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Abstract

The growth of the volume of information, as well as the expansion of the range of
technically complex decision-making tasks require the systematization of existing
methods and the development of new techniques and algorithms for their solution.
The master’s thesis examines the possibility of using a neural network to solve the
problem of recognizing human emotions. Artificial neural networks offer promising
prospects for development, and software has a great advantage in using them.
Moreover, each task performed has an unlimited and non-standard set of solution
methods. The article considers the possibility of using a neural network to solve
the problem of recognizing human emotions. The increasing volume of data, along
with the breadth of technologically sophisticated issues with solving, necessitates
the systematization of existing approaches and the creation of new techniques and
algorithms for their resolution. The master’s thesis investigates the feasibility of
utilizing a neural network to tackle the challenge of identifying human emotions.
Artificial neural networks provide tremendous growth opportunities, and software
can benefit greatly from their use. Furthermore, each challenge contains an infinite
and non-standardized collection of solution techniques. The article discusses the
feasibility of utilizing a neural network to tackle the difficulty of identifying human
emotions.
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AHnaTmna

Akmapar KeseMiHiH ecyi, COHIal-aK MIemniM KaObLIIayIblH TeXHUKAJbIK, KYyp-
JIeTl Mocese/IepiHiH, CIeKTPIH KeHeHTY KOJJaHbICTarbl dJIiCTePIl Kyhereyal XKoHe
oJIap/IbI TIENTY/TiH YKaHa dJIicTePl MeH aJlTOPUTMIEepiH 93ipJieyai Taaan eredi. Maru-
CTPJIK JINCCePTAINs aJJaMHBIH SMOIUSCHIH TAHY MOCEJIECIH MIENTy VIITiH HEHPOHIBIK
JKeJIiHl naifijasany MyMKIHJTIH KapacTbIpaibl. 2Kacanabl HEMPOHJIBIK, KeJiijiep
JIaMY/JIBbIH, ITIePCIEKTUBAJIAPBIH YChIHAJbI, aJl Oaraap/aMaJsiblK, KacaKTaMa OJ1apIbl
KOJITAHY/Ia VIKEH apTHIKIIBLIBEIKKA ne. COHBIMEH KaTap, OPhIHIAIATHIH opOip Tall-
ChIpMaJia IIEIIyIiH MMeKCi3 XKoHe CTaHIapTThI eMec dicTepi bap. Makasaga ajiam-
HBIH, SMOITUSCHIH TaHy MOCEJIECIH ety YITH HeHPOHIBIK, KeJTiHI naiiaaany MyM-
KIiH/ITT KApacThIPbLIAJIbI.
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AHHOTAaIIUSA

Pacrymmit oobem JaHHBIX, a TaKKe IMIPOTa TEXHOJTOTTIHOCTH PEIIaeMbIX 33141
00yC/IaBIMBAIOT HEOOXOIMMOCTDH CUCTEMATU3AINHI CYIIECTBYIONINX TOJIXOJIOB U CO-
3/IaHIS HOBBIX METOJ/IMK M aJrOPUTMOB JIJIs UX pelleHusi. B Marucrepckoil guccep-
TAITUNA UCCJIEYETCSI BO3MOYKHOCTh MCIIOJIb30BAHUST HEMPOHHOU CeTU JIJIST PEIeHns
331491 UJIeHTHMUKAIIN YejioBevuecKux amonuii. ckyccTBeHHbIe HEPOHHDBIE CETH
[IPEIOCTAB/IAIOT OIPOMHBIE BO3SMOXKHOCTH JIJIsl PA3BUTHA, U IIPOrpaMMHOe obecriede-
HUEe MOYKET U3BJIeYb OOJIBIIYIO TTOJIb3Y U3 UX UCHOIb30BaHud. Kpome Toro, kaxas
3a/1a4a COJACPKUT OCCKOHEUHYIO M HECTAHIAPTU3UPOBAHHYIO KOJLICKITUIO METOJIOB
pelleHns. JTa CTaThsl pACCMaTPUBAETCS BO3MOYKHOCTH UCITOJIH30BaHNsT HEHPOHHOI
CeTH JIJIs PeIeHus 3a/1a9i UICHTU(DUKAIIMH IeJT0BEICCKIX IMOIIMIA.
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Abbreviations

ANN — Artificial Neural Networks

AIS — Artificial Intelligent Systems

SVM — Support Vector Machines

SCLD — Scale of Consciousness of the Level

of Development

SKLiD  — Facial Movement Coding System

GA — Genetic Algorithms

LVQ — Vector Quantization (Kohonen Net-
work)

AAM — Active Appearance Model

ASM — Active Shape Model

EBGM - Elastic Bunch Graph Matching

PCA — Principal Component Analysis
LDA — Linear Discriminant Analysis
LBP — Local Binary Patterns

HoG — Histogram of Oriented Gradients
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Introduction

In the modern world, artificial intelligence systems have gained great popularity
due to their rich capabilities and efficiency of use.

There are many tasks that currently require practical solutions using intelligent
systems: economics and business, robotics, exploration, mathematics, biophysics,
avionics, safety and security systems, medicine and many others. Such an abun-
dance of applications suggests that intelligent systems are a unique set for solving
problems of analyzing and processing large amounts of data, solving problems of
varying degrees of complexity.

Neural networks made up of are now widely employed in artificial intelligence
systems.

Neural network is a computational structure consisting of many elements of the
same type. These elements perform simple functions, and all processes occurring
in an artificial neural network can be related to processes occurring in the nervous
system of living organisms.

Neural networks are nonlinear in nature, they do not have an explicit depen-
dence, which allows you to immediately use the developed technology (information
model of a neural network). Linear modeling has been the main modeling method
for many years, since optimization procedures have been well developed for it.

The importance of the master’s thesis lies in the use of neural networks to
solve poorly formalized data mining problems. The increasing volume of data,
in addition to a wider array of theoretically complicated making decisions tasks,
need the organization of current approaches and a generation of new strategies
and algorithms for their resolution. The master’s thesis investigates the feasibility
of utilizing artificial neural networks to tackle the challenge of identifying human
emotions.

The creation of artificial neural networks presents exciting opportunities, and
software greatly benefits from their use. Furthermore, there is an infinite and non-
standard collection of solution techniques for every task completed. The master’s
thesis investigates the viability of applying neural networks to the challenge of
emotion recognition in humans.

Purpose of the work is to select an information model of a neural net-
work and implement an algorithm for recognizing facial motor activity.
A neural network should be optimal in terms of its internal structure,
a way to control information flows between neurons. The selected in-
formation model will be used to solve a practical problem.

The main tasks of the dissertation work:

1) The study of existing types of artificial intelligence systems, as well as meth-



ods of their functioning.

2) The study of the main types of information models of artificial neural net-
works. Choosing the optimal information model of a neural network for solving
the problem of emotion recognition.

3) The study of existing methods of facial recognition and the identification of
universal methods among them.

4) Implementation and description of an algorithm for recognizing facial motor
activity for an intelligent system and solving a practical problem.

The subject of this research is approaches and methods of facial expression
recognition.

The object of the study is information models of artificial neural networks, as
well as the implementation and description of the facial motor activity recognition
algorithm.

The scientific novelty of the master’s thesis is the use of neural network technolo-
gies (information models), as well as a system of facial motor activity to implement
an algorithm for recognizing human emotions.

To implement a neural network that will recognize emotions, it is necessary to
identify key facial features and key facial expressions that distinguish a particular
person from many others.

The complexity of the implementation lies in the training of a neural network.
The choice of source data for the task is primarily a mathematical and geometric
description of facial expressions.

The automated processing and analysis of visual information is becoming a
more pressing issue due to the growing complexity of the scientific and technical
problems being handled. Digital and smart cameras already exist, as well as image
processing software.

Modern technologies are rapidly moving towards the moment when comput-
ers will become independent systems capable of self-learning and the growth of
"personality”, as it happens to a person from the moment of his birth. Many
developers are already solving complex problems using computer vision machines,
using various methods of operation of the system, including neural networks.

The novelty of the master’s thesis lies in the development and research
of face and emotion recognition algorithms for their further application in web
applications. As part of the work, an integrated system has been created that uses
advanced artificial neural network techniques to analyze and interpret facial motor
activity, which allows for accurate and efficient identification of human emotions.
This system is designed to be implemented in interactive web applications, which
makes it particularly relevant for areas where a high level of user interaction is re-
quired, such as online learning, telemedicine and customer service. The considered
algorithms take into account not only technical aspects of neural networks, but
also practical applicability in modern web technologies, which makes the study
significant from both scientific and applied points of view.

The dissertation work consists of an introduction, three sections, a conclusion
and a list of references.

The first part examines theoretical materials on neural networks, as well as ex-
isting types of artificial intelligence systems and methods for recognizing emotions.



The second part contains a detailed description and layout of information mod-
els of neural networks, their characteristics, comparative analysis and selection
of the optimal model for solving a practical problem. There is also an analysis of
methods for determining faces in an image and a set of logical rules for recognizing
emotions (a system for encoding facial movements according to P. Ekman).

The third part presents an algorithm for recognizing emotions using a neural
network.



Chapter 1

Basic Concepts of Artificial
Intelligent Systems and Neural
Networks

1.1 The Development of Neural Networks

Artificial neural networks were first considered in 1940s.as In the scientific field,
the theory of neural networks was reflected in the work of McCulloch and Pitts
in 1943 [1]. In this article, it was argued that almost any logical or arithmetic
function can be implemented using the simplest neural network.

Among the fundamental works, it should be noted the model of D. Hebb, who
formulated the law in 1949, which became the starting point for training neural
networks. Hubb was the first to suggest that learning consists primarily in chang-
ing the strength of synoptic connections. Hebb’s theory is a typical example of
self-learning, when the system under test is trained to perform the required task
without the intervention of an experimenter. M. Minsky also contributed through
the study of many problems, including the well-known problem of "exclusion” [1].

