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Chapter 1

Introduction

1.1 Introduction

Face recognition is a process of recognizing or verifying the identity of a person by analyzing
the features extracted from the image of its face. It is currently considered the most natural
and convenient biometrical technique, and is already visible in many areas of life, inevitably
causing controversies over its applications and privacy issues [1].

The concept of automated face recognition dates back to 1960s, when it was still a new
and highly experimental field of science [2]. But as its popularity was rising and ideas for its
applications were accumulating, it became a fascinating new trend; while sci-fi culture was
still picturing face recognition as a technology from the future, tech giants were implementing
its algorithms both for surveillance and personalization of services [3]. Now, face recognition
is as widely available as it is controversial.

Nowadays, face recognition is present in security systems, public surveillance, access
control and social applications. It is used to verify the identity of people crossing the border
or boarding a plane, to verify whether known criminals try to enter a mass event, to unlock
systems containing sensitive data, and to automatically tag our friends on the photos posted
on social networks [4]. While public security has its own share of controversies over the
use of biometry, companies like Facebook and Google have invented exceptionally effective
algorithms for facial recognition [5, 6]. They are often criticized for not being fully transparent
about the use of those algorithms and the huge collection of faces labeled with names that
they own.

1.2 Motivation of this thesis

The main objective of this thesis is to examine whether adding childhood photos to training
datasets of machine learning algorithms can affect their accuracy when recognizing people
present on the photos. Additionally, the effectiveness of recognizing adult people by algo-
rithms trained using only their childhood photos is measured.

This master thesis is divided into two parts: background and contributions. The first
part concerns historical background of face recognition, discussion of its ethical controversies
and currently used algorithms. Both historical and state-of-the-art methods are addressed,
along with the mathematics behind them and their applications. The second part presents
the results of the research conducted using various classification methods, with the aim of
determining whether the presence of childhood photos in the learning set could affect the
face recognition accuracy. Additionally, a learning set consisting only of childhood photos
has been constructed, which allows to determine the accuracy of recognizing adults after
training the algorithm solely on childhood photos.



Chapter 2

Face recognition — theoretical
background and controversies

2.1 Introduction

This chapter covers historical background of face recognition, its fundamentals, currently
used algorithms and surrounding controversies.

Firstly, the history of face recognition is summarized. The evolution of approach and tech-
niques used is described to provide the background of this area of technology, its milestones
and difficulties met. Next, the basic concepts and universal principles of face recognition sys-
tems are discussed. A few algorithms of feature extraction and classification are addressed,
and their mathematical grounds are provided to a small extent. Although not all of those
methods have been implemented in the research, many approaches are described to present
the variety of ways, similarities and differences between them, and their interrelations. Fi-
nally, controversies arising from their applications are discussed.

2.2 Historical background

The first accomplishments in the field of face recognition are dated to 1964 and attributed
to Woodrow Bledsoe, Charles Bisson and Helen Chan Wolf, who then worked at Panoramic
Research, Inc. [7] Using a mug book as a dataset, they aimed to automatize the process of
searching the book for a particular face, which was depicted on another photo. Little of the
results has been published due to private funding of this research (some sources claim CIA to
be the founder [8]), but it is known that they relied on a form of feature extraction — mainly
the coordinates of landmarks such as pupils or outer corners of the eyes. Bledsoe described
some of the difficulties encountered, e.g. aging or variability of face angle, lightning conditions
and facial expression — the same obstacles that bother researchers to this day [2, 7].

After Bledsoe left Panoramic in 1966 [2], the work has been continued at Stanford Re-
search Institute by Peter Hart in collaboration with Bledsoe. Their reports mention slight
modifications to the algorithms, e.g. using Bayes decision theory, and overall Hart achieved
considerable success compared to Bledsoe [7, 8].

In 1971, A. Jay Goldstein, Leon Harmon and Ann Lesk conducted an experiment in
which human jurors rated individual face features on a scale from 1 to 3 (minimum) or 5
(maximum). Goldstein et al. used the word “vector” to describe a set of such features ratings
for a particular face — a term that would soon become crucial in automated face recognition.
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They used Euclidean distance to compare the faces with each other, and concluded that such
a model can be useful in reducing the number of similar faces to choose from [9].

A hypothesis has been brought up that the features useful in automated recognition are
the same features that human brain looks for while recognising faces; however a possibility
has been allowed for that this might not be the case. “It is of interest but not of immediate
concern whether humans, either consciously or unconsciously, use »features« like ear length,
hair texture, and lip thickness in recognizing a face”, they wrote [9].

