neighbors,
including itself. The pattern of neighbors is called the "window kernel or mask",
which slides, pixel by pixel over the entire image. An example of mean filtering

of a 3*3 window is shown in the figure I.6.

unfiltered values

513 6

2011 9

847
S4+34+6+2+1+9+8+4+7=45
45/9=5

mean filtered

| b |

| j |

k4 | k4

Figure 1.6: Mean filter

Low pass filter

Low pass filtering is the most basic of filtering operations, it is also called a
"blurring or smoothing" filter. The low pass filtering smooths out noise by

moving a window (like the window in median filter) which affects one pixel of

10



CHAPTER I. IMAGE PROCESSING: GENERALITIES

the image at a time, the simplest low-pass filter just calculates the average of a
pixel and all of its eight immediate neighbors. The result replaces the original
value of the pixel being considered. This process will be repeated for every

pixel in the image.
High pass filter (Edge Detection, Sharpening)

A high-pass filter can be used to make an image appear sharper, the opposite
of the low-pass filter, it amplifies noise. High-pass filtering can also let faint
details to be greatly exaggerated. The high-pass filtering can actually degrade
the image quality.

Median filter

The median filter is a nonlinear digital filtering technique, often used to remove
noise from an image or signal. The median filter is almost like the mean filter,
it also works by sliding window, but it replaces the center value in the window
with the median of all the pixel values in the window. The median is calculated
by first sorting all the pixel values from the window into numerical order, and
then replacing the pixel being considered with the middle (median) pixel value.
The figure 1.7 shows an application of a median filter on a two-dimensional

signal. A window size of 3*3 is used.

Median filtering is very widely used in digital image processing because, it
is very effective at removing noise while preserving edges. It is particularly
effective at removing ‘salt and pepper’ type noise. The figure 1.8 shows an

image before and after using the median filter.

3.3 Image segmentation

In computer vision, image segmentation is the process of partitioning a digital
image into multiple segments (a set of pixels), to check each individual pixel

to see whether it belongs to an object of interest or not.

11
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123 [ 125 | 128 | 130 | 140

Neighbourhood values:
122 (124 [ 128 | 127 | 133

115,119,120, 123,124,
1% 120 [ 150 | 125 | 134 125, 126,127, 150

1191115 | 119 1123 | 133

Median value: 124
111|116 | 110 | 120 | 130

Figure 1.7: Median filter

This operation produces a binary image. A pixel has the values one if it
belongs to the object, otherwise it is zero. Segmentation is the operation at
the threshold between low-level image processing and image analysis. after

segmentation, we know which pixel belongs to which object.[2]

The segmentation aims to simplify and/or change the representation of an

image into something that is more meaningful and easier to analyze.
3.3.1 Detection of discontinuities

In this section we present one of many techniques for detecting the three-basic
type of gray-level discontinuities in a digital image: points, lines, and edges.
The most common way to look for discontinuities is to run a mask through

the image.

3.3.2 Edge detection

Since the edge is one of the main features of the image, edge detection is
one of the most important foundations of digital image processing, pattern
recognition and computer vision. Edge detection technologies have been widely

used in image segmentation. motion detection and face recognition , etc.[3]

12
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Image with salt & pepper noise Median filter with window 3x3

Median filter with window 5x5 Median filter with window 7x7

Figure 1.8: Median filtering

Edge detection is set of mathematical methods that aim at identifying points
in a digital image at which the image brightness changes sharply or, more
formally, has discontinuities. The figure .9 shows an example for the technique

of edge detection on the image.

4 Domain of application

Digital image processing has several use in many area, in the next subsections

we present some of the applications that use the digital image processing.

4.1 Shape recognition

Shape recognition is a technology in the field of computer vision for finding

and identifying shapes or objects in a digital image from a raw data in order

13
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Figure 1.9: Edge detection

to make a decision.

Pattern recognition played a key role in different area such as machine
learning, motion detection, estimation, speech recognition, boundary detection
and many others. One of the more focused area of pattern recognition is shape

recognition.[4]

The goal of pattern recognition is the classification of objects into a number
of classes. Depending on the application, these objects can be an images, signal

or any type of measurements that need to be classified.

Pattern recognition systems are trained from labeled data called “training
data” and produces a function, which can be used for mapping new examples.
An optimal scenario will allow for the system to correctly determine the class

labels for unseen instances.

Pattern recognition used in different area and many applications like we

said previously, one of these applications is facial recognition.

4.2 Facial recognition

A facial recognition system is a computer application and a biometric solution
that measures and matches the unique characteristics of a face for the purposes
of identification or authentication.Facial recognition software can detect faces

in digital images or video frame, define their features, and match them against

14
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stored images of faces in a database.

Facial recognition systems typically used in security systems and today it
have the potential to be integrated anywhere you can find a modern camera,
in social media tagging friends in photos, access control, identity verification,

security systems and surveillance systems.

5 Conclusion

Nowadays, image processing is among rapidly growing technologies. It forms
core research area within engineering and computer science developments.
All image processing operations explained in this chapter aimed at a better
realization of objects of interest, to find suitable features and enhances them,
which would allow us to distinguish them from other objects and from the
background. In the next chapter Machine Learning generalities is presented

with focus on Deep Learning.

15



Chapter 11

Machine Learning and Deep learning

1 Introduction

In this chapter we will provide an overview of Machine learning where we will
focus on deep learning. Thus we will start by a definition to Machine Learning,
then its types, and mention some techniques of Machine learning. Finally, the

main point of this chapter will be Neural network and Deep Learning.

2 Machine Learning

“Machine Learning is the science of getting computers to learn and act like
humans do, and improve their learning over time without the need For human
intervention, by feeding them data and information in the form of observations

and real-world interactions.”

The above definition gives the ideal purpose or the ultimate aim of machine
learning, as shown by many researchers in the field. As with any concept,
machine learning may have a slightly different definitions. With some research,

we find these practical definitions from reliable sources:

e “Machine Learning at its most basic is the practice of using algorithms to
parse data, learn from it, and then make a determination or prediction

about something in the world.”Nvidia [5].

16



CHAPTER II. MACHINE LEARNING AND DEEP LEARNING

e “Machine learning is the science of getting computers to act without being

explicitly programmed.”Stanford!.