F. In 1958, Rosenblatt proposed a neural network called perceptron, which was
designed to classify objects. During the training, perceptron received a message
from a "teacher”. Thanks to the message, you can determine which class this
object belongs to. In addition, the trained perceptron was able to sort previously
unused objects on its own, while making a small number of mistakes.

The period of lull in the development of neural networks occurred in 1968-
1985. With the advent of high-performance personal computers, this has become
available for modeling neural networks.

The work of F. It has become a reference book for specialists interested in the
theory of neural networks "Neurocomputer technologies”.

After the appearance of D. Hopfield’s work (1982), interest in neural networks
increased dramatically. Based on Hubb’s teaching rules, Hopfield showed that
tasks with neurons can be reduced to generalization of many models developed by
that time in the physics of disordered systems.

Then, in 1986, the work of Williams, Rumelhart and Hinton appeared, which
answered an important question about behavior in learning multilayer neural net-



works. After that, the algorithm proposed by Hinton underwent a number of
changes [2].

In the 80s, a solid theoretical foundation was gradually formed, on the basis
of which most networks are being created today. The developed theory has been
widely used over the past two decades to solve applied problems. Companies began
to appear that develop software for building artificial neural networks. In the 90s,
neural networks began to be used in business, where they showed tremendous
effectiveness in solving many tasks - from forecasting demand for products to
analyzing the solvency of bank customers.

In 2007, he created deep learning algorithms for neural networks at the Uni-
versity of Toronto. When training the lower levels of the network, Hinton used
a limited Boltzmann machine representing a stochastic repeating neural network.
After exploring the network, the resulting application could quickly solve the task
(for example, find faces in a photo). Currently, this feature is built into all digital
cameras. A similar technology is used by Internet search engines when sorting
images [3].

The automated processing and analysis of visual information is becoming a
more pressing issue due to the growing complexity of the scientific and technical
problems being handled.

Despite the fact that the study of neural modeling has been conducted for
more than sixty years, there is not a single area of the brain where the information
processing process would be completely understandable. Also, there is not a single
neuron for which it would be possible to define a code for transmitting information
in the form of a sequence of pulses.

Currently, there are a large number of neural network configurations that differ
in the principles of operation, and, therefore, are designed for different tasks.

The future of neurocomputer technologies will be associated with new discov-
eries in the field of neural modeling — as soon as it becomes possible to solve the
mystery of the functioning of at least one area of the brain, much will immediately
become clear about its other areas.

1.2 The concept of <Artificial neural network>

An artificial neural network is a mathematical model that is based on the principles
of biological neural networks, which are the nerve cells of a live creature. It may
be implemented both software- and hardware-wise. This idea came about as an
attempt to mimic the functions that take place in the human brain [4].

A system of basic processors, or artificial neurons, linked and interacting with
one another is called an artificial neural network. Periodically, signals are received
by or sent to other processors by each of the network processors. The most chal-
lenging jobs can be completed by a big network in the smallest amount of time.

Neural networks serve as a theoretical method for solving nonlinear optimization
issues. Neural network theory is applied in cybernetics to solve adaptive control
issues and develop robotics algorithms [5].



In programming, a neural network is one of the ways to solve the problem of
effective parallelism.

Instead of creating code, neural network programming entails learning about
the network. The network may learn to recognize relationships between input and
output data, generalize, simplify findings, and utilize its expertise to decompose
difficult jobs into easier ones.

1.2.1 Biological neuron and artificial neuron

The human brain and its nervous system consist of neurons connected by nerve
fibers. Electrical impulses are transmitted between neurons using nerve fibers. All
actions that occur with a living organism, all irritations of the skin, eyes, pain,
thinking processes — there is an interaction between neurons. The structure of a
biological neuron is shown in Figure 1:
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Figure 1.1 — Biological neuron
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Dendrites - receives the impulses of a neuron;

Axon - transmits the impulse of a neuron;

Synapses are formations that affect the strength of the impulse, for the contact
of the axon and the dendrite.

During the passage of the synapse, the strength of the pulse changes a certain
number of times (the weight of the synapse). When impulses arrive at a neu-
ron along several dendrites, they are summed up. If the total pulse exceeds the
threshold, then the neuron goes into a state of excitation, forms its own impulse
and sends it further along the axon. The behavior of the corresponding neuron can
change, since the weights of synapses tend to change over time. The mathematical
model of the described process is presented as follows (Figure 2):

This model describes a neuron with three inputs (dendrites), where synapses
have weights 1, 9, 3, to whom the forces are coming 1, o, 3 accordingly. The neuron
receives impulses 11, 22, 33 after passing synapses and dendrites. The resulting total
impulse x=11+22+33 the neuron transforms according to the transfer function f(x).
y = f(x)=f(11+22+33) — the strength of the output pulse. To summarize, we get a
set of numbers (vector) in the form of inputs. Next, the neuron outputs a certain
number of y at the output.
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Figure 1.2 — Mathematical model of a neuron

An artificial neuron looks like this: its input receives many signals, each of
which is simultaneously the output of another neuron. Such an input is multiplied
by the corresponding weight, then the products are summed, determining the level
of activation of the neuron.

The model implementing this idea is shown in Figure 3:
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Figure 1.3 — Neuron activation model
Thus, a group of signals x;, 2, ...,z,, enters the artificial neuron’s input, collec-

tively they are represented via vector X. These signals are similar to those received
at the inputs of a biological neuron. Additionally, a signal is multiplied by the ap-
propriate weight. wy, ws,..., w,, then summed in the summing block Y . Each
weight is equal to the strength of one synaptic connection in a biological neuron.
The output, which is usually called NET, is created from a summing block where
the weighted elements are added algebraically.

Converting the NET signal involves a conventional linear function called acti-
vation. It is denoted by F and gives an output signal OUT.



OUT=K(NET), where K is the constant of the OUT=1 threshold function if
NET>T OUT = 0 in all different cases, T is a a continuous threshold value that
better simulates a neural network.

A synthetic neuron exhibiting an activation function is seen in Figure 4:
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Figure 1.4 — Activation function of a neuron

The block marked F receives the NET signal and outputs the OUT signal.

F is called a compressive function if, for any values of NET , the values of OUT
belong to some finite interval [6].

The artificial neuron model ignores most of the properties of a biological neuron.
For example, time delays that affect the dynamics of the system.

An output signal is produced instantaneously by the input signals. Further-
more, the impacts of the real neuron’s synchronizing role are ignored by the arti-
ficial neuron.

However, it should be noted the exceptional similarity of a living neuron and
an artificial one.

To determine the place of neural networks in the field of information technology,
it is necessary to refer to the classification of artificial intelligent systems.

1.3 Classifications of artificial intelligent systems

1.3 Classifications of artificial intelligent systems

Artificial intelligent systems have characteristic features:

Firstly, developed communication skills that characterize the way the user’s
computer interacts with the system. The possibility of contacting the system with
an arbitrary request in a dialogue with an intelligent system is not excluded. At
the same time, the language of the intellectual system should be as close as possible
to the natural language.

Secondly, the solution of poorly formalized tasks, i.e. tasks that do not have a
specific solution, but require a non-standard approach, depending on the situation,
existing data and the final result. Poorly formalized tasks are effectively solved
using artificial neural networks.



Thirdly, the ability to self-study - that is, the ability of an intellectual system
to extract knowledge from the accumulated experience of specific situations. Pre-
training of the system requires processed initial data.

In accordance with the presented features, intelligent systems can be divided
into the following (Table 1):

Table 1.1 — Types of artificial intelligent systems

A type of artificial intelli- | Type of artificial intelligent system
gent system
Systems with switching | -intelligent databases;
capabilities -natural language interfaces;

- hypertext systems;
-contextual help systems;
-cognitive graphics.

Expert systems - classification systems;

- additional defining systems;
- transformative systems;

- multi-antenna systems.
Self-learning systems - inductive systems;

- neural networks;

- systems based on precedents;
- information storages.
Adaptive systems - CASE technologies;

- component technology.

Smart data bases are different from traditional databases in that they may get
the required data upon request; this data may not be explicitly kept but is instead
produced from the database.

Naturally, the language interface transforms natural language constructs into
an intra-machine level of knowledge representation. It is utilized for voice input
instructions in control systems, machine translation from other languages, contex-
tually examination of documented text material, and access to smart databases..

Hypertext systems are used in databases of textual information, where a key-
word search is required, and have a more complex semantic organization of key-
words.

In contextual help systems, the user describes the problem (situation), and the
system uses an additional dialog to specify it and search for recommendations
suitable for this situation. Such systems are created as an application to docu-
mentation systems and belong to the class of knowledge dissemination systems.

Operational processes are monitored and managed with the help of cognitive
graphics technologies. Numerous aspects of the topic under study are described
using graphic pictures in a visual and integrated style.

Expert systems are made to resolve issues using a body of information that has
been acquired over time and represents the expertise of subject matter specialists
in the issue at hand.



Multi-agent systems are dynamic systems that exchange findings dynamically
by integrating several heterogeneous information sources into the knowledge base.

The foundation of self-learning systems is automated classification of real-world
scenario samples [6].

Characteristic features of self-learning systems are:

- "with a teacher” self-learning systems, in which the value of each example’s
class-forming feature—the trait that indicates that it belongs to a certain class of
situations—is explicitly specified;

- "without a teacher” self-learning systems, in which the system recognizes
classes of circumstances based on how close the values of the categorization char-
acteristics are to one another.

Inductive systems generalize examples according to the principle from the par-
ticular to the general, and the generalization process is carried out as follows:

1) From a list of predetermined features, one is chosen for categorization (either
in a rule-based or sequential manner).

2) Many instances are split into subgroups based on the value of the chosen
property.

3) The example is examined to see if it is a member of the same class.

4) The classification process is completed (the other classification characteristics
are not taken into consideration) if a subset of instances falls into a single subclass,
meaning that every example in the subset has the same value of the class-forming
feature.

5) The classification procedure is repeated, commencing at point 1, for subsets
of samples that have a mismatched value of the class-forming characteristic.

Neural networks are tools for parallel computing that consist of many simple
processors that periodically receive and send signals to other processors.