What is claimed to be the next breaking point was using PCA on face images by Lawrence
Sirovich and Michael Kirby in 1986 [10]. They were already viewing the photo of the face as
a matrix, elements of which marked various levels of grayscale, or a vector, constructed by
concatenating the rows of the matrix. By applying PCA, they extracted what they called
etgenpictures — matrices that could be linearly combined to replicate original images.

Sirovich and Kirby only proposed a theoretical approach, not being sure whether it might
have practical applications; “we offer no experimental procedure for verifying or refuting that
our method bears in any way on our faculties for face recognition”, they wrote [10]. However,
in 1991, Matthew Turk and Alex Pentland improved this algorithm and presented a fully
functioning system for face detection and recognition [11]. Their research also allowed for
quicker image decomposion, thus being the first step to face recognition being fully automated
and used en masse.

Then, throughout the years, automated face recognition kept expanding into further
areas of life, such as surveillance systems, advertising, but also personal access control to
smartphones, banking applications or other sensitive data holders. Those companies which
were in possession of huge amounts of their users’ photos developed exceptionally effective
algorithms, most notable being DeepFace by Facebook with its 97.35% accuracy [6] and
FaceNet by Google with 99,3% accuracy [5].

The development of face recognition has raised many controversies. Of course, similar
technologies can be, and are, used to improve the quality of our lives. They contribute to
improving the safety of various systems, and allow for evaluation whether our photo has
been posted online without our consent; they can also help disabled people in unexpected
ways — like a smartphone application by Listerine which lets blind people know when others
smile at them [12]. However, many privacy-oriented organizations have been pointing out
the risks for many years, and the term “face recognition” is nowadays often associated with
invigilation and loss of privacy [13].

2.3 Overview of face recognition stages

The process of face recognition consists of two stages: feature extraction and classification.
Every image can be represented as a vector, each of its elements corresponding to the follow-
ing pixel. A naive way to compare the vectors representing two images would be to calculate
the Euclidean distance between them; however, the number of elements in such vector can
be enormous. Also, image details — background, the person wearing sunglasses, or having
their hair painted — would disrupt the comparison greatly. For this reason, feature extraction
is an essential step in face recognition; it aims both at extracting distinctive features of the
face and reducing the vector dimensionality. Achieving the first goal increases the accuracy
of recognition, while the second makes the computations more memory-efficient.

In face recognition, supervised machine learning is usually used. This means the data
is labeled: every training sample has a label assigned, stating which class it belongs to.
In supervised machine learning, unknown samples can be classified on the basis of their
similarity to known specimens.
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After representing the face as a feature vector, it needs to be classified to an appropriate
category — the person it belongs to; this means that similarity of some kind must be stated
between the vector under classification and a known vector labeled with a person’s name.

The following section provides an overview of currently used feature extraction algorithms
and classifiers.

2.4 State-of-the-art

2.4.1 Feature extraction

Eigenfaces (PCA)

PCA proves useful in feature extraction task. It aims to maximize the variance between
high-dimensional data, thus facilitating the classification. Minimization of dimensionality is
achieved by calculating so called eigenfaces — images that, when combined linearly, closely
approximate the images from the initial dataset. The images are represented as vectors,
created by concatenation of rows of pixels. Let M face images in the training dataset be
'y, Ty, ...,y An eigenface is calculated as follows [11]:

1. An average face ¥ is calculated:
1 M
U=_— r,. 2.1
T (21)

2. The average face is subtracted from each of the faces in the training dataset. Every
face differs from the average face by vector ®:

&, =T, 0. (2.2)

3. PCA is performed over the set of vectors {®1, ®o, ..., Pys}. It aims to calculate the
eigenvectors and corresponding eigenvalues A of the covariance matrix C:

1 ¥
C=— g o, oL 2.

Should the eigenvectors be calculated over the whole training dataset, each of the original
face vectors can be represented as their linear combination. These eigenvectors have the same
size as original images, so they can be viewed as images (eigenfaces) themselves. From all
the eigenfaces generated, k vectors with the greatest variance are chosen. Many approaches
to calculating k exist, but one of the most popular include assuming a treshold of variance
€. The eigenvalues are arranged in descending order Ai, Ao, ..., A,. Then, k is calculated as
the smallest number to satisfy the equation [14]:

A1—|—A2—|—+Ak
> g, 2.4
o e W (2.4)

k <n.

The more eigenfaces are generated, the smaller is the reconstruction error; however,
a large number of eigenfaces results in higher dimensionality of the data and, consequentially,
longer computation time.

