EDeusto

Universidad de Deusto
Deustuko Unibertsitatea
Unwersity of Deusto

TESIS DOCTORAL

Programa de Doctorado en
Engineering for the Information Society and Sustainable Development
NOMBRE APELLIDO
Dmitrii Viatkin
Curso 2019 /2022

TITULO
Advanced artificial intelligence methods applied to
societal challenges in biomedical engineering



This dissertation examines the possibilities of using artificial intelligence methods in biomedical
engineering tasks, at the edge of medicine and engineering. The possibilities of analysis, development,
use and interpretation of artificial intelligence algorithms in applied problems for sustainable
development of society, medical and industrial development are considered. The dissertation consists of
two case studies conducted in Spain and Russia, each using a different methodology and approach to
analysis.

The first case study explores the application of deep learning to the task of measuring the position of
patients' fingers in multiple sclerosis. Tracking the limited degree of mobility of the fingers on the hand
can be used as a marker to characterize the course of multiple sclerosis and the success of the treatment
prescribed. The objectives of this case study were to review and analyze the literature on the various
methods available for assessing finger position, to collect and prepare data for a single camera-based
computer vision system designed to detect finger position, and to train and test a neural network based
on a neural network for assessing finger position.

The second case study explores the potential of deep learning methods for materials analysis and the
possibility of applying them for biomedical purposes. This case study explores the potential of neural
networks to analyze the properties and structure of materials with different amounts of data and different
representations. The neural network prediction of critical superconductivity temperature for materials
based on their chemical formula was considered. The prediction of the reduced glass transition
temperature of metal alloys based on a neural network was considered. The prediction of material
composition based on the required physical parameters for cellulosic materials was considered. The use
of generative-adversarial networks to predict the properties and composition of metal alloys based on
incomplete material information with an acceptable range of predicted parameters was considered. The
second case study demonstrates the development of the idea of applying neural networks to materials
problems, from predicting a single parameter from a chemical formula, to predicting physical parameters
and material composition based on incomplete data.



UNIVERSIDAD DE DEUSTO

ADVANCED ARTIFICIAL INTELLIGENCE
METHODS APPLIED TO SOCIETAL
CHALLENGES IN BIOMEDICAL
ENGINEERING

Doctoral thesis by

Dmitrii Viatkin

Directors

BEGONA GARCIA-ZAPIRAIN SOTO
AMAIA MENDEZ ZORRILLA

Bilbao, July 2022



UNIVERSIDAD DE DEUSTO

ADVANCED ARTIFICIAL INTELLIGENCE METHODS
APPLIED TO SOCIETAL CHALLENGES IN BIOMEDICAL
ENGINEERING

Doctoral thesis by: DMITRII VIATKIN

Industrial Ph.D. between
University of Deusto, Spain
Northern (Arctic) Federal University named after MV
Lomonosov, Russia

Director:

BEGONA GARCIA-ZAPIRAIN SOTO

AMAIA MENDEZ ZORRILLA
Doctoral student Directors
\'-.__.IF (‘, ' W
A

Bilbao, July 2022


Dmitrii
Штамп


DECLARATION

I hereby declare that except where specific reference is made to the work of
others, the contents of this dissertation are original and have not been submitted
in whole or in part for consideration for any other degree or qualification in this
or any other university. This dissertation is my own work and contains nothing
which is the outcome of work done in collaboration with others, except as
specified in the text and acknowledgements.

Dmitrii Viatkin

June 2022



ABSTRACT

In recent years, artificial intelligence and machine learning algorithms have been
increasingly used not only in scientific, but also in applied and societal fields. This is due
to the development of computing power, technological development and the development
of the algorithms used. Developed algorithms of artificial intelligence begin to be
introduced also in medicine, engineering, bioengineering, biomedical and other frontier
areas, where different knowledge areas touch each other. Development and training of
artificial intelligence algorithms for solving problems, which are at the interaction
boundary of different fields of science, can improve the quality of interaction between
experts from different fields, expand the frontiers of knowledge and solve applied
problems in the areas under study.

This dissertation examines the possibilities of using artificial intelligence methods in
biomedical engineering tasks, at the edge of medicine and engineering. The possibilities
of analysis, development, use and interpretation of artificial intelligence algorithms in
applied problems for sustainable development of society, medical and industrial
development are considered. The dissertation consists of two case studies conducted in
Spain and Russia, each using a different methodology and approach to analysis.

The first case study explores the application of deep learning to the task of measuring the
position of patients' fingers in multiple sclerosis. Tracking the limited degree of mobility
of the fingers on the hand can be used as a marker to characterize the course of multiple
sclerosis and the success of the treatment prescribed. The objectives of this case study
were to review and analyze the literature on the various methods available for assessing
finger position, to collect and prepare data for a single camera-based computer vision
system designed to detect finger position, and to train and test a neural network based on
a neural network for assessing finger position.

The second case study explores the potential of deep learning methods for materials
analysis and the possibility of applying them for biomedical purposes. This case study
explores the potential of neural networks to analyze the properties and structure of
materials with different amounts of data and different representations. The generation of
materials based on a number of incomplete parameters with limited data has been studied.
Algorithms for processing different types of material data representations and their
parameters have been studied. In this case study, the following tasks were accomplished:
literature review and analysis on various available material analysis methods, collection
and preparation of data for a material analysis system with different structures and
parameters, training and testing the neural network on the collected data. The neural
network prediction of critical superconductivity temperature for materials based on their
chemical formula was considered. The prediction of the reduced glass transition
temperature of metal alloys based on a neural network was considered. The prediction of
material composition based on the required physical parameters for cellulosic materials



was considered. The use of generative-adversarial networks to predict the properties and
composition of metal alloys based on incomplete material information with an acceptable
range of predicted parameters was considered. The second case study demonstrates the
development of the idea of applying neural networks to materials problems, from
predicting a single parameter from a chemical formula, to predicting physical parameters
and material composition based on incomplete data.

Keywords: neural network; algorithm; multiple sclerosis; material; model
training; analysis






ACKNOWLEDGMENT

There are not enough words to express my gratitude to the many people and
institutions that supported me during my graduate studies.

First of all, I would like to express my deepest gratitude to my supervisors
Professor Amaia Mendez Zorrilla and Begona Garcia-Zapirain for their support,
exchange of experiences and fruitful discussions. Without your support, this
dissertation work would not have been possible.

Thanks to the team of evida Laboratory, University of Deusto, Spain, for their
support and help with the research.

Thanks to Enrique Onieva Caracuel, University of Deusto, Spain, for help with
organizational moments.

Thanks to Ilya Mayorov and Maxim Zakharov, Northern Arctic Federal
University, Russia for their research assistance.

Thanks to Zarubin Lyubov and Fedorovna Natalia, Northern Arctic Federal
University, Russia, for help with organizational issues.

I thank my family for their moral support during the whole work on the
dissertation.

Dmitrii Viatkin

June 2022
Bilbao, Spain



This thesis is dedicated to my family,

for all their love and unconditional support.



TABLE OF CONTENTS

DECLARATION ...ttt ettt ettt e ii
ABSTRACT ...ttt ettt et e ettt e e eneee s v
ACKNOWLEDGMENT ..ottt e vii
TABLE OF CONTENTS ... .ottt ix
LIST OF FIGURES ..ottt Xii
LIST OF TABLES ...ttt e XV
1 INTRODUCTION ..ottt ettt ettt e e ea 1
1.1 Research hypothesis and 0bjectives...........cccvvveeerrriieercieeee e 4
1.2 Scientific and social impact and contribution ............c.ccveeeereevverennenne. 6
1.3 Research methodology.........cc.uvviiiiieiiiiiiiiiiiieee e 7
1.4 SUMMALY ..oiiiiiiiiiiiiieeee et e e e e e e e e rrre e e e e e e e e seensaeeeas 14
1.5  Organization of the document ............ccceeeevuviieiiiiiieee e 14
2 BACKGROUND ...ttt ettt 16
2.1 Sustainable Development Goals 2030 .........c.ccceeveivieeeniiieeeeiiiieeens 26
2.2.1.  Sustainable Development Goals 2030. Good health and well-
being 27
2.2.2.  Sustainable Development Goals 2030. Industry, innovation and
INFTASTITCEUTE .....eeiiiiiiiie et 29
2.2 AT algorithms ..ccc.eeeiiiiiiieieee e 16
2.2.1 Maching 18arning ............ceeeveiieiiiiiiiieieiiee e 16
2.2.2 Neural netWorks.......ccooiiiiiiiiiiiii e 21
2.3 Al and Sustainable Development Goals 2030............ccccvveeeeeeeennnnns 31

3 CASE STUDY 1: DEEP LEARNING TECHNIQUES APPLIED TO
PREDICT AND MEASURE FINGER MOVEMENT IN PATIENTS WITH

MULTIPLE SCLEROSIS ..ottt ettt e 34
T B 0 1<) 4 1< PRSP 34
TN 113 (o4 L (o150 o DR UPUPRPP 35
3.3 Materials and methodS ..........coooveiiiiiiiiiiiii e 40

3.3.1 Sample and data..........ccoceeeiiiiiiiiinii 40
332 Models, data analysis and computational methods................... 43
3.33 Measurement of variables ............ccccveeviiiiiiiniiiie e 44
3.4 Neural network development and training............cccceeevevvereerenveeennns 45

34.1 Adoption of images without preprocessing and marking for



convolutional neural network training...........cccoecvvveeeveveeeeircnieeercneeeeenns 45
342 Use of convolutional pose machine for measuring joint angles 47
343 Adoption of images with marking applied for CNN training....48

344  Use of unmarked images to train the modified MobileNetv2
NEUral NEEWOTK .......oiiiiiiiiiii e 53

3.5 Use of the background subtraction function to improve modified
MobileNetV?2 neural network results...........cooooeeviiiiniiiiiiie e 56

3.6 RESULLS. ettt e e e eeaa 59

3.7 Case study 1. Deep Learning Techniques applied to predict and
measure finger movement in patients with multiple sclerosis. Conclusions.62

4 CASE STUDY 2: A DEEP LEARNING APPROACH TO PREDICT THE
PROPERTIES AND COMPOSITION OF MATERIALS WITH POTENTIAL
CAPABILITIES IN BIOMEDICAL APPLICATIONS ......cccoiiiiiiiiiieeeee 64

4.1 OVEIVIEW ..ottt ettt e et e et e e et e e et e e e et e e e saaeees 64

4.2 Neural network-based prediction of the critical superconductivity
temperature for superconducting materials based on their chemical formula.

65
4.2. 1. INtrodUCHION ...ccciiuiiiiiiiiiie ettt 66
422 MaterialS....c..uiiiiiiiieieee e 69
4230 MethOdS..ccooueiiiiiiiiie e 70
4.2.4.  Process of neural network model development and training.....74
4.2.4.1. Neural network models based on LSTM.........ccocceeeiiiieen. 75
4.2.4.2. Univariate convolution based neural network models .......... 77

4.2.4.3. Cross validation approach to train neural network models....79

4.2.4.4. Ensemble Neural Network Models..........ccocveerieienicinnncens 80
4.2.5.  RESUILS.c.eiiiiiiiiiiicecee e 82
4.2.6. CONCIUSION....ceoviiiiiiiiiniiiiieceiec et 84
4.3  Neural network-based prediction of the reduced glass transition
temperature of metal alloys based on a neural network. .............ccccceevniee.. 84
4.3. 1. INtrodUCHON ...oeeeeiiiiieeiiiee ettt e 85
4.3.2. MaterialS....cueiieeeiiieeeeiee et 86
4.3.2.1. Data Analysis and Processing..........cccceeeevvivereenciieeeenneennn. 86
4.3.2.2. Neural network design and training ............cccceeevevvereenneenn. 88
433, ReESUIS. ..ot 92

4.3.4,  DISCUSSION ...evvviviuieeeeeeeeeieeee e e ettt e e e e eeeeaaae e eeeereeaaneaes 93



4.3.5. CONCIUSION. ..ceivviieeeeeeeeeeeeee ettt e e e e 93

4.4  Neural network-based prediction of the composition of paper-like

materials based on the specified chemical and physical parameters............. 94
441, INtrOdUCHION ..eooueiiieiiieeiie et 94
442, MaterialS....ccueieiiiieiieeeiie e 95
443, MethOdS. ..coouiieiiiieieeee e 96
444, RESUILS ..ot 98
4.4.5.  CONCIUSIONS ..cooueiiiiiiieeiie ettt 100

4.5  Neural network for generation of composition and parameters of metal

alloys based on specified range of known and unknown parameters ......... 101
4.5.1.  INtroduCtion ........oeeiuiieiiiieiie et 102
4.5.2. MaterialS.......eiiiiiiiiiiiii e 102
4.53. MethOdS..ccoeeiiiiiiiiiieeieee e 103
4.5.4. RESUILS..coiiiiiiiiiiiiie e 110
4.5.5.  CONCIUSIONS ..eoouviiieiiieeiie ettt 112

4.6  Case study 2. A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical

applications. CONCIUSION ........ciiiiieiiiiiiiiiieee e et e e e et e e e e e e e e 113

S CONCLUSIONS ..ottt ettt et e e s 117
5.1 Objectives, hypotheses and Research Questions............c..ccceeevee... 119
5.2 Scientific coNtribUtioN........c.ueeiiiiiiiiiiiiiiie e 126
5.2.1 Articles in international journals with impact factor............... 126
5.2.2 Communications in international conferences........................ 126
5.2.3 Patent registration certificates..........ccceeeveeeiriiieiiiiiiceeeneen 127

5.3  Limitations and Recommendations for Future Research ................ 128

REFERENCES ..ottt 130



LIST OF FIGURES

Figure 1.1. The Sustainable Development Goals 2030 plan. .............cccvvenneenee. 3
Figure 1.2. Stages of the described PhD research .............ccoceevviiiiiiniieeeeinnnne. 8
Figure 2.1. Example of the linear regression visualization for one input variable
............................................................................................................. 17
Figure 2.2. Example of the logistic regression visualization ......................... 18

Figure 2.3. Example of the architecture of the feed forward neural network ...22
Figure 2.4. Example of the architecture of the convolutional neural network..23

Figure 2.5. Example of the architecture of the generative adversarial neural

NEEWOTK 1 eeiieiiiiiiiieiee ettt ettt e et e et e et e e e et e e e eeeeeeeeeeeeeeeeeeeeeaee 23
Figure 2.6. Structure of the recurrent NEUTON ...........ceeeeeeerereviiieieeeeeeeeeeeeeen. 24
Figure 2.7. Structure of the LSTM NeUron ...........ccceeeeeeeeeeievivieieeeeeeeeeennnnnn. 25
Figure 2.8. Structure of the GRU NEUIon ..............ueeeeeeeeereeiiiiiiieeeeeeeeeeeennen. 25
Figure 2.9. Structure of the bidirectional NEUroN .................cvvvveeeeeeeeeerennnnee. 26
Figure 2.10. Artificial intelligence articles StatistiC..............cvvvveeeeeeeeeereennnn. 32
Figure 3.2.1. The positions of joint angles measured .............cccceeeeeeeerrennnnee. 39
Figure 3.3.1. Frame from the simulation process with additional markings of joint
ANELES. e e ei e 41
Figure 3.3.2. Calculation of mean absolute error of MAE. ...........cccvvvvvvvennes 44
Figure 3.3.3. Calculation of the mean square error MSE ............ccvvvvvvvvvvennnes 45
Figure 3.3.4. Calculation of RMSE standard deviation ..............ccccceeeeeeinnnnens 45

Figure 3.4.1. Mean absolute error values in the training process for neural
networks, showing best results: (a) VGG16, (b) MobileNet, and (c)

MODBIIENEEV 2. .ttt e e e e e e 47
Figure 3.4.2. Image marking ProCess. .......uuvuerrerrreeeeeeeerereeereeereeeerereeeeeeneeee 49
Figure 3.4.3. Architecture of modified MobileNetV2. ........ccccccveeeiiiirrnnnnnnn. 51
Figure 3.4.4. Mean absolute error values in the neural network training process
for marked images of 512 by 512 pixels in SiZe. ..ccceevvruueeereeeeiiiiiiiiiiineeeeeeee 52

Figure 3.4.5. Mean absolute error values in the neural network training process
for unmarked images of 512 by 512 pixels in S1Z€. ..ccevvuueereeeeiiieeiiiiiinneeeeeee 53

Figure 3.4.6. The last stage of the training process with 10% replaced image part
] <SSR 55



Figure 3.5.1. Result of background subtraction for the image. ...................... 56

Figure 3.5.2. Mean absolute error values in the training process of neural network

for images following background subtraction. ............cceeeeeeeeeievvriiiieeeeeeeennns 57
Figure 3.5.3. Source and processed by modified DeepDream algorithm images
............................................................................................................. 58
Figure 4.2.1. Example of one-dimensional convolutional neural network....... 71
Figure 4.2.2. Example of an ensemble of neural networks...................ccee..... 72
Figure 4.2.3. Calculation of mean absolute error of MAE. ................cee. 73
Figure 4.2.4. Calculation of the mean square error MSE...........ccccceeeviiinnnniis 73
Figure 4.2.5. Calculation of RMSE standard deviation ..............ccccoeeeevvinnnnens 73
Figure 4.2.6. Calculation of determination coefficient R2 ..............ccevvvveennees 74
Figure 4.2.8. Model architectures based on one-dimensional convolution layers
............................................................................................................. 78
Figure 4.2.9. Neural network training process for MAE loss function for cross
A 11T 18 T ) R PPPPPPPRPPRRE 80
Figure 4.2.10. Ensemble architecture of pre-trained neural networks............. 81
Figure 4.2.11. Ensemble training process to minimize MAE losses............... 82
Figure 4.3.1. Calculation of the reduced glass transition temperature............. 85
Figure 4.3.2. Distribution of the reduced glass transition temperature in the
initial, training, test and validation data sets.............cccceeeeeeeiiieeeeennnnnnnnnnnn. 87
Figure 4.3.3. Neural network architecture on the 1st stage of training............ 89

Figure 4.3.4. Change of MSE loss function value at the 1st stage of training..90

Figure 4.3.5. Neural network architecture in the 2nd stage of training ........... 91
Figure 4.3.6. Change of MSE loss function value at the 1st step of the 2nd stage
OF trAINING . ..eeeeeeeeeeeeee e 92
Figure 4.4.1. Neural network architecture .............cceevueriiiiiiierieiiiieneeeiinees 97
Figure 4.4.2. Process of training of neural networks and change of mean absolute
error for selected parameters on normalized data ............ccceeeeeieeiiiiiiennneeennn. 99
Figure 4.5.1. Stages of training a generative-adversarial network................ 104
Figure 4.5.2. Architecture of the generative-adversarial..................covvvenee. 106
Figure 4.5.3. Generative-adversarial architecture ............ccuvveveeeeeerrnnnnnnnns 108

Figure 4.5.4. Learning process of the discriminator. Growth of error (up) and
decline in accuracy (down) of the discriminator.....................eeeeeeeeeeenn.n. 109



Figure 4.5.5. Correlation of discriminator prediction and neural network error

........................................................................................................... 111



LIST OF TABLES

Table 3.4.1. Results of modified MobileNetV2 training for different image

JES 0] 10151011 R 50
Table 3.4.2 Neural network training results regarding the number of images that
are replaced at €aCh StAGE ........ccvviieiiiiieeeiic e 54
Table 3.4.3 Results of training process with 10% replaced image part stage....55
Table 3.5.1 Comparison of research results ...........cccovevvveeeriirieeeerciiieeerieee e, 59
Table 4.2.1. Results of training models based on LSTM layers........................ 76
Table 4.2.2. Results of training models based on one-dimensional convolutional
LAY OIS 1ottt e ettt ettt et e et e e et e e e et b e e e e e tb b e e e e ab e e e e e tbeeeeetrraeeestraeeeanes 79
Table 4.2.3. Training results using cross validation layers .............ccccceeevennee.. 79
Table 4.2.4. Post-training accuracy of the ensemble compared to its constituent
100707 (<] L3RRS 83
Table 4.2.5. Prediction results for this ensemble compared to previously
developed algorithms. ..........cooviviiiiiiiiie e e 83
Table 5.2.1. Publication I - Details of the publication. ...............cccevveeeevennennn. 127
Table 5.2.2. Publication II - Details of the publication. ..............cccvvveevenneenn. 127
Table 5.2.3. Publication III - Conference publication............ccccccevvveeeeennennn. 127
Table 5.2.4. Publication IV - Conference publication............ccccccevvveeeennnennn. 127

Table 5.2.5. Publication V - Conference publication............cccceeeeevveeeennnennn. 127






1 INTRODUCTION

In modern society, scientific, technical and societal processes are actively
progressing. In the process of its progress, these processes create new
opportunities and new challenges (Claps et al., 2015; D’Oca et al., 2018).
The faster society process, the more opportunities and challenges appear
(Cath, 2018). The use of new opportunities to solve challenges is an integral
part of human society development.