In 1952, ArthurSamuel creates the first self-learning program that became
better at playing the game checkers with each time it plays[6]. In 1967, the first
pattern recognition program was able to detect patterns in data by comparing

new data to known data and finding similarities between them.

Applications of machine learning cover a wide range of areas. Search engines
use machine learning to construct better relations between search sentences
and web pages. By analyzing the content of the websites, search engines
can define which words are the most important in defining a certain website,
and they can use this information to return the most relevant results for a
given search[7].Machine learning also used in image recognition technologies
to identify particular objects in an image, such as faces. First, the machine
learning algorithm analyzes images that contain the object which wants to
be identified. If given enough images to process, the algorithm is able to
determine whether an image contains that object or not. Machine learning
has been used not only for search engines and image recognition, but also for
such applications as e-commerce analysis, classifying DNA sequences, medical
diagnosis as well as text and language learning fields. Since the 1990’s machine
learning is used in data mining areas, adaptive software systems, and more uses

are being found out as time passes.

All these examples have the same basic principle. The computer processes
data and learns the pattern in this data, and then uses this information to make
decisions about future data. The increase in data made these applications more
effective and their decision more reliable. Machine learning algorithms can be
divided into supervised and unsupervised learning, depending on the type of
input data. In supervised learning, input data comes with known classes. This
input data is known as training data. After the algorithm trained, it creates a

model that can predict the class for new data that has the same class structure

"https://www.coursera.org/learn/machine-learning
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as the training data. In unsupervised learning, input data does not have known
classes, and the task of the algorithm is to find the pattern in the data and

create classes for it.

2.1 Machine learning types

There are many different types of machine learning algorithms, and they’re
typically grouped by either learning style (supervised or unsupervised) or
by similarity in form or function (classification, regression, decision tree,
clustering, deep learning, etc.). Regardless of learning style or function, all

combinations of machine learning algorithms consist of the following:

e Representation: a set of classifiers programmed in the language that a

computer understands.

e Evaluation: An evaluation function also called objective function or
scoring function is needed to distinguish between the good classifiers and

the bad ones.

e Optimization: a search method to search among the classifiers for the

highest-scoring one.

2.1.1 Predictive Analytics

Predictive analytics is an application of machine learning, refers to the field of
data science that involves making predictions about future events. By using
different statistical techniques on past data to make predictions about the
future events. In simple words predictive analytics use statistical models and
predictions techniques to understand the future and answer the question“What
could happen? ”. A common example of predictive analytics is credit scoring.
Based on the financial behavior and economic conditions of an individual,
predictions are made about his capability of paying his dues in the future. A

predictive analytics model is based on the three following elements:
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e Historical Data: To make predictions about future, a machine needs past

data.

e Statistical Modelling: Many statistical algorithms are used to make sense
out of data and make predictions about the future. Regression analysis
and linear regression are the most common approach used to understand

the relationship between different data.

e Assumptions: Predictive analytics is based on the simple assumption that
future behavior in data is based on past behavior and the relationship

between different factors will continue to stay true in the future.

Predictive analytics has a wide range of applications, such as fraud

detection, analyzing population trends, or understanding user behavior.

2.1.2 DescriptiveAnalytics

Descriptive analytics describe or summarize raw data and make it something
that humans can understand, they describe the past from historical data.
In simple words descriptive Analytics use data aggregation and data mining
to provide insight into the past and answer the question “What has
happened?”.Descriptive analytics are useful because they allow to learn from
past behaviors and understand how they might influence the future. Common
examples of descriptive analytics are reports that provide historical insights
regarding the company’s production, financials, operations, sales, finance,

inventory and customers.

2.2 Some Machine Learning techniques

There are several machine learning techniques exist to analyze data. In this

section, we provide some common techniques.
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2.2.1 K-Nearest Neighbors KNN

K-Nearest Neighbors is a non-parametric, lazy learning algorithm.It means
that it does not make any assumptions on the data distribution. In other
words, the model determined the class structure from the data. Its purpose is
to use a database in which the data points are separated into several classes
to predict the classification of a new data.Predictions are made for a new
data point by searching through the entire training set for the K most similar
neighbors and summarizing the output variable for those K neighbors. To
determine the similarity between the data instances(the neighbors). KNN
Algorithm is based on feature similarity. The simplest technique if the
attributes are all of the same scale is to use the Euclidean distance, a number
that can calculate directly based on the differences between each input variable.

The figure I1.1 shows an example of the KNN algorithm.
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Figure II.1: K-Nearest Neighbors.

The idea of distance can break down in very high dimensions (lots of input
variables) which can negatively affect the performance of the algorithm. This

is called the curse of dimensionality.
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2.2.2 Support Vector Machines SVM

Support Vector Machines belong to the area of supervised learning methods,it
is a binary classification algorithm. Given a set of points of two types in N
dimensional space, SVM generates a(/N —1) dimensional hyperplane to separate
those points into two groups. For example given some points of two types in
a paper which are two dimensional space. SVM will find a straight line which
separates those points into two types and located as far as possible from all

those points. The figure 11.2 shows an example of the SVM algorithm.

Figure I1.2: Support Vector Machine

2.2.3 Bayesian Networks

Bayesian networks also known as Bayes nets, Belief networks or Causal
networks. They are a type of Probabilistic Graphical Model that can be
used to build models from data and/or experience. Bayesian networks are
probabilistic because they are built from probability distributions and also use
the laws of probability for prediction and anomaly detection, for reasoning and
diagnostics and decision making. A Bayesian network is a graph which is made
up of Nodes and directed connections between them. Each node represents a

Variable such as someone’s height, age or gender.
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2.2.4 Decision tree

Decision Tree is a classification technique that focuses on an easily
understandable representation of data, it can easily be visualized in a tree
structured format, which is easy to understand for humans. Decision Tree is
one of the most common learning methods which based on dividing the data
set as well as possible into smaller data sets based on the descriptive features

until you reach a small set that contains data points that fall under one label.

Decision Trees made up of connected nodes, each node contains an
information (small data set). These nodes can be separated into the root
node, inner nodes, and end nodes also called leafs. The root node represents
the start of the decision support process and has no incoming links. The inner
nodes have exactly one incoming link and have at least two links out from it.
These links contain a test based on an attribute of the data set. For instance,
such a test might ask: “is the sun shining or not, for the attribute weather?”.
The link represents the decision taken from the previous node. Leaf nodes
consist of an answer to the decision problem, which is mostly represented by a
class prediction. As an example, a decision problem might be the question of
“whether a person takes his umbrella or not”, with the class predictions being

yes and no. Leaf nodes have no link out from it and exactly one incoming link.