PCA is an unsupervised learning technique, and as such it does not take any classes into
consideration; it only aims to maximize the variance between all the data [15, 16].
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Fisherfaces (LDA)

The LDA algorithm has been invented by Sir R. A. Fisher — hence the name “fisherfaces”,
in reference to Eigenfaces — and implemented in face recognition by Peter Belhumeur, Joao
Hespanha, and David Kriegman in 1997 [18]. It is a supervised learning method and ex-
tends PCA, maximizing the between-class scatter to within-class scatter ratio. PCA only
maximized the variance scatter between all the data, which yields especially bad results if
the background, light of facial expression is not homogenous within the dataset. LDA allows
preserving some valuable data that would otherwise be lost, and thanks to that performs
well in the presence of light and facial expression variations [17, 18].

If we consider a set of N images {x1, X2, ..., x5} and assume that each image belongs to
one of ¢ classes {X1, Xo, ..., X}, the between-class scatter Sp can be defined as:

Sp =Y Ni(p; — pu)(p; —p)" (2.5)
i=1
and the within-class scatter Sy is defined as:

Sw =33 (e — ) oxk — )" (2.6)

i=1xEX;
k=1,2,..N,

where:
e 1, is the mean image of class X,
e L is the mean image of all samples,
e N; is the number of samples in class Xj.

By maximizing the between-class scatter and minimizing the within class scatter, Fisher-
faces method facilitates face recognition under varying light conditions and face expression,
which remains its main advantage. However, the algorithm performs worse in presence of
extreme lightning conditions, or when shadowing dominates the image [18].

LBP

The LBP method has been introduced in 2004 by T. Ahonen, A. Hadid and M. Pietikainen
[19]. The algorithm is claimed by its authors to be both fast and efficient. It is all the more
promising since it is not just another statistical method like PCA or LDA, but rather a
texture recognition system, and its authors had face recognition in mind from the very
beginning of their work. The calculations are performed as follows:

1. The image is divided into smaller chunks, usually cells of n X n pixels;

2. The value of each pixel in the cell is compared to the value its eight nearest neighbours,
clockwise or counter-clockwise. If the neighbour is darker than the center pixel, value
of 1 is assigned to it, and 0 otherwise. This creates a binary number of eight digits,
which can be converted to a decimal number in the range of 0 to 255;

3. A histogram of the decimal numbers is calculated, which results in a 256-element vector.
Its elements are the frequencies of value combinations around the center pixel;

4. The histograms of all the cells in the picture are concatenated, resulting in a feature
vector of the image.

Such a histogram contains information about the image micropatterns of the whole image.
Such vectors can reach significant sizes, which is their main disadvantage, but despite that
they can be successfully used for further classification, for example by SVMs, neural networks
or other machine learning techniques [19].
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FaceNet

FaceNet is an algorithm developed by Google researchers in 2015; it uses a convolutional
neural network to provide optimal mapping of the faces in the dataset [5]. It maps the images
onto an Euclidean space, and its output is a 128-element floating numbers vector called an
embedding. The embeddings can be used as feature vectors compared with each other using
Fuclidean distance; however, the use of convolutional neural network allows the mapping
rather to be learnt from the images than calculated by a static algorithm.

FaceNet implements triplet loss function; its key feature is taking three images as an in-
put, namely “anchor”, “positive” and “negative”, where the “positive” image should depict
the same object (or face) as “anchor”, and “negative” should picture some other. The neu-
ral network aims to minimize the Euclidean distance between the embeddings of the same
person’s photos, and maximize the distance if the photos depict two different people. The
triplet loss function can be defined as follows:

L(A,P,N) =||f(A) — fP)II* ~ [If(A) = FN)[] + o, (2.7)

where:
e |lqa—p|| — 42 norm;
e A — anchor image;
e P — positive image;
e N — negative image;
e f — the embedding of an image;

e « — set margin between positive and negative elements.

The cost function is calculated as a sum of loss function values over all n triplets:

J = Zn:ﬁ(Ai,Pi,Ni). (2.8)

i=1

The cost function is then minimized in order to achieve optimal classification results.

2.4.2 Classification

Euclidean distance classifier [20, 21]
The Euclidean distance simply measures how far two n-dimensional vectors are from each
other in an n-dimensional space. The distance is calculated as follows:

n

= (6~ i) (2.9)

=1

where q and p are the vectors in question, and ¢; and p; are their subsequent components.