The active evolution of computing power, artificial intelligence and machine
learning in the 21st century has provided many opportunities to address
scientific, technical and societal challenges (Claps et al, D’Oca et al, 2018;
Gerke et al, 2020; Glikson et al, 2020). But active development has also
created new challenges (Price et al, 2019; Dignum, 2018; Mutascu, 2021).
The scientific, technical, and societal spheres of human activity are closely
linked. Solving one challenge can help solve others in a neighboring field or
create new ones.

The development of artificial intelligence can help automate routine
operations, simplify the creation of new devices, medicines, materials, and
improve the quality of human life (Prentice et al, 2019; Amann et al, 2020).
However, any change in human activity generates challenges: moral,
legislative, technical and others.

For example, the automation of workplaces may simplify human labor, but



it entails a reduction in the number of jobs, which may lead to an increase in
unemployment and social tensions (Price et al, 2019; Mutascu, 2021;
Prentice et al, 2019).

The use of artificial intelligence for medical tasks could make high-quality
medicine widely available (Cath, 2018; D’Oca et al, 2018; Hamet et al,
2017). However, there is an issue of trust in artificial intelligence systems
and the question of the distribution of responsibility in case of unforeseen
situations (Glikson et al, 2020; Hamet et al, 2017; Keskinbora, 2019).

However, the refusal to introduce new technologies into people's lives does
not cancel out the increasing challenges that arise in the social sphere. New
challenges are constantly arising. If technology is not implemented, there
will be stagnation and an explosion of growing challenges (Thomas et al,
2022; Alexis, 2021).

This dissertation examines the application of artificial intelligence methods
to societal challenges in various spheres of human life. The dissertation
considers two main cases of study.

Case study 1. Deep Learning Techniques applied to predict and measure
finger movement for the patients with multiple sclerosis.

The possibilities, perspectives, and limitations of applying computer vision
algorithms based on neural networks in the medical sphere for tracking
mobility limitations of patients with multiple sclerosis are considered.
Multiple sclerosis is a complex neurodegenerative disease where people
progressively get more limited in movement and cannot move properly.
Tracking patient motion limitations is now a complex process that requires
specialized medical equipment. One of ways of tracking motion limitations
based on visual observations. Computer vision techniques can be used to
improve existing medical methods of evaluating the patient's movement
skills are based on visual observation. Tracking changes in hand mobility in
multiple sclerosis is challenging because accurate hand mobility
measurement requires at least measurement of at least 12 joint angles for one
hand.

Case study 2. A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications

The possibilities, prospects, and limitations of using artificial intelligence
algorithms to analyze and design the properties of materials and their
composition are discussed in this case study. New materials are used in



scientific and societal fields of human activity. However, the design and
analysis of new materials is a complex process. The properties of materials
are highly dependent on their structure, composition, and chemical formula.
Neural networks can help simplify the process of developing new materials.
This case study looked at neural network prediction of the critical
superconductivity temperature for materials based on their chemical
formula. Prediction of material composition based on required physical
parameters for cellulosic products was also considered. The use of
generative-adversarial networks for predicting the properties and
composition of metal alloys based on incomplete information about the
material with the allowable range of predicted parameters was also
considered.

This dissertation focuses on the Sustainable Development Goals 2030. The
Sustainable Development Goals (SDGs) are a collection of 17 global goals
designed to be a «blueprint to achieve a better and more sustainable future
for all». The SDGs, set in 2015 by the United Nations General Assembly
and intended to be achieved by the year 2030, are part of UN Resolution
70/1, the 2030 Agenda. Figure 1.1 shows the Sustainable Development
Goals 2030 plan.

SUSTAINABLE S,
DEVELOPMENT =4:."""ALS

DECENT WORK AND 1 0 REDUCED
ECONOMIC GROWTH INEQUALITIES

F N
i‘l/" (=)

1 CLIMATE 1 LIFE 1 PEACE, JUSTICE 1 PARTNERSHIPS
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INSTITUTEP._NS DEVELOPMENT

Figure 1.1. The Sustainable Development Goals 2030 plan.

Case study 1 “Deep Learning Techniques applied to predict and measure
finger movement for the patients with multiple sclerosis” is related to goal 3

GOALS



of the Sustainable Development Goals 2030. The details of this case study's
relevance to the goal 3 of the Sustainable Development Goals 2030 are
shown in section 2.2.1. Sustainable Development Goals 2030. Good health
and well-being.

Case study 2 “A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications” is related to the goal 9 of the Sustainable Development Goals
2030. The details of this case study's relevance to the goal 9 of the
Sustainable Development Goals 2030 are shown in section 2.2.2.
Sustainable Development Goals 2030. Industry, innovation and
infrastructure.

1.1 Research hypothesis and objectives

The following main hypotheses are highlighted and studied in the process of
research:

1. Artificial intelligence methods have a wide range of applications and
can solve different societal challenges in biomedical field.

2. Deep learning algorithms can automatically measure with high
accuracy the angles value of the hand in one image

3. Neural networks can be used for the material analysis for the
prediction of the properties of materials based on their composition and
prediction the materials composition based on the material composition

This hypothesis has been implemented in explored cases of study.

The main aim of this dissertation is to research the possibilities of
development and implementation of the advanced artificial intelligence
methods for societal challenges in biomedical engineering, considering the
features of their software and hardware implementation.

Case study 1. Deep Learning Techniques applied to predict and measure
finger movement for the patients with multiple sclerosis.

Analysis of the problem presented in the previous section led to the
following research questions (RQ).

RQ 1. Deep learning algorithms can automatically measure with high
accuracy the angles value of the hand in one image

RQ 2. The use of non-standard ways of data augmentation allows to expand
the expand the possibilities of applying the neural network and increase its
stability



Based on the hypothesis and the research questions posed, the goal of this
dissertation for this case study is to develop a system for predicting and
measuring finger movements in patients with multiple sclerosis based on
deep learning and computer vision algorithms.

Hypotheses 1 and 2 are considered in this case study. This case study
examines the possibilities of developing and implementing advanced
artificial intelligence methods for the societal challenges from goal 3 “Good
health and well-being” of the “Sustainable Development Goals 2030

To reach the main aim of this dissertation and hypothesis testing, the
following specific objectives (SO) need to be fulfilled.

SO 1. Determine the possibilities of different computer vision algorithms to
solve the problem of measuring the joint angles of fingers.

SO 2. Collect data for training the computer vision system to measure the
angles of the joint angles of fingers.

SO 3. Develop and software implementation of computer vision algorithm
for measuring the joint angles of fingers. Training neural network model.

SO 4. Create of the test version of the program. Debugging and testing the
developed algorithm. To draw conclusions about the system quality.

SO 5. Create of the final real time implementation of the program based on
the developed algorithm.

Case study 2. A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications

Analysis of the problem presented in the previous section led to the
following research questions (RQ).

RQ 1. Neural networks can predict the properties of materials based on their
chemical composition

RQ 2. Neural networks can predict the composition of materials based on
their physical and chemistry properties

RQ 3. Neural networks can be used for generation of the material properties
and composition description and evaluation of the generated descriptions

Hypotheses 1 and 3 are considered in this case study. This case study
examines the possibilities of developing and implementing advanced
artificial intelligence methods for the societal and industrial challenges from
goal 9 “Industry, innovation and infrastructure” of the “Sustainable



Development Goals 2030

Based on the hypothesis and the research questions posed, the goal of this
dissertation for this case study is to develop a system for predicting and
measuring properties and composition of materials based on incomplete
information about the material.

To reach the main aim of this dissertation, the following specific objectives
(SO) need to be fulfilled.

SO 1. Analyze various approaches to materials analysis
SO 2. Collect and prepare data for analyzing the properties of materials

SO 3. Develop an algorithm and train a neural network to predict target
parameters of materials

SO 4. Develop a program to use the developed trained neural network model
SO 5. Test and debug the developed program
This case study was conducted in several steps.

In step 1, neural network prediction of critical superconductivity temperature
for materials based on their chemical formula was considered.

Step 2 considered the prediction of the reduced glass transition temperature
of metal alloys based on a neural network.

Step 3 considered the prediction of material composition based on the
required physical parameters for cellulosic materials.

Step 4 considered the use of generative-adversarial networks to predict the
properties and composition of metal alloys based on incomplete material
information with an acceptable range of predicted parameters.

1.2 Scientific and social impact and contribution

In addition to the specific goals mentioned above, the following goals were
set to contribute to the research community. These two goals were identified
based on the nature of the topic of this thesis.

1. To maximize the scholarly contribution of this thesis with the
publication of several articles in scholarly, peer-reviewed conferences and
journals relevant to the proposed topic.

2. To ensure maximum clarity and reproducibility of the wvarious
methodologies and data processing algorithms used. This will allow future
developers and researchers to implement, improve and/or replicate all of the
various research issues addressed in this document.



These contributions are part of the thesis, and they have been included in
various sections of this dissertation.

The research examines the social aspect of the impact of the issues under
study and the systems being developed. In the case studies described above,
the reasons and possibilities of implementation of artificial intelligence
systems to solve practical issues from the social and technical point of view
are considered. This dissertation provides a description of artificial
intelligence systems under development with a rationale for the chosen
solutions and their alternatives.

The research also considers the technological and industrial aspect of the
impact of the issues being studied and the systems being developed. The
possibility of using the results in the biomedical sphere is considered. A
description and justification of the decisions made in the study and their
alternatives. A description of the process of development and training of
neural networks for reproducibility of the research carried out is given. The
prospects for the development and implementation of the proposed ideas are
given, considering the available technology.

1.3 Research methodology

There are several important steps in this research. Figure 1.2 shows stages
of the described PhD research.



1. Literature review

2. Research proposal

3. Database
collection

4. Algorithm
development

5. Comparation and
data analysis

6. Final algorithm
implementation

Figure 1.2. Stages of the described PhD research

These stages are similar for each case study but have specific features for
each case study. The features of each stage for each case study are listed
below.

Case study 1. Deep Learning Techniques applied to predict and measure
finger movement for the patients with multiple sclerosis.

1. Literature review.

At this stage the sources related to multiple sclerosis, its symptomatology
and methods of treatment were considered. The existing approaches to the
implementation of artificial intelligence and computer vision algorithms for
medical tasks were also studied.

2. Research proposal

Detecting the symptoms of multiple sclerosis and tracking their development
requires expensive and specialized equipment. One important symptom is
limitation of limb mobility in patients. Measuring the degree of mobility
limitation in multiple sclerosis can allow the progression of the disease and
the effectiveness of treatment to be monitored. The effect of mobility
limitation can be seen most prominently in the hand because of the many
moving joints.

For further research in this case study, the task of measuring the position of



the hand was chosen. Measuring hand position in the boundary positions
available to the patient may allow measurement of hand mobility limitations
in multiple sclerosis and similar diseases.

Measuring hand position requires sophisticated, expensive equipment. In
this case study, the possibility of using artificial intelligence to solve the
chosen problem was explored. The articles examined approaches based on
sensor systems and 3D depth cameras.

Approaches to measure geometric parameters of three-dimensional objects
using mathematical models of photogrammetry and 3D cameras have
already been developed. However, human perception allows to perceive 3D
objects and their geometric parameters with one eye. Based on the reviewed
materials, it has been suggested that a single camera without 3D vision is
sufficient to measure the hand position.

Mathematical and algorithmic description of this model by classical
methods would be extremely difficult. However, human perception is
capable of this, so the use of algorithms based on artificial neural networks
to analyze the camera image was proposed. Case study “Deep Learning
Techniques applied to predict and measure finger movement for the patients
with multiple sclerosis” has been selected.

3. Database collection

Open data sources with a description of the hand position are designed to
find the hand position in the frame, build a 3D model of the hand based on
multiple cameras or gesture recognition. No datasets for hand position
recognition with joint position parameters are available in the public domain.
The dataset was assembled independently.

The attempt to collect high-precision data using sensors was unsuccessful,
because the neural network focused on the position of the sensors on the
hand when analyzing the images. Such a neural network did not work
correctly on images of the hand without sensors.

A simulation approach was chosen to collect the data. A highly polygonal
3D model of the hand with customizable parameters and surroundings was
developed. A camera captured the position of the hand from different angles.

The position of 12 joints of the hand, 3 each for the index, middle, ring, and
little finger, was chosen to determine the degree of mobility limitation.

This approach allowed obtaining a variety of high-quality images of the hand
in different positions with different parameters. This dataset was used in the
following work.



4.  Algorithm development

In the process of determining the position of the hand based on a single
image, various computer vision methods were considered. Using classical
computer vision was unsuccessful; the system under development was
unstable and slow. A neural network approach was proposed. The neural
network was trained on previously obtained data This approach was
successful and made it possible to determine the position of hand joint angles
with a mean absolute error of 4.802 degrees for high-quality images and
5.301 for low-quality images.

5. Comparation and data analysis

The developed system based on a single camera and a neural network to
analyze the obtained images was compared with other approaches, based on
sensors and 3D cameras. The system was tested and options for its possible
improvement were suggested. In the process of testing the first versions, it
was found that correct results are possible only for high-quality images.
Work on images with low quality became possible after adding images with
graphic deformations and artifacts to the training sample.

6. Final algorithm implementation

The final version of the neural network was optimized to run in real time and
consume minimal computational resources. Adding graphical deformations
and artifacts to the images reduced the dependence of the quality of hand
position recognition on the camera parameters. The system can be used for
medical purposes under almost any conditions and on almost any equipment.
A distinctive aspect of the system is its component cost, ease of maintenance.

A neural network model is used for analyzing images coming from one
camera. The result of the neural network model analyzing is the
measurement of the joint angles of the hand on the image coming from the
camera. This case study focuses on the development of a system for
measuring finger joint angles based on camera image and is intended for
work within the field of medicine to track the movement and limits of hand
mobility in multiple sclerosis. Measuring changes in hand mobility allows
the progress of the disease and its treatment process to be monitored.

A static RGB camera without depth vision was used in the system developed,
with the system receiving only the image from the camera and no other input
data. The case study focuses on the analysis of each image in the video
stream independently of other images from that stream, and 12 measured
hand parameters were chosen as follows: 3 joint angles for the index finger,



3 joint angles for the middle finger, 3 joint angles for the ring finger, and 3
joint angles for the pinky finger.

The final neural network used for image analysis was a modernized neural
network based on MobileNetV2, which obtained the best mean absolute
error value of 4.757 degrees. Additionally, the mean square error was 67.279
and the root mean square error was 8.202 degrees. This neural network
analyzed a single image from the camera without using other sensors.

Case study 2. A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications

1. Literature review

Articles on algorithms and ways of using artificial intelligence were
analyzed. It was found that neural networks are able to analyze data based
on physical parameters with high quality and effective.

Existing systems for analyzing the properties of materials and the degree of
applicability of artificial intelligence algorithms in these systems were
analyzed.

Sources describing the practical application of new materials in various
scientific, societal, medical, and technological aspects of human life were
also considered at this stage.

2. Research proposal

Material development is an important part of the sustainable development of
society. The properties of various materials are based on physical laws. The
properties of materials are determined by the properties of their components.

It has been suggested that the analysis of material components using artificial
intelligence algorithms may allow prediction of their properties.

The use of neural networks in predicting the properties and composition of
materials can reduce the cost and complexity of developing new materials,
which will improve the scientific, social, medical, and technological aspects
of human life.

3. Database collection

This case study had several steps. For each of these steps, data were collected
and further processed to achieve the objectives.

4.  Algorithm development

This case study had several steps. In step 1, the neural network was trained



to predict the superconductivity temperature of materials based on their
chemical formula. In step 2, the neural network was trained to predict the
reduced glass transition temperature of metal alloys based on a neural
network. In step 3, for cellulosic materials, the material composition was
predicted based on the required properties. In step 4, a generative-adversarial
neural network was trained to generate materials with specified structural
and physical parameters in specified ranges based on incomplete data on
material composition and properties.

5. Comparation and data analysis

Developed systems are compared with other developed systems. Developed
systems are analyzed and decisions are made to improve them.

6. Final algorithm implementation

The neural networks developed, trained and optimized for the task are tested
on the available data. The results are recorded and published.

In step 1 neural networks for predicting the critical superconductivity
temperature of materials based on their chemical formula has been
developed. Recurrent neural networks including long-term short-term
memory layers and neural networks based on one-dimensional convolutional
layers are used for data analysis. The proposed model is an ensemble of pre-
trained neural network architectures for predicting the critical temperature
of superconductors based on their chemical formula. The architecture of the
seven pre-trained neural networks is based on long-term short-term memory
layers and convolution layers. The final ensemble uses six neural networks:
one LSTM-based network and four convolutional neural networks, and one
ensemble of convolutional neural networks. The LSTM neural network and
convolutional neural network were trained over 300 epochs. An ensemble of
models was trained in 20 epochs. All neural networks are trained in two
phases. In both phases Adam optimizer was used. The first stage was trained
using Mean Absolute Error loss function with learning rate of the optimizer
equal to 0.001. The second stage was trained with Mean Squared Error loss
function with learning rate equal to 0.0001. The final ensemble is trained
with a learning rate equal to 0.00001. The final ensemble model has the
following accuracy values: Mean Absolute Error is 4.068, Mean Squared
Error is 67.272, and Coefficient of Determination is 0.923. The final model
can predict the critical temperature for the chemical formula with an
accuracy of 4.068 degrees.

In step 2 the neural network system for predicting the glass transition
temperature of metal alloys Trg based on recurrent neural network has been



developed. The developed system can predict the reduced glass transition
temperature Trg of metal alloys with high accuracy based on the analysis of
their chemical formula. The accuracy was evaluated by 3 metrics: MSE,
RMSE, MAE. The values obtained are as follows: MSE - 0.000678, RMSE
- 0.0260, MAE - 0.01835.

In step 3 a neural network to analyze the composition of paper-like materials
based on specified chemical and physical parameters has been developed.
Five models are trained and predict 5 parameters independently. Each model
has 15 input parameters. Each model has its own predicted parameter
describing the physical and chemical composition of the material
approximating the properties of the given input physical and chemical input
parameters. On the available data for calculation of concentrations of
different particle sizes: nano solid fibers NSF-0,1; micro solid fibers MSF-
0,25; macro solid fibers MSF-0,4; ultra-solid fibers USF-0,6 the values of
average absolute error of calculation of concentrations equal to 4.1%; 5.3%;
23.4%; 14% respectively were obtained. For the calculation of Al2(S04)3
concentrations, the value of the mean absolute error is 1.5%.