Next, we should turn to intelligent information systems from the point of view
of the tasks to be solved. The following systems can be distinguished here:

- management systems and reference systems;

- computational linguistics systems;

- recognition systems;

- game systems;

- systems for creating intelligent information systems.

Figure 5 shows the classification of intelligent information systems according to
the tasks to be solved:

Systems can solve not one, but several tasks, or solve a number of other tasks
in the process of solving one task.

Intelligent systems are also classified according to such criteria as "methods
used”. Soft, hard and hybrid methods can be distinguished here (Figure 6):

A sophisticated computer technology known as ”soft computing” is based on
probabilistic computing, fuzzy logic, genetic computing, and neurocomputing.

Standard computer computing, or "hard computing,” is unrelated to "soft com-
puting.”

Systems that use several computer technologies—or, in the case of intelligent
systems, artificial intelligence technologies—are called hybrid systems [7].

10
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Figure 1.5 — Classification of IP by tasks to be solved

A vast body of theoretical information from several scientific disciplines is cov-
ered in the categorization of artificially intelligent systems. An AIS’s development
and deployment are difficult processes from the start to the finish.

When developing an intelligent emotion recognition system, it should be said
about the most popular methods used in psychology, criminology and other fields.

1.4 Profiling in a data mining system

At the initial stage of its development, the term ”profiling” meant the compila-
tion of a psychological portrait (profile) of a criminal in the footsteps at the crime
scene. Otherwise, it’s called personality profiling. First of all, the method is used
in the search for serial killers. It combines knowledge of criminology, psychiatry
and psychology. Later, profiling began to be called the identification of potentially
dangerous individuals. At first, the technology was used in civil aviation during
the pre-flight inspection of passengers.

A collection of psychological tools and procedures known as profiling are used
to assess and forecast human behavior by analyzing the most telling personal
indicators, physical attributes, and verbal and nonverbal cues [8].

The technique is used by expert profilers, i.e. specialists in the field of lie
recognition. Profiling theory can be effectively applied in computer vision based
on classification according to the identified signs for the potential danger of the

11
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Figure 1.6 — Classification of IP by methods

subject or recognition of the criminal’s lies.

To describe emotions, it is necessary to refer to the facial movement coding
system (abbreviated SKLiD) developed by Paul Ekman and Wallace Friesen in
1978 [9].

Using SKLIDS, you can encode a facial expression, creating a face model from
certain units of action, as well as a fixed period of time to reproduce a particu-
lar facial expression. In the SKLiD manual, Paul Ekman interprets emotions by
contraction or tension of one or more muscle groups.

The encoding system has fixed descriptor numbers that have significant differ-
ences with the units of action. If the units of action are precisely manifested in
behavior, then the muscle base in this sense does not have an exact manifestation.

Units of action (units) represent the basic movements performed by individual
muscles or a group of muscles.

Action descriptor (DD) — unitary movements performed by muscle groups (for
example, pushing the lower jaw forward). The muscular basis for these movements
was not specified. And they do not manifest themselves in behavior as precisely
as the ED is manifested in it.

For example, a slide can be used for two types of smiles:

1. Deliberate insincere smile: only the main zygomatic muscle contracts

2. Involuntary sincere smile: contraction of the main zygomatic muscle and the
lower part of the circular eye muscle.

The experts also managed to develop an ESCLD (Emotional Coding System
for Facial Movements), which considers emotions that are associated with facial
movements (Table 1.2).

Table 1.2 - Facial movement coding system according to P. Ekman
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Emotion Unit of action
Joy 6+12

Sadness 14+4415
Surprise 14+24-5B+26
Fear 14+2+4+5
Anger 4 45 +7 +23
Disgust 9+16+15
Contempt R12A+R14A

Also, in the matter of defining emotions and pattern recognition, attention
should be paid to the task of intelligent video analysis. In such systems, the
manifestation of emotions is divided into classes of external signs.

The "emotional state” is compared with the ”level of tension” of a person.
Emotional tension is tension at the level of the psyche caused by prolonged overload
of the emotional sphere without changing the intensity of manifestation.

The task of automatic emotion recognition is attracting more and more atten-
tion, and, as a result, more and more different methods are being used to solve it
[10].

Currently, the following classes of methods can be distinguished that use pro-
filing elements in the development of a recognition system:

- holistic methods (that is, processing the entire face image);

- local methods (i.e. processing images of face elements);

- methods that calculate the shape of objects;

- methods that calculate the dynamics of objects.

Artificial neural networks (ANNs) and support vector machines (SVMs)

GA — genetic algorithms; LVQ — vector quantization (Kohonen network); AAM
— representation model; ASM — shape model; EBGM - elastic graph; PCA —
principal component method; HoG stands for histogram of directional gradients;
LDA stands for linear discriminant analysis; and LBP stands for local binary
patterns [11]. These classes are listed in table 1.3:

Table 1.3 — Classification of emotion recognition methods

Methods Holistic methods | Local methods

Methods that calcu- | Classifiers: Ar- | Classifiers:

late the shape tificial Neural | Artificial Neural
network, Random | network, Adaboost
Forest, Adaboost, | Bayesian Classifier
Wavelets and | Geometric models
Gabor filters | of the face of the
Hough Transform | Eigenvector:
2D  Face Mod- | PCA
els: AAM ASM | Local histograms:
EBGM HoG LBP

Methods for calculat- | Optical flow Dy- | 3D Dynamic Models

ing dynamics namic models Statistical Models:

HMM DBN
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The merging of the survey script and the theory of microexpressions allowed pro-
filing to move to a different level of development and gradually begin to integrate
into economic structures, in particular, into the banking sector, video surveillance
security systems.

Thus, profiling is an up-to-date method of personality diagnosis, which signifi-
cantly increases the level of security for law-abiding citizens.

1.5 Artificial intelligent emotion recognition sys-
tems

Using the theory of profiling and basic emotions, as well as the modification of
emotions, it is possible to describe a mathematical model of a particular emotion.
Any facial expression is analyzed and translated into a language understandable
to the intellectual system. The main and related stages of creating a mathematical
model are:

1. Identification of faces in the frame;

2. Understanding by the artificial system that in the presence of an unnatural
face rotation or insufficient illumination, the person in the frame is the same person.

3. Emphasizing the distinctive features of the face—such as the elongated face,
the position of the lips, the cut and shape of the eyes—that enable one to identify
a person from another.

All of this is done instantaneously and automatically by the human brain. In
actuality, humans are quite skilled at identifying faces and ultimately recognize
faces in commonplace items.

Because of their limited capacity for high levels of generalization, computers
must be taught each step of the procedure independently.

There are many viewpoints on defining the number of phases in the creation
and design of intelligent systems. This relies on a number of variables, including
the region of usage, the kind of functions the future intelligent system will have,
the accessibility of cutting-edge technologies, and many more.

Let’s look at some of the existing software systems for automatic emotion recog-
nition.

To analyze the programs, three criteria were selected in the summary table:
system capabilities, advantages and disadvantages (Table 1.4). The "System Ca-
pabilities” column also provides the method that was used in the implementation
of the system.

Table 1.4— Emotion recognition software
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Emotion Information System  fea- | Dignities Disadvantages
recognition about the | tures
system system
Face Reader The developer | Emotion Recognition Does not
company: recognition, with 89% | recognize chil-
Nold us In- | determination | accuracy; dren  under
formation of ethnicity, | emotions 5 years old,;
Technology use of the | can be de- | inaccurate
(Nether- Active Tem- | tected frame | definition of
lands), face | plate method, | by frame | emotions in a
videography creation of an | or in  full | person  with
is used artificial face | (video), full | glasses; differ-
model. visualization | ent skin color
(histograms, | is  perceived
diagrams  of | differently by
emotions) the system; a
turned face is
not detected.
EMotion Developer The system | The system | The  details
Software company: creates a 3D | creates a 3D | of the im-
GladOrS ad Visu al | model of the | model of the | plementation
Recognition face with the | face with the | algorithm
(Netherlands) | identification | identification | are unknown
of 12 key |of 12 key | (no flaws
areas, such as | areas, such as | have been
the corners of | the corners of | identified)
the eye and | the eye and
the corners of | the corners of
the mouth. the mouth.
FacE Analysis | MMER- The impo- | Recognizes Incomplete
System Systems sition of a | six basic | coverage  of
developer certain de- | emotions, uploaded
Company formable determines data, be-
(Germany) mask on the | gender, age, | cause you can
face,  which | ethnicity; work with
allows you | identifies a | a webcam;
to calculate | person if the | inaccurate
the mnecessary | photo was | results on
parameters in | previously uploading
real time uploaded to | data.
the database;
has additional
modules
FaceSecurity | Developer The devel- | Cluster con- | Poorly lit
company: opment is | figuration; faces are not
Cognite ¢ | designed sorting of | recognized;
(Germany) to pro- | the list of | only frontally
Current cess  unique | images of | positioned
version: 4.6 dat@bases and people; search | faces are
databases of | selections are | recognized

any category
of people,

available




The process of building artificial intelligent systems is conditionally divided into
five stages (Figure 1.7):

(IIBT?.'.I.'I eKTYAIbHbIE NHGOPMALIIOHHBIE CHCTEMBI )
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( Mozemm NpPeICTABTeHHA IHAHH (ce‘res:u_) —{ HeweTkas 0rHKA H HeUeTKHe MHOKECTBA )

IpoIVENHOHHAL, JToTHIeckad. (peivopas)

Figure 1.7 - The stages of designing an AIS

1. Determining what jobs are defined as well as what qualities they possess.
There is a limited user base for the system, and a technical specification is currently
being established.

2. Emphasizing the key ideas in the field, which represent the expertise of
several specialists. Formal methods of presenting information and methods for
solving problems are defined by the knowledge engineer [12].