Despite being possibly the simplest comparison between two feature vectors, this classifier
is successfully used as a part of more advanced face recognition algorithms. Its advantages
include being computationally simple and intuitive, but in its basic form it can only compare
one vector to another one by one. It has no capability to learn nor is it memory-efficient.
However, the Euclidean distance is used in more complex classifiers, such as KNN or SVM,
which are described below.

KNN [22, 23]
The KNN method uses the Euclidean distance classifier, but is more resistant towards
outliers. The goal of the algorithm is to find k£ vectors located nearest to the sample in
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2-class classification, k=5

X

Figure 2.1: Graphical representation of KNN classification algorithm with k£ = 5 on example
data. The points represent training data, and the colored planes represent areas of belonging
to various classes. When a sample is to be classified, it is assigned to the class most of its 5
nearest neighbours belong to.

question. The sample is then assigned to the most popular class in this k-element set. The
process has been illustrated in figure 2.1.

The key phase of the algorithm is finding optimal value of parameter k. If its value is
too small, the classification might be disrupted by the presence of one class representants in
another class’ clusters, so called outliers. If the sample in question is located too close to such
an anomal element, it might be classified to its subset despite belonging to another. On the
other hand, too big value of k£ does not allow to reflect the complexity of the feature space.
This can lead to ignoring smaller data clusters and, subsequently, to erratic classification.

The KNN algorithm relies on calculating the distances between the element under clas-
sification and every other vector, and data analysis in the next step. This makes such an
implementation rather computationally demanding and memory-unefficient, especially for
large datasets. To remedy this issue, the data space is usually divided into smaller parts
which are indexed in some way. Then, each sample is complemented with the index of the
part it belongs to; when the distances are computed, only the elements which belong to the
same part as the sample under classification are taken into consideration. Example methods
using this approach include bucketing or k-dimensional trees.

SVM
The SVM algorithm was invented by Vladimir Vapnik and his colleagues in 1997 [25]. The
input data is represented as n-dimensional vectors, which are then separated with a (n — 1)-
dimensional hyperplane. The algorithm chooses such a hyperplane that its distance to the
nearest data vectors is maximized.
SVM works best if the input data can be easily classified into subsets which are dis-
tant from each other. Such datasets are sometimes called extreme. The more data is placed
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SVM example data classification

Figure 2.2: Example data separated by SVM. Solid line is the separation boundary, and
dotted lines are the support vectors.

somewhere between the subsets clusters, the harder is the task of finding the separating
hyperplane.

The title support vectors are the data which lie closest to the hyperplane; only these
vectors are a part of the computations. The others are ignored, as they do not have any
impact on the final hyperplane equation. This increases the memory efficiency of the SVM
algorithm.

If the data cannot be easily separated with a hyperplane, it is transformed to a higher
dimension space. The transformations should make the data separable by a linear function.
Finding a proper transform function is a non-trivial and computationally intensive task;
there are, however, numerous kernel functions (also known as kernel tricks) that can often
be used to obtain good results. An example of projecting the data onto a higher dimension
space to separate it is illustrated in fig. 2.2.

Advantages of SVM include the aforementioned memory-efficiency and possibility to
choose between various kernel functions (or to define custom ones). What is more, SVM
obtains good classification results in cases when the space dimension is greater than the
number of samples.

It might not be the best choice, however, if the number of data features extends the
number of samples. Another major disadvantage of SVM is that the algorithm gives no
information about probability of a sample belonging to a given dataset. Such information
can only be obtained by using k-fold cross check.

Applications of SVM include image classification in medicine and web pages ranking in
web search engines.

FNN
An FNN is the simplest case of a neural network [26]. It is a supervised machine learning
algorithm, so for every input training data x there exists a true label y. The main goal of
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FNN is to estimate a function f(x), such that f(x) = y for as many testing data as possible.
The function f has some parameters, which are randomly assigned at first; then, the function
is run over the test dataset, and its accuracy is checked, defined as the percent of correctly
assigned labels. Parameters are then modified in each iteration in such a way that maximizes
the function accuracy — this process is called learning.

The error rate of a neural network is calculated by a loss function. It quantifies the
difference between the real labels and the predicted ones, and presents it as a number; the
precise algorithm to calculate this number depends on the loss function used, but a general
rule is that the smaller the loss function value, the greater the accuracy of the neural network.

The parameters having the most impact on the neural network accuracy — thus, the pa-
rameters worth changing in the next iterations — are found by the means of an optimizer.
The optimizer uses gradient values of the loss function with respect to the function param-
eters, which allows for estimating how the parameters should be modified to achieve the
highest accuracy.