In step 4 of a generative-adversarial neural network for generating metal
alloy compounds with given parameters has been developed. The resulting
alloy is described by 19 parameters. 5 parameters describe the properties of
the alloy. 14 parameters describe the composition of the alloy. The
parameters are normalized to a range of 0 to 1 before being processed by the
neural network. The generator in the generative-adversarial network has 4
input layers. The first input layer receives noise to generate different realistic
parameters at the same input values. The second input layer is a mask with
descriptions of known and unknown parameters. The number of unknown
parameters can be up to 10. The third input layer receives the minimum
allowable values of the parameters specified by the user. The fourth layer of
the generator receives the maximum allowable values of the parameters. The
generator output generates 19 parameters describing the alloy based on the
parameters specified at the input. The discriminator checks the validity of
the prediction made by the generator. The discriminator has 4 inputs. The
first input layer of the discriminator receives the forecast made by the
generator. The other 3 inputs come from the generator input layers 2,3,4. The
generator-adversarial neural network is able to generate the composition and
properties of alloys with a mean absolute error value of 0.082 units relative
to the normalized range of test data parameters.



1.4 Summary

This study analyzes the reasons and prospects for the application of artificial
intelligence in areas important for the development of society, using two case
studies as examples. From the previous paragraph the basic steps for the
development of artificial intelligence systems are similar, regardless of the
field of development and implementation of the developed systems.

1. Literature review. Analysis of the prerequisites and possible prospects
of system implementation.

2. Research proposal. Goals and objectives selection.
3. Database collection.
4. Algorithm development.

5. Comparation and data analysis. The algorithm is tested and compared
with analogues.

6. Final algorithm implementation. The algorithm is finalized and
implemented in the system.

In the process of research these steps were followed. A detailed description
of the steps performed in the study is given in the following sections.

1.5 Organization of the document

This thesis consists of the following sections:

Section 1 — Introduction. This section provides a brief description of the
main steps of the research conducted, its causes and results.

Section 2 - Background. This section describes in detail the current state of
artificial intelligence research in general and for each of the research cases
under consideration. Also, this section describes artificial intelligence
algorithms for each case study.

Section 3 - Case study 1. Deep Learning Techniques applied to predict
and measure finger movement for the patients with multiple sclerosis.
This section focuses on the development of a system for measuring 12 finger
joint angles based on camera image and is intended for work within the field
of medicine to track the movement and limits of hand mobility in multiple
sclerosis. Measuring changes in hand mobility allows the progress of the
disease and its treatment process to be monitored. This section discusses
approaches to this problem and their specifics, compare results with other
approaches.



Section 4 - Case study 2. A deep learning approach to predict the
properties and composition of materials with potential capabilities in
biomedical applications. This section discusses the possibilities of applying
neural networks to predict material parameters, neural network training
algorithms, data processing and preparation algorithms, the choice of target
metrics to assess the quality results of the developed models, the rationale
for the selected approaches to address the emerging issues is given.
Evolution of proposed ideas and approaches in different social, medical,
biomedical, technological, and scientific areas are presented in subsections
in the order of the research conducted.

Section 5 - Conclusion. The final section of this dissertation introduces and
discusses the different ideas and conclusions extracted from the final
evaluation and results of the presented research work. Also, in this section
the specific objectives introduced in section 1.1 will be compared with real
obtained results and whether they were successfully met during the process.
Future steps will be discussed in this section.



2 BACKGROUND

This section provides an overview of the topics discussed in this dissertation.
A detailed literature review of each topic is presented in the corresponding
case studies, sections 3 and 4.

2.1 Al algorithms

Every year mankind generates more and more data in social, medical,
industrial and other fields. High-performance data analysis algorithms are
required to process this data and extract useful information from it. In today's
world, machine learning and artificial intelligence algorithms are actively
used to analyze data (Bengio et al, 2013; LeCun et al, 2015; Anders et al,
2010). Below are the basic algorithms of machine learning and artificial
intelligence.

2.1.1 Machine learning

This subsection describes algorithms for classical machine learning without
neural networks. These algorithms use different mathematical tools. Each
algorithm is optimized for a separate data processing domain.

Linear regression



Linear regression is a regression model used in statistics of the dependence
of one variable y on another or several other variables x with a linear
dependence function (Boyd, 2010).

Predictive modeling is primarily concerned with minimizing model error or,
in other words, predicting as accurately as possible. Linear regression can be
represented as an equation that describes the straight line that most
accurately shows the relationship between input variables X and output
variables Y. This equation requires finding certain B coefficients for the
input variables.

Knowing X, Y values can be calculated, and the goal of linear regression is
to find the values of B0, B1...Bk coefficients. An example of visualization
of a linear regression for one input value x is shown in the Figure 2.1.

Figure 2.1. Example of the linear regression visualization for one input
variable

Various methods like linear algebra or least squares are used to estimate a
regression model.

Logistic Regression

Logistic regression is a statistical model used to predict the probability of an
event occurring by comparing it to a logistic curve (Boyd, 2010, Martinez et



al, 2001). It can be used for binary classification problems.

Logistic regression is similar to linear regression in that it also requires
finding coefficient values for input variables. The difference is that the
output value is transformed using a non-linear or logistic function.

The logistic function nonlinearly converts any value to a number between 0
and 1. This is very useful because a rule can be applied to the output of the
logistic function to bind to 0 and 1 and predict a class.

Because of the way the model is trained, logistic regression predictions can
be used to represent the probability that a sample belongs to class 0 or 1.
This is useful in cases where you need more justification for a prediction.

Logistic regression performs its task better when redundant and similar
variables are removed. The logistic regression model learns quickly and is
well suited to binary classification tasks. An example of visualization of a
logistic regression is shown in the Figure 2.2.
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Figure 2.2. Example of the logistic regression visualization
Linear Discriminant Analysis (LDA)

Logistic regression is used when you want to assign a sample to one of two
classes. If there are more than two classes, the LDA (Linear discriminant
analysis) algorithm can be used.

The data representation for LDA consists of statistical properties of the data
calculated for each class. For each input variable, the representation includes



the mean value for each class and the variance calculated over all classes
(Tin et al, 1998).

Predictions are made by calculating the discriminant value for each class and
selecting the class with the highest value. The data is assumed to have a
normal distribution, so it is recommended to remove abnormal values from
the data before proceeding.

Decision trees

A decision tree can be represented as a binary tree, familiar to many people
from algorithms and data structures. Each node represents an input variable
and a split point for that variable (Kanungo et al, 2002).

The leaf nodes are the output variable that is used for prediction. Predictions
are made by traversing the tree to a leaf node and outputting a class value on
that node.

Trees learn quickly and make predictions. They are also accurate for a wide
range of tasks and require little data training.

Naive Bayesian classifier

The model consists of two types of probabilities that are calculated using
training data. Once the probability model is calculated, it can be used for
prediction with new data using Bayes' theorem.

Naive Bayes is called naive because the algorithm assumes that every input
variable is independent. This assumption is not always consistent with real
data. Nevertheless, this algorithm is very effective for a variety of complex
problems like classifying spam or recognizing handwritten numbers.

K-Nearest Neighbor (KNN)

The KNN, K-nearest neighbors, model is represented by the whole set of
training data (Chang et al, 2011).

Prediction for a new point is done by searching for K nearest neighbors in
the dataset and summing the output variable for these K instances.

KNN may require a lot of memory to store all the data, but it will make the
prediction quickly. Also, the training data can be updated so that the
predictions remain accurate over time.

The nearest-neighbor idea may not work well with multidimensional data



(many input variables), which will negatively affect the efficiency of the
algorithm when solving the problem. This is called the curse of
dimensionality; it is worth using only the most important variables for
prediction.

Vector Quantization Networks (LVQ)

The disadvantage of KNN is that you have to store the entire training dataset.
If KNN has performed well, then it makes sense to try the LVQ, Learning
vector quantization, algorithm, which lacks this disadvantage.

LVQ is a set of code vectors. They are chosen randomly in the beginning
and adapted over a certain number of iterations to best summarize the whole
dataset. After training, these vectors can be used for prediction in the same
way as in KNN (Chang et al, 2011). The algorithm searches for the nearest
neighbor (the best-fitting code vector) by calculating the distance between
each code vector and the new data instance. Then a class (or a number in the
case of regression) is returned for the best-fitting vector as a prediction. A
better result can be achieved if all the data are in the same range, e.g., 0 to 1.

The Support Vector Method (SVM)

The Support Vector Method, one of the most popular and discussed machine
learning algorithms (Cortes et al, 1995, Friedman, 2001).

A hyperplane is a line dividing the space of input variables. In the reference
vector method, the hyperplane is chosen to best divide points in the input
variable plane by their class: 0 or 1. In the two-dimensional plane, this can
be represented as a line that completely separates points of all classes.
During training, the algorithm looks for coefficients that help better separate
the classes with the hyperplane.

The distance between the hyperplane and the closest data points is called the
difference. The best or optimal hyperplane separating the two classes is the
line with the largest difference. Only these points are relevant in determining
the hyperplane and in constructing the classifier. These points are called
reference vectors. Special optimization algorithms are used to determine the
values of the coefficients that maximize the difference.

Boosting and AdaBoost

Boosting is a family of ensemble algorithms, the essence of which is to create
a strong classifier based on several weak ones (Dietterich, 2000, Bengio,



2009). To do this, one model is created first, then another model that tries to
correct errors in the first model. Models are added until the training data are
perfectly predictable or until the maximum number of models is exceeded.

AdaBoost was the first successful boosting algorithm developed for binary
classification. It is the best place to start introduction to boosting. Modern
methods like stochastic gradient binning are based on AdaBoost(Bengio,
2009).

AdaBoost is used in conjunction with short decision trees. After the first tree
is created, its effectiveness on each training object is tested to see how much
attention the next tree should give to all objects. Those data that are hard to
predict are given more weight, and those that are easy to predict are given
less weight. Models are created one after the other in sequence, and each one
updates the weights for the next tree. After all the trees are built, predictions
are made for the new data, and the performance of each tree is determined
by how accurate it was on the training data.

Because this algorithm places great emphasis on correcting model errors, it
is important that there are no anomalies in the data.

2.1.2 Neural networks

This subsection covers machine learning algorithms based on neural
networks. 3 main types of neuron layers, fully connected, convolutional and
recurrent layers can be selected. Their mathematical structure is similar, the
main differences are in the algorithms of their application.

Feed forward neural networks

Feed forward neural networks (FF or FFNN) and perceptrons are
straightforward, conveying information from input to output (LeCun et al,
2015; Bengio, 2009; Baek et al, 2020). Each layer consists of input, hidden
or output cells. Neurons of one layer are not connected to each other, and
neighboring layers are usually fully connected. FFNN is usually trained
using a backward error propagation method, in which the network receives
sets of input and output data. This process is called supervised learning,
learning with a teacher, and it differs from learning without a teacher,
unsupervised learning, in that in the latter case, the network composes the
output data set independently. The above error is the difference between
input and output. If a network has enough hidden neurons, it is theoretically
able to simulate the interaction between input and output data. In practice,



such networks are rarely used, but they are often combined with other types
to produce new ones.

Example of the architecture of the feed forward neural network is shown in
the Figure 2.3.

Figure 2.3. Example of the architecture of the feed forward neural network
Convolutional neural networks (CNN)

Convolutional neural networks (CNN) and deep convolutional neural
networks (DCNN) are different from other types of networks. They are
usually used for image processing, less often for audio. A typical application
of CNNs is image classification. Such networks typically use a kernel
matrix, checking pixels of the image sequentially rather than checking all the
data at once. This input is then passed through convolutional layers in which
not all nodes are connected to each other (LeCun et al, 2015; Bengio, 2009;
Mallat, 2016; Albawi et al, 2017; Li et al, 2021). These layers tend to
compress with depth, often using degrees of two: 32, 16, 8, 4, 2, 1. To the
last layer of the CNN is attached FFNN for further data processing.

Example of the architecture of the convolutional neural network is shown in
the Figure 2.4.
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Figure 2.4. Example of the architecture of the convolutional neural
network

Generative adversarial networks (GAN).

Such networks consist of any two networks, one of which generates
content and the other evaluates it. The discriminator network receives
training or generator-generated data. The degree to which the discriminator
guesses the data source is further involved in the formation of the error
(LeCun et al, 2015; Bengio, 2009; Tzeng et al, 2017). Thus, there is a
competition between the generator and the discriminator, where the
former learns to generate realistic data, and the latter learns to recognize
the generated data. When training generative-adversarial networks, not
only do you need to train each of them, but also adjust the balance.

Example of the architecture of the generative adversarial neural network
is shown in the Figure 2.5.

Random noise
and input Generator network

parametrs

Generated
samples

. Discriminator network Real and generated
samples recognition

Real samples

Figure 2.5. Example of the architecture of the generative adversarial
neural network



Recurrent neural networks (RNN)

Recurrent neural networks (RNN) are FFNN-type networks, but with a
peculiarity: neurons receive information not only from the previous layer,
but also from themselves of the previous pass (LeCun et al, 2015; Bengio,
2009; Hochreiter et al, 1997; Yu et al, 2019). This means that the order in
which you feed and train the network becomes important. A big complexity
of RNNs is the problem of the vanishing (or explosive) gradient, which is
the rapid loss of information over time. It only affects the weights, not the
states of the neurons, but that is where the information accumulates. Usually
networks of this type are used for automatic addition of information

Structure of the recurrent neuron is shown in the Figure 2.6.

Figure 2.6. Structure of the recurrent neuron
Long short term memory (LSTM)

Long short term memory (LSTM) networks try to solve the aforementioned
problem of information loss by using filters and an explicitly defined
memory cell. Each neuron has a memory cell and three filters: input, output
and forgetting. The purpose of these filters is to protect information. The
input filter determines how much information from the previous layer will
be stored in the cell. The output filter determines how much information the
next layers will receive. A forgetting filter also serves a useful function: for
example, if a network is studying a book and goes to a new chapter, some
characters from an old one may be forgotten. Such networks can learn to
create complex structures, but they consume a lot of resources (LeCun et al,
2015; Bengio, 2009; Hochreiter et al, 1997).

Structure of the long short term memory neuron is shown in the Figure 2.7.



Figure 2.7. Structure of the LSTM neuron
Gated recurrent units (GRU)

Gated recurrent units (GRU) are a small variation of the previous LSTM
based network. They have one less filter, and the connections are
implemented differently (LeCun et al, 2015; Bengio, 2009; Che et al, 2018).
The update filter determines how much information remains from the
previous state, and how much is taken from the previous layer. The reset
filter works like a forgetting filter.

Structure of the long short term memory neuron is shown in the Figure 2.8.
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Figure 2.8. Structure of the GRU neuron

Bidirectional RNN, LSTM and GRU



Bidirectional RNN, LSTM and GRU (bidirectional recurrent neural
networks, bidirectional long/short term memory networks and bidirectional
gated recurrent units, BIRNN, BiLSTM and BiGRU) differ slightly from
their unidirectional versions. The difference is that these networks use not
only data from the "past," but also from the "future. For example, an ordinary
LSTM-type network is trained to guess the word "fish" by feeding the letters
one by one, while a bidirectional network is trained to feed the next letter in
the sequence as well. Such networks are able, for example, not only to
expand the image at the edges, but also to fill the missing data inside(LeCun
et al, 2015; Bengio, 2009; Ullah et al, 2018).

Structure of the bidirectional neuron is shown in the Figure 2.9.
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Figure 2.9. Structure of the bidirectional neuron
2.2 Sustainable Development Goals 2030

The Sustainable Development Goals, SDGs, Global Goals, were adopted by
the United Nations in 2015 as a universal call to action to end poverty,
protect the planet, and ensure that by 2030 all people live in peace and
prosperity.

The 17 SDGs are comprehensive-they recognize that actions in one area will
affect outcomes in others, and that development must balance social,
economic, and environmental sustainability. List of the 17 SDGs: no
poverty, zero hunger, good health and well-being, quality education, gender
equality, clean water and sanitation, affordable and clean energy, decent
work and economic growth, industry, innovation and infrastructure, reduced
inequalities, sustainable cities and communities, responsible consumption
and production, climate action, life below water, life on land, peace, justice
and strong institutions, partnerships for the goals.

Achieving the SDGs in any context requires the creativity, know-how,



technology, and financial resources of the entire society.

Described cases of study is related to the 3 and 9 points of the Sustainable
Development Goals 2030 plan. Artificial intelligence approaches can help
achieve the goals presented in these points of the Sustainable Development
Goals 2030 plan.

Case study 1 “Deep Learning Techniques applied to predict and measure
finger movement in patients with multiple sclerosis” is related to goal 3
“Good health and well-being” of the Sustainable Development Goals 2030.

Case study 2 “A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications” is related to goal 9 “Industry, innovation and infrastructure”
of the Sustainable Development Goals 2030.

2.2.1. Sustainable Development Goals 2030. Good health and
well-being

Great progress has been made against several major causes of death and
disease. Life expectancy has increased significantly, infant, and maternal
mortality rates have fallen, and deaths from malaria have been cut in half.

Good health is essential for sustainable development, and the 2030 Agenda
reflects the complexity and interconnectedness of these two challenges. It
considers growing economic and social inequalities, rapid urbanization,
threats to the climate and environment, the continuing burden of HIV and
other communicable diseases, and emerging issues such as
noncommunicable diseases. Universal health coverage will be integral to
achieving the goals, eradicating poverty and reducing inequality.

Good health and well-being goal has some objectives.

1. By 2030, reduce the global maternal mortality ratio to less than 70 per
100,000 live births

2. By 2030, end preventable neonatal and under-5 mortality, with all
countries aiming to reduce neonatal mortality to no less than 12 per 1,000
live births and under-5 mortality to no less than 25 per 1,000 live births.

3. By 2030, end AIDS, tuberculosis, malaria, and neglected tropical
diseases, and control hepatitis, waterborne diseases, and other infectious
diseases



4. By 2030, reduce premature deaths from non-communicable diseases by
one-third through prevention and treatment and promote mental health and
well-being.

5. Strengthen prevention and treatment of substance abuse, including
substance abuse and harmful use of alcohol

6. By 2030, reduce by half the global number of deaths and injuries from
road traffic crashes

7. By 2030, provide universal access to sexual and reproductive health
services, including family planning, information and education, and
integrate reproductive health into national strategies and programmes

8. Achieve universal health coverage, including financial risk protection,
access to quality essential health services and access to safe, effective,
quality and affordable essential medicines and vaccines for all.

9. By 2030, significantly reduce the number of deaths and illnesses from
hazardous chemicals and air, water, and soil pollution and contamination

10. Strengthen implementation of the World Health Organization
Framework Convention on Tobacco Control in all countries, as needed

11. Support research and development of vaccines and medicines for
communicable and non-communicable diseases that primarily affect
developing countries, provide access to affordable essential medicines and
vaccines consistent with the Doha Declaration on the TRIPS Agreement and
Public Health, which affirms the right of developing countries to use, to the
full, the flexibilities contained in the Trade Related Aspects of Intellectual
Property Rights Agreement to protect public health, and in particular

12. Substantially increase health care financing and the recruitment,
development, training, and retention of the health workforce in developing
countries, particularly in least developed countries and small island
developing states

13. Strengthen the capacity of all countries, in particular developing
countries, for early warning, risk reduction, and management of national and
global health risks

Case study 1 “Deep Learning Techniques applied to predict and measure
finger movement in patients with multiple sclerosis” is related to points 4, 8
and 13 in objectives list for the good health and well-being goal of the



Sustainable Development Goals 2030.