The ideas that guide the selection of a characteristic scheme for encapsulating
the subject-matter expertise of an expert are recognized and developed. A hu-
man expert, books, technology descriptions, instructions, papers, techniques for
brainstorming, and automatic database filling are the primary sources of informa-
tion about the subject matter. The Internet is a valuable resource for knowledge
acquisition, encompassing both conventional methods of searching for essential
information and expertise, as well as clever software robots.

3. Choosing the formalism for knowledge representation and defining the decision-
making process. The following step, which is the direct building of the system’s
knowledge base, is implemented using the knowledge representation structure that
has been constructed.

1. Selecting or creating a language for knowledge representation. The knowl-
edge engineer enters the rules into the database once they have been developed
and presented in the chosen presentation language.

2. Working through certain verification tasks to test the system.

There is no tight regulation of the processes involved in developing intelligent
systems. Drawing a meaningful and chronological division between some of them
is challenging. They do, to a certain extent [13], roughly capture the process of
building intelligent systems.

Neural network training is a prerequisite for developing an artificially intelligent
emotion recognition system utilizing a neural network. You must choose the values
of the interneuronal connections’ parameters in order to build a neural network
for a particular purpose.
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This process requires a large amount of data to output sets of facial character-
istics and high computer performance.

Conclusions on the first chapter:

1) Artificial intelligent systems are classified by types, tasks to be solved and
methods of use. A wide range of AIS allows you to choose the most effective
system and the most accurate method for solving the problem.

2) The process of developing an AIS does not have strict regulations. Condition-
ally, design can be divided into five stages: identification of task characteristics;
finding concepts for representing knowledge; designing a structure for representing
knowledge; forming rules for representing knowledge; evaluating rules for repre-
senting knowledge.

3) A mathematical model based on the concept of biological neural networks,
along with its hardware and software implementation, is referred to as an artificial
neural network. When attempting to mimic the functions taking place in the
human brain, this idea emerged.

4) Modeling the environment in which an artificial neural network is embedded
leads to the difficult process of training, which involves adjusting free parameters.
One of the many issues with neural networks is determining which model is best
for creating a specific system that would enable neural networks to be used in
practice.

The use of profiling is advisable to use face recognition in images or video
data stream in security services, business, banking and other areas when solving
problems.
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Chapter 2

Information Models of Neural
Networks and Emotion
Recognition

2.1 Unidirectional Multi-layer Networks

Formally speaking, a multilayer neural network is just an assembly of basic pro-
cessing units known as neurons. Layers of neurons are joined by unidirectional
connections known as synapses.

A network typically consists of one or more hidden layers of computational
neurons, one output layer of neurons, and several sensory components, or input
nodes, that compose the input layer.

Unidirectional multilayer neural networks are the most common, as they have
a simple mathematical description. Since the late 70s, multilayer networks have
been developed thanks to convenient learning algorithms.

Direct propagation neural networks have an input signal that is transmitted
from layer to layer (from one neuron to another). It is precisely such networks
that are called a multilayer perceptron, which consists of an input layer, hidden
computing layers inside the system and an output layer of neurons.

A multilayer perceptron is a unidirectional sigmoidal type network.

The sigmoidal function is an S-shaped nonlinear function with saturation that
increases monotonically everywhere differentiable. It is a highly useful activation
function to utilize in a formal neuron. You may boost weak signals with the
sigmoid and avoid becoming saturated by powerful ones.

The block diagram of a multilayer perceptron (in this case, a two-layer percep-
tron) looks like this (Figure 2.1):

Notation:

, 1=1,2,....L, are signals coming out of the first layer of neurons;

(m) , m=1,2,... - the indexes in parentheses at the top indicate the number of
the neuron layer;

1, 2, ... , — the input signals that form the input cl, ws, ... , w, are the first
hidden layer;the fifth layer;
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Figure 2.1 - Diagram of a multilayer perceptron

1, 2, ... , — the output signals that form the output layer. The encoding is
"N-L-M” for the convenience of designating the network structure .
Formulas for calculating the output signals of the layers of neurons:

N
gl:f(zwl(;).xj) A=1,2,.....,L (2.1)
j=0

L L N
yi=f (Zué? eg)=f (Zw§? o[> wi) w)) =12, M (22
i=0 i=0 =0

The objective function for a single training sample <X,D> looks like this:

1 M
E(W) = 5 > (yi— di)? (2.3)
i=1
An objective function for a set of training pairs < X*, DF >, k=1,2,...... N

it has the form of a sum for all pairs:

S

E(W) = Z (e — d)? (2.4)

]

N —
I
_

The purpose of training a multilayer perceptron: at the input it is necessary
to select such values of the network weights W(llj) and W(zlj), so that the output
vector YK and the vector of expected values D* coincide as much as possible.

2.1.1 Training of a Multilayer Perceptron by the Method
of Error Back Propagation

One of the perceptron learning methods is the error back propagation algorithm.
It is assumed that the vector will have two passes through the network layers —
one forward and the second reverse. In the first case, the vector starts moving
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from the input layer, then moves along the network from layer to layer. At the
same time, a set of output signals is generated inside the network itself.

During the return pass, the synaptic weights are adjusted in such a way that
the actual output is subtracted from the desired network output, after which an
error signal is received. Further, the signal in the direction opposite to the synaptic
connections propagates through the network. That is why this method is called
error back propagation.

Let’s consider the essence of this method using the example of a two-layer
perceptron from Figure 8. The case of a single training sample will help to simplify
the example as much as possible, the objective function will look like according to
formula (2.1.3). To clarify the coefficients, the formula of the gradient method is
necessary:

W = wk — 1 e gradE(w") (2.5)

In the implementation of this formula, the main difficulty is the calculation of
the gradient components of the objective function, formula (2.1.6):

S U w eg) — A =33 (Ful ex) —d)  (26)

i=1 =0 =1 1=0

E(W) =

DO | —

Derivatives of the target function by the weights of the output layer neurons:

(2

OE (W) of (u?) )\
— =y —d;)) e ——=eq, u =) w; eg 2.7
8w§l2) ( ) augg) ; l ( )

(2.1.2) 1 (v
Let 6;" 7 = (yi — d;) EFROR then the component of the gradient vector has
the form: '
8E (w) (2)

=0, eg 2.8
8w(LQ) (2:8)

Components for the weights of the penultimate layer:

8E (w) B (1)
(O g
owy,

The analysis of the formulas allows us to formulate a rule for calculating the
gradient vector E(W) for derivatives of the objective function for weights in each
layer:

°; (2.9)

%

8E (w) . (k)
R 210

Xj - the signal at the entrance
5§k) — the learning error.

Due to the error transfer (y;-d; ) from the network output to the previous layers?
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The method is called reverse error propagation.

The model of a multi-layered sigmoidal network and the method of its training,
despite its relative simplicity and convenience, has a number of difficulties that
slow down the learning process, or do not allow the network to learn at all. For
example, the values of the weights as a result of the correction can become very
large values.

This situation will lead to the fact that most of the neurons will output huge
values, but the derivative in these values will be very small.

The process may stop because the error sent back in the learning process is
proportional to this derivative.

In addition, you need to choose a step size so that it is finite. In this matter,
you can rely only on experience. This algorithm has a proof of convergence. The
step size will directly affect convergence: either it will be too slow if the step size
is very small, or it will undergo constant instability due to too large a step size.

Another difficulty is the temporary instability. The network can recognize let-
ters, but if, after learning one, it forgets the other, then learning will not make
sense. The learning process should be conducted in such a way that the network
is trained on the entire set, without losing the information that has already been
learned.

2.2 Recurrent Neural Network

A recurrent neural network is the most complex type of neural network that
has feedback between elements: from more remote to less remote. It is feedback
that allows the network to remember and learn. However, the potential of such a
network is poorly understood due to the complexity of the analysis .

A recurrent artificial neural network is a network obtained from a unidirectional
multilayer perceptron by introducing feedback loops with a delay from the output
to the network inputs [46].

Let’s consider one of the varieties of such networks - this is the recurrent Elman
network, consisting of two layers. The block diagram of this network is shown in
Figure 9.

It is clearly seen that the feedbacks come from the inner layers, and not from the
outputs of the neural network. It is this structure that allows you to accumulate
and remember information.

The signal enters the input and passes into the hidden layer. After conversion
by the hidden layer, the signal will go to the output, and its copy will be delayed.
Then the next signal is sent to the network, and at the same time a copy of the
previous signal is received.

Here , = 1,2, ... , — output signals for the first layer; Standard view of the
objective function:

m m

B () = 53 (v — )’ =

=1 i=1

(ef)2 (2.11)

DN | —
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Figure 2.2 — Recurrent neural network

Elman’s formula looks like this:

k
OB* (w) _ x 712 | i (212
o) ogh, |

—n m

The training of the recurrent Elman network can be set using the following
algorithm:

1) Determine the initial values for the weights, assign k = 1.

2) Determine all active network signals for the current moment k.

3) Calculate the values for all weights of the neurons of the first layer.

4) Calculate all the components of the vector of the objective function.

5) Adjust the weights of the neurons for all layers.

6) Increase k by 1, go to point 2.

Elman networks are mainly used in control systems for moving objects. They
do not provide high accuracy of the solution, since the presence of feedback in
the hidden layer does not allow us to accurately calculate the gradient of the
functional. However, such networks are capable of processing sequences of images,
taking into account the connection between the elements of the sequence; they
have a high generalization ability, which is much higher than that of a multilayer
perceptron. Recurrent networks are used in audio and speech processing tasks,
electronic circuit analysis, computer vision and signal processing tasks.

2.3 Kohonen Networks

A separate class of neural networks, called Kohonen networks, is used to solve
various classification problems. The main task of classification is to divide objects
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into classes, according to any criteria. The basis of this separation is the vector of
object parameters. Such networks are also called self-organizing networks based
on competition [47]. Neural networks do not require a "teacher”, but operate on
the principle of "winner takes all”. From a mathematical point of view, this means
that there is a two-layer network in which each neuron has all the components of
the input vector X of dimension N (Figure 2.3). At the output, the largest signal
will become a single one, while the rest will turn to zero.