The resulting function f(x) is, in fact, a combination of functions. Each of them is
represented by a layer of a neural network, first of which is called the input layer, the last
— output layer, and all the layers in between are called hidden layers. The output of one
layer is passed directly as the input of the next one, hence the name “feedforward neural
network”. By completing subsequent learning cycles, called epochs, the neural network
optimizes its parameters of each component function, with the aim to estimate a model
which predicts the data labels most accurately.

2.5 Ethical dimension

2.5.1 Risks and notable controversies

Numerous risks related to automated face recognition have been identified so far; while some
are associated with the vulnerability of any databases or computer systems themselves, others
point out questionable and often confidential motives of corporations.

Firstly, every face data used — for example — for access control has to be stored in some
kind of database. Should it be compromised, it creates the possibility of accessing vulnerable
data by an unauthorized person. Although the same risk occurs for every other method of
access control, many people claim that the thought of their face metrics being compromised
occurs to them as especially unsettling.

Another controversy caused by imperfection of systems regards the possibility of making
a false positive or false negative mistake. In case of automated searching for known criminals,
that could lead either to people being falsely accused or charged or to overlooking the crimi-
nals the system was initially looking for. Both of these cases pose an obvious risk. The event
most often brought up in this respect is the Super Bowl XXXV in Tampa, which took place
in 2001 [27]. Unbeknownst to the the participants, their faces were scanned and compared
to the faces of known criminals to test the use of face recognition on public events. Although
it is claimed that this system helped identify 19 people with outstanding warrants, there
were many other matches that were false positives; but what probably caused the greatest
indignation was the fact of using face recognition technology without people’s knowledge or
consent.

In some situations, face recognition algorithms behave differently depending on people’s
race. There are cases known when the faces of black people were not detected, unlike their
white friends’ in the same picture [28]; or worse, they were labeled by Google as “gorillas”
[29]. The systems are also more likely to mismatch dark-skinned faces [30], which can lead
to disastrous results, not to mention the resulting feeling of exclusion among people of color.
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What remains the subject of a heated debate is the possibility of using the biometrical
recognition by the government against the citizens’ will or without their knowledge at all.
From the Super Bowl XXXV case mentioned above, through the documents disclosed by
Edward Snowden in 2014, stating that the NSA was secretly collecting millions of peoples’
faces photos per day, to China installing face recognition systems in classes, pharmacies and
to track ethnic minorities [31] — many governments have shown multiple times that they do
not always inform their citizens about the extent to which their biometrics are being used.

Finally, the biggest tech companies also have proven not to be fully transparent in respect
to biometrics privacy. Facebook first introduced their DeepFace algorithm in 2011 by adding
tag suggestions to the photos the users posted. It required other users’ faces to be analyzed
and stored, which was firstly an opt-out feature, meaning that it was turned on by default and
required user action to be turned off. The Facebook CEO, Mark Zuckerberg, did not conceal
the company’s plan of using the photos to improve their AT algorithms. Only after numerous
protests and lawsuits have they made the feature opt-in [32, 33]. However, together with
other controversies surrounding Facebook, this became a repeatedly mentioned argument in
the discussion on the company’s privacy policy.

2.5.2 Recent regulations and bans in USA

As of May 2019, many major cities in the USA began banning the use of face recognition
by the police and city agencies, beginning with San Francisco. The ban has been justified by
potential abuse and breach of citizens’ privacy by the government [34]. Oakland, Somerville
and Brookline in Massachusetts soon followed, as did San Diego in December [35]. However,
the last straw was probably the first case of wrongfully arresting a man based on a false
indication by face recognition system — in June 2020, a Black man in Detroit has been
detained for a crime he had not commited [36, 37]. Combined with recent protests against
the police brutality towards Black people, this led to a law being proposed that would ban
the use of face recognition by federal law enforcement agencies. Tech giants such as Amazon,
IBM and Microsoft declared their support, deciding to quit selling their face recognition
systems to the police [38]. In the meantime, many more cities voted on banning the use
of face recognition. As of September 2020, the proposed bill is undergoing the legislative
process.

2.6 The “10-year challenge” controversies

In 2019, a new trend appeared on social media such as Twitter, Facebook or Instagram
(owned by Facebook), consisting in posting one’s current photo and another one from ten
years ago. The meme quickly went viral and many people started posting their photos, up-
to-date and from 2009, next to each other; it raised many suspicions about the company
using the photos to train their face recognition algorithms. Aging has always been a great
challenge for automated face recognition, but in the age of neural networks — DeepFace being
a neural network as well [6] — such a big dataset could be easily used to enhance its accuracy.
Facebook itself denied initiating the challenge, emphasizing the possibility to opt out of face
recognition on the social network [39]. However, no research has been done so far that would
confirm or exclude the usefulness of such a dataset.