First case study explored the potential of neural networks for single camera
hand position tracking tasks. The system developed in the study has a high
degree of availability. The system can operate in real time, has low cost, is
easy to maintain, and is able to track the development of hand mobility
limitations without the use of expensive sensors. The accessibility of the
system coincides with the provisions described in 8th and 13th points.

The increase in life expectancy entails an increase in the impact of
neurodegenerative diseases on a person's life. The importance of treating
them and monitoring the progression of neurodegenerative diseases.
Impaired mobility due to neurodegenerative diseases can lead to a significant
decrease in a person's quality of life. The development of multiple sclerosis
can have a significant impact on a person's mobility. In many cases, the
symptoms of multiple sclerosis are most active in limbs with many degrees
of freedom, in the hands where there are many joints. The degree of course
of the disease and the process of its treatment can be judged by the
limitations of mobility of the hands. 1st case study can also be referred to
4th point of good health and well-being goal objectives.

Case Study 2, "A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications" is linked to items 8 and 9 on the list for the good health and
well-being goal of the Sustainable Development Goals 2030.

This case study explores material analysis using neural networks. Using
neural networks for materials analysis tasks can reduce the final cost of
materials development, simplify the manufacturing process, and create
materials with different target properties. This approach will make widely
available materials with different properties, which corresponds to the point
8 of the list for the good health and well-being goal of the Sustainable
Development Goals 2030. Also, this approach can help in the development
of environmentally friendly materials and means to recycle biology and
chemically active substances, which corresponds to the goal 9 of the list for
the good health and well-being goal of the Sustainable Development Goals
2030.

2.2.2. Sustainable Development Goals 2030. Industry, innovation
and infrastructure

Investment in infrastructure and innovation are critical drivers of economic



growth and development. With more than half of the world's population now
living in cities, mass transportation and renewable energy, as well as the
growth of new industries and information and communication technologies,
are becoming increasingly important.

Technological advances are also key to finding long-term solutions to both
economic and environmental challenges, such as job creation and energy
efficiency. Promoting sustainable industries, investing in research and
innovation are all important ways to promote sustainable development.

Industry, innovation and infrastructure goal has some objectives.

1. Develop quality, reliable, sustainable and resilient infrastructure,
including regional and cross-border infrastructure, to support economic
development and human well-being, with a focus on accessibility and equity
for all

2. Promote inclusive and sustainable industrialization and, by 2030,
significantly increase the share of industry in employment and gross
domestic product in line with national circumstances and double its share in
least developed countries

3. Increase the access of small industrial and other enterprises, especially
in developing countries, to financial services, including affordable credit,
and their integration into value chains and markets.

4. By 2030, modernize infrastructure and retool industry to make it
sustainable, with increased resource efficiency and greater adoption of clean
and environmentally sound technologies and industrial processes, with all
countries acting according to their capabilities

5. Intensify research, improve the technological capabilities of industrial
sectors in all countries, especially in developing countries, including, by
2030, encouraging innovation and substantially increasing the number of
research and development workers by 1 million, as well as public and private
spending on research and development

6. Promote sustainable and resilient infrastructure in developing countries
by expanding financial, technological, and technical support to African
countries, least developed countries, landlocked developing countries, and
small island developing

7. Support the development of domestic technology, research and



innovation in developing countries, including by providing an enabling
policy environment for, inter alia, industrial diversification and value
addition to commodities

8. Significantly increase access to information and communications
technology and strive to provide universal and affordable access to the
Internet in the least developed countries by 2030

Case study 2 “A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications” is related to points 4, 5 and 7 in objectives list for the industry,
innovation and infrastructure goal of the Sustainable Development Goals
2030.

The application of neural networks to analyze the properties, composition
and parameters of materials can allow to automate the process of finding,
studying and creating materials with given parameters and structure based
on known parameters and from given components.

This approach may allow the development of materials with more
pronounced required parameters, solve environmental and economic
production by simplifying and reducing the cost of production chains. These
arguments allow to realize the point 4 of Industry, innovation and
infrastructure goal objectives

Making it easier to develop materials using artificial intelligence techniques
will allow more people to develop new materials. The cost of testing new
materials will decrease by reducing the cost, complexity, and number of
experiments required to achieve the desired material parameters. The
emergence of new materials will create new industries and process chains.
These arguments allow to realize the points 5 and 7 of Industry, innovation,
and infrastructure goal objectives.

2.3 Al and Sustainable Development Goals 2030

Algorithms and artificial intelligence systems are actively developing.
Figure 2.10 shows the number of changes in the number of published
scientific articles on the topics of artificial intelligence and machine learning.
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Figure 2.10. Artificial intelligence articles statistic

After 2012 the number of articles began to increase, after 2015 began an
exponential growth in the number of articles and active study of artificial
intelligence systems based on neural networks. A correlation between the
development of neural networks and computer vision algorithms can be
observed at this image. This is since the article "ImageNet Classification
with Deep Convolutional Neural Networks" demonstrated in 2012 the
capabilities and algorithms of parallel machine learning for the task of image
classification. This article demonstrated the training capabilities of neural
networks on the then available hardware, demonstrated the best results of the
proposed algorithm in comparison with classical machine learning
algorithms in computer vision tasks.

The active development of machine learning algorithms and neural networks
can allow solving different areas of applied problems, including Sustainable
Development Goals 2030 goals. The rapid development of neural networks
and machine learning algorithms allows them to be applied to a wide range
of human activities and to improve performance in areas where neural
networks and machine learning are already in use.

This dissertation considers 2 cases of research for two Sustainable
Development Goals 2030 plan items.

Case study 1 "Deep Learning Techniques applied to predict and measure
finger movement in patients with multiple sclerosis" is related to 4, 8, 13



"Good health and well-being" of the Sustainable Development Goals 2030.

Case study 2 "A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications " is related to points 8, 9 "Good health and well-being" of the
Sustainable Development Goals 2030.

Case study 2 "A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications " is related to point 11 "Industry, innovation and infrastructure"
of the Sustainable Development Goals 2030.

Currently available algorithms and technologies allow not only to
theoretically study and develop algorithms for the cases under study, but also
to carry out their practical implementation.



3 CASE STUDY 1: DEEP LEARNING
TECHNIQUES APPLIED TO PREDICT
AND MEASURE FINGER
MOVEMENT IN PATIENTS WITH
MULTIPLE SCLEROSIS

3.1 Overview

This is case study for medical proposal. This case is focused on the use of
computer vision and neural networks to determine the position of the hand.
This case study is developed to measure the degree of limitation of hand
mobility in the treatment and rehabilitation of people with multiple sclerosis.
The algorithm is based on convolutional neural networks.

An algorithm for high-precision recognition of hand parameters in multiple
sclerosis and to implement a high-performance algorithm for high-precision
recognition of hand position and parameters has been developed. This
algorithm is based on the use of neural networks. A neural network model is
used for analyzing images coming from one camera. The result of the neural
network model analyzing is the measurement of the joint angles of the hand
on the image coming from the camera.

This case study focuses on the development of a system for measuring finger



joint angles based on camera image and is intended for work within the field
of medicine to track the movement and limits of hand mobility in multiple
sclerosis. Measuring changes in hand mobility allows the progress of the
disease and its treatment process to be monitored.

A static RGB camera without depth vision was used in the system developed,
with the system receiving only the image from the camera and no other input
data. The case study focuses on the analysis of each image in the video stream
independently of other images from that stream, and 12 measured hand
parameters were chosen as follows: 3 joint angles for the index finger, 3 joint
angles for the middle finger, 3 joint angles for the ring finger, and 3 joint
angles for the pinky finger. Convolutional neural networks were used to
analyze the information received from the camera, and the case study
considers neural networks based on different architectures and their
combinations as follows: VGG16, MobileNet, MobileNetV2, InceptionV3,
DenseNet, ResNet, and convolutional pose machine.

The final neural network used for image analysis was a modernized neural
network based on MobileNetV2, which obtained the best mean absolute error
value of 4.757 degrees. Additionally, the mean square error was 67.279 and
the root mean square error was 8.202 degrees. This neural network analyzed
a single image from the camera without using other sensors.

The resulting neural network developed can measure finger joint angle values
for a hand with non-standard parameters and positions

3.2 Introduction

Multiple sclerosis is a potentially disabling disease of the central nervous
system, with the symptoms of this disease varying widely and depending on
the amount of nerve damage (Cosh et al, 2014). Some people with multiple
sclerosis may lose the ability to move, whereas others may experience long
periods of remission without any new symptoms.

There is no cure for multiple sclerosis, although treatment can help speed up
recovery from attacks, modify the course of the disease, and manage
symptoms. Symptoms of multiple sclerosis may differ greatly over the course
of the disease depending on the location of the nerve fibers affected.
Symptoms often affect movement, such as numbness or weakness in one or
more limbs that typically occurs on one side of the body at a time, or the legs,
hands or trunk.



Changes in human movement need to be detected to track the disease process
and its treatment. People use their hands in all their daily activities, although
the structure of the hand is complex, as it has many joints. In the case of
multiple sclerosis of the hand, any limitations of each joint must be measured,
and development of an automatic system capable of quickly measuring the
position of the angles of the joints of the hand will enable the development
and treatment of multiple sclerosis to be monitored and treated. Nowadays,
these measurements require an expensive set of calibrated medical sensors,
and so using only one camera and computer vision algorithms for this task
makes such a system cheap and generally available.

There are various methods for assessing the position and parameters of the
hand. Many researchers measure this using computer vision techniques, such
as gesture recognition, rather than measuring each angle of the finger
independently. Many also focus on algorithms to measure other hand
parameters besides finger hand position.

An approach based on an application involving computer vision for hand
gesture recognition was described in the publications (Chen et al, 2018; Zhou
et al, 2016). In these publications separate hand gestures were able to be
measured but each angle of the finger could not be measured independently.
These approaches cannot be used independently for the angle of the finger.

There are research that focus not only on hand gesture recognition, but also
on describing the position of the hand by measuring individual angles of the
finger joints. An approach based on strain sensors was described in the work
(Kim et al, 2020). In his publication, sensors mounted on the hand measured
its joint angle position, obtaining a 64 mean absolute error value of 1.63
degrees.

Publication (Lu et al, 2018) described an approach based on soft strain sensors.
In his research, sensors mounted on the hand measure its joint angle position,
obtaining an error value of 3.5 degrees.

A non-invasive automatic goniometer test device for joint angle measuring
was developed in reference (Tran et al, 2016), where measurement accuracy
of the goniometer device proposed was less than 6.6 degrees.

In the reference (Mayer et al, 2017), an approach to detect finger orientation
using depth cameras is detailed. This approach does not focus on the medical
field of activity and measurement of finger joints, but rather, aims to process



the position of the human hand in real time. His research measures the position
of the fingers of the hand based on data obtained from the entire 3D shape of
the hand, with the Root Mean Square Error, RMSE, error for finger detection
position being 8.74 degrees.

A system for estimating the natural postures of a user’s fingers from the
images was developed in reference (Maruyama et al, 2018). Images were
captured by an omnidirectional video camera attached to the center of the
user’s palm in real time. The positional relationship between the camera and
the user’s fingers, the length between the finger joints, and interdependencies
between the finger joints were provided for such purpose, and the error value
of the system developed was five degrees.

A system for estimating the natural postures of a user’s fingers from the
images captured by a fisheye camera has been developed and described in the
publication (Park et al, 2020). This research obtained average errors with an
approximate value of 20 mm for fingertip tracking across the different device
sizes. The contact finger and hand posture classifiers showed approximately
83% and 90% accuracy, respectively, across the device sizes.

In the publication (Kiliboz et al, 2015), a system for recognizing trajectory-
based dynamic hand gestures in real time was developed for human—computer
interaction. This research obtained gesture detection and recognition
performance to 73% accuracy in a stream of motion.

The publication detailed in reference (Fan et al, 2020) described a real-time
on-device hand tracking pipeline that predicts a hand skeleton from a single
RGB camera. The mean regression error value normalized by palm size
obtained was 13.4%.

An electronic skin integrated with a deep neural network was developed by
authors of publication (Kim et al, 2020). The developed system captures
dynamic motions from a distance without creating a sensor, and can be used
in health-monitoring, motion tracking, and soft robotics.

A neural network-based algorithm with spatial pyramid pooling was proposed
in reference (Ashiquzzaman et al, 2020), which decodes gestures or sign
language fingerspelling from videos. The algorithm described provided high
benchmark accuracy with a fast-processing speed.

In reference (Kim et al, 2017), a hand gesture recognition sensor was
developed using ultra-wideband impulse signals. Convolutional neural



network was used for reflected waveforms analysis for American sign
language gesture classification, with average recognition accuracy also being
above 90%.

Authors of reference (Rosenberger et al, 2021) developed an approach for safe
and object-independent hu-man-to-robot handovers using real time robotic
vision and manipulation based on human body part segmentation and
hand/finger segmentation. The resulting robot was able to successfully
interact with a human and take the object from the human in 81.9% of trials.

In the work detailed in reference (Woo et al, 2020), data was measured using
functional near-infrared spectroscopy during finger tapping tasks. The data
augmentation method proposed was used to generate datasets, which in turn.
were used to train an AlexNet neural network model. The acquired accuracy
attained constituted an improvement compared to that obtained using original
data.

The finger vein recognition problem was researched, in the course of which
convolutional neural networks for feature extraction for the vein recognition
task were used in publication (Chawla et al, 2021). Classification and correct
identification accuracy in ranges upwards of 95% and equal error rates below
4% were obtained accordingly.

Many studies focus on specific gesture recognition and hand parameters rather
than on determining the position of the hand. These studies also described the
above work well when analyzing hands with standard parameters and
positions.

This case study focuses on the development of a system for measuring finger
joint angles based on camera image and is intended for work within the field
of medicine to track the movement and limits of hand mobility in multiple
sclerosis. In a healthy hand, the position of the fingers and its joints cannot
change independently of each other. However, when the hand is injured, the
degree of, finger mobility may change, as people with multiple sclerosis may
have a hand with non-standard parameters and positions. As a result,
conventional approaches to measuring arm position may not work properly in
such cases.

The case study also develops a system capable of measure hand finger joint
angles for hands with standard and non-standard parameters and positions.
This is possible because training and test datasets of images of the hand are



used not only with normal, but also non-standard hand parameters.

Tracking the limitation of hand joint mobility in multiple sclerosis is a
complex task, as there are many mobile joints in the hand, the position of
which needs to be measured at a specific moment to a good level of accuracy.
Measuring changes in hand mobility allows progress of the disease and its
treatment process to be monitored, and the use of a single ordinary RGB
camera in this case study makes the system developed for finger angle
measuring cheaper and easier to install and operate compared to sensor-based
systems and specialist cameras. The system developed in this case study will
make it possible to take high-precision and high-speed measurements of the
finger position at low cost.

Figure 3.2.1 shows the position of the joints on the hand selected.

Figure 3.2.1. The positions of joint angles measured



The 12 measured hand parameters were chosen in this case study as follows:
3 joint angles for the index finger, 3 joint angles for the middle finger, 3 joint
angles for the ring finger, and 3 joint angles for the pinky finger.

3.3 Materials and methods

3.3.1 Sample and data

Computer vision and neural network approaches require big datasets. This
case study is intended to work within the field of medicine and requires a
dataset with hand images and information about hand position in different
positions and states.

It is necessary for the dataset to contain not only hand data and images in
normal positions and states, but also hands with unusual parameters in unusual
positions. Creating a large dataset containing hands with unusual parameters
and in unusual positions with use of real data is both difficult and expensive.

A sensor-based hand position measurement approach was considered for the
collection of hand position data, whereby a set of sensors is used to detect the
position of each finger joint. The dataset obtained from this approach would
contains only images of the hands covered by the sensors, and the computer
vision system based on a neural network was trained using this dataset. As a
result, this system would be unable to work with images without sensors, and
so it was decided not to use a sensor-based approach to hand position
measurement.

Since the use of sensors was not possible, a simulation approach was
considered instead. A program using high polygonal 3D models of hands was
developed to create a dataset, with the Unity engine 2019.1 being used to
develop the hand simulation program. This program allows to simulate the
real hand movement based on 3D model and capture the images of the hand.
Pro-gram can change hand textures, colors, proportions, and position of
elements of a hand, light and background to be simulated, and also enables the
different parameters and positions of the hand to be measured, including the
target 12 finger joint angles. Figure 3.3.1 shows a frame from the simulation
process with additional markings of joint angles.



Figure 3.3.1. Frame from the simulation process with additional markings of
joint angles.

The hand was rotated 90 degrees for the joint angles visualization. Camera for
image capturing for dataset is directed to the front of the hand.

Data regarding the external and internal angles of the joints were collected
during the simulation, with the external finger joint angles being used in the
calculations by using values for external finger joint angles, it is also possible
to calculate the values of the internal corners of the joints.

A dataset was created using this program that contained images of many
different hands in different positions with joint angles being measured to a
high degree of accuracy for every finger.

The angles of the finger joints on the three axes were changed: X axis values
were varied from —10 degrees to 100 degrees, which simulated joint flexion;
the Y-axis and Z-axis values were varied from —10 to 10 degrees, which
simulated joint displacement. Changes in the values of the finger joint angles
were limited so that the texture elements of the hand model did not overlap
with each other.

The wrist position of the 3D model of the hand on three axes was also changed
as follows: The X axis values were varied from —30 to 45 degrees, which
simulated bending the arm at the wrist; on the Y-axis and Z-axis values varied
from —15 to 15 degrees, which simulated wrist rotation.



The position of the joints in three-dimensional space relative to the arm model
also shifted in the range of —5 to 5 percent relative to the parent model object
size.

The size of the individual elements of the hand model was also changed, with
the size of each phalanx in the three directions varying from —20 percent to 20
percent of the original size.

The lighting parameters of the 3D model were changed in terms of the
intensity of the light, its color, the number of light sources, and their type.
Standard Unity engine lighting sources were used for such purpose.

The structure of the 3D hand model was also changed, as was the material
from which the hand is made. Each material had its own set of special
parameters, although what they had in common were reflectivity values,
colors, textures, and normal maps. Changing the parameters of the materials
used made it possible to achieve an even greater level of variability, with five
different types of materials with 10 different skin textures being used in the
study.

Different variants of the background structures and fifty different textures
were used, and the structure of the background objects on which these textures
were applied was changed. These objects were rotated and moved on three
planes, and the hand model was placed at different distances from the
background objects.

These changes made it possible to create different hand models at different
positions in different environments. In a healthy hand, the position of the
fingers and their joints cannot change independently of each other, although
the degree of finger mobility may change when the hand is injured. Obtaining
hand positions that cannot be achieved by a healthy person makes it possible
to expand the applicability of the system described in this study for medical
purposes, while other hand parameter recognition algorithms focus on
processing hand images without any significant anomalies.

Images from the dataset were used to train the neural network, and the
machine learning open-source library TensorFlow and the programming
language python 3 were used in the neural network development process. For
its part, the programming language OpenCV library was used for additional
image processing, such as image noises, filters, blur, and color
transformations. This additional image processing allows the influence of



random factors on the neural network training, increasing the model
robustness.

3.3.2 Models, data analysis and computational methods

Details about the neural networks used in this case study are described in this
sub-section.