11

Figure 2.3 — Kohonen Network |

The network is based on WTA (Winner Takes All) type neurons[48], which look
like this (Figure 2.4):

w, u by
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Figure 2.4 — The Winner-takes-all neural network [48]

The input signals for all competing neurons are the same,

the output signals are calculated according to the formula:

After comparing the results, the winning neuron is selected (the highest value
). At the output, the signal gets a value of 1, in case of victory, all other signals
of neurons get a value of 0.

Let’s go back to Figure 10. The weights of the input links form a vector

. Normalization of the values of the input vector is very often required, because in
addition to the connections presented in the diagram, there are connections that
indicate the degree of "neighborhood” between neurons.

The learning process looks like this:
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Xk (2.13)

the training vector is fed to the network input;

witt = wh + pf (SEk — wf) (2.14)

pF- the learning rate. With a passion for the distance from the i-neuron to

the winner. The coefficient value will decrease. Weights of neurons outside the

neighborhood S¥ it will not change. The size of the neighborhood and the learning
rate decrease over time.

2.3.1 Kohonen’s Algorithm

In neural networks proposed by T. Kohonen in 1982, neurons form a one-
dimensional chain, with each of the neurons having neighbors on the left and right.
In a more complex case, neurons can form a so-called grid, where each neuron will
have one neighbor on the right, left, top and bottom. Another case is when each
neuron can have six neighbors on the plane (like a clock face 2,4,6,8,10,12), that
is, the grid will be hexagonal [49].

According to the Kohonen algorithm, the correction of weights is adjusted and
expressed by the formula:

with = w4 pf - GRE, XP) (2 — wf) (2.15)
Where G*(i, X*) — the "neighborhood” function is defined by the Gauss formula:
2 Xk)
k(; yvk) — _ (’
G (z, X ) = exp( 2577 ) (2.16)

Where d? (, X k) — the distance between the winners and I am a neuron in the

k learning cycle . Learning rate uf and 6* — Gauss width coefficients decrease
during the learning process.

As a result of training, neighboring neurons become representatives of the train-
ing data. The advantage of Kohonen networks lies in the clarity of data repre-
sentation, through one-dimensional or two-dimensional visualization. Kohonen
networks are also commonly referred to as Kohonen maps.

: 'lr-"""". IR Y
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! !
e -

Figure 2.5 — Self-organization of a neural network based on competition
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Figure 12 shows an example of training a network with self-organization based
on competition. A network with 15 neurons and a two-component input vector is
used X=[1, 2]. The figure on the left shows the data in the training sample, on
the right the distribution

of neurons in the trained network. The problem is reduced to such a division
of space into regions, in which the root-mean-square error is minimized [50].

Kohonen neural networks are two—layer networks consisting of an input layer
of neurons and a layer of active neurons (Kohonen layer), which can be one-
dimensional, three-dimensional and two-dimensional [51].

Determining the weights of neurons for the Kohonen layer is based on the use
of self-learning or clustering algorithms.

Like any model, the Kohonen network also has a number of difficulties in im-
plementation:

1) Kohonen networks work only with numeric data.

2) Initially, you need to set the number of clusters yourself if the clustering
method is used.

3) It is necessary to minimize the size of the network.

4) The optimal solution may not always be found. Radial neural networks

The radial basis function network is a neural network of direct signal propaga-
tion that contains an intermediate (hidden) layer

of symmetric neurons. Such a neuron transforms the distance from a given
input vector to its corresponding “center” according to some nonlinear law [52].

Radial neural networks are built using radial neurons. In the vicinity of its
center, the activation function of these neurons has non-zero values. This is called
a local approximation.

Approximation is a scientific method consisting in replacing some objects with
others close to the initial ones, but simplified in some sense. From a mathematical
point of view, multilayer networks of the sigmoidal type approximate the function
of several variables € into a set of output variables Ye [53].

The sigmoid function plays the role of the activation function of neurons. Since
it has a non-zero value over the entire range of input data, all its neurons are
involved in converting input data into output within the network. The radial
network has two layers: the first layer consists of radial neurons, and the second
(output) consists of one neuron or several linear ones. Figure 2.6 shows a diagram
of a radial network with one output neuron:

Figure 2.6 — Block diagram of a radial neural network
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(I = ||)- the basic function or activation function of the I-th radial neuron.
The approximation is performed by the network according to the expression, to
simplify g = 0:

Yy = ;wio\lfi(ﬂx—C’QH) (2.17)

The task of learning: it is necessary to have such values L, C; w;, which deliver
the minimum of the target function:

2

= ’f) (2.18)

When the quantity of training samples, p, is given [54].

Let G be the Green matrix. If the parameters of the radial functions are
known, then the learning task will be similar to solving a system of linear algebraic
equations Ge =

where W=[1, 2, ... , |- vector of weights;

D= [', 2, ... , |- the vector of expected values of the network output signal is
most often used as a radial function of the Gaussian function:

1 P L .
E:2-Z<;wi-W(HX Yo’

k=1

U (z) = g(‘llzfcilb) — exp <_Hx2_.002i||§> (2.19)

0,;- the parameter that sets the width of the function

The learning process of the radial network includes two stages:

1. For each radial neuron, it is necessary to select the parameters of the function
;s

2. Weights must be selected for the output layer of neurons.

The second stage is somewhat simpler: if you use the Green matrix G, then the
computational costs are to calculate the inverse matrix; if you follow the Gauss
formula, then the solution process again splits into two subtasks:

a) determining the centers of .

This refers to the definition of a value for which the main requirements are
completeness of coverage of the definition area and uniformity of data distribution.

b) calculation of the parameter

After all the centers of the radial function have been determined, the parameters
that determine the magnitude of the coverage area are selected. To simplify the
task as much as possible, you need to take the Euclidean distance from the center
to the nearest neuron as the value .

Radial neural networks facilitate the selection of initial conditions for the learn-
ing process and ensure the rapid achievement of an optimal solution.

The multilayer structure of sigmoidal networks with a single hidden layer is
comparable to the radial networks’ resultant architecture. In it, fundamental radial
functions—which are shaped differently from sigmoidal functions—play the role of
hidden neurons. These kinds of networks differ from one another fundamentally,
even if certain commonalities have been observed.

Networks of this kind have a weaker generalization ability compared to sigmoid
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networks. This disadvantage is compensated by dividing the training classes into
subclasses. In this case, each subclass will have its own "center” around which
the radial basis function is implemented. In addition, the radial network learning
algorithm is unique.

If there is only one hidden layer and the neuron is closely connected to the
training data area, the point at the initial stage of training turns out to be closer
to the optimal solution.

Table 5 presents a comparative analysis of the second chapter on selected in-
formation models of neural networks.

The table lists the main information models of neural networks (horizontally),
vertically lists the main tasks that can be solved using artificial neural networks.

Table 2.1 — Comparative analysis of neural network models

INS Unidirectional Recurrent | Kohonen | Radial
multi-layer neural Networks | neural
networks networks net-

Tasks (Elman works

network)

Associative mem- | + + - T

ory

Information com- | + + - _

pression

Forecasting + + i

Optimization - + +

Classification + - + T+

Clustering - - I ¥

Associative memory is a special kind of machine memory used in very fast
search applications.

Information compression is an algorithmic compression of information to reduce
the occupied volume. It is used for the rational use of data storage and transmission
devices.

Forecasting is an assessment of possible development paths based on accumu-
lated experience and current assumptions.

Optimization is finding the best solution to a problem under given conditions
and constraints.

Classification is the solution of a problem by dividing objects into classes ac-
cording to some criteria.

The goal of the task of clustering is to divide a given selection of items into
disjoint subsets, or clusters, so that the objects in each cluster are comparable.

2.4 Intensity of Action of Facial Muscles Move-
ment

The following formula is used to calculate the intensity of muscle movement:
the SCLD unit number plus the letters A through E are added based on the

27



movement’s intensity (minimum to maximal).

Principles:

a) A is just barely discernible;

b) B— minor;

c) C — apparent or strong;

d) D— acute or very apparent;

e) E is represented as fully as possible;

In relation to the hypothetical vertical axis of the face, motor units can be left,
right, one-sided, symmetrical, or two-sided.

The list of the main motor units is presented in 2.1:

Table 2.2 — Motor units and motor descriptors

Action unit | The name in the | Muscle Foundations
number SKLD
0 A neutral person _
1 Raise the inside of | Frontal (medial part)
the eyebrow
2 Raise the outer part | Frontal (medial part)
of the eyebrow
4 Lower your eyebrows | the muscle that lowers the up-
per lip, the muscle that lowers
the eyebrow, the muscle that
shifts the eyebrows
5 Lift the upper eyelid | the muscle of the eye socket
that raises the upper eyelid
6 Raise your cheek- | circular eye muscle
s/cheek
7 Pull on the eye- | The circular muscle of the eye
lid/eyelids is a mimic muscle that closes
the eye slit and dilates the
lacrimal sac
9 Raise the wings of | the muscle that lifts the upper
the nose lip and the wing of the nose
10 Lift your upper lip the muscle that lifts the upper
lip
11 Deepen  the na- | The facial muscle that deep-
solabial fold ens the nasolabial fold
12 Lift the corners of | large zygomatic muscle
your lips

Determining the intensity of movement of facial muscles, as well as knowledge of
the main facial expressions on a person’s face is an integral part in the development
of an intelligent system. The developer needs to describe each encoded facial
expression in a geometric and mathematical representation. This step is the most
difficult, as it requires processing a large amount of information and a sufficient
amount of knowledge in the chosen field.
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2.5 Analysis of Face Detection Methods in the
Image

The task of emotion recognition is a task of a high technical level and is ef-
fectively used in automatic accounting systems for the number of visitors; access
control systems at airports, subways, enterprises; automatic accident prevention
systems; intelligent human-computer interfaces, as well as to stabilize the face
image in order to facilitate emotion recognition.

Algorithms for detecting faces in an image can be divided into four categories:

- empirical method;

- the method of invariant features;

- recognition based on a template implemented by the developer;

- the method of detection by external signs (training systems) [55].