Chapter 3

Contributions

3.1 Introduction

This chapter describes the research and experiments conducted for this thesis, and summa-
rizes their results. Firstly, materials and methods are discussed, with the aim to provide a full
description of the images and tools used in the research. Next, the dataset construction is
explained. Finally, the conducted experiments are described, and their results are discussed.

3.2 Materials and methods

3.2.1 Materials

A total of 3,720 photos of 31 people have been gathered for this experiment. The simplest
way to gather hundreds of photos of the same people as children and adults was to gather
film stills or other publicly available photos of well-known actors; as a result, the images in
the dataset depict popular movie stars.

The photos have been split into two categories, containing photos of adults (2,480) and
children (1,240). Each of the two catalogs has been split into further 31, according to the
identity of the person and labeled respectively. Each catalogue contained 80 photos of the
person as an adult (age varying from 25 to 57), or 40 photos of the person as a child
(age varying from 6 to 14). The age of the person within a catalogue varied, and was not
determined by any pattern.

Firstly, 250 photos of each person as an adult and 150 photos of this person as a child
have been downloaded automatically. The photos have then been reviewed with regard to
whether they show the face of the correct person, and whether the face is depicted in front
view. From all the photos satisfying these conditions, 80 photos from adulthood and 40 photos
from childhood per person have been selected to form the final dataset. All the photos have
been resized to 150 pixels width for greater computation speed. Example photos have been

shown in figure 3.1.
-3
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Figure 3.1: Example photos used in the experiments, depicting children (a) or adults (b).
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3.2.2 Methods

1.

. Scikit-learn

To bulk download the photos as the result of a web search, Bing Search API! by
Microsoft has been used. It has been implemented in Python language, and it allowed
for downloading hundreds of images at once (results of a search query).

. To perform feature extraction and obtain face encodings, face_recognition? library by

Adam Geitgey has been used. It embeds Google’s FaceNet feature extraction algorithm
and allows for generating the face encodings from photos. Face_recognition methods
are called over a catalog, which contains subcatalogs of photos. Each of subcatalogs
should contain photos of one person only, and be named accordingly, for example by
the person’s name. Face_recognition generates a Python dictionary, its keys being the
subcatalogs names and values being lists of encodings generated from the photos found
in this subcatalog.

. PyTorch?, a Python framework based on the library Torch, has been used to construct

a feedforward neural network. There are other frameworks offering similar values, most
notable being TensorFlow*; however, PyTorch has been chosen due to its similarity to
Python, developed community support, and popularity among researchers. The neural
network built for the experiment has three linear layers and two ReLu layers appearing
alternately. For each sample under tests, it produces a probability vector, which ele-
ments are the probabilities of the element belonging to subsequent classes. The neural
network uses Cross Entropy Loss as the loss function. The loss is calculated as [40]:

£=—y-log(®), (3.1)

where:
e v is the true probability vector, which elements are equal either to 0 or 1,
e 7V is the estimated probability vector.

® is a Python module build on SciPy used for machine learning. It facili-

tates performing various machine learning methods, e.g. SVM.

. KNN and Euclidean distance have been implemented in Python.

3.3 Experiments and results

In order to verify the impact of childhood photos in the training dataset and the training
dataset size on recognition accuracy, nine sets of images have been constructed and three

experiments have been conducted. In what follows, a brief description of the dataset con-

struction is provided.

oo W N =

www.azure.microsoft.com/pl-pl/services/cognitive-services/bing-web-search-api/
www.github.com/ageitgey/face_recognition

www.pytorch.org

www.tensorflow.org

www.scikit-learn.org
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3.3.1 Dataset construction

Nine datasets, consisting of childhood and adulthood photos of 31 people, have been con-
structed:

1. Three training datasets (A, B and C) of 80 images per person, in which childhood
photos made up sequentially 0% (0 images), 25% (20 images), and 50% (40 images) of
the dataset, and the rest of the images were adulthood photos;

2. One training dataset (D) consisting only of childhood photos, in the number of 40
images per person;

3. Four training datasets (E, F, G and H) consisting only of adulthood photos, containing
sequentially 5, 20, 40 and 60 images per person;

4. A test dataset (I), consisting only of photos from adulthood, in the number of 30
images per person. The photos used in this dataset have not been used in any of
training datasets.