The architecture of a convolutional neural network was proposed by Yann
LeCun (LeCun et al, 1989), with a. convolutional neural network referring to
a special type of architecture comprising artificial neural networks aimed at
effective image recognition.

The work presented in this case study is based on two neural network
architectures: MobileNetV2 (Sandler et al, 2018) and convolutional pose
machine (Howard et al, 2017).

Authors of (Sandler et al, 2018) describe the first version of MobileNet, a
neural network architecture for mobile and embedded video surveillance
systems. This network is based on upgraded architecture that uses depth-
separated convolutions to build light and deep neural networks. MobileNet
has two simple, global hyperparameters that effectively compensate for delay
and accuracy. These hyperparameters allow you to choose the right size model
for your application based on the constraints of the task.

MobileNet is based on convolutional blocks, which have 2 layers in this
architecture. The first layer is called a depthwise convolution and performs
lightweight filtering by applying a single convolutional filter per input
channel. The second layer is a 1 by 1 convolution layer with an ReLU
activation function, which is responsible for building new features by
computing linear combinations of the input channels.

A second version of MobileNet called MobileNetV?2 is described in (Howard
et al, 2017).

The MobileNetV2 architecture is based on an inverted residual structure, with
the residual block input and output providing narrow places. MobileNetV2
uses lighter packages to filter objects at the middle extension level.

MobileNetV2 is based on convolution blocks consisting of two types of
blocks. One is a residual block with step 1 and the other is a block with step 2
for size reduction. There are 3 layers for both types of blocks as follows: The



first layer is a 1 by 1 convolution with ReLU activation function, whereas the
second layer is a depth convolution, and the third layer is a 1 by 1 convolution
without any nonlinearity activation function.

Pose Machines provide a sequential prediction framework for learning rich
implicit spatial models.

The convolutional pose machine, CPM, is a combination of pose machines
and provides a convolutional approach to the neural network. This machine
contains framework convolutional layers for learning image features and
image-dependent spatial models for pose estimation (Sandler et al, 2018). It
implicitly builds model long-range dependencies between variables in
structured prediction tasks such as articulated pose estimation.

The convolutional pose machine achieves this by designing sequential
architecture comprising convolutional networks that directly operate on belief
maps from previous stages and by producing increasingly refined estimates
for part locations, with-out the need for explicit graphical model-style
inference.

3.3.3 Measurement of variables

Different methods are used to assess the quality of training and neural network
performance in the training process. Prediction of the finger joint angle is a
regression problem, for which purpose metrics are used as follows: Mean
absolute error, mean squared error, and root mean square error.

The mean absolute error, MAE, is used to measure the error between paired
observations expressing the same phenomenon. A special feature of MAE is
its resistance to emissions in data. Figure 3.3.2. shows the formula for
calculation of mean absolute error MAE.
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y - predicted values
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Figure 3.3.2. Calculation of mean absolute error of MAE.

The mean squared error, MSE, is calculated as being the mean square



difference between predicted and actual values. The result is always positive
regardless of predicted or actual values, and the ideal value is 0. A square
value means that larger errors result in more errors than smaller errors, which
in turn means that the model is penalized for larger errors. Figure 3.3.3 shows
the formula for calculating the mean square error MSE.
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Figure 3.3.3. Calculation of the mean square error MSE

RMSE is used to measure the difference between the values predicted by the
model or evaluator and the values observed. It is calculated as the square root
of MSE and large error values have a disproportionate impact on RMSE.
Figure 3.3.4 shows the formula for calculating the RMSE.
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where x - real values
y - predicted values
n- numbers of samples

Figure 3.3.4. Calculation of RMSE standard deviation

3.4 Neural network development and training

3.4.1 Adoption of images without preprocessing and marking for
convolutional neural network training

The task of measuring joint angles in the image was divided into two subtasks:
Measuring the set of parameters of the hand in the image and measuring the
finger joint angles.

The subtask of measuring parameters of the hand in the image is



algorithmically like the task of classifying images. Algorithms of
convolutional neural networks work properly with image analysis and can also
work properly with this task, insofar as they are able to create a set of features
for images and then send it to analyze and measure the finger joint angles.

The subtask of measuring the finger joint angles by hand parameters is a
regression task. In this step, fully connected layers are used to analyze a set of
features and measure the finger joint angles.

To measure the parameters of the hand in the image, it was decided to use
pretrained convolutional neural networks for the classification of images, and
classification layers in these networks were replaced by fully connected layers
to work with the regression task. This solution was selected because
measuring the finger joint angles by hand parameters is a regression task. A
set of features for the hand is created after image processing by the
convolutional layers, and fully connected layers allow this set of features to
be analyzed and finger joint angles to be calculated.

The following neural network architectures were analyzed: MobileNet,
MobileNetV2, InceptionV3, DenseNetl21, DenseNetl69, ResNetl52,
ResNet101, and VGG16.

The first approach to training the neural network was taken without
preliminary image processing, with images having the following dynamic
parameters: Different backgrounds, different lights, different state of hand,
different colors, and other different parameters. The mean absolute error, or
MAE, for finger joint angle prediction based on this approach was 19-30
degrees, with the best results being obtained by MobileNet, MobileNetV2, and
VGG16. Adam optimizer with a learning rate of 0.001 was used in the training
process. Batch size comprised 5 images, the number of epochs was 100, and
loss function was the mean absolute error.

The best neural network architecture turned out to be MobileNetV2, the mean
absolute error value of which was 19.897 degrees. The training process for
MobileNet, MobileNetV2, and VGG16 architectures are shown in Figure
3.4.1. It was assumed that in the training process, the neural network cannot
identify a good set of features that allow it to measure finger joint angles. For
their part, weights of neural networks focus on local features and the training
process was stopped at the local minimum.
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Figure 3.4.1. Mean absolute error values in the training process for neural
networks, showing best results: (a) VGG16, (b) MobileNet, and (¢)
MobileNetV2.

MobileNetV2 produced the best results and was selected for the next stages,
although at this stage the approach based on modifying and re-training neural
networks for image classification evidenced poor accuracy and major errors.

The approach based on the convolutional pose machine algorithm was
considered at the next stage.

3.4.2 Use of convolutional pose machine for measuring joint angles

This approach is based on the use of the open-source project described in (Wei
et al, 2016). The image of the hand is processed by a neural network from this
project, with the position of the characteristic points of the hand being
calculated in this image, and hand position in 2D image space described
accordingly.

Use of coordinates of characteristic hand points obtained after image
processing by a convolutional pose machine was considered for the purpose
of measuring the joint angles. The 2D coordinates of the points were processed



using different methods and were sent for processing by a fully connected
neural network, this approach providing a result with a MAE between 11-22
degrees. The best result was obtained by transforming the coordinates of
characteristic points into information about the line distances between each
two points and the angles between each two lines.

This approach also produced results with low accuracy and major errors. It is
assumed that in using only the information obtained from coordinates of
characteristic points, a lot of information about the hand would be lost. The
convolutional pose machine also has its own level of accuracy and error,
which also affects the value of the final error. To obtain accurate coordinates
of the characteristic points of the hand, the image must be of high quality and
resolution, although in this case, performance decreased in geometric
progression, as did the growth of the image area. The finger joint angles were
measured with a mean absolute error value of 11 degrees by image with a
resolution of 1024 by 1024 pixels, and this image was processed using a
convolutional pose machine in 0.4-0.5 s by a GPU Nvidia 2080ti. Despite
further increase in image resolution, the quality of recognition accuracy of
characteristic points of the hand failed to increase accordingly.

The first approach was based on modification and retraining of neural
networks for image classification and evidenced a poor level of accuracy and
major errors, which was also the case when the convolutional pose machine
was used. However, this approach may work with images with dynamic
parameters.

An approach based on combination of first and second approaches was also
considered.

3.4.3 Adoption of images with marking applied for CNN training

This approach is based on the idea of applying color markers to the hand
image. Figure 3.4.2 shows the image marking process.



Figure 3.4.2. Image marking process.



The source image on the up side of Figure 3.4.2 is analyzed by convolutional
pose machine from previous paragraph and this neural network creates an
array with information about characteristic points. The marked image is
created from this array, as shown in the center of Figure 3.4.2 In this image,
the characterizing points of the hands are marked by different colors and
connected to each other by lines, and the combined image on the down side of
Figure 3.4.2 is also created. This combined image was used for training
purposes.

The convolution kernel of convolutional neural networks reacts most sharply
in the presence of sharp color gradients in the image. The markup applied to
the image will help in the neural network training process by showing the most
important points of the hand, while the markup on the image shows the joint
positions for the neural network.

Previously, the convolutional neural network was described as unable to
ensure good accuracy for images with dynamical parameters. For optimization
of the training process, the marked dataset was based on one constant
background and one hand with the moving fingers and static proportions and
other parameters. This transformation of the dataset reduces the impact of any
factors that may have a negative impact on the training process involved in
the neural network. Marked images with one background and static
parameters were replaced by original unmarked images and hand images with
dynamic parameters at the following stages.

The modified version of the MobileNetV2 neural network produced the best
results in the first approach proposed, and so this is the version that was
selected. In this case, the last 4 layers of the MobileNetV2 neural network
were removed, and the outputs of the “block 16 project BN” layer were sent
to the flattened layer and then analyzed by the fully connected layer of 12
output neurons. Adam optimizer with a learning rate of 0.001 was used in the
training process. Batch size comprised 5 images, the number of epochs was
100, and loss function was the mean absolute error.

Different versions of the MobileNetV2 for different image resolutions were
tested, with the MobileNetV2 training process for different image resolutions
on the marked dataset being shown in Table 3.4.1.

Table 3.4.1. Results of modified MobileNetV2 training for different image
resolutions



Root Mean Number of
Mean Absolute Square Error Model

Width (px) Height (px) Error (Degrees) (Degrees) Parameters
256 256 4.572 8.571 2089036
368 368 3.187 7.817 2396236
440 440 2.687 6.258 2595916
512 512 2.408 6.029 2826316
640 640 2401 5911 3379276
768 768 2.398 5.574 4055116

For high accuracy of the neural network with high-resolution images to be
ensured, it is necessary to increase the number of network parameters, which
slows down the neural network. The network accuracy increases by using high
resolution images, however after reaching a resolution of 512 by 512 pixels
the accuracy increase slows down sharply. The architecture of the modified
MobileNetV?2 neural network is shown in Figure 3.4.3.
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Figure 3.4.3. Architecture of modified MobileNetV2.

Increasing the resolution of the input image above 512 by 512 pixels does not
pro-vide any significant increase in the accuracy of the neural network,
although it in-creases the size of the neural network and decreases its speed.
Based on the data analysis from Table 3.4.1, a resolution of 512 by 512 pixels
was selected as the suitable size of the input image.



The training process of modified MobileNetV2 for images of 512 by 512
pixels in size on the marked images is shown in Figure 3.4.4. No data
augmentation or dynamic parameters were used at this stage, although marked
images of the hand in a fixed position with a constant background were
employed. Only the position of the fingers of the hand was changed in the
images.
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Figure 3.4.4. Mean absolute error values in the neural network training
process for marked images of 512 by 512 pixels in size.

As a result of training using the marked images, the best mean absolute error
value of 2.408 degrees was obtained, and neural network parameters for this
mean absolute error value were saved.

After training using the marked dataset, the marked images in the dataset were
then replaced by original images without marking. These images still have no
dynamic background hand parameters, but they are not processed by
convolutional pose machine.

Pretrained on marked images, the neural network then trains on the unmarked
images. Training is provided in 30 epochs with a learning rate of 0.0001, with
the loss function being the mean absolute error. The training process is shown
in Figure 3.4.5.
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Figure 3.4.5. Mean absolute error values in the neural network training
process for unmarked images of 512 by 512 pixels in size.

The neural network was trained on the unmarked images, from which the best
mean absolute error value of 2.563 degrees was obtained. The neural network
mean absolute error value was increased after training by unmarked images,
although performance of the computer vision system had increased
significantly. This occurred because images no longer require additional
markup obtained using a convolutional pose machine based neural network.
The convolutional pose machine was no longer used in the system after this
stage.

3.4.4 Use of unmarked images to train the modified MobileNetv2
neural network

After training on the unmarked dataset, some parts of the images in it were re-
placed by images with dynamic parameters. New hand images have different
backgrounds and different hand parameters, and this approach allows the
neural network to recognize joint angles in the training process without there
being any additional elements or hints in the image. Replaced images were
also processed by different filters at this stage as follows: Blur, noise, color
filtering, and others. This stage increases the mean absolute error for the



dataset, although such processing reduces errors and in-creases reliability of
the neural network in real life work.

After pretraining on unmarked images without dynamic parameters, the neural
network then trains on the unmarked images with dynamic parameters. Table
3.4.2 shows the accuracy of the neural network after completion of the full
training process, depending on the number of images that are replaced at each
stage. The minimum mean absolute error value was 4.945, this value being
obtained after all unmarked images without dynamic parameters were
replaced by images with dynamic hand and back-ground parameters 10 times
by parts of 10% size. For each stage we used a learning rate value of 0.001,
40 epochs, and a batch size comprising 5 images. Images were mixed in the
training process so as to ensure their uniform distribution in batches used in
the neural network training process.

Table 3.4.2 Neural network training results regarding the number of
images that are replaced at each stage

Replaced Mean
Image Absolute Root Mean Square Error
Part Per Error for Final for Final Model,
Stage, as a % Stages Model, in Degrees in Degrees
50 2 8.757 10.021
40 3 8.851 10.153
30 4 8.179 10.072
20 5 6.673 9.113
10 10 4.945 8.641
5 20 5.257 8.875

Table 3.4.3 shows the results of the training process with 10% replaced image
parts per stage, and also the mean absolute error value at the end of each stage
of training. In Table 3 the mean absolute error value increased in the first three
stages and then there was a sharp decrease at the following stages. A similar
pattern was observed in experiments with a different stage size. The growth
of the error at the first stages was because the neural network was originally
trained using simplified data and was unable to fully learn to work with
unmarked images with dynamic parameters. The neural network recognizes
complicated elements of images as noise or error values at the first stages,
although all variations of neural networks in the experiment started to reduce
the error value on reaching a certain percentage of the image’s replacement.
Experimentally, it was noticed that error value reduction occurred when 20—
30% of images were replaced by versions with dynamical parameters.



Table 3.4.3 Results of training process with 10% replaced image part stage

Mean Absolute Error
Replaced Images, for Final Model, in Root Mean Square Error for
Step asa % Degrees Final Model, in Degrees

1 10 6.878 9.517

2 20 7.282 9.621

3 30 8.272 10.027

4 40 8.178 10.001

5 50 7.421 9.892

6 60 7.012 9.492

7 70 6.511 9.187

8 80 5.578 8.988

9 90 5.087 8.702
10 100 4.945 8.504

Training process for the last stage of the training process with 10% replaced
image part stage shown in Figure 3.4.6.
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Figure 3.4.6. The last stage of the training process with 10% replaced image

part stage.

This neural network in the learning process using undetected images was
trained to correctly work with different hand parameters, such as different
finger sizes, deformations of the hand, skin color, type of light, variants in the



background, image noises, and filters.

3.5 Use of the background subtraction function to improve
modified MobileNetV2 neural network results

During training it was noticed that the background of the image had the
greatest influence on neural network accuracy. Since the camera is considered
stationary, it was decided to use an algorithm to subtract the background,
which was implemented using the OpenCV library. Figure 3.5.1 shows the
result of background subtraction for the image.

Figure 3.5.1. Result of background subtraction for the image.



After pretraining on images with dynamic parameters, the neural network then
trains on the images following background subtraction. These images have
different dynamic parameters, resolution, and quality, and are subject to
transformation by different filters. Training is provided in 40 epochs with a
learning rate of 0.0001, with the loss function being the mean absolute error.
The training process is shown in Figure 3.5.2.

225 1 - mae on training set

20.0 - mae on val set

17.5 1
15.0 1
12.5 1
10.0 1

Mean absolute error (degree)

Ny o~
v o wv

-

0 5 10 15 20 25 30 35 40

epoch number

Figure 3.5.2. Mean absolute error values in the training process of neural
network for images following background subtraction.

For a neural network trained on images without background, the minimum
mean absolute error value was 4.757 degrees, the mean square error was
67.279, and the root mean square error was 8.202.

This neural network analyzes a single image from the camera, and the input
image had a resolution of 512 by 512 pixels. This image was processed by the
neural network in 7—15 milliseconds using a GPU Nvidia 2080ti.

To train a neural network to find hidden data dependencies, a learning
algorithm based on the Deep Dreamer (Mordvintsev et al., 2015) algorithm
and Inceptionv3 (Szegedy et al., 2015) neural network was developed. This
developed algorithm analyzes the image by a trained neural network. Neural
network detect features on the image. Algorithm hides main features on the
image. Importance and place of the features is estimated based on neural
network layers output values. The new neural network trained on the



processed data with hidden features are forced to search and train a new set of

features in the data, since the known features have been hidden. Trained on
original and processed data neural networks are used in an ensemble. Source
image and processed image with hidden features is shown in Figure 3.5.3

Figure 3.5.3. Source and processed by modified DeepDream algorithm
images

Inceptionv3 model has been trained for images augmentation. Joint positions
on the image 3.5.3 has been edited significantly and has hidden. When second
neural network will train on the processed images, it will not be able to detect
standard features.

Second MobileNetV2 neural network has mean absolute error value 12.345
after training on the processed image. This neural network is useless without
first neural network trained before. But this neural network trained for
different features and can be combined with first neural network.

In this case study, two MobileNetV2 networks based neural network models
are combined into an ensemble. Combination of these models improves loss
function and metric values because each model has been trained can detect
different feature sets. Obtained mean absolute error value is 4.702. But
performance was decreased.

This ensemble of the MobileNetV2 neural networks analyzes a single image
from the camera, and the input image had a resolution of 512 by 512 pixels.
This image was processed by the neural network in 20-55 milliseconds using
a GPU Nvidia 2080ti. This neural network can not work in real-time mode.
But DeepDream based approach can be used in other areas, where real-time



work is not important.

3.6 Results

This case study considered an approach to measuring the finger joint angles
in fields of medicine based on computer vision and neural networks. The
convolution neural network for analysis of static RGB images from the camera
for 12 finger joint angle measuring was duly developed for such a purpose.
This neural network receives only the images from the camera and does not
use any other input data. The case study focused the analysis of each image
on the video stream independently of other images from that stream.

Reconstructing a full 3D model of the hand is not necessary in order to achieve
the main aim of the this case study. Rather, the aim was to measure the finger
joint angles of the hand. This is a usual regression task, hence metrics such as
the mean absolute error and mean square error.

A comparison of neural network accuracy with the results obtained from
previous research is shown in Table 3.5.1.

Table 3.5.1 Comparison of research results

Mean Root Mean
Algorithm Main Device Feature Absolu.te Squart.e
Source Error, in Error, in
Degrees Degrees
(Kim et al Fiber Bragg 1.63
2020 ’ grating strain Only sensors are used -
sensor
(Lu et al, Soft strain ) 3.5
2018) sensors Only sensors are used -
(Tran et al, Goniometer Use Ozf non-nvasive 6.6
. automatic goniometer test -
2016) device .
device
(Mayer et al, Not aimed at medical use.
2017) Depth cameras Use of depth cameras ) 8.74
(Maruyama et | Omnidirectional .Use othndpreset
information. Use of 5 -
al, 2018) camera . )
omnidirectional camera
Use of single image from
RGB camera. No hand
Author’s RGB camera preset z.nformatlon used. 4,945 8.504
proposal Hand image must have
resolution of at least 512
by 512 pixels




Use of single image from
RGB camera. No hand

preset information used.