Figure I1.3 shows an example of a Decision Tree. For instance, a data
record, having the attributes cold, polar Bear would be passed down to the
left subtree, since his temperature attribute is cold and then down to the leaf

“North Pole” being classified with the corresponding label.

2.2.5 Artificial Neural networks

Artificial Neural Network is an algorithm based on the way that brain works,
inspired by the structure and function of human biological neural networks.
They can produce predictive models by learning the pattern in data and they
are considered Universal Function Approximators [8]. It means that they can

compute and learn any function at all. It has been widely known that neural
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South

Figure 11.3: Example of a Decision Tree

networks can be a powerful tool for classification.

The Artificial Neural Networks are made up of small interconnected
processing elements capable of learning. These elements called nodes or
neuron, each node processes a small part of the task. In a neural network,
the nodes are organized in a layer, the first layer called input layer, the last
layer called output layer, between these tows one or more layers called the

hidden layer. The figure 11.4 shows a basic structure of an ANN.

The input layer corresponds to the data that the network receives, the
nodes from the hidden layer take their input from the input layer, process
it and passed into the nodes of the output layer. Notice that every node in
the hidden and output layers are connected to all nodes from previous layer.
A node receives information from multiple nodes of the previous layer, this
information is multiplied by a unique weight and adds to gather with a small
value called bias, this total is processed by a function called the activation
function and leaves the node as an output. This process proceeds until the

information reached the output layer. The output layer delivers the result of
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Figure I1.4: Artificial Neural Network

the ANN as a prediction. Then the network compares the prediction with the
actual value of the data if these do not match it adjusted all the weights in the
network and repeats the process. these iterations get repeated until the neural
network is able to produce accurate predictions for most of the observations.
ones this is achieved the neural network model can be applied to a new set of

data to provide predictions.
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Figure I1.5: Artificial neuron

The activation function is non-linear function that is important for the

Artificial Neural Network, they introduce non-linear properties to the network,
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in simple words They convert a linear input signal into non-linear output signal.
If the activation function removed then the output signal would be a simple
linear function, a polynomial of one degree. Now, a linear equation is easy to
solve but they are limited in their complexity and have less power to help the
ANN at learning. In order to calculate the output value y; of each node ¢ from
the layer [, there are three elements required: input value X; which are the
N outputs from previous layer that the node receives, weights W; where each
link between two nodes has its own weight, and the activation function ¢, the
bias value b is usually passed to each layer. First, we calculate the summing

junction h(), then the activation functionep.

N

h(x;_1) = Z(Wu * T1-17) + by

j
f(x) = o(h(x))
There are many types of activation function depending on the problem and
the most popular of them is:

The hyperbolic tangent:

e2r—1

80(1.) = e2z 41

And the logistic function:

p(z) = H%

Training an Artificial Neural Network

The purpose of the training process for the ANN is to adjust biases and weights
of the nodes to minimize the error. The error is the square of the difference
between the actual output that the ANN give as a result and the desired
output. In case there is more than one node in the output layer the total error
will be the average of all error. This process called the loss function or the
cost function, this is used to measure how far the network is from the desired
result. There are many types of training algorithms that been used on the

ANN to minimize the error, among these algorithms Backpropagation, gradient
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descent, Sparse Training, Conjugate Gradient and Adaptive Backpropagation.
Backpropagation algorithm [9]is one of the fastest and populist algorithms in
the training of ANNs. This algorithm starts by initializing all weights in the
network, some of the most common strategies to do so is randomly setting them
or drawing them from a probability distribution. The next process consists of
3 phases that are repeated many times over. In the first one, an input is
delivered to the network, and the output values are calculated. Then, this
output is evaluated, using a loss function. The final phase consists of updating
each weight in order to minimize the obtained error. More details about the

ANNSs and learning algorithms can be found in the literature [10].

There are two ways to training an ANN, supervised and unsupervised
training. The set of data that the ANNs are training on is called the training
set. During the training of a network, the same set of data is processed many

times.

Therefore, it can be concluded that the learning task for neural networks
consists in finding the right weights. The choice of the algorithm will affect the
performance of the network, so it is an important issue to take into account

11].
2.2.6 Deep Neural Networks

Deep Neural Network is an Artificial Neural Network with more than one
hidden layer. An Artificial Neural Network with one hidden layer can compute
and learn any function at all like we mentioned before, imagine what can be
done with an ANN architecture consist of multiple hidden layers content huge

number of nodes.

The DNN have the ability to approximate almost any function no matter its
complexity by given the right parameters. therefore, the deeper the network
was, the higher is its ability to learn more complex functions. In principle, there
is no limit number of layers or nodes per layer, but, in practice, it has been

almost impossible to successfully train a network containing a huge number of
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hidden layers. Because with the addition of layers and nodes, the number of
weights in a network can easily reach the thousands, or even millions in the
larger ones, meaning a large number of parameters to process. This requires
high computational resources to optimize the computational times and a large
number of data to feed the training stage. which was not available until the

late of 2000’s.

There are various factors that allowed to train the DNN. Among these
factors and the most important of them is the improvement that computers
have experienced. Not only today’s computers are much more powerful than
those from a decade ago, but also the appearance of graphical cards has greatly
increased the speed of the computational process. Graphics Processing Units,
or GPU’s, were firstly designed to allow computers to run graphical programs

in parallel, mainly video games.

Since GPUs perform parallel operations on multiple sets of data, they are
used as vector processors for non-graphics applications that need repetitive
computations, such as the DNNs. Nowadays, most DNN researchers and users
use GPUs to run theirs, as they can greatly decrease the training time. As
shown in Amogh Gudi ‘s experiments, he showed up to 82 times faster training
on a 5000-core 6GB GPU in comparison with a 16-core 12 GB CPU) [12]. This
factor has led to widespread use of DNN, as it is no longer need to use expensive

super-computers to train networks.

Other factor that helped at DNN training was the creation of public datasets
such as LFW dataset, by collecting large amounts of data and turning them
into usable datasets, that allow to train and test the DNN with great numbers

of parameters to learn.