The datasets have been then encoded by FaceNet algorithm, resulting in nine sets of
labeled vectors representing the faces, which have been used in three experiments.

3.3.2 The impact of childhood photos on recognition accuracy

In the first experiment, datasets A, B, C, D and I have been used to determine the dependence
of recognition accuracy from the percentage of childhood photos in the training dataset. The
encodings were subjected to classification by FNN, SVM, Euclidean distance classifier and
KNN algorithm with & = 3. In case of a neural network, the accuracy has been slightly
different in each iteration, so the accuracies from the last 25 iterations have been averaged as
the final result. Experiment results have been collected in table 3.1 and illustrated in figure
3.2.

Percent of children in Accuracy of recognition [%]
the training dataset [%] Euclidean
FNN | SVM KNN, k=3

distance

0 (dataset A) 89.59(1.99) | 99.77 99.55 99.43

25 (dataset B) 83.85(8.66) | 99.09 99.09 99.09

50 (dataset C) 78.67(7.65) | 99.21 |  99.21 98.98

100 (dataset D) 36.96(6.97) | 87.29 88.53 88.76

Table 3.1: Accuracy of recognizing adults as a function of childhood photos percentage in
the training dataset. In case of the neural network, the mean from last 25 iterations is given,
and the standard deviation is given in brackets.

3.3.3 The impact of k value on KNN accuracy as a function of childhood
photos percentage in the training dataset

In the second experiment, datasets A, B, C, D and I have been used to determine the accuracy
of recognition by KNN algorithm as a function of k value, and the percentage of childhood
photos in the training dataset. All the encodings have been subjected to KNN classification,
but the k parameter takes the value either 1, 3, 5, 7 or 8. The experiment results have been
collected in table 3.2 and illustrated in figure 3.3.
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Accuracy as a function of childhood photos percentage in training dataset
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Figure 3.2: Accuracy of recognizing adults as a function of children percentage in the training

dataset.

Percent of childhood photos Accuracy of recognition [%]
in the training dataset (%] | k=1 | k=3 | k=5 | k=7 | k=38
0 (dataset A) 99.55 | 99.43 | 99.31 | 99.21 | 99.09
25 (dataset B) 99.09 | 99.09 | 99.09 | 98,98 | 98.98
50 (dataset C) 99.21 | 98.98 | 98.86 | 98.75 | 98.75
100 (dataset D) 88.53 | 88.76 | 88.88 | 88.99 | 88.53

Table 3.2: Accuracy of recognizing adults

the training dataset with various k values.

as a function of childhood photos percentage in

KNN accuracy as a function of childhood photos percentage in training dataset
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Figure 3.3: Accuracy of KNN algorithm as a function of children percentage in the training

dataset with various k values.
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3.3.4 The impact of training dataset size on recognition accuracy

In the third experiment, datasets E, F, G, H, A and I have been used to determine the
dependence of recognition accuracy from the size of the training dataset. The encodings
have been classified by the same classifiers as previously: FNN, SVM, Euclidean distance
classifier and KNN with k£ = 3. Analogically to the previous experiment, the accuracy of the
neural network has been calculated as mean accuracy from 25 last iterations. The logarithmic
curve a-In(z)+ b has been fitted to the FNN accuracy. The resulting function takes the form
of 27.40 - In(x) — 30.55. Experiment results have been collected in table 3.3 and illustrated
in figure 3.4.

Number of images in Accuracy of recognition [%]
the training dataset FNN SVM | Euclidean | KNN, k=3
5 (dataset E) 10.70(3.31) | 99.09 99.20 99.09
20 (dataset F) 57.44(7.22) | 99.43 98.98 98.98
40 (dataset G) 71.67(7.65) | 99.43 | 99.43 99.09
60 (dataset H) 77.70(7.64) | 99.66 99.66 99.32
80 (dataset A) 80.19(4.83) | 99.77 | 99.55 99.43

Table 3.3: Accuracy of recognizing adults as a function of training dataset size. In case of
the neural network, the mean from last 25 iterations is given, and the standard deviation is
given in brackets.

Accuracy of classification as a function of training dataset size
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Figure 3.4: Accuracy of recognition as a function of the training dataset size.