Author’s Hand image must have

proposal RGB camera resolution ffal least 512
by 512 pixels. Subtraction

of hand image background

applied

4.757 8.202

Use of single image from
RGB camera. No hand

preset information used.

Author’s Hand image must have

proposal RGB camera resolution of at least 512

by 512 pixels. Deep Dream
based augmentation has

been used.

4.702 7.982

The results obtained from the neural network cannot be properly compared to
those from previous research (Park et al, 20; Fan et al, 20). Research (Park et
al, 20; Fan et al, 20) focused on creation of a 3D hand model, measured by
other metrics, and it should be noted that such research does not work in the
case of a hand with abnormal parameters.

The results obtained from the neural network cannot be properly compared to
those from previous research (Kiliboz et al, 2015; Ashiquzzaman et al, 2020;
Kim et al, 2017), as this research focused on hand gesture recognition. Gesture
recognition is a classification task, and one gesture may represent different
positions of the finger joints of the hand, and the task considered in this case
study is a regression task for predicting finger joint positions. It is thus not
possible to properly compare the classification task and the regression task.

The results obtained from the neural network cannot be properly compared to
those from previous research (Kim et al, 2020). The research (Kim et al, 2020)
describes a sensor-based system, albeit one focused on describing the
parameters of the physical principles of operation by developing a neural
network to work with the sensor, although the research [Kim et al, 2020] does
not provide results for measuring hand position accuracy. Thus, it is not
possible to properly compare properly (Kim et al, 2020) and the system
developed in this case study.

The results obtained from the neural network cannot be properly compared to
those from previous research (Rosenberger et al, 2021; Woo et al, 2020;
Chawla et al, 2021).



The research (Rosenberger et al, 2021) focuses on finding an object in the
image, segmenting it, and analyzing its shape to plan further interactions, but
does not determine the position of the hand in the familiar human form. The
hand is described by the neural network in terms of special features regarding
the human-interaction task, and so a comparison of results is not possible.

The research (Woo et al, 2020) focused on finger tapping analyze, but does
not describe other hand parameters besides finger tapping. Thus, a comparison
of results is not possible.

The research (Chawla et al, 2021) focused on vein recognition analyze, but
does not describe other hand parameters or position besides vein recognition.
Thus, a comparison of results is not possible.

The best results for the real-time work were obtained after applying a model
based on processing images with subtracted background of the hand. These
images had different dynamic parameters, resolution and quality, and were
subject to transformation by different filters. Specifically, this neural network
had a mean absolute error value of 4.757 degrees, with a mean square error of
67.279, and analyzed a single image from the camera. The image had a
resolution of 512 by 512 pixels, with the input image being processed by the
neural network in 7—15 milliseconds using a GPU Nvidia 2080ti.

This result was obtained via training using a changing dataset, and this training
of the neural network was carried out at several stages with consecutive
complication of data for training purposes as follows: Training on images with
markup and invariable hand parameters in the image, training on images
without markup with invariable hand parameters in the image, training on
images without markup with dynamic hand parameters in the image, and
training on images without markup with dynamic hand parameters in the
image after subtracting the background of the image.

The neural network developed was trained on simulated data subjected to
strong processing. The use of simulated data made it possible to collect a
dataset of images of people’s hands with various parameters and in various
positions, which is an extremely difficult task in the real world. The
application of additive data processing will allow testing with patients in the
future since the neural network developed was designed for medical tasks for
patients with multiple sclerosis. People may have hands with non-standard
parameters and in non-standard positions, and a feature of the neural network
is the ability to measure finger joint angle values for hands with non-standard



parameters and positions.

3.7 Case study 1. Deep Learning Techniques applied to
predict and measure finger movement in patients with
multiple sclerosis. Conclusions

This case study focused on the development of a system for measuring finger
joint angles based on camera image and was intended to work within the field
of medicine to track the movement and limits of hand mobility in multiple
sclerosis.

The convolution neural network for analysis of static RGB images from the
camera for 12 finger joint angle measuring was developed accordingly, with
the best results being obtained after applying a neural network model based
on processing images with subtracted background of the hand.

The neural network developed allows non-contact measurement of finger joint
angles to be undertaken using a single RGB camera without the use of
additional sensors. The use of a single ordinary RGB camera in this case study
makes the system developed for finger angle measuring cheaper, and easier to
install and operate com-pared to sensor-based systems and specialist cameras.
A camera must support at least 30 frames/sec and the resolution 720p for the
correct neural network work. A camera with better parameters will give better
results.

Image analysis approaches based on different neural network architectures
were considered to achieve a lightweight and fast neural network for real-time
work.

The option of building a neural network based on convolutional pose machine
architecture was considered. However, convolutional pose machine-based
neural network architecture is a slow algorithm and not suitable for real-time
operation on low computing power devices. It also does not work correctly for
hands with unusual parameters. The convolutional pose machine-based neural
network architecture was removed from the final version of the neural network
to improve performance. However, the results of convolutional pose machine-
based image analysis and markup were used to train a light MobileNetV2
based neural network.

The use of MobileNetV2 architecture, originally developed for image neural
network processing on mobile devices, in turn makes it possible to run the



system on systems with low computing power. The system developed in this
case study will thus make it possible to take high-precision and high-speed
measurements of the finger position at low cost.

The system can operate in real time, has low cost, is easy to service, and is
able to monitor the development of hand mobility limitations without the use
of expensive sensors. The high availability of the system is consistent with
items 8 and 13 of the “Good health and well-being” section of the Sustainable
Development Goals 2030 list.

Early diagnosis of multiple sclerosis, rapid response to the manifestation of its
symptoms and tracking the process of treatment can significantly improve the
quality of life and life expectancy of people with this disease. The use of the
developed system can help to achieve the item 4 of the “Good health and well-
being” section of the Sustainable Development Goals 2030 list.



4 CASE STUDY 2: A DEEP
LEARNING APPROACH TO
PREDICT THE PROPERTIES AND
COMPOSITION OF MATERIALS
WITH POTENTIAL CAPABILITIES
IN BIOMEDICAL APPLICATIONS

4.1 Overview

This case study discusses the possibilities of applying neural networks to
predict material parameters, neural network training algorithms, data
processing and preparation algorithms, the choice of target metrics to assess
the quality results of the developed models, the rationale for the selected
approaches to address the emerging issues is given.

The development of new devices and medicine implies the development of
an algorithm and a device that implements it in the physical world.
Concentrating on using and developing only algorithms without developing
new materials significantly reduce the range of problems available for
solving. The development of devices with given parameters requires



materials with different parameters, properties and compositions.

The results, ideas and explore process were improved iteratively. Evolution
of these ideas and approaches are presented in subsections in the order of the
research conducted. Prediction of material parameters using neural networks
can accelerate and simplify the development of new materials for sustainable
social, medical, technological and scientific development.

The following points can be highlighted in the research process:

1. Neural network-based prediction of the critical superconductivity
temperature for superconducting materials based on their chemical formula.

2. Neural network-based prediction of the reduced glass transition
temperature of metal alloys based on a neural network.

3 Neural network-based prediction of the composition of paper-like
materials based on the specified chemical and physical parameters.

4. Neural network for generation of composition and parameters of metal
alloys based on specified range of known and unknown parameters.

In these subsections, the issues of predicting the composition and properties
of materials are considered from different angles with different approaches.

4.2 Neural network-based prediction of the critical
superconductivity temperature for superconducting
materials based on their chemical formula.

This subsection discusses the architecture of neural networks and their
ensembles for predicting the critical superconductivity temperature of
materials based on their chemical formula. The subsection describes the
methods and process for extracting data from the chemical formula and
preparing this extracted data for use in training neural networks using
TensorFlow. Recurrent neural networks including long-term short-term
memory layers and neural networks based on one-dimensional convolutional
layers are used for data analysis. The proposed model is an ensemble of pre-
trained neural network architectures for predicting the critical temperature
of superconductors based on their chemical formula. The architecture of the
seven pre-trained neural networks is based on long-term short-term memory
layers and convolution layers. The final ensemble uses six neural networks:
one LSTM-based network and four convolutional neural networks, and one



ensemble of convolutional neural networks. The LSTM neural network and
convolutional neural network were trained over 300 epochs. An ensemble of
models was trained in 20 epochs. All neural networks are trained in two
phases. In both phases Adam optimizer was used. The first stage was trained
using Mean Absolute Error loss function with learning rate of the optimizer
equal to 0.001. The second stage was trained with Mean Squared Error loss
function with learning rate equal to 0.0001. The final ensemble is trained
with a learning rate equal to 0.00001. The final ensemble model has the
following accuracy values: Mean Absolute Error is 4.068, Mean Squared
Error is 67.272, and Coefficient of Determination is 0.923. The final model
can predict the critical temperature for the chemical formula with an
accuracy of 4.068 degrees

4.2.1. Introduction

This study presents work on superconducting materials, materials that
conduct current with zero resistance at or below the critical temperature Tc
(Hamidieh, 2018). Most of the known superconductors exhibit the effect of
superconductivity at extremely low temperatures below 100K. However,
despite the need for low temperatures to exhibit the effect of
superconductivity, superconductors are used in many fields. Although the
superconductivity effect can be used in many applications, it disappears
when the temperature rises above the critical temperature. The need to
maintain low temperatures to maintain the effect of superconductivity is a
difficult and costly task

The relevance of superconductors includes societal challenges related to
health and wellbeing. Superconductors are used in medicine mainly inside
devices for CT scan and Magnetic Resonance Imaging, MRI, systems and in
magnetometers for SQUID, Superconducting Quantum Interference Device
(Hamidieh, 2018). They are used for magnetoencephalography,
magnetocardiography and other processes for detection and mapping weak
magnetic fields of the human body. Introduction of superconductors in such
systems allows to conduct safe for the patient's research methods, to obtain
a highly accurate three-dimensional picture of the state of the studied area of
the human body.

Although the superconductivity effect can be used in many areas, the effect
disappears when the temperature rises above critical. The need to maintain
low temperatures to maintain the superconductivity effect is a complex and
costly task. So, increasing the temperature of MRI (Noe et al, 2007) coils of



the device above the critical temperature destroys the effect of
superconductivity and triggers the process of destruction of the coils. This
effect is used for emergency stop of MRI machines. The device is out of
service and requires a long and expensive repair after emergency stop.
However, the use of high-temperature superconductors in the
superconducting MRI coils would avoid such results of an emergency
shutdown, making this procedure safe.

In addition, superconductors are often used in electrical, researchers and
other systems. Superconductors are used in superconducting fault current
limiters, SCFCKs, for electrical current limitation (Hamidieh, 2018).
Superconducting coils used for generation and sustain high magnetic fields
in the Large Hadron Collider at CERN (Hamidieh, 2018). Superconductors
are used to create and support quantum states in quantum systems and
quantum computers (Noe et al, 2007). Superconductivity effect is used in the
development of electric motors, unipolar machines, topological generators,
rigid and flexible cables, switching and current limiting devices, and
magnetic separators, transport systems, in the production of such coils for
accelerators and for creation of devices for measuring temperatures, costs,
levels, and pressures.

Superconductors are often used in electrical, research, and other systems.
Superconductors are used in superconducting fault current limiters, SCFCK,
to limit electrical current (Noe et al, 2007). Superconducting coils are used
to create and maintain high magnetic fields in the Large Hadron Collider at
CERN (Hamidieh, 2018). Superconductors are used to create and maintain
quantum states in quantum systems and quantum computers (Krinner et al,
2019). The effect of superconductivity is used in the development of electric
motors, unipolar machines, topological generators, rigid and flexible cables,
switching and current-limiting devices, as well as magnetic separators,
transport systems, in the production of such coils for gas pedals and to create
devices for measuring temperatures, flow, levels and pressures.

Currently, there are two main directions in the field of superconductivity
applications: in magnetic systems and in electrical machines. There is a lot
of research in search of new superconductors with high critical temperatures
(Si et al, 2016; Flores-Livas et al, 2016; Sleight et al, 1893).

In the study "A Data-Driven Statistical Model for Predicting the Critical
Temperature of a Superconductor” by Kam Hamidieh (Hamidieh, 2018),
models were developed to predict the properties of chemical compounds



based on XGBoost and multiple regression statistical algorithms. The
algorithms were evaluated using RMSE and R2 metrics. Superconductor
data were taken from the superconducting materials database maintained by
the National Institute of Materials Science of Japan at http:
//supercon.nims.go.jp/index en.html. After some preprocessing of the data,
21263 superconductors are used. The model developed in the study based on
the multiple regression method has an RMSE value of 17.6K and R2 of 0.74.
The model based on the XGBoost method has an RMSE of 9.5K and an R2
of 0.92.

In the study "A Predicting the Critical Temperature of Superconductors with
XGBoost" by Abdulkadir Karaci and Kemal Akyol (Abdulkadir et al, 2019),
the model to predict the properties of chemical compounds is based on the
statistical algorithm XGBoost. In his paper, he uses a statistical model to
predict the critical temperature of a superconductor based on features
extracted from the chemical formula of the superconductor. This paper
(Abdulkadir et al, 2019), as well as the article by Kam Hamidie (Hamidieh,
2018), is based on the idea of analyzing the features of the chemical formula
of the material and develops his ideas. The algorithms were evaluated using
the RMSE and R2 metrics. The XGBoost model developed has an RMSE
value of 9.091K and R2 of 0.928.

In the study "Critical Temperature Prediction of Superconductors Based on
Atomic Vectors and Deep Learning" by Shaobo Li (Shaobo et al, 2019),
2020, a hybrid neural network combining convolutional neural network and
neural network with long-term short-term memory is proposed to extract
material  characteristics for critical temperature prediction of
superconductors. The superconductor data are taken from the
superconducting materials database maintained by the National Institute of
Materials Science of Japan. The algorithms were evaluated using RMSE,
MAE, and R2 metrics. The developed hybrid neural network has an RMSE
value of 83.565Kand R2 of 0.899 and MAE of 5.023.

The above studies use the same data set. Therefore, this subsection presents
a new technique to accurately predict these cases.

The purpose of the study is to develop a model to use the chemical formula
of the material and then predict the critical superconductivity temperature
for that material. This study reviews and describes an approach based on the
use of various neural network architectures and combinations thereof to
analyze chemical formulas. This study considers the use of neural networks



whose structure is based on the use of LSTM and convolutional layers.

4.2.2. Materials

The study used a data set from the study "A Data-Driven Statistical Model
for Predicting the Critical Temperature of a Superconductor.”" This data set
used in the follow-up study contains 21263 samples and is publicly available
at the University of California, Irvine (Center for Machine Learning and
Intelligent Systems). This set contains superconductor formulas and their
parameters. The parameters of the superconductor formulas were presented
in a table with 21263 rows by the number of superconductor formulas in the
database. The formulas in the dataset contain from one to nine chemical
elements. The dataset has 87 columns, with columns 1 through 86 describing
the chemical elements used in the formulas, and column 87 contains the
critical temperature Tc. The table has a coefficient value for each element in
each formula. The values of the properties of the elements were obtained
from the periodic table of elements in csv format (Periodic Table of
Elements).

Elements with atomic number up to 86, elements up to and including radon,
were used in the data set. For each element we chose 16 parameters: atomic
mass, number of neutrons, number of protons, period, atomic radius,
electronegativity, first ionization, density, melting point, boiling point,
number of shells, group, specific heat, is a metal, is nonmetal, is metalloid.
The parameters "is metal," "is nonmetal," and "is metalloid" were presented
in a hot encoding, one hot encoding format. These parameters were chosen
because they provide a precise description for each of the 86 elements in
question. Once these parameters were chosen, the table of 86 items was
standardized for these parameters.

Machine learning algorithms have low data accuracy with large differences
in the size of the input values. The chemical element parameters can vary by
many orders of magnitude, so it was necessary to adapt the data for a
qualitative learning process. For each of the 16 element parameters, a mean
value and a mean deviation were calculated based on the data for the 86
elements used. Based on this data, the periodic items table was standardized
for better compatibility with machine learning algorithms.

The elements from the standardized chemical elements table were inserted
into the superconductor formulas from the element dataset, respectively. The
coefficients of the chemical elements in the standardized formulas were not



exposed. If the number of elements in the formula is less than 10, then the
formula was expanded to 10 and all parameters of all missing elements were
set to zero. The obtained result was entered into the processed data array.

We considered two options for the arrangement of the chemical elements in
the processed data set: sorting by their indication in the chemical formula in
the original data set and sorting by their number in the periodic table of
elements. The choice of sorting by the number in the periodic table of
elements was due to some differences in the order of the chemical elements
in the formulas in different areas of activity. In this variant of sorting the
arrangement of elements in the formula representation for neural network
the peculiarities of recording the chemical formula do not affect the result of
the neural network.

4.2.3. Methods

This subsection details the neural networks used in this study.

LSTM neural networks, neural networks with long-term memory, are a
special kind of recurrent neural networks capable of learning long-term
dependencies. They were introduced by Sepp Hochreiter and Jirgen
Schmidhuber (Understanding LSTM Networks). LSTM-networks are
specifically designed to avoid the problem of long-term dependence. LSTM
networks consist of LSTM neurons.

LSTM predictions are always based on the past input experience of the
network. However, as the size of the input data increases, the importance of
the data coming into the neural network at the beginning decreases compared
to the data coming into the neural network later. Therefore, the data at the
beginning of the sequence has a minimal effect on the result of the LSTM
layer of the neural network, and the most recent data has a maximum effect
on the result of the LSTM layer. To reduce the effect of this effect, the
dimensionality of the data is added to the values used for the neural network.
In this study, a value of 0 is used to augment the data to the standard size
used by the neural network. These fills are added before the data is processed
so that adding the data to the standard size accepted by the LSTM layer for
processing will have minimal impact on information extraction from the
data. If these fills are added after the data is processed, the result of the neural
network will be less accurate because the values of the fills will have a



significant impact on the result.

Deep convolutional networks provide state-of-the-art classification and
regression results for many high-dimensional problems (Mallat, 2016;
Albawi et al, 2017). Convolutional neural networks use a convolution
operation. The convolution operation is a mathematical operation for two
functions that results in a third function that expresses the change in shape
of one function by the other.

For different types of input data, there are different convolution variants,
determined by the convolution kernel parameters. For two-dimensional
convolution, on the example of image analysis, the kernel is defined by the
image resolution and depth, the number of color channels, of the image. For
one-dimensional convolution, the kernel parameters are the length of the
input sequence, the number of elements in one line of the sequence, and the
depth, the number of values per sequence step.

A deep neural network consists of layers of neurons with specified
parameters. In one layer all neurons have the same convolution parameters.
An example of one-dimensional convolutional neural network for sequence
analysis using chemical formula is shown in fig. 4.2.1.

kernel
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Elements ———————>
Figure 4.2.1. Example of one-dimensional convolutional neural network

The one-dimensional convolution layer is used to analyze two-dimensional
sequences of data. This type of layer creates and uses a convolution kernel,
which convolves with the layer input along one spatial or temporal
dimension to produce a tensor of outputs. In the case of the formula analysis
in Figure 4.2.1, the neuron, depending on the size of the convolution kernel,
analyzes the parameters of each group of elements, moving from left to right.

Neural networks are flexible and scalable algorithms that can adapt to the
data used in training. However, they are trained with a stochastic learning
algorithm and adapt to the features of the training data during training.
Therefore, even neural networks of the same architecture trained on the same



data set, but started training with different parameters of weights, can find
different variants of the optimal set of weights in each training, which in turn
leads to different predictions.