Another factor makes training easier was the appearance of a training
method by Hinton, Osindero, and The [13]. They proposed a fast and
successful way to training deep neural networks. This was by training each
layer at a time, treating them as a Restricted Boltzmann machine. After that,

many other methods have been developed in order to train deep networks,
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such as ReLU layers or dropout regularization.

Deep neural network With many hidden layers is able to learn multiple
levels of feature representations that correspond to different levels of
abstraction. Analysis of the weights in each layer shows that the first layers
can extract the lower level patterns from the inputs, and the last layers learn
high-level features by combining the lower level patterns, as Zeiler and Fergus
have shown in[14]. With such structures, the deep neural networks are able

to extract complex representations. Figure I1.6.
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Figure I1.6: Feature Hierarchies

This is called feature hierarchy, and it is a hierarchy that shows the increase
of complexity and abstraction. Notice that the further you go deep into the

neural net, the nodes can recognize more complex features.
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2.2.7 Convolutional Neural Networks

The convolutional neural network (CNN) also known as the ConvNet is an
artificial neural network that is most popular used for analyzing images and
classification problems. LeCun and Bengio introduces Convolutional Neural
Networks in [15] as a solution to the classification task in computer vision.
Most generally, we can think of the CNN as a type of artificial neural network
which is able of extracting information out of images, more specifically, it has
the ability to detect patterns and make sense of them, this pattern detection
is what makes CNNs so useful for image analysis, what differentiated them
from the ANNs and DNNs is that they have hidden layers called convolutional
layers, the shared weights technique which give to each layer a single set of
weights for all nodes. The convolutional layers precisely what makes them
a CNN, and they can have other different layers like a pooling layers and
fully-connected layers, but the basis of CNN is the convolutional layers. These
new layers and how they work will be explained next with some concepts that

are relevant to the CNNs, such as overfitting and local connectivity.

The problem with solving computer vision problems using classical neural
networks is that even an image of small size contains a huge amount of
information. In the case an image of the size 620x480 contains 297 600
pixels, if each pixel intensity is input separately to the network, each node
requires 297 600 weights.Thus, we can see that the number of parameters in
the network gets larger as the image size increases, this causes overfitting and

slow performance.

2.2.7.1 Overfitting

The overfitting is a common problem that appears in neural network training.
When a model is overfitted to the training data, it loses its capability to
generalize with new data. The model has treat the data too much and learned
the training data, including noise, which lead it to fail in capturing the basic

information. There is a common method in CNNs to prevent overfitting known

29



CHAPTER II. MACHINE LEARNING AND DEEP LEARNING

as the dropout, which is a regularization method that randomly disables nodes.

2.2.7.2 Local Connectivity

Local connectivity in CNNs means that the nodes in a layer will be connected
to a small number of the nodes in the previous layer nodes as shown in the
figure I1.7, instead of a full connectivity to all nodes like in the classic neural
net that we discuss in the previous sections. We can take advantage of pixels
near one another that are strongly related. This property decreases the number

of weights compared to a regular neural network.

full connectivity

local connectivity

Figure I1.7: connectivity types

2.2.7.3 Layer types

In this part, we introduce the three most used layer types in CNNs
architectures, starting by convolutional layer, following by the pooling layer

then Fully-connected layer will be discussed.

Convolutional Layer Images are represented by matrices contain color
information in the form of RGB color codes. An image has size height x width

x depth, where the depth is the number of the color channel (usually three).
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Convolutional layers are essential layers in CNNs, producing feature maps from
input images. Convolutional layers define a filter (or kernel) that represent the
weights. The filter is a matrix with x rows, y columns, and depth d. the filter
with size x x y x d works on a receptive field z x y on the image. The filter
height and width are smaller than the input image height and width. The
filter slides over the image, producing a feature map as shown in the figure
I1.8. Activation map is the sum of the multiplication of the elements in the

receptive field with the filter.
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Figure I1.8: Convolution of image I with filter K and stride 1 snuverink2017deep

The filter stride is a parameter in convolutional layers which has to be
defined before the training. The stride is the number of pixels which the filter
slides at a time. One of the disadvantages of using convolutional layers is
that it decreases the output size. A larger stride will result in a smaller sized

output, which can cause a loss of information.

After each convolutional layer, we find an activation function called
Rectified Linear Unit ReLU. Every pixel from the activation map will be
exposed to this nonlinear operation. It computes the function f(x) =
max(0,z). In over words, every negative value will be replaced with zero. After
this, the network proceeds with another layer, for example a new convolutional

layer or a pooling layer.
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Pooling layer Pooling layers are also known as down sampling or sub
sampling layers. It is common to found the Pooling layer in-between successive
Convolutional layers in a ConvNet architecture, in order to reduce the size of
the image representation. The Pooling Layer works independently on every
depth slice of the input and resizes it, by a pooling method. A commonly used
method is max pooling, using the MAX operation. It is usually used with a
filter of the size 2 x 2 and a stride of 2. The max pooling operates by taking
the max number in the filter and put it in a matrix, which is the output of
the layer, as shown in the figure I1.9. There are several other methods which
are commonly used in neural networks, such as average pooling and L2-norm
pooling. This layer does not have weights that need training, and it only uses
the stride and filter size as parameters. Its benefit consists in reducing the
number of weights, which reduces the computational time, and the chance of

over fitting.
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Figure 11.9: Maxpooling with a 2x2 filter and stride of 2

Fully-connected layer The final hidden layers of a CNN are typically
fully-connected layers. They are layers with a full connectivity, which means

that its nodes are connected to all nodes from the previous layer, as seen in

32



CHAPTER II. MACHINE LEARNING AND DEEP LEARNING

regular Neural Networks. A fully-connected layer can capture some interesting

relationships between parameters [16].

2.2.8 Deep Learning

Deep learning also known as deep structured learning is a subfield of Machine
Learning, related by the artificial neural networks. In a sample words the Deep
learning is a kind of Neural Network composed of multiple layers, processes
with non-liner operation, for the task of recognizing patterns in data by
training them. According to Andrew Ng Chief Scientist at Baidu Research
Deep Learning is a large neural network trained on enough data with fast
computers. More precisely Deep Learning refers to the use of Deep Neural

Networks or convolution neural networks.

In last years, several classification problems in computer vision have
showing remarkable results by using Deep Learning techniques, in particular
Convolutional Neural Networks and Deep Neural Network. Among these
problems speech recognition, face recognition, visual object recognition, object

detection and many other domains.