Empirical reasoning is based on top-down knowledge and requires the imple-
mentation of an algorithm involving the rules that can be attributed to the image
fraction where one can find a human face. A set of the rules is a formalization of
the empirical knowledge about the face representation in the image and the signs,
which lead a human to the decision if he can see a face or not. My rules include
the following ones:

- the central part of the face has uniform level of brightness and color; - the
splash of the brightness level of central and upper parts is significant; - the face
consists of the two symmetric located parts for the eyes with the level of brightness
of the eyes is much different from that of the face, nose and mouth.

The image reduction method, in order to eliminate possible interference, as
well as to reduce computational operations, pre-exposes the image to a strong size
change (Figure 2.8):

T
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Figure 2.8 — Image reduction method [55]

For the given image, the area of uniform brightness distribution is to be with
first determined, i.e., the assumed place of the face, and the presence of sharply
different zones of brightness inside is to be checked. It is these zones that can serve
as a “face” with a certain probability. The histogram method to find the areas of
an image containing a “face” constructs vertical and horizontal histograms.. Using
this method, the following search for facial features in “suspicious” areas is possible
(Figure 2.9):
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Figure 2.9 The method of constructing histograms

This approach was used in the development of machine learning because it
assumed low processor power requirements for image processing.

The presented methods have good indicators for detecting a face in an image
with a homogeneous background, they are easily implemented using machine code.

Later, many algorithms were developed. However, it should be noted that these
methods are absolutely unsuitable for processing images containing a large number
of faces or a complex background. They are also very sensitive to the tilt and turn
of the head.

Methods of characteristic invariant features based on bottom-up knowledge
form the second family of face recognition methods.

Here, the approach to the problem is indicated in the form of a lack of formal-
ization of the process occurring in the human brain. Proponents of the approach
try to identify patterns and properties of the face image implicitly, to find invariant
features of the face, regardless of the angle of inclination and position.

The main stages of the algorithms of these methods are:

- detection on the face image: eye, nose, mouth;

- Detection: face borders, shape, brightness, texture, color;

- combining all found invariant features and verifying them.

The method of identifying “complex” faces is based on the search for the correct
geometrically arranged facial features. This method uses a Gaussian filter where
many different scales and orientations are selected. Then, the search for matching
the detected characteristics of the site and their location occurs.

-
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Figure 2.10 — Method of detecting "complex” faces

The feature grouping method is based on the method of the second derivative of a
Gaussian filter, which is selective with respect to which parts of the image should
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be examined. After that, the edges are grouped by thresholding filter around each
zone. Finally, a Bayesian network appraisal is applied to combine the identified
features and establish a sample of facial features : (Figure 16):

These methods are able to recognize a face in different positions. But if the
face is slightly cluttered with other objects, noise occurs, or the color is too light,
the recognition accuracy drops significantly. The saturated background also has a
significant impact. The basis of the considered approaches is empiricism, which is
both their strong and weak side.

The application of rules of thumb allows you to build a certain model of the
face image and reduce the task to performing a certain number of relatively simple
checks.

Recognition according to the developer’s template involves setting a standard
image image by describing individual properties and areas of the face, as well as
their possible mutual location [55].

Face detection using a template consists of checking each of the image areas
for compliance with a given template. Let’s consider two types of templates: non-
deformable and deformable.

The templates are pre-programmed, they use correlation to find faces in the
image.

The method of decomposing a face using three-dimensional shapes involves
using a template in the form of pairs of brightness ratios in two areas. To determine
the location of a face, it is necessary to go through the entire image for comparison
with a given template using a different scale (Figure 2.11):

Figure 2.11 — Decomposition of a face into three-dimensional shapes

The control point distribution system is a bending-shape statistical model of
incidents. The greatest benefit to this method is that it allows for the distribution
of what would normally be a variable objects over a small parameter learning set.
Feature classification systems adopt this method.

Pattern recognition is straightforward to implement and works well with pic-
tures having a clear background. The drawback of the approach is that it calibrates
this template around the face image. The next method is the detection of a face
by external signs (with a training stage and processing of test images). The image
system determines the ratio of the vector to one of the classes — face / non-face.
The standard search for faces in an image using a mathematical model consists
in an absolute search of rectangular fragments of the image. The absolute search
scheme has a disadvantage — redundancy and computational capacity of the pro-
cess, therefore it is necessary to reduce the number of fragments in the image
[55].
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This is the most common method to solve image recognition problems known

as neural networks approach. When solving the problem, we use Support Vectors
to reduce the feature space dimensions. At the same time, method support vector
— does not lead to a loss of information content of selected training objects and
also allows switch on some space base where variance will be oriented along n base

axes.
The subspace with which the main axes obtained in this manner is then ex-
panded over 11 spaces best instantiated on the training set (Fig. 2.12)
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Figure 2.12 — Training an intelligent system using a neural network

These learning algorithms are also used for classification and regression analysis
tasks as they are behalf on supervised learning technique or in other words we can
say these algorithms perform well when trained data has label and target values.
As it is intended for that the support vector machine methodology distributes with

classes linearly.
The idea behind training of many classifiers is to reduce the error in classification

on the training set (or empirical risk).
The Viola—Jones method is by far the most promising method of pattern recog-
nition due to its high performance and high percentage of face detection. The

features used by the algorithm use the summation of pixels from rectangular re-

gions.

Yacrora ucnonbsoBaHune meTtogos OGHHPVHEHMH nny

H Smnupuyeckuii metos,
H Metop, ymeHblueHus nsobpaxerus
H MeTo, NecTPOEHWA MCTOrpammM
H Metog oBHapyKeHua "cnomHbIX" A1y,
H MeTtop rpynnupoBKM Npu3Hakos
M Pacno3sxasaHue no wabnoHy
M MeTo, HeHPOHHbIX ceTen

M Metopa Buonb! - AxoHca

Figure 2.13 — Diagram "Using face detection methods
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The analysis of methods for detecting faces in an image allowed us to identify
effective methods for detecting faces in an image, determine the advantages and
disadvantages of each method, identify what kind of images can be used and
effective in recognition, evaluate each of the methods from an expert point of
view.

To date, the Viola-Jones algorithm is the most in demand due to its high speed
and high accuracy of operation. Neural networks ranked second in percentage
terms. However, it should be repeated that the difficulty of using neural networks
lies in their mandatory training.

Conclusions on the second chapter:

1) In the second chapter of the diploma, four models of neural networks are
considered:

- unidirectional multi-layer network;

- recurrent neural network (Elman network);

- Kohonen Network;

- radial neural network.

Each of the models has its own set of characteristics, an implementation option
and a mathematical description. When choosing a neural model, one should take
into account: the structural representation of the network, the selection of input
data, the possibility of using a neural network for the selected system, the network’s
ability to learn, the possibility of finding the optimal solution to the problem.

2) A multilayer sigmoidal neural network based on a multilayer perceptron
has a simple mathematical description, but requires competent preparation of the
training sequence, formation of a training sample, selection of initial values.

3) A recurrent neural network is a rather complex type of network. It has
feedback between the elements, which allows the network to accumulate and store
information. Such a network does not always provide high accuracy of the solution,
due to the complexity of calculating the gradient of the functional in the hidden
layer. If the network is spared from excessive or insufficient data processing, it will
also be able to track changes in the readings of the environment in which it was
placed.

4) The main task in the implementation of Kohonen networks is to divide objects
into classes, according to any criteria. Such networks operate on the principle of
"winner gets everything”, that is, the output signal of the network with the highest
value will become a single one (winner), the rest will turn to zero. Kohonen
networks work with numerical data, at the initial stage it is necessary to minimize
the size of the network (that is, reduce the volume in the network, in order to
facilitate the learning process).

5) Radial neural networks facilitate the selection of initial conditions for the
learning process. If there is one hidden layer and the neuron is connected to the
corresponding area of the training data space, the learning start point turns out
to be much closer to the optimal solution, compared with other neural network
models. Radial neural networks have simple learning algorithms. Splitting an
object into classes

compensates for the weak generalization ability of radial neural networks.

6) P. Ekman’s facial movement coding system is used to describe emotions, For
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the introduction of SCLD into an intelligent system, it is necessary to implement
a prototype of a facial feature

7) The analysis of face detection methods in the image allowed us to identify
common methods that are most effectively used to solve recognition problems. The
method using neural networks takes the second place in terms of the effectiveness
of its application

8) The analysis of neural network models allowed us to identify two universal
models applicable to a wide range of tasks: unidirectional multilayer networks and
radial neural networks.

In the practical part of the study, the recognition algorithm will be described
and the experimental part on emotion recognition will be performed. A neural
network based on a multilayer perceptron was chosen to solve the problem.
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Chapter 3

Emotion Recognition Algorithm
Using a Neural Network

3.1 Mathematical Formulation of the Recogni-
tion Problem

Every person in the world has a range of facial reactions that fall under two
categories: geometric (set standard parameters by which signs manifest) and be-
havioural.

A facial movement coding system is utilised to characterise the parameters of
the (voluntary and involuntary) face in a quantitative, qualitative manner. The
quantitative parameter in this case is its Strength of the movement from A to E

A video stream is a sequence of frames. Recognition: The goal of recognition is
to cluster the faces in images into separate classes. Face recognition We can pose
the face recognition problem very simply: assuming you have a know person (the
example to be recognized), how can build a function to recognize new images from
other examples F(w)=( 1(), 2() ... , ()), the output that defines the class of the
image w represented by the feature vector ( 1(), ... , ()) In this case, the class is
one of the six basic human emotions.

The search for a solution is carried out using artificial neural networks.

3.1.1 Obtaining Face Recognition Invariants

An invariant is a property of a certain class (set) of mathematical objects that
remains unchanged during transformations of a certain type [59].

Invariant moments are characteristic features that can occur in each image.
Most often, the faces on video frames are subjected to various deformations pecu-
liar to human facial expressions. In such conditions, it is necessary to speak about
"pseudo-invariants” [60].