3.4 Discussion of results

3.4.1 The impact of childhood photos on recognition accuracy

From the results of the experiment, it can be concluded that adding childhood photos to the
training dataset does not increase the accuracy of recognizing adults. Rather, it decreases
the accuracy, having only slight impact on it in case of SVM, Euclidean distance and KNN;
it had significantly greater impact on feedforward neural network classifier.
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In case of Euclidean distance and KNN classifier, the slight impact can be easily explained
— the FaceNet encoding has been invented with a view to the Euclidean distance classifier,
so the more similarity exists between two encoded faces, the closer their encoding lie in the
Euclidean space. That means both the Euclidean distance and KNN classifiers look for one
or three encoding vectors that are closest to the encoding under test, and are not be affected

” encodings to the

by other, more distant vectors. For this reason, adding more “insignifican
dataset affected the accuracy only slightly. In contrast to that, a neural network takes all
the data into consideration and all are equally significant, so adding more childhood photos
to the training dataset had a greater impact on recognizing adults.

It should be noted that the accuracy of recognizing adults on the basis of childhood
photos only is quite high; while the accuracy of the neural network dropped to 36.93% in

this case, the accuracy of KNN with & = 3 was as high as 88.76%.

3.4.2 The impact of k value on KNN accuracy as a function of childhood
photos percentage in the training dataset

Changing the k£ value did affect the accuracy of KNN algorithm for almost all datasets,
however only slightly. For the dataset with 25% content of childhood photos, the change was
minimal — computations with k£ value equal to 1, 3 and 5 achieved the same accuracy, and
computations with k value equal to 7 and 8 achieved the same — slightly lower — accuracy. For
the datasets with 0% and 50% content of childhood photos, increasing the k value lowered the
recognition accuracy. However, for the dataset consisting of childhood photos only, increasing
the k value resulted in better recognition accuracy.

The probable explanation of this exception is the same as in the first experiment: the
FaceNet encodings are made for Euclidean classification, which means the photos depicting
the same person lie close to each other as vectors in the Euclidean space. This means that if
the training dataset includes any truly similar image to the image under classification — in this
example, an adult person — other vectors do not have significant impact on the classification.
However, if the dataset consists only of childhood photos, increasing the margin of error by
higher k values makes the classification more accurate.

3.4.3 The impact of training dataset size on recognition accuracy

Changing the training dataset size did not affect the SVM, Euclidean and KNN classifiers
much. The classification accuracy did not drop or increase by as little as 1% in any case.
However, the training dataset size has a great impact on the accuracy of FNN, which success
rate was as little as 10.70% for five photos per person while other classifiers maintained the
accuracy of over 98%. However, the accuracy of FNN shows a logarithmic increase as the
training dataset size increases.

The accuracy increasing with the training dataset size is a well-known property of most
neural networks [41]. The fitted function, 27.40 - In(z) — 30.55, reaches 95.63% for number
of photos in the training dataset equal to 100. This suggests that for even bigger training
datasets the FNN could achieve the success rate equal to those of other classifiers, or even
better.



Chapter 4

Conclusion

4.1 Objective of the thesis and summary

The main objective of this thesis was to determine whether the presence of childhood photos
in the training dataset could facilitate face recognition of adults. The impact of training
dataset size on classification accuracy has also been examined, as well as the impact of
k parameter value in KNN classification for various percentages of childhood photos in the
training dataset.

It can be concluded that adding childhood photos to the training dataset does not in-
crease the classification accuracy for faces encoded by FaceNet feature extraction algorithm.
However, for the training datasets consisting only of childhood photos, the accuracy of rec-
ognizing adults can be as high as 88.99% for KNN classification algorithm.

Another conclusion is that the size of the training dataset has an impact on classification
accuracy; this impact is tremendous for classification by a neural network, but minimal
for every other classifier examined. The classification accuracy reaches over 99% for SVM,
Fuclidean distance and KNN classifiers for as few as 5 images in the training dataset per
person, while the accuracy of the FNN showed a logarithmic growth as a function of the
training dataset size, and achieved lower accuracy than other classifiers even for 80 images
per person in the training dataset. It can also be stated that neural networks are not optimal
classifiers in case of FaceNet feature extraction approach, in contrast to linear or Euclidean-
based classifiers.

The final conclusion is that the & parameter value has an impact on the success rate of
KNN classifier, which proved to be highly accurate itself. Higher k£ values lower the classifi-
cation if the training dataset contains any adulthood photos; however, if the training dataset
consists only of childhood photos, the proportionality is direct — higher k& values increase the
accuracy of KNN classification.

4.2 Future work

To draw further conclusions, similar research should be conducted for images encoded with
different feature extraction algorithm. FaceNet has been invented with the purpose of Eu-
clidean distance classification; for this reason, the Euclidean distance and KNN classificators
performed well in the conducted experiment. For other feature extraction algorithms, differ-
ent classificators might prove to be more useful.
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