An important task in Machine Lsearning is choosing the appropriate
features for solving a particular problem. This becomes a very important
problem in the case of Computer Vision. For example, when two classes are
not separable, it becomes important to define features that can successfully
separate between them. this process can be manually chosen by the user or
can be automatically generating. When the features are manually chosen, the
solution to the task becomes dependent on the user’s domain expert. Moreover,
this can be exhaustive work and needs to be repeated for every task, and this
becomes more difficult when dealing with high-dimensional data such as an

image.

The second option, automatic learning of features in data, can be achieved
by Deep Learning. When applied the CNN or DNN to the field of CV, they are

able to automatically find a set of prominent features by looking for patterns.
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Based on experimental results, these features have proven to be better than

those manually crafted.

3 Conclusion

In this chapter we have presented different aspects of Machine learning,
starting by its definition, then types and different techniques. We also gave
details about Deep learning and CNNs. In the next chapter we will present

state of the art of facial recognition and Deep learning.
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Chapter 111

Face recognition: State of the art

1 Introduction

Over the few past decades, technology has progressed in every field. With
that progress, the individuals’ life becomes easier, but the security and the
privacy of individuals become a challenge. Thus, the need for a system that
secures our assets and protects our privacy without losing our identity in a sea
of numbers is crucial. For example, the individual’s signature can be forged,
the password can be expected or hacked, but some biological characteristics
like the fingerprint, the eye, the human face in general can’t be stolen. This
last one is treated by Facial recognition techniques which are among the areas
of Computer Vision (CV)that have shown more interest. There are many
applications for it, like biometrical security, automatically tagging persons in
pictures, and others. In fact, in the past few years, facial recognition has
significantly received attention by the success of applying pattern recognition,
image analysis, and understanding techniques. In this chapter, we will present
the state of the art of facial recognition systems, especially those based on DL,

and we will provide an overview of works on Facial Hair recognition(FHR).
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2 Face recognition

The recognition of a human face is one of the most basic activities that
humans perform with ease on a daily basis. However, the human brain has its
limitations in the total number of persons that can accurately remember. a
key potential advantage of a computer system is its capacity to handle large
datasets of face images. Indeed, Face recognition has been an active research
area over the last 50 years. This research spans several disciplines such as
image processing, pattern recognition, computer vision, and neural networks.
Face recognition has many applications, mainly in the fields of biometrics,

access control, law enforcement, and security and surveillance systems.

3 State of the art

In the 1960’s, Woodrow W. Bledsoe was one of the first researchers on the field
of face recognition [17]. During 1964 and 1966, Bledsoe, along with Charles
Bisson and Helen Chan, worked on computers to recognize human faces. But
because the funding was provided by an unnamed agency, little of the work
was published [18].They used a technique to mark the coordinates of prominent
features of a face. Among these features were the location of hairline, eyes, nose
and mouth. Bledsoe described most of the problems that Face Recognition
suffers from and still suffers until today, among these problems head rotation,
illumination, facial expression and facial aging. Many would say that Woodrow
Wilson Bledsoe was the father of facial recognition. However, the system

required the administrator to manually locate features on the images.

Goldstein, Harmon, and Lesk add increased accuracy to FR problem [19].
They used 21 features like lip thickness and hair color in order to identify
faces. Similarly, to Bledsoe’s system, the location of the features is manually

computed.

Sirovich and Kirby applied linear algebra to the problem of FR. What

became known as the Eigenface approach, this approach based on the Principal
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Component Analysis(PCA)to transforms face images in order to produce a low
representation of the data to be easier to analyze. The data produced is called

eigenfaces. An example of eigenfaces is shown on figure III.1.

Figure III.1: Example of eigenfaces.

Notice that only the most prominent features are kept. One of the reasons
that the PCA technique is popular because we can see what happens, what
the technique does with the images. The opposite with many other techniques,
there is something happening but we can’t see it. Principal component
analysis (PCA), is a classical feature extraction and data representation
technique that synthesize information in images to retain only the important
information and discard the rest. Main advantages of the PCA are its low
sensitivity to noise, the reduction of the requirements of the memory and the
capacity, and the increase in the efficiency due to the operation in a space of
smaller dimensions [20]. Turk and Pentland [21] expand upon the Eigenface
approach and discovered how to detect faces in images. They succeeded in
creating the first automatic face recognition system, buttheir approach was
constrained by technological in that time. The advantage of this approach over
other face recognition systems is in its simplicity, speed, and insensitivity to

smaller gradual changes on the face.In 1993’s, The Defense Advanced Research
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Projects Agency (DARPA) and the National Institute of Standards and
Technology created the Face Recognition Technology (FERET). The program
began in the 1990’s in order to encourage the commercial face recognition
market. The project involved creating a database of facial images. The aim
of the FERET program was to develop automatic face recognition capabilities
that could be employed to assist security, intelligence, and law enforcement
personnel. After the FERET program, the National Institute of Standards
and Technology (NIST) began Face Recognition Vendor Tests (FRVT) in the
early 2000’s. Building on FERET, FRVTs was designed to provide independent
government evaluations of facial recognition systems that were commercially
available, as well as prototype technologies. These evaluations were designed
to provide law enforcement agencies and the U.S. government with information
necessary to determine the best ways to deploy facial recognition technology.
At the 2002 Super Bowl, law enforcement officials used facial recognition in
a major test of the technology. While officials reported that several "petty
criminals" were detected, overall the test was seen as a failure. False positives
and backlash from critics proved that face recognition wasn’t quite ready for
prime time. One of the big technological limitations at the time was that
face recognition did not yet work well in large crowds, functionality that is
essential to using face recognition for event security. In 2009, the Pinellas
County Sherriff’s Office created a forensic database that allowed officers to tap
into the photo archives of the state’s Department of Highway Safety and Motor
Vehicles (DHSMV). By 2011, about 170 deputies had been outfitted with
cameras that let them take pictures of suspects that could be cross-checked
against the database. This resulted in more arrests and criminal investigations
than would have otherwise been possible. However, during many years no
quality solutions were obtained. It has not been until the beginning of the
2010s that functional systems have started to appear. The performance has
increased with the use of DL techniques. In particular the neural networks

models like DeepeFace andFaceNet.
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3.1 Face Recognition approaches based on deep learning

Many face recognition methods have been proposed since this system appeared.
Automatic facial recognition becomes a challenge that has generated a large
number of research in different specialties, such as psychology, neurology,
mathematics and computer science. This is why the literature on face
recognition is vast and diverse. In the beginning of 2010, Facebook began in
implementing facial recognition system to identify people whose faces may be in
the uploaded photos by Facebook’s users. What become known as DeepFace in
2014, is a deep learning facial recognition system created by a research group
at Facebook [22]. They used a deep neural network(DNN) technique, and
achieved the state of the art in the Labeled Faces in the Wild dataset (LFW)

by 97.35%, reaching near human-performance like we can see in figure below.
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Figure II1.2: The receiver operating characteristic curves of the LFW dataset [22].