The central points of a digital face image are determined by the formula:

Mmpg= L, Xy(x — ) (y — 9" f (2, y) (3.1)
— the central points of the order are not higher than (p+q¢)=3, f(r,y) - bright-
ness function. It is advisable to convert color images to a grayscale view. After
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preprocessing and normalization, the sample is a matrix of pixels, each of which
has a brightness value in the range [0.1].

3.1.2 Choosing an Adequate Metric

To solve the problem of determining whether w belongs to a class let’s apply
the convolution in the form of a Euclidean measure:

(w, %) = /5]y~ (Mg — M3P) (3.2)

Where MPP = ( Y0, Mﬁ”) /m; - the average of the invariant moments of all
images included in the class (2,

The metric can be used to measure the distances between the image w (represented
by the feature vector ) and the class(2,

A (wl2p) = /(=) (s, + B) " (z ~7) (33)
Where s, — , (y) — the center of the class.

3.2 Methods of Facial Motor Activity Recogni-
tion

The solution of the emotion recognition problem relates to the classification
problem, i.e. the neural network must attribute the received data set to emo-
tions corresponding to a given set of parameters. Let’s consider the mathematical
description of the recognition problem:

Let’s give a set of M images of faces (emotion, for example, surprise) wl, .....wn,
each of which has a vector of feature values (facial features) Xi = (xil, ...... xim),
i=1, ... m, X, j=1, n, where n is the number of features. Feature vectors are

assigned by experts to certain classes.

The entire sample is divided into two disjoint subsets: training and test. After
training an artificial neural network, the quality of its training on a test set. An
artificial neural network of direct propagation with a sigmoidal function of the
activity of neurons of the hidden layer and a linear activation function of the
output layer is proposed.

The neural network should be configured so that when the feature vector is
applied to the input assigned to the class, the network outputs the value "1 at
the output with the number I, and "0” at all others. This is achieved by setting
up a network of error back propagation methods.

Taking into account the peculiarities of the formation of classes for face recog-
nition, a probabilistic neural network is of interest. In it, samples are classified
based on estimates of their proximity to classes, taking into account the features of
the probabilistic distribution of feature values. For each class, based on the train-
ing data, the density function of the attribute distribution is determined, which is
characterized by mathematical expectation and variance.
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3.2.1 Methods of facial motor activity recognition

1) To solve the recognition problem, an information model of a neural network
based on a multilayer perceptron with reverse error propagation was selected.

2) To create a prototype of emotions (metrics), P. Ekman’s Facial movement
coding System was chosen.

3) 6 basic emotions were selected for the study: joy, sadness, anger, disgust,
surprise, fear. This set allows you to cover the maximum number of real facial
expressions.

Each emotion has a prototype of expression, for example, the formula of sur-
prise:

14+2+5B+26 (?7?)

In this formula, motor units are expressed in numbers, each of the numbers
characterizes a facial expression that involves a small part of the facial muscles.

The Latin "B” stands for traffic intensity. The neural network model is trained
on a large number of images or a continuous video stream in real time.

It should be noted that some of the intensity codes of action are difficult to
register, for example, codes A and B have a slight difference in the appearance of
facial expressions (Figures 3.1, 3.2):

Figure 3.1: Surprise with intensity A

1. The motor units of the face (hereinafter referred to as DE) can be condition-
ally divided into three groups:

a) group 1: static DE — it is possible to determine by photography.

b) Group 2: dynamic DE — it is necessary to track the change in the position
of key points on the face or have an average distance value for this DE;
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Figure 3.2: Surprise with intensity B

¢) group 3: empty ones are actively involved in the manifestation of emotions,
but are not registered by search algorithms (dimples on cheeks).

Up to 80 significant facial areas can be identified on a person’s face. As a rule,
these are the boundaries of the eyes, mouth and eyebrows. The zygomatic muscles
are not an important sign of the expression of an emotion.

Each of the emotions has its own dynamics of "experience”. Let’s consider the
components of the groups that are marked in Table 3.1:

Table 3.1 — DE groups for search algorithms

Static Dynamics Empty
Joy 12 6 -
Surprise 1,25 2,5,26 27
Anger 4,25 5,23,24,26 7,10,22
Disgust 15 9,26,10 16,17
Sadness 1,4,15 - 11
Fear 1 2,5,20,38 -

Key metrics system for recognition:

1) Mouth height: upper upper lip — lower lower lip.

2) The height of the open mouth: the bottom of the upper lip is the top of the
lower lip.

3) Lip corner down: the corner of the mouth is the top of the lower lip.

4) Lip corner up: the corner of the mouth is the top of the upper lip.

5) Mouth width: the left corner of the mouth is the right corner of the mouth.

6) Chin height: the bottom of the lower lip is the chin.
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7.) Eye width: top of the eye — bottom of the eye.

8.) Eyebrow height: the upper center of the eyebrow is the middle of the eyes.

1) Inner corner of the eyebrow: the inner corner of the eyebrow is the inner
corner of the eye.

10.)Outer corner of the eyebrow: the outer corner of the eyebrow is the outer
corner of the eye.

The metrics numbered 3, 4, 7-10 are asymmetric and are calculated for the
left and right halves separately. The normalization of indicators is carried out by
the distance between the pupils. It varies minimally from person to person and
standardizes the training sample well.

An example of a metric representation is shown in Figure 3.3:

Figure 3.3 Motor units in the metric system

The values of the selected metrics:

1-raise the inside of the eyebrow;

2 — lift the outer one. part of the eyebrow;

4 — lower the eyebrows (the muscle that lowers the upper lip, the muscle that
lowers the eyebrow, the muscle that shifts the eyebrows);

5 — lift the upper eyelid;

6 — circular eye muscle;

9- the muscle that lifts the upper lip and the wing of the nose;

15 — the muscle that lowers the corners of the mouth;

20 - facial muscle that pulls the corner of the mouth outward and deepens the
nasolabial fold;

23 — the muscle compressing the lips, pulling them forward and closing the mouth;
25 - the muscle lowering the lower lip;

26 —the muscle that lifts the lower jaw and pushes it forward, the chewing muscle.
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The decomposition of the image into components, each of which has a certain
weight, is shown in Figure 3.3 (surprise emotion):

Figure 3.4 — Decomposition of the image into three-dimensional shapes

The decomposition of an image into components is necessary to form input data
for a neural network.
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Figure 3.5 — Coordinate plane

If we imagine two input vectors of a perceptron on a coordinate plane (Figure
3.5, 3.6), then its job will be to determine on which side of the dividing line lies
the vector presented for recognition:

Figure 3.6 — Hyperplanes

As an example, the truth table shows the values of the output signal for the
logical functions ”"C” and "OR” depending on the combination of input signals.
Correspondence tables for coordinates on hyperplanes:

Table 3.2 — Correspondences to the logical "C” values
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Entrance 1 Entrance 2 Exit
0 0 0
0 1 0
1 0 0
1 1 1
Table 3.3- Correspondence to the values of the logical "OR”
Entrance 1 Entrance 2 Exit
0 0 0
0 1 1
1 0 1
1 1 1

The perceptron can only classify images that are separated by a hyperplane.
Let’s formulate an algorithm for the back propagation of the error:

1. Imitialization of link weights: small random values and maximum standard
error;

2. Submit the input vector to the network input;

3. To propagate signals in accordance with direct connections;

4. Error calculation and error of the output layer of neurons;

5. Calculation of the error of the inner layer of neurons;

6. Updating the link weights of each layer

The following is an experimental part of neural network training in the MAT-
LAB program

The neural network was trained in an interactive environment for program-
ming and numerical calculations, as well as visualization of results - MATLAB.
Using MATLAB, you can analyze data, develop algorithms, create models and
applications [58].

Data for a neural network using a multilayer perceptron:

Number of input neurons: 16 (4x 4 matrix) Output neurons: 6 (number of
emotions); Neurons in the hidden layer: 11.

The number of neurons in the hidden layer is equal to half the sum of the input
and output neurons. There is an offset vector for each layer of the network. Let’s
denote the vector of the hidden layer bl (includes 11 neurons). The output layer
includes 6 neurons - b2.

The result of the sum of the displacement of each neuron is an argument of the
neuron activation function. Let’s take the number of observations about 3/5 of
the maximum possible.

Since 16 binary operations make up the input vector, the number of possible
combinations will be 216 = 65536. The training sequence should be approximately
65536 input images. To train a neural network, it is initially necessary to obtain
offsets and weights that minimize the learning error.

The algorithm is performed strictly according to a drawn-up plan and a certain
set of actions is performed on each cycle:

1) The elements of the training sequence are fed to the network input one by
one.
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2) The elements of the training sequence are compared with the target (desired)
values.

3) The error functional is calculated.

4) The values of the functional and its gradient are used to adjust the weights.

5) Operations are repeated until a certain number of cycles are completed or
until the error stops decreasing.

The gradient learning algorithm is the fastest available algorithm in the MAT-
LAB software package, so its use is rational for network training.

To generate the values of the output vector, you need to choose an activation
function for which the range of output signals would be defined from 0 to 1. For
this case, we choose a logarithmic sigmoidal activation function. This function is
also suitable for neurons of the hidden and output layers.

Learning by the method of error back propagation requires the creation of a
two-layer neural network of direct signal transmission with sigmoidal activation
functions. Let’s write it in the command line of the program:
net=newf([01;01;01;01;01;01;01;01;01;01. .. 33[0-1]],[11,6],{ ‘logsig’, logsig’}, trainrp’);

Explanation:

a) The network has one input vector with 16 elements, for which the acceptable
value boundary is the same [0 1];

b) In the first hidden layer, the network has neurons, in the output layer there
are 7 neurons;

¢) Activation functions used: logsig- calculates the output of the layer by its
input, specified for each layer; trainrp — the function of learning and modifying the
weights and offsets of the network, in accordance with a given learning algorithm.