To improve training results and reduce overtraining, an approach is used that
is based on training on the same data and then combining multiple neural
networks with different architectures. This is called ensemble learning and
not only reduces prediction variance but can also lead to predictions that are
better than any single model. An example of an ensemble of neural networks
is shown in Figure 4.2.2.
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Figure 4.2.2. Example of an ensemble of neural networks (Alam et al,
2019)

Various methods are used in the training process to evaluate the learning
quality and performance of the neural network. Prediction of the critical
superconductivity temperature value for a chemical formula is a regression
problem. To solve the regression problem, we use metrics: mean absolute
error, mean square error, root mean square error and coefficient of
determination.

The mean absolute error, mean absolute error, MAE, is a measure of the
error between paired observations expressing the same phenomenon. A
feature of MAE is its robustness to outliers in the data. Figure 4.2.3. shows
the formula for calculation of mean absolute error MAE.
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Figure 4.2.3. Calculation of mean absolute error of MAE.

Mean squared error, mean squared error, MSE is calculated as the mean
difference between the predicted and actual values. The result is always
positive, regardless of the sign of the predicted and actual values, and the
ideal value is 0.0. A quadratic value means that larger errors lead to larger
errors than smaller ones, which means that the model is penalized for larger

errors. Figure 4.2.4 shows the formula for calculating the mean square error
MSE.
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where x - real values
y - predicted values
n- numbers of samples

Figure 4.2.4. Calculation of the mean square error MSE

The root mean squared error, RMSE, is a measure of the difference between
the values predicted by the model or estimator and the observed values. It is
calculated as the square root of the MSE, and large error values have a
disproportionately large effect on the RMSE. Figure 4.2.5 shows the formula
for calculating the RMSE.

i=1 (i — ¥i)?
n

RMSE =

where x - real values
y - predicted values
n- numbers of samples

Figure 4.2.5. Calculation of RMSE standard deviation



The coefficient of determination, R2, is the proportion of variance in the
dependent variable that is predictable from the independent variable or
variables. It gives an estimate of how well the observed results are
reproduced by the model based on the proportion of total variation in the
results explained by the model. Figure 4.2.6 shows the formula for
calculating the coefficient of determination R2
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where x - real values
y - predicted values
n- numbers of samples

R2=1-

Figure 4.2.6. Calculation of determination coefficient R2

4.2.4. Process of neural network model development and
training

The processed data set was shuffled and randomly divided into 3 parts: 80%
was the training sample, 10% was the test sample, and 10% was the
validation sample. Each value within each sample was duplicated 5 times,
and then the sample was shuffled. This operation was performed in order not
to emphasize the peculiarities of the sample structure during training. Since
the formulas had different numbers of elements in their composition, an
element was added to the 10 elements, all parameters of which and the
coefficient in the formula have the value 0.

After preprocessing, the original dataset containing 21263 formulas was
divided into a training sample of 17010 unique formulas, a test sample of
2126 formulas, and a validation sample of 2127 formulas. Each formula in
each subset was repeated 5 times, after which the sample was shuffled. As a
result, the training sample contained 85050 formulas, the test sample
contained 10630 formulas, and the validation sample contained 10635
formulas.

After dividing the dataset into samples, these data were used to train neural
networks of different architectures. Since the formulas were a sequence of
elements with specified parameters, the focus was on the neural network



architectures based on LSTM and one-dimensional convolutional layers.
The input of the neural network was fed with a processed formula consisting
of 10 elements, each with 17 parameters: the coefficient of the element in
the formula and 16 parameters of a chemical element from the periodic table
of elements.

The models were trained in two stages. At both stages, the Adam optimizer
was used. At the first stage, training was conducted using the loss function
Mean Absolute Error, MAE with a learning rate value equal to 0.001. In the
second stage, the previously trained model was trained using the Mean
Squared Error, MSE loss function with a low learning rate equal to 0.0001.

4.2.4.1. Neural network models based on LSTM

Various architectures based on LSTM layers were considered during the
study. The architectures and their names that gave the most accurate results
are shown in Figure 4.1.7. Different activation functions and dropout values
were investigated for these networks. The training results for these
architectures are shown in Table 4.2.1.
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Figure 4.2.7. Model architectures based on LSTM layers
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Table 4.2.1. Results of training models based on LSTM layers

Model
name

Dropout
regularization

Activation
function

MAE (degree °K)

MSE (degree °K2)




R1 0 none 4.8908 92.1871
RI 0 Relu 5.1268 100.8792
R1 0.05 none 4.8328 93.8598
R1 0.05 Relu 5.0758 97.2897
RI 0.1 none 4.9218 94.8925
RI 0.1 Relu 5.1089 96.2879
R2 0 none 4.9705 100.8791
R2 0 Relu 5.1798 110.8971
R2 0.05 none 4.9518 99.8791
R2 0.05 Relu 5.1209 107.9871
R2 0.1 none 5.0129 97.5872
R2 0.1 Relu 5.1408 100.1879
R3 0 none 4.9287 96.7898
R3 0 Relu 5.1287 110.8987
R3 0.05 none 4.9019 95.1982
R3 0.05 Relu 5.0791 105.2847
R3 0.1 none 4.9271 95.0879
R3 0.1 Relu 5.0971 101.2878
R4 0 none 4.9833 99.7972
R4 0 Relu 5.0917 100.1972
R4 0.05 none 4.9613 96.4879
R4 0.05 Relu 5.0796 104.1975
R4 0.1 none 4.9486 95.1479
R4 0.1 Relu 5.0579 109.1871

According to the analysis of these results, the best results were obtained by
neural network R1 of three LSTM layers, without neuron activation function
on recurrent layers, with dropout value on each of the layers equal to 5%.
The best results were obtained with the number of epochs equal to 300 and
batch size equal to 200.

4.2.4.2. Univariate convolution based neural network models

The research also considered convolutional network architectures based on
one-dimensional convolutional layers. For each layer, L2 regularization was
applied with a value of 0.0001 to reduce the effect of overshooting. The
architectures and their indices that gave the most accurate results are shown
in Figure 4.2.8. For convolutional neural networks, training was performed
at different kernel sizes. The convolution kernel size varied from 2 to 5.
Training results for these architectures are shown in Table 4.2.2.
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Figure 4.2.8. Model architectures based on one-dimensional convolution
layers



Table 4.2.2. Results of training models based on one-
dimensional convolutional layers

Model name CZZ:ZZ??ZZM MAE (degree °K) MSE (degree °K2)
Cl 2 4.7972 85.8867
Cl 3 4.7287 85.4572
Cl 4 4.7553 83.9879
Cl 5 4.7843 89.4839
c2 2 4.8138 88.3587
c2 3 4.7628 89.7028
c2 4 4.8575 86.9126
c2 5 4.8052 85.8867
C3 2 4.8975 86.0501
C3 3 4.7559 85.7088
C3 4 4.8641 85.3812
C3 5 4.8384 88.4810

The best results for convolutional neural networks were obtained with kernel
size equal to three. The best results were obtained with the number of epochs
equal to 300 and batch size equal to 200.

4.2.43. Cross validation approach to train neural network
models

Cross validation training was used for variant architectures. The original
dataset 0f 21263 values was divided 10 times into 90% of the training subset
and 10% of the test subset. In addition, each value in each subset was
duplicated five times, and then the subsets were mixed. The cross validated
training subset contained 95685 formulas and the test subset contained
10630 formulas. The best training results using cross validation are shown
in Table 4.2.3.

Table 4.2.3. Training results using cross validation layers

Model name MAE (degree °K) MSE (degree °K2)
RI 4.8009 79.1871
Cl 4.6608 78.0079
c2 4.7025 76.4987
C3 4.6989 79.7912




All neural network architectures were trained on the best dataset with cross
validation. All modules have two versions: adapted for MAE and adapted
for MSE. The process of neural network training for MAE is shown in figure
4.2.9.
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Figure 4.2.9. Neural network training process for MAE loss function for
cross validation

The version of the cross validation dataset that gave the best training results
and the neural networks trained on this data were saved and used to create
the ensemble of neural networks.

4.2.4.4. Ensemble Neural Network Models

Since the C2 and C3 neural networks have a similar architecture, they were
adapted to minimize MSE losses and combined into an ensemble. After
training, the ensemble of C2 and C3 neural networks was inserted into the
final ensemble. The C1 model was added in two versions: one adapted to
minimize MAE losses and one adapted to minimize MSE losses. The final

ensemble architecture of the pre-trained neural networks is shown in Figure
4.2.10.



Figure 4.2.10. Ensemble architecture of pre-trained neural networks

In the ensemble, all outputs of all pre-trained models were combined and
analyzed by a fully coupled layer. During the learning process, weights of
the pre-trained models were frozen, only the last fully connected layer of 64
neurons was trained. The output values of 6 pre-trained networks were
combined and sent to the full layer of 64 neurons with the "ReLU" activation
function. The result of the full layer is used to estimate the critical
temperature of the superconductor.

The final version of the ensemble was trained in 2 stages. In the first stage,
training was performed using the mean absolute error loss function, MAE,
with a training rate value equal to 0.00001. In the second stage, the
previously trained model was trained using the Mean Squared Error loss
function, MSE with a low learning rate equal to 0.0000001. The low learning



rate can be explained by the fact that the ensemble consists of already pre-
trained models. The best results were obtained with the number of epochs
equal to 20 and batch size equal to 200. The ensemble training process to
minimize MAE losses is shown in Figure 4.2.11.
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Figure 4.2.11. Ensemble training process to minimize MAE losses

The error of this ensemble after training is 4.068 for MAE loss, 67.272 for
MSE loss. After minimizing, MSE, loss, the coefficient of determination,
R2, was calculated. The coefficient of determination, R2, is 0.923. Also,
after minimizing the MSE loss, the root-mean-square error, RMSE, was
calculated. The RMSE is 8.202. The final ensemble of neural networks has
1330247 trainable parameters.

425, Results

This study examined the application of neural networks to the analysis of
superconductor tempers. The analysis was based on the properties of
chemical elements and their coefficients in the chemical formula. As a result,
neural networks with convolutional and recurrent architecture were trained.
An ensemble of neural networks was created as a combination of the best
choices of pre-trained neural network architectures.

The accuracy scores of the ensemble after training are shown in Table 4.2.4.



Table 4.2.4. Post-training accuracy of the ensemble compared to
its constituent models.

Model RMSE (degree °K) R2 MAE (degree °K)
name
Ensemble
RI CI, C2, 8.202 0.923 4068
C3
networks
RI 8.899 0.892 4.801
cl 8.832 0.897 4.661
2 8.749 0.906 4.703
C3 8.932 0.890 4.699

Table 4.2.5. Prediction results for this ensemble compared to
previously developed algorithms.

; RMSE 0
Algorithm Author (degree °K) R2 MAE (degree °K)
Multiple regression L
(Hamidieh, 2018) Kam Hamidieh 17.6 0.74
XGBoost (Hamidieh, L.
2018) Kam Hamidieh 9.5 0.92
XGBoost (Hamidieh, Abdulkadir
2018) Karaci 9.091 0.928
Hybrid neural network .
(Shaobo et al, 2019) Shaobo Li 9,141 0.899 5.023
Proposed model Authors of this 8.202 0.923 4.068
dissertation

The RMSE of the developed ensemble is less than the minimum RMSE error
value of the previous algorithms. The RMSE value of the ensemble from
decreased by 0.889.

The coefficient of determination is larger than that of the previous
algorithms. The mean absolute error is less than the MAE of the previous
algorithms. The R2 of the ensemble from this study decreased by 0.005.

The mean absolute error of the developed ensemble is less than the minimum
error MAE of the previous algorithms. The mean absolute error of the
ensemble from this study decreased by 0.937.

Although the ensemble of neural networks lost exactly the coefficient of
determination, the MAE and RMSE values decreased significantly.
Comparison of the change in MAE and RMSE values with the value of the
coefficient of determination allows us to consider the decrease in the value
per coefficient of determination as insignificant compared to the



improvement in accuracy and decrease in MAE and RMSE values.

The developed neural network ensemble algorithm, like the previous
algorithms presented for comparison, is based on the same dataset. This data
set includes only the chemical formula of the superconductor and its critical
temperature. However, many substances can change their internal structure
depending on many factors. Adding information about the atomic structure
of the material under study to the model could greatly improve the quality
of models designed to analyze chemical compounds.

4.2.6. Conclusion

In this subsection “Neural network-based prediction of the critical
superconductivity temperature for superconducting materials based on their
chemical formula”, an ensemble of neural networks was developed to predict
the critical temperature of superconductors. The input data for this neural
network model is only the chemical formula of the material. Sorting the
chemical elements in the formula by the element number in the periodic table
of chemical elements allowed the neural network to concentrate more
actively on the actual parameters of the chemical elements, rather than on
the features of their representation in the chemical formula.

Since the chemical formula is a sequence of parameters, recurrent and
convolutional neural network algorithms were used in this neural network
model. The combined use of these algorithms allowed a high accuracy of the
target parameter, the critical temperature for the chemical formula. The
proposed method based on the neural network model can be useful for the
search of high-temperature superconductors.

4.3 Neural network-based prediction of the reduced
glass transition temperature of metal alloys based on a
neural network.

The reduced glass transition temperature Trg is an important parameter for
glass formation. Trg describes the glass formation in materials and the
behavior of materials during the transition between solid and liquid states
and is an important parameter for materials analysis, development and
production process. This subsection describes the process and results of
research on the development of a system for predicting the glass transition
temperature of metal alloys Trg based on recurrent neural network



algorithms. The developed system can predict the reduced glass transition
temperature Trg of metal alloys with high accuracy based on the analysis of
their chemical formula. The accuracy was evaluated by 3 metrics: MSE,
RMSE, MAE. The values obtained are as follows: MSE - 0.000678, RMSE
- 0.0260, MAE - 0.01835.

4.3.1. Introduction

Glass forming ability, GFA, describes the formation of glass in materials.
GFA can be represented by many parameters (Lu et al, 2000). Reduced glass
transition temperature Trg is one of the commonly used GFA parameters and
describes the behavior of materials during the transition between solid and
liquid states and is an important parameter for material analysis,
development and manufacturing process. Control of this parameter can be
used to control the crystal lattice structure of materials and control physical
and chemical parameters of materials. The knowledge of this parameter can
allow you to control the properties of materials made by casting methods.
Materials with different properties can be used in different spheres of human
activity: social, scientific, medical, etc.

The reduced glass transition temperature Trg is based on the glass transition
temperature Tg and the liquidus temperature Tl. The calculation of the
reduced glass transition temperature Trg is shown in Figure 4.3.1.

Trg=Tg /Tl

Figure 4.3.1. Calculation of the reduced glass transition temperature

The reduced glass transition temperature Trg depends on the composition of
the material. Thus, the analysis of the chemical composition of the material
can be used to calculate a given Trg.

This study is based on a public dataset on the reduced glass transition
temperature Trg for metal alloys (Wu et al, 2016) and investigates the
possibility of predicting the reduced glass transition temperature Trg of an
alloy based on the chemical formula of the alloy using neural networks.
Creating a model to predict Trg for an uncertain alloy will allow these values
to be used to estimate the GFA of the material directly or as input to another
model to then predict the GFA of the material with higher accuracy.



4.3.2. Materials
4.3.2.1. Data Analysis and Processing

This study is based on an open data set of reduced glass transition
temperature Trg for metal alloys. The dataset contains 585 samples with 23
columns of parameters.

The dataset contains two columns of material composition information. The
first column is the general composition and description of the chemical
formula of the alloy. This is the input parameter for the neural network
model.

The second column is the element of the chemical formula with the highest
order number. This column simply duplicates information that is not used in
the neural network model.

The reduced glass transition temperature Trg is in the third column and is
the target output parameter of the neural network model. It is used as a rough
predictor for the GFA.

Columns four through 23 are MAGPIE characteristics that were calculated
from the material composition column. These parameters give values such
as properties averaged over the material composition, as well as
characteristics that apply only to most of the elements in each alloy (Ward
et al, 2015). These parameters are used in the training process of the neural
network but are not used in the final model.

The output parameter Trg values are in the range of 0.223 and 0.688. The
largest number of alloys have a Trg value close to 0.6.

This dataset is divided into a training dataset, a validation dataset, and a test
dataset. The training dataset is 80% of the full dataset, 468 samples. The test
dataset is 10% of the full dataset, 58 samples. The validation dataset is 10%
of the full dataset, 59 samples.

The original data set has a small number of samples and random division
may have statistical anomalies in the distribution of the data. Using the
Kolmogorov-Smirnov test [Wayne et al, 1990] helps avoid problems with
the distribution of the data. The data were randomly partitioned and
compared to the distribution of the original data to obtain the minimum value



of the Kolmogorov-Smirnov test. The distribution with the minimum value
of the Kolmogorov criterion and the most similar to the original distribution
is shown in Figure 4.3.2.
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Figure 4.3.2. Distribution of the reduced glass transition temperature in
the initial, training, test and validation data sets

Figure 4.3.2. denotes distributions:

(a) The distribution of the data in the original data set;
(b) Distribution of data in the training dataset;

(c) The distribution of the data in the test data set;

(d) The distribution of data in the test data set.

Formulas in the dataset are represented by lines containing formula
descriptions in classical chemical format, e.g., Cu47Ti33Zr11Ni2Sn6Si.
During data processing, each formula is broken down into two lists. The first
list contains the elements of the formula. The second list contains the
chemical coefficients of the formula.

Each unique element from list 1 is analyzed by the tokenizer
(Ramasubramanian et al, 18) and receives a unique integer label.



The chemical coefficients in a formula can have significantly different
values. The neural network will not give good results for raw values of
chemical coefficients. To avoid scattered values, these parameters are
standardized (Shanker et al, 1996).

A chemical formula can have up to 9 elements in its composition. The neural
network cannot analyze data with dynamic length. Each formula with a small
number of elements is complemented by up to 9 zeros at the beginning of
the formula in both lists.

4.3.2.2.  Neural network design and training

A neural network based on LSTM recurrent layers was developed for data
analysis (Understanding LSTM Networks)

The neural network has 2 input layers, which receive data about the chemical
composition of the alloy.

The first input layer receives data on the chemical elements of the alloy,
designated by integer labels. They are analyzed by the embedding layer (Vo
et al, 2019), and each chemical element label is described by a tensor of 64
elements. At the output of the embedding layer, a two-dimensional array of
9x64 tensors is formed.

The second input layer receives standardized coefficient values of chemical
elements of the formula. It is merged with the two-dimensional 9x64 tensor
array by the concatenate layer. The resulting 9x65 array is analyzed by two
consecutive LSTM recurrence layers. The output of the recurrence layers is
a 9x128 tensor array.

This 9x128 array is converted into a tensor of size 1152 and subjected to a
dropout regularization (Yarin et al, 2017) to eliminate the overfitting effect
(Hawkins et al, 04). The resulting tensor is passed to the last layer to predict
the target features. The last output layer does not use any activation function.

The neural network uses the mean square error MSE as a loss function and
the mean absolute error MAE as an additional metric. The training uses an
Adam optimizer, which has a progressively decreasing learning rate. The
learning rate starts at 0.01 and decreases to 0.0001.

These parameters were optimized and obtained by TensorFlow HParams
Dashboard grid search.



The training is done in two stages. In the Ist stage, the neural network is
trained to predict every available 21 features of the chemical formula: the
reduced glass transition temperature Trg and 20 MAGPIE features. In the
second stage the neural network is trained to predict only the reduced glass
transition temperature Trg.