The Labeled Faces in the Wild (LFW) [23] is a collection of named
face images taken from Internet. The database is available for public
and provides a resource to train or test the face recognition algorithms.
In 2011, the government of Panama, authorized a pilot program of facial

recognition platform called FaceFirst in order to cut down the illegal activity
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in Panama’s Tocumen airport (known as a hub for drug smuggling and
organized crime). FaceFirst is a facial recognition system, which is a security
system. The advantage of FaceFirst system is the availability to work in
low-resolution environments( Face Recognition Security System). In the
competition between Facebook and Google,researchers from Google published
the paper FaceNet [24], which uses a deep convolutional neural network. The
output was trained using a triplet loss function that works with three input
images, where two belong to the same person and the other to a different one.
The triplet loss works to minimize the distance between images of the same
identity and maximizes the distance with a different identity. They resulting
an accuracy of 99.63 % on the LFW dataset. There are many other approaches
applying DNN and CNN techniques providing close results, such as Deep Face
Recognition [25] by Visual Geometry Group (VGG) at the University of Oxford
achieved an accuracy of 98.95 % in the FLW dataset and FacelD [26]designed
and developed by Apple to be a type of biometric authentication system.
DeepFace Recognition and FaceNet are the most successful applications of
CNNs in the FR problem. These two have provided state-of-art results in

recent years. So,we decided to focus on CNN.

Face recognition systems are very often categorized from the findings of
psychological studies of how men use the characteristics of life to recognize
others. From this point of view, the three categories are distinguished: global

methods, local methods and hybrid methods.

3.2 Face recognition problems

The face recognition systems have many problems like any other system.
Since this system appears Woodrow Wilson Bledsoe described most of these
problems as we mentioned in the face recognition section, one of the most
important problems is face variation. There are many factors that can impact
the picture so that two pictures from the same person look different, such
as illumination, facial expression, head rotation, aging, sunglasses, beards or

different hairstyles. These factors influence the quality results that the face
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recognition systems deliver. An example of these problems can be seen in

Figure.

Figure II1.3: Face variation [11].

4 Facial hair recognition

Facial hair analysis has recently received significant attention from forensic
and biometric researchers because of three important observations as follows.
Firstly, changing facial hairstyle can modify a person’s appearance such that it
effects facial recognition systems. Secondly, most females do not have beard or
moustache. Therefore, detecting facial hair helps to distinguish male against
female with high confidence in the gender classification problem. Finally,
opposed to babies and young adults, only male senior adults generally have
beard or moustache. The facial hair detection can help to improve the accuracy
of an age estimation system. In addition to beard and moustache detection,
segmentation also plays a crucial role, especially in facial recognition systems
due to the following biometric observation. There is lack of small patches

under a human mouth and these features does not change during the lifetime
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of a person [27]. Accurate beard and moustache detection and segmentation
enables us to perform occlusion removal, gender and ethnicity classification,
age estimation, facial recognition, etc. In 2008, Nguyen, et al. [28] proposed
a method for facial beard synthesis and editing. However, this method only
works on high resolution images with the assumption that facial hair already
existed. Also, there was the requirement of initial seeds for Graphcuts-based
method. Their proposed method was lack of experimentally quantitative
results. To overcome those weaknesses, Pierrard, et al. [29] proposed facial
hair detection using GrabCut and alpha matching. Although their proposed
method was evaluated in the application of face recognition on FERET
database [30], there was a lack of quantitative results in their work. Recently,
authors in [31] [27] proposed a new approach SparCLeS for automatically
detecting and segmenting beard/moustache with full measurement. Their
method is shown to be robust against illumination and obtains high accuracy
of detection. However, it is time consuming and highly complex because of
the Multiscale Self-Quotient algorithm and the dictionary learning approach.
Furthermore, their facial hair detection depends on the training data used to

build the binary decision dynamic dictionary.

5 Conclusion

In this chapter, we provide the state of the art of Face Recognition Problem.
By focusing on historical events that led to its appearance and some of its
successful approaches. Followed by some of its common problems. Finally, we

introduce facial hair recognition.
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Chapter 1V

Experiments and Results

1 Introduction

In the previous chapter, we have seen several techniques that use deep learning
method as a facial detection classifier. According to our knowledge, Facial
Hair Analysis was not among the techniques that use deep learning methods.
Facial hair analysis has recently received significant attention from forensic and
biometric researchers due to several factors, among them these three important
factors as follows. Firstly, changing facial hairstyle can modify a person’s
appearance such that it effects facial recognition systems. Secondly, most
females do not have a beard or mustache. Therefore, detecting facial hair helps
to distinguish between male and female in the gender classification problem.
Finally, opposed to babies and young adults, only male senior adults generally

have beard or moustache.

In this chapter, we provide a description of our idea, the language that we
used to develop our system, the settings of the experiments we performed, and

the obtained results.

2 Our idea

Our idea is to detect faces and distinguish between hairy faces (faces that have

beard and,or mustache) and hairless faces using deep learning based technique
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that can help to improve the accuracy. When we faced the problem, our
first step was to research the history and current state of the face recognition
systems, as explained in Chapter III. This gave us a good picture of what
we will work through, which methods we can use, and which ones we can
discard. The existing research and the widespread of deep leaning techniques
use leads us to the field of CNNs. As already explained, they are providing
new result benchmarks in many Computer Vision applications, including Face
Recognition. Additionally, due to the high interest in the field, there is a
large amount of research in it. Even though some of these researches remains
private, there are many papers that are publicly available. These two factors;
quality of the results and availability of information lead us to choose to use

CNNs in our Facial hair Recognition system.