Setting the parameters of the learning algorithm:

net.trainparam.goal=1e-5; net.trainparam.show=50; net.trainparam.epochs=5000;
goal - the limit value of the learning criterion, network error;

epochs - the maximum number of training cycles;

show- the information output interval.

inputs=[0...1; 0...1; 0...1; 0...1; 0...1; 0...1; 0...1; 0...1; 0...1; 0...1];
targets=[0...1; 0...0; 0...0; 1...0];

The result: the network has been configured, a training sequence has been
formed, and a learning algorithm has been selected.

The learning process of the network: In the MATLAB command line, enter the
following expression:net=train(inputs,targets);
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Starting the neural network learning process (Figure 3.4):
Welcome to the Neural Fitting app.

Solve an input-output fitting problem with a two-layer feed-forward neural network.

- Introduction

Neural Network:
In fitting problems, you want a neural netwerk to map between a data set

of and a cet of ta

numeric inputs and a numeric targets.

Examples of this type of problem include estimating house prices from K

such input variables as tax rate, pupil/teacher ratic in local schools and - L
crime rate . : estimating engine emission levels based on

measurements of fuel consumption and speed % et or
jpredicting a patient’s bodyfat level based on body measurements

fat et). A two-layer feed-forward network with sigmoid hidden neurons and linear
output neurons . can fit mults: M mapping
arbitrarily well, given consistent data and encugh neurons in it hidden

The Neural Fitting app will help you select data, create and train a network,
and evaluate its performance using mean square error and regression

layer.
analysis.
The network will be trained with L berg 2
algorithm , unless there is not enough memory, in which case
scaled conj gradient i 2 will be used.

Figure 3.4 — Starting the learning process in MATLAB

Selecting the input and output data file (Figure 3.5):

Select Data
What inputs and targets define your fitting problem?

Get Data from Workspace Summary
Input data to present to the network.

No inputs selected.
B inputs

"(E=

.Tirgcs

Samples are: & (W] Matrix columns ) [E] Matrix rows

Figure 3.5 — Selecting data from the generated file

Choosing the number of neural layers (Figure 3.6): by the author:

Hidden Layer
Define a fitting neural network.  (fitnet

Recommendation

Return to this panel and change the number of neurons if the network does
not perform well after training.
Norber of Hidden Neurons: ]

Hidden Layer Output Layer

Figure 3.6 — Selection of neural network layers
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Choosing a neural network learning algorithm (Figure 3.7):

Train Network l
Train the network to fit the inputs and targets.

The learning process of a neural network (Figure 3.8):

1

_i;,

Train Network Resuits
& & Samples mSE R
@ Trzining: 991 -
@ Validation: a2
W Testing: n
Train using Levenberg-Marquardt. (trainim) _PlotFit_| [ Plot o Histogram
[(Wa7en | Piot Regression
Notes
Wy Training multiple times will generate different results due Mean Squared Error is the average squared difference
to different initial conditions and sampling. between cutputs and targets. Lower values are better. Zero
means no error.
gression R Values thy ion between
outputs and targets. An R value of 1 means a close
S 2 A

Figure 3.7 — Neural network learning algorithm

Data Division: Random (dnaderand)
Training: Levenberg-Marquardt {trainim)
Performance:  Mean Squared Error  (mse)

Calculations: MEX

Progress

Epoch: ol 30 iterations ] 1000
Time: EI 0:00:02 |
Performance: 595 NN | 00
Gradient: 120 [T | 1.00e-07
M 0.00100 | 0.000100 | 1.00e:10
Validation Checks: o 0 | 6

Plots

p—

Training State (plottrainstate)

Figure 3.8 —~Neural network training
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The window with the learning abilities of the network (3.9)
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Figure 3.9— Neural network training graphs
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During the experiment, an emotion was considered recognized if it had the greatest
value at the output of the neural network. As a result of modeling a two-layer
neural network, two weight coefficient matrices IW- for the hidden layer, LW-
for the output layer and two displacement vectors bl and b2, respectively, were
obtained [15]. For a neural network, it is necessary to build a mathematical model
and analyze its functioning (shown in the figures. 3.10, 3.11).

W Mathcad - [fffxmcd]
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04071
| 24668 )
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—4.5760
—3.0080
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Figure 3.10 — Matrix of coefficients of layers of neurons
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2. PACUeT BEKTOPA apryMEHTOE ANA GYHELME AKTEALMM HERPOHOE NEPEOTD Crc

81= 2T+ 317 = (43 4343 066 ~£.363 —0.57 £.534 26,334 5 383
3. Pacuet BeMOAHOM CHMIHANS A Nepeoro (CKpRITOM ) cNofA HeRpoHoE:

I3 "{Z-Sl(g}]

\

f[( Zs:l(l}j

5 i 1 ‘W
e{ 231@) f 0.043

L 1
e 3 TEm1F 7

A= 12-31 ] =1 0275

L e ‘ ek ‘
£ %81

T}Z ({}J |;L 0;95 ,f|
£ 50 ’
=)

oA 67

%81
sz ]

4. Pacuet BeKTOpa ApryMeHToE ANA dYHEUMA aKTWEALWW HERpPOHOE BTOROD CNo

g2 = AT W = 127 = (—218.432-11.0573 738 103,983
3. PacdeT BeIX0AHOM CHIHAMNE Y ETOPOM (BRIXOAHOMD) CNOA HEApOHOE:

Figure 3.11 — Displacement vectors of the neural network

Result: in the process of modeling a neural network in the MathCAD software
environment and applying a vector to the input that corresponds to the emotion
"surprise”, the network generated the correct output signal. The intensity of the
emotion mattered the most. The result of the analysis can be written as follows :

S1=P*IW +bl

A=£(S1)
weligeens TGS HH Y = f(f(P* IW + b1)*LW +b2)
Y = (S2)

Figure 3.12 — A model for determining the emotion of "surprise”
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Designations:

P is an input vector of 11 elements;

IW is a matrix of weight coefficients of synapses (connections of the first layer with
inputs);

bl is the displacement vector of the first layer of neurons;

b2 is the displacement vector of the output layer;

f(x) is the logarithmic sigmoidal activation function for all neurons in the network;
Y is the output vector of neural network signals (consists of 6 elements);

S1,S2 are the arguments for the activation functions of layer 1 and layer 2, respec-
tively.

Conclusions on the third chapter:

1) The recognition problem using the multilayer perceptron model may have a
correct solution. The difficulties of implementing and training a neural network
may arise during the formation of initial data. To start the recognition procedure,
it is necessary to pre-process the image and decompose each element of the face
into separate components.

2) The multilayer perceptron model turned out to be adequate for the selected
testing system. In addition, the multilayer perceptron can use different learning
algorithms, thanks to its flexible structure and high learning ability.

3) The emotion recognition problem was solved according to a given algorithm.
4) The MATLAB and MathCAD software packages have a wide range of tools
that help to implement a mathematical model of a problem, as well as help to
train and configure a neural network. These software products quickly calculate
cumbersome expressions, which allows you to speed up the process of getting a
response.
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Conclusion

The implementation of an intelligent system capable of recognizing human emo-
tions is a solution to a technically and mathematically complex problem that re-
quires in—depth study of the subject area, own analysis, skills in processing and
selecting experimental data, in-depth knowledge in the field of discrete mathe-
matics, geometry, programming, as well as psychology and many other fields of
science.

The use of neural networks in the development of recognition systems allows
you to structure poorly formalized data, speed up the data processing process,
and assess the adequacy of the environment in which the information model of the
neural network is placed.

The metric system allows you to create prototypes of emotions, thanks to which
the developer has the opportunity to "interact” with the neural network, i.e. learn-
ing based on the identified prototypes of emotions.

The main purpose of the master’s thesis was to select an information model
of a neural network, as well as to describe a recognition algorithm for solving a
practical problem.

An information model based on a multilayer perceptron was chosen. This model
is optimal in terms of the internal structure and method of managing information
flows between neurons. In addition, such a model is able to minimize the number of
input elements. The model based on a multilayer perceptron is a universal model
and is suitable for solving problems of various levels of complexity, including solving
the problem of emotion recognition.

The main conclusions and results of the study:

1) Based on the studied material on artificial intelligent systems, the most
effective systems and accurate recognition methods were identified, and successful
implementation examples were noted. The system used in this work was self-
learning.

2) A review of the main types of information models of neural networks allowed
us to identify two universal models applicable to a wide range of tasks: radial
neural networks of direct propagation and unidirectional multilayer networks. The
choice of an information model for solving a practical problem was made in favor of
unidirectional multilayer networks (the multilayer perceptron model). This model
is suitable for the internal structure and mathematical description and provides
different approaches to solving the problem.

3) The existing methods of emotion recognition in the master’s thesis were
considered theoretically. Among the studied recognition methods, a method using
artificial neural networks was highlighted.
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4) In the practical part of the work, the mathematical apparatus of imple-
menting the recognition algorithm was considered: the choice of face invariants,
adequate metrics, pattern recognition by a neural network. A technique for rec-
ognizing facial motor activity was also presented and the problem of recognizing
emotions in MATLAB and MathCAD data analysis and processing software prod-
ucts was solved.

Based on the results obtained, it can be concluded that the selected information
model of an artificial neural network corresponds to the model of a real system
and takes into account all its characteristics.

All the tasks were completed in full, therefore, the main goal was achieved.

The experimental part of the work focuses on comparing different face and
emotion recognition algorithms implemented in Python using OpenCV library
and MediaPipe framework. The aim of the experiment is to evaluate their per-
formance and accuracy in order to select the most suitable algorithm, which will
then be integrated into a React JS-based web application. The experiment an-
alyzes the performance of each of the algorithms, evaluating parameters such as
image processing speed, accuracy of face and emotion recognition, and robustness
to different lighting conditions and face positions. This approach allows not only
to identify the most effective technical solutions, but also to take into account the
requirements for the user interface and interaction with the end user in the web
application.

The selection of the best algorithm to implement in a web application depends
on many factors including ease of integration, scalability, and resource intensity.
After collecting and analyzing the data, the experimental results provide an in-
formed decision on which algorithm is best suited for use in a dynamic and inter-
active web application environment where user experience and responsiveness play
a key role.
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