Indeed, we have developed a system capable of performing facial hair
recognition, and to continuously learn. It can be trained by providing a set of

images for people with hair and without hair.

2.1 Technical specifications

In order to implement the system, we have used Deeplearningjj which is a
Java-based deep learning library for programming. The reasons are that it
is designed especially for this kind of applications, and it is really easy to
prototype with it, that it has plenty of libraries for mathematical use, and that
most of the computational requiring ones are implemented in faster languages,
so at the end of the day the difference in performance with respect to languages

such as C' + + is not that large.

2.2 Validation

Validation techniques in machine learning are used to get the error rate of the
ML model. Evaluating the performance of a model is one of the core stages in
the data science process. It indicates how successful the scoring (predictions)

of a dataset has been by a trained model. These techniques allow to see how
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the model performs, it helps to find the best model that represents the data

and how the model will perform in the future.

In this section, we provide a brief demonstration and explanation of the
techniques available for the task of evaluating the performance of a model in

Machine Learning.

K-Fold Cross Validation

Cross validation, sometimes called rotation estimation or out-of-sample testing,
mainly used in settings where the goal is the prediction. In this technique, the
dataset is divided into K equal parts. Where the k — 1 parts are used for
training, which called the learning set. The remaining one is used for testing,

it is called the validation set or test set. The figure below shows an example.

Total number of examples +

Experiment 1

Experiment 2

Experiment 3

/ Test examples
Experiment 4

Figure IV.1: K-Fold Cross-Validation

The advantage of this technique is that the entire data is used for training
and testing, to avoid overfitting. The error rate of the model is the average of

the error rate of each iteration.
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Bootstrap

Bootstrap or Bootstrapping is a technique that helps in many situations
like validation of a predictive model performance, ensemble methods and
estimation of bias and variance of the model.In this technique, the training
dataset is randomly selected with replacement. The remaining data that were
not selected for training are used for testing. The error rate of the model is
the average of the error rate of each iteration. The following figure is simple

example of bootstrapping.

Complete dataset @ @ @ @

Experiment 1 @ @ @ @ @ @
Experiment 2 @ @ @ @ @
Experiment 3 @ @ @ @ @ . @

Experiment K @ | @@@

Training sets Test sets

Figure IV.2: Bootstrap.

Confusion Metrics

Confusion matrix is one of the most intuitive and easiest techniques used for
finding the correctness and accuracy of the model. It is used for Classification
problem where the output can be two classes or more. It is a table that is
often used to describe the performance of a classification model on a set of test

data for which the true values are known. As shown in figure IV.3.
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Predicted class

Hairy Hairless

Actual Class ,
Halry

Hairless

Figure IV.3: Confusion Metrics.

True positive TP and true negatives TN which are shown in green are
the observations that are correctly predicted. The false positives FP and
false negatives FN which shown in red color are the false predictions. The
Confusion matrix itself is not a performance measure as such, but almost all
of the performance metrics are based on Confusion Matrix and the numbers

inside it. Such as Accuracy, Precision, Recall and F1 Score metrics.

Accuracy

Accuracy is the most intuitive performance measure and it is simply a ratio of
correctly predicted observation to the total observations.In other words, it is
the number of correct predictions made by the model overall the predictions

that are made.
Accuracy = TP+TN/TP+FP+FN+TN
Accuracy is a good measure when the target variable classes in the data are
nearly balanced.

Precision

Precision is the ratio of correctly predicted positive observations to the total
predicted positive observations. In our project, the precision tells us the

proportion of people that we analyze as hairy people, they actually have hair.
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Precision= TP / TP+FP

As shown the precision gives us performance information with respect to false

positives.High precision relates to the low false positive rate.
Recall

Recall also called Sensitivity is the ratio of correctly predicted positive
observations to all observations in the actual class. It tells us the proportion
of people that actually had hair was predicted by the algorithm as they having

hair.
Recall = TP/TP+FN

As we note the recall gives us performance information with respect to false

negatives. The high recall relates to the low false negative rate.

F1 score

F1 Score is the weighted average of Precision and Recall. Therefore, this
score takes both false positives and false negatives into account. F1 is usually
more useful than accuracy, especially when have an uneven class distribution.
Accuracy works best if false positives and false negatives have similar cost. If

they have very different cost, it is better to look at both Precision and Recall.

F1 Score = 2*(Recall * Precision) / (Recall + Precision)

3 Experiments and Results

In this section, we briefly introduce some existing datasets and explain the
dataset used in our experiment, the division of data. After that the results are

presented and discussed.
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Table IV.1: Dataset distribution

Set Label Nl.lmber
of images
Training | Hairless 480
set Hairy 160
Testing | Hairless 160
set Hairy 50
Total 850

3.1 Datasets

CNNs require a lot of data to be trained. As an example, DeepFace was
trained using a dataset containing over 4.4 million images. Several face
image databases have been produced by researchers in the field, some of
these databases are publicly available and there are private ones. Some of
the famous public databases are the LEFW, FERET, YALE, MIT-CBCL, att
faces, and SCface. In our case, we need a special dataset to train and test our
system. Which contains people with a beard and/or moustache and people
without those two, which represents our labels. In order to provide this kind
of dataset, we decided to look for publicly available datasets that could help us.
Unfortunately, we realized that none of the publicly available ones are made
for the purpose of facial hair recognition. Therefore, we decided to gather the
maximum number of images manually from different public datasets into a
single one, then we divided it into two labels (hairy and hairless). The used
datasets were LFW [23], att-faces [32] and YALE [33]. We also used images
that we have gathered via web scrapping, this process was a time consuming
and very tiring. The three datasets used and the gathered ones provided
around 850 images. This number was not enough compared with the dataset
used in DeepFace, but we decided to use it to test our system. Meanwhile we

tried to gather images so that we will get enough data.

Once we gather the dataset we divide it into training and test sets, by
taking a 1/3 of the dataset as the testing set and the rest as the training set

as shown in table IV.1.
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Then we selected a subset from this dataset to use it in our experiments, in
total 20 subjects are used. Some of the images in this dataset contain variation
such as illumination, pose, and facial expression which represent a challenge

for the performance of our system.

3.2 Experiments

In our experiments, we followed a similar configuration that was proposed in
the DeepFace paper. We used Stochastic Gradient Descent as the optimization
algorithm, not only because it was used in the paper, but also because it is
indicated for this kind of networks. The momentum used was 0.9, and the
batch size was 128. The starting learning rate was set to 0.006. Each network
was trained for 15 epochs. All weights in the network were initialized by Xavier
function. We used layers variation between one layer and five layers, for the
input layer and the hidden layers we used relu as the activation function and
the softmax activation function are used in the output layer. Each of these
hidden layers contains 100 nodes, and the output layer made up of two nodes
which represent our classes. In order to test this configuration, we performed

the three following steps:

1. The first step was the training, which trains them on the training set
that we mentioned in the previous section. But before that, we note
during the dataset collection that the images were not of the same size
(not of the same resolution). Therefore, we tried some codes to resize the
images before passing it to the network. We also thought about making
the images in black and white, to make them more simple and easier to
process. However, we did not do so because we want to evaluate the

performance of our system on raw data without preprocessing.

2. The second step was the augmentation of the hidden layers. We add one
hidden layer at a time to the network and compared the performance to

decide how many layers we need.

3. In the final step, we test our system on unseen images.
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3.3 Results

In this section we provide the results we obtained in the experiments. Some
of these results will be presented as graphs, in which we will see the relation

between performance and some of the parameters previously mentioned.

Accuracy interm of images number

couracy

5100 W0 W0 40 S0 60 o0 8O0 SO0 1000

Humber of images

Figure IV.4: The performance in term of images number

As we can see in figure IV.4 the accuracy increases with the increase of
the number of images. After reaching 600 images, the system performs an
accuracy of 0.75, and it starts to slowly increase until reaching 0.779 at 800

images.

In the figure IV.5 it can be seen clearly that the performance of our system
remains stable even with the increase in the number of layers. This is due
to the fact that there was a small amount of data, while it is stated in the
literature that deep learning based applications require a large amount of date

to perform well.

In the table below we summarized the results that we obtained with some

performance metrics.

During our research about face recognition and deep learning, we noticed
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Accuracyin term of layaersnumber

Number of [ayers

Figure IV.5: The performance in term of layers number

Table IV.2: Performance metrics

performance metrics | Accuracy | Precision | Recall | Fl-score
Results 0.779 0.779 0.5 0.6

that almost in every thesis or paper we found, they presented the results that
they obtained on their own dataset and on some of the popular public datasets.
In our case, we cannot give the results of our system on any of the other popular
datasets except for our dataset. We have already discussed the properties of

our dataset in the Datasets section.

3.4 Discussion

As we mentioned previously, Facial hair recognition is an important task for
improving a face recognition applications. Because the hairstyle specifically the
beard and/or mustache can modify a person’s face. In this section, we provide
a discussion for the results that we obtained and a comparison between our

results and the results of Le et al. [34].

During our research, we ended up having a large number of possible

configurations. Testing each of them was not feasible due to time constraints.
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The configuration that we used was similar to the one they provided in the
DeepFace paper. Therefore, we did not have to look for the best configuration.
Because the DeepFace is one of the most successful applications in face

recognition problem.

In the figure IV.4, we note that the augmentation of images number leads
to the increase of the accuracy. The more data we feed the network with, the

more satisfying the results will be.

In the figure IV.4, the stabilization of the accuracy even when increasing
the number of the layers return to the small number of the images that we

have. Therefore, one layer is enough to process these images.

In the aim of showing the power of deep learning in the problem of face
recognition, where the state of the art emphasizes its excellent result in many
fields. We compared our approach which is based on deep learning technique
with a recent work based on self-training and feature extraction. In order
to do that, we give some of the most important differences between the two

approaches in the table below.

Table IV.3: Comparison between our approach and Le et al. [34] approach

Technique Accuracy Dataset
Our Deep 77.9 850
approach learning % image
Between MBGC

self-training model

. . 88% and 90.7% | 34696 image
Le, Luu, &Savvides approach ;Vltgl tietion Botwoon FERET
CAUTE CXBTACION | 8997 and 85% | 989 image
Between Pinellas

83% and 86.3% | 10000 image

Normally, the deep learning based approach achieved good results.
Unfortunately, our results were not as we expected because of the four following

reasons:

1. Short of data: as we mentioned previously the CNNs require a lot of data

to give satisfice results.
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2. The difference between the size of the images and the background

problem.

3. Lack of time: to collect and resize enough data and test many

configurations and train the network successfully we need a lot of time.

4. Weak resources: we need a powerful resource to train the CNNs on a

large dataset in a reasonable time.

5. We think to through the literature that the deep learning needs more
samples compared to other techniques to reach needed and acceptable

results.

4 Conclusion

In this chapter we presented our developed Facial Hair Recognition system and
evaluation, then we compare and discuss our results with Le et al. [34] results.
The system that we developed has achieved 77.9% accuracy. Considering the
small dataset that we have used (850 people). We consider this results to be a
promising, as there was a big difference between our dataset and Le et al. [34]

dataset.
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Conclusion and Future Work

In this work, we have developed a fully working Facial Hair Recognition system
based on deep learning technique. With the capacity of self-learning without
human intervention. It can work with any kind of images, it is able to adapt
to changes in face expression or orientation, light conditions and other factors.
We have based our network configuration step on a similar configuration as
the DeepFace [22] system, which we have used to not waste time in searching

the best configuration and to provide better performance to our FHR system.

In our work, we have manually gathered 850 face images to construct our
dataset to be used both in training and testing. And we have obtained steady
results about 75% of accuracy, reaching a maximum of 77.9%. We compared
our model to another model based on extracting features. Unfortunately, our
results are not better than their results. But we consider this result to be a
robust one, as there was a big difference between our dataset and Le et al.

dataset.

However, there are still options that can improve our model to have better
accuracy. During the documentation, we already have pointed out some
aspects that should be improved in the future. There are two main part,
the first one that needs to be worked on is to gather more data (images). The
gathering of data will come from various sources. One of the most important
ones will come from Internet using crowdsourcing. Our main goal for this
stage is to increase the number of images in our dataset and investigate if the

shortage of our system accuracy caused by the lack of data.

The second part is that there are many parameters in our system that we

have not been able to test and do not understand their behavior. We have not
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been able to do so due to time constraints. In order to make sure the FHR
system is working at full potential, we need to find the optimal configuration

by more testing.
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