This training allows the neural network on the 1st step of the training to get
the most complete understanding of the structure of the analyzed data, which
allows to get the best results of the target metrics on the 2nd step.

Neural network architecture on the 1st step of training is presented in figure
4.3.3.
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output: | [(None, 9)]
Y
input: None, 9 input: None, 9,1
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output: (None, 9, 65)
Y
input: (None, 9, 65)
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output: | (None, 9, 128)
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input: | (None, 9, 128)
LST™M
output: | (None, 9, 128)
Y
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output: | (None, 1152)
input: | (None, 1152)
Dropout
output: | (None, 1152)
Y
input: | (None, 1152)
Dense

output: (None, 21)

Figure 4.3.3. Neural network architecture on the 1st stage of training



Training on the 1st stage is performed for 1000 epochs. The process of
changing the value of loss function MSE is shown in figure 4.3.4.
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Figure 4.3.4. Change of MSE loss function value at the 1st stage of
training

The best obtained values of MSE loss function and MAE metric for 21
output features at the 1st stage of training are as follows: MAE - 0.0857,
MSE - 0.0348. This is the sum of the losses for each of the 21 output features.
This model has 264.725 total parameters. This version is retained.

After step 1 the best version of the neural network is reconstructed. The
output layer of the reconstructed model is removed. In the second step a new
output layer with one output value is added to the model. The training
parameter for the pre-trained model is disabled for the first step of step 2,
because the new untrained layer may disturb the weights of the pre-trained
neural network. In the first step of step 2, only the last layer of the model is
trained. The model is trained for 100 epochs at a learning rate of 0.01. At
this stage the model has 241.665 total parameters and 1.153 trainable
parameters.

The architecture of the neural network in the second stage of training is
shown in Figure 4.3.5.
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Figure 4.3.5. Neural network architecture in the 2nd stage of training

The first step of training at the 2nd stage is done in 100 epochs. The process
of changing the value of loss function MSE is shown in figure 4.3.6.
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Figure 4.3.6. Change of MSE loss function value at the 1st step of the 2nd
stage of training

The best values of MSE loss function and MAE metric for 1 output feature
at the 1st step of the 2nd stage of training are as follows: MAE - 0.02098,
MSE - 0.000799. This version is retained.

After the 1st step of the 2nd stage the best version of the neural network is
restored. The training parameter for the full model is turned on. The model
is trained for 100 epochs with a low learning rate of 0.0001. At this stage the
model has 241.665 trainable parameters.

The best values of the MSE loss function and MAE metric for 1 output
feature at step 2 of the 2nd stage of training are as follows: MAE - 0.01835,

MSE - 0.000678. This version is retained. This is the final version of the
model.

4.3.3. Results

This dataset is small, and dividing it into test, validation, and training
samples randomly creates anomalies in the distribution of the data. Using a

dataset with a larger data size can significantly improve the performance of
the neural network.

In addition, the quality of neural network training can be improved by using



additional data.

Another way to obtain the most robust model can be to further balance the
data by clustering it. This approach, however, will reduce the quality of the
model's target metrics, but will allow it to give the same quality on the target
metrics on any distribution of data.

4.3.4. Discussion

This subsection “Neural network-based prediction of the reduced glass
transition temperature of metal alloys based on a neural network™ developed
a recurrence layer based neural network model to analyze the chemical
formulas of alloys and predict their reduced glass transition temperature Trg.
Training was performed in 2 stages. In the st stage of training, the model
received the fullest available information about the chemical compound. At
the 2nd stage, the model trained at the 1st stage was improved to predict only
the target parameter - reduced glass transition temperature Trg.

The model works with the processed data. Names of chemical elements were
subjected to tokenization. The coefficients of chemical elements were
subjected to standardization. Using tokenization without additional allowed
to show that neural networks can be used for prediction even if only
information about the structure of the material is known, but the properties
of its components are unknown. This approach can be used to analyze
materials whose structure is incompletely described at different scales.

The combination of data processing algorithms and neural network learning
algorithms resulted in the best metric values. The best obtained values of
MSE loss function and MAE metric are as follows: MAE - 0.01835, MSE -
0.000678. The calculated value of RMSE is 0,0260.

4.3.5. Conclusion

This subsection “Neural network-based prediction of the reduced glass
transition temperature of metal alloys based on a neural network” shows the
process of developing a recurrent layer based neural network to analyze the
chemical formulas of alloys in order to predict their reduced glass transition
temperature Trg. As a result, the final neural network model has metric
values: MAE - 0.01835, MSE - 0.000678, RMSE - 0.0260.

The possibilities and peculiarities of using neural networks for the analysis



of chemical formulas of dynamic size with a wide variation of their
coefficients are demonstrated. Since the analyzed data set has a small size,
the work provides examples of data anomalies elimination and processing.

4.4 Neural network-based prediction of the
composition of paper-like materials based on the specified
chemical and physical parameters

This subsection describes the development of a neural network to analyze
the composition of paper-like materials based on specified chemical and
physical parameters. The development of new paper-like materials is a long
and expensive process. The use of material parameter modeling can make it
possible to speed up and cheapen the production process of new materials.
For this purpose, a neural network model is proposed in this section. It is
required to predict 5 parameters. Five models are trained. Each model has
15 input parameters. Each model has its own predicted parameter describing
the physical and chemical composition of the material approximating the
properties of the given input physical and chemical input parameters. On the
available data for calculation of concentrations of different particle sizes:
nano solid fibers NSF-0,1; micro solid fibers MSF-0,25; macro solid fibers
MSF-0,4; ultra-solid fibers USF-0,6 the values of average absolute error of
calculation of concentrations equal to 4.1%; 5.3%; 23.4%; 14% respectively
were obtained. For the calculation of AI2(SO4)3 concentrations, the value
of the mean absolute error is 1.5%.

44.1. Introduction

Paper-like materials consist of different types of particles and are produced
over a long period of time. The process of developing such new materials is
a lengthy experimental study due to the length of time it takes to produce
different formulations and test them, but the results of such a study will allow
the production of cheap materials with different properties from cellulose
fibers (Zhu et al, 2016; Mosier, 2005). Such materials can be used in various
applications and exhibit different physical and chemical properties due to
different concentrations of their constituent cellulose fibers of different
shapes and sizes (Abdul et al, 2014).

These materials are eco-friendly and can be used in various social, scientific,
technical fields of aspects of the human activity. Paper-like materials can
have different physical and chemical properties, depending on the shape and



size of the cellulose fibers used in their creation, as presented in this dataset.
Also, such materials are developed based on environmentally friendly
materials and are safe for human use for a long period of time in scientific,
social, medical, and technological fields of activity. However, finding a
material with the desired properties and predicting the material composition
based on the desired properties is a challenging task (Lavoine et al, 2012;
Klemm et al, 2005). For this process, this section proposes to train and use a
neural network model.

4.4.2. Materials

The data for the analysis is a table with experimentally obtained results from
experiments with paper-like materials with known compositions. After
purging the uncorrected results, the table contains data on the properties and
structure of paper-like materials for 45 tested samples. Each sample is
described by 20 parameters.

The table is divided into a training subsample of 36 samples, a test
subsample of 4 samples, and a validation subsample of 5 samples.

The parameters NSF-0.1; MSF-0.25; MSF-0.4; USF-0.6; Al2(SO4)3
determine the structure of the material and will be used in the training
process as output predictive parameters.

The coefficients in parameters NSF-0,1; MSF-0,25; MSF-0,4; USF-0,6
define the size of used fibers. The values of parameters NSF-0,1; MSF-0,25;
MSF-0,4; USF-0,6 define a concentration of these fibers in a final material.
In total, these parameters give 100%. The parameters were normalized to a
range of 0 to 1.

The parameter Al12(SO4)3, describes the concentration of aluminum sulfate
used in production. The value is in the range of 0 to 15%. The parameter is
normalized to a range of 0 to 1.

Parameters airflow resistance, Pa; airflow resistance, mm water column. ;
particle slip coefficient, max; particle slip coefficient, min; cleaning
efficiency, max; cleaning efficiency, min; porosity, ml/min; roughness,
ml/min; porosity by Herlel, sec; modulus of elasticity, MPa, transverse;
modulus of elasticity, MPa, longitudinal; tensile strength, MPa, transverse;
tensile strength, MPa, longitudinal; strain, %, transverse; strain, %,
longitudinal; tensile length, m, transverse; tensile length, m, longitudinal;



forming index determine material properties and will be used in the model
as input parameters. These parameters were also standardized during data
preparation and analysis.

The table property columns porosity, ml/min; roughness, ml/min; and Herlei
porosity, sec contain uncorrected measured values that cannot be used to
train the machine learning system. It is impossible to exclude rows with
incorrect measured values due to the extremely small amount of data for
analysis, 45 examples. Excluding individual rows would have a much more
negative impact on the final model than eliminating these columns from the
calculations. These columns are excluded from the calculations. If the
amount of experimental data increases, these columns can be included back
into the calculation, and the rows with incorrect values are excluded from
the calculation.

4.4.3. Methods

Figure 4.4.1 shows the neural network architecture for predicting the
selected parameter. At the end of training 5 such neural network models will
be trained, 1 for each target parameter of composition.
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Figure 4.4.1. Neural network architecture

During model training, because of the small amount of data, the starting




weights of model neurons have a significant impact on the final result. Model
starting weights are generated based on a normal distribution. To use this
fact to improve the target performance of the model, the model with the same
structure is trained 100 epochs 30 times for each parameter. The model with
the best performance is retained. The mean absolute error is used as the loss
function. The optimizer is Adam with a learning rate of 0.001.

This approach can be used to predict properties based on composition and
vice versa, composition based on required properties. However, due to
significant data limitations, predicting properties based on composition with
satisfactory accuracy is not possible because the possible variations of 5
composition elements are not sufficient to predict 15 parameters of a given
material. This problem can be eliminated by expanding the data set used to
train the models.

More promising is the variant of predicting material structure on the basis of
required parameters, because 15 parameters give a much larger number of
different variations of values than 5 parameters. This fact makes it possible
to predict the 5 parameters of the material structure, despite the significant
limitation in the data.

The influence and correlation of the corresponding eclements of the
composition on the final properties are investigated, taking into account the
factor that the sum of values of columns NSF-0,1; MSF-0,25; MSF-0,4;
USF-0,6 must be 100%. Each parameter is calculated by the model
independently Since any machine learning model has an error in the
predicted readings, the column with the least influence on the target
parameters is filled with the value supplementing the composition to 100%.
That is, 3 parameters out of 4 are predicted. The last parameter, which has
the worst correlation value and is the most difficult to predict, is calculated
by augmenting to 100%. The neural network is not used to calculate the
concentration of this parameter.

The parameter Al2(SO4)3 is calculated by a different model separately from
NSF-0,1; MSF-0,25; MSF-0,4; USF-0,6.

4.4.4. Results

The models for each predicted parameter were trained independently.

Due to the small amount of data, the initial weights of the neural networks



have a significant impact on the results. The model with the same structure
is trained 100 epochs 30 times for each parameter to improve the target
performance. The model with the best performance is retained. The
experiment is repeated for standardized and normalized parameters.

Due to the small amount of data at the first epochs, incorrect readings of the
accuracy of the neural network are possible. The analysis of the quality of
model performance begins at epoch 10 of training. Epochs before 10 are not
used in the analysis of the neural network performance. After epoch 10 the
neural network reaches the learning plateau and the quality of the model on
the test data does not change jumps. Figure 4.4.2 shows the learning process
of neural networks and the change of mean absolute error after 10 epochs

for each of the target parameters to predict normalized data for training and
test data.
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Figure 4.4.2. Process of training of neural networks and change of mean



absolute error for selected parameters on normalized data

In the process of training for normalized parameters NSF-0,1; MSF-0,25;
MSF-0,4; USF-0,6 we managed to achieve values of mean absolute error
0.041; 0.053; 0.26; 0.14 respectively, which correspond to prediction
accuracy in absolute values of 4.1%; 5.3%; 26%; 14%.

The parameter MSF-0,4 was predicted with the highest error. This means
that in the available data the dependence between input parameters and a
given output parameter is minimal. However, it is present because if there
were no dependence at all, the error would be 0.5. It is likely that more data
will be needed to identify this dependence more accurately.

As a result, the model for the calculation of MSF-0,4 is excluded from the
final calculation and this parameter is calculated by adding it to 100% on the
basis of the calculated parameters NSF-0,1; MSF-0,25; USF-0,6. With this
approach, the error for the calculation of MSF-0,4 will be between 14% and
23.4% in the worst case forecast, when all parameters NSF-0,1; MSF-0,25;
USF-0,6are calculated with maximum error. Even in the worst case of this
approach, the forecast quality improves by 2.6%.

In the learning process for the standardized parameters AI2(SO4)3 it was
possible to achieve a mean absolute error value of 0.09, corresponding to a
prediction accuracy of 1.35% in absolute values, since the initial range for
this parameter before normalization was 0-15%.

445, Conclusions

In this subsection “Neural network-based prediction of the composition of
paper-like materials based on the specified chemical and physical
parameters”, the capabilities of neural networks to predict the composition
of paper-like materials based on the required chemical and physical
parameters are discussed. Prediction accuracy values of 4.1%; 5.3%; 23.4%;
14% were achieved for NSF-0.1; MSF-0.25; MSF-0.4; USF-0.6,
respectively.

In the available data, the relationship between the physical and chemical
parameters and the MTB-0.4 output parameter is poorly traced. The
correlation between the physical and chemical parameters and the output
parameter of USF-0.6 is somewhat better traced. However, correlations
between input and output parameters of MSF-0,4 and USF-0,6 are observed,



hence with the increase of the analyzed data volume the probability of
detection of dependencies and correct model training is high. Also, the use
of additional calculations may allow to reduce the error of calculations
without increasing the dataset.

The problem of dataset size has been solved by multiple training of the
neural network. Randomly generated weights were used to find different
features of the data. The model with the best loss function score for each
feature was retained. The model with the worst loss function score for
parameter MSF-0.4 was excluded from the calculations. The calculations
were performed by adding the concentration to 100%. This approach
allowed an accuracy gain of 2.6% for this parameter.

4.5 Neural network for generation of composition and
parameters of metal alloys based on specified range of
known and unknown parameters

This subsection describes the development of a generative-adversarial neural
network for generating metal alloy compounds with given parameters. The
resulting alloy is described by 19 parameters. 5 parameters describe the
properties of the alloy. 14 parameters describe the composition of the alloy.
The parameters are normalized to a range of 0 to 1 before being processed
by the neural network. The generator in the generative-adversarial network
has 4 input layers. The first input layer receives noise to generate different
realistic parameters at the same input values. The second input layer is a
mask with descriptions of known and unknown parameters. The number of
unknown parameters can be up to 10. The third input layer receives the
minimum allowable values of the parameters specified by the user. The
fourth layer of the generator receives the maximum allowable values of the
parameters. The generator output generates 19 parameters describing the
alloy based on the parameters specified at the input. The discriminator
checks the validity of the prediction made by the generator. The
discriminator has 4 inputs. The first input layer of the discriminator receives
the forecast made by the generator. The other 3 inputs come from the
generator input layers 2,3,4. The generator-adversarial neural network is
able to generate the composition and properties of alloys with a mean
absolute error value of 0.082 units relative to the normalized range of test
data parameters, i.e. with an accuracy of 91.8% relative to the real value



45.1. Introduction

Material design is a complex but important task. Sustained scientific,
medical technical and social progress requires new materials for use in
various human activities (Himanen et al, 2019; Dresselhaus et al, 2005;
Stach et al, 2021; Pintsuk et al, 2019). One of the important areas of materials
development is the development of new metallic alloys (Himanen et al,
2019; Pintsuk et al, 2019; Kipouros et al, 2006). A challenging aspect is the
development of a mathematical model for several metallic alloys that takes
into account the interaction of the various components of the alloy and the
influence of these interactions on the final material properties (Kipouros et
al, 06; Hardian et al, 2020).

The development of artificial intelligence and machine learning algorithms
has made it possible to automate the search for dependencies between alloy
components and to automate the calculation of the influence of components
on the final material properties (Himanen et al, 2019; Ball, 2019; Sha et al,
2020; Wei et al, 2019; Huang et al, 2020). However, the use of machine
learning and artificial intelligence has long been limited to predicting the
properties of alloys based on their composition, and the automatic creation
of materials based on their chemical composition and required parameters
has long remained a challenging task (Himanen et al, 2019; Huang et al,
2020).

The use of generative-adversarial neural networks can allow the generation
of data according to given parameters and constraints (Creswell et al, 2018;
Wang et al, 2017). This approach can also be applied to the design of
materials with given parameters and properties.

This subsection describes the possibilities of using generative-adversarial
networks to develop metal alloys with user-defined properties and
composition constraints. The subsection describes the neural network
architecture, the neural network training algorithm, the data preprocessing
algorithm and the results obtained.

45.2. Materials

This paper uses an open-access dataset describing the properties and
composition of metal alloys (Mechanical properties of low alloy steels). The
dataset contains 915 lines with descriptions of metal alloys with different
compositions under different conditions. Each alloy is described by 20



parameters: alloy code, C, Si, Mn, P, S, Ni, Cr, Mo, Cu,V, Al, N, Ceq, Nb +
Ta, Temperature (°C), 0.2% test stress (MPa), tensile strength (MPa),
elongation (%), area reduction (%).

Alloy code - description of the alloy grade. This parameter was important in
dividing the data set into a training data set, a test data set, and a validation
data set. The alloy grades that were in the training dataset were not added to
the test and validation datasets. There are a total of 95 alloy grades in the
dataset. The training dataset contains descriptions of 76 alloys and 729
samples, the test dataset contains 9 alloys and 88 samples, and the validation
dataset contains 10 alloys and 98 samples. After splitting into training, test
and validation datasets, the "Alloy Code" column is removed from the
dataset because it does not contain information that can be used in the
generative-adversarial neural network. Only the numerical parameters of the
alloys remain.

The range of values for the remaining 19 parameters varies considerably,
which would complicate the analysis of such data and the training of the
neural network. The range of values for each parameter is normalized to a
range of 0 to 1 based on the training dataset. Test and validation datasets
were not used in calculating the parameters for normalization. This was done
to avoid data leakage from the test dataset to the training dataset.

45.3. Methods

The generator-adversarial network is a unsupervised learning algorithm
based on a combination of two neural networks, a generator and a
discriminator. The generator is trained to generate data samples. The
discriminator is trained to distinguish correct samples from incorrect ones
(Creswell et al, 2018; Wang et al, 2017).

A brief description of the order of the stages of training the generative-
adversarial network for this study is shown in Figure 4.5.1.
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Figure 4.5.1. Stages of training a generative-adversarial network

The discriminator is trained to the task of classifying real and false data
generated by the generator. The discriminator is trained on two batches in 1
learning step of the generative-adversarial network. One batch contains real
data with a label of real data. The second batch contains generator-generated
data with labeled fake data.

Then, in the same training step of the generative-adversarial network, after
training the discriminator on the real and generated data, the generator is
trained to generate realistic data.

The discriminator's trainability is turned off. The input data and random
noise are fed to the input of the generative-adversarial network. The noise is
used to generate different values from the same data. The generator within
the generation-adversarial network generates the data and sends it
immediately to the discriminator. At this point, the generated data is assigned
areal data label. The generator is trained to generate more realistic data.

The generator resulting from the training can be used to generate the desired



data. The discriminator from the training results can be used to check the
generated data for plausibility. For realistic objects generated by the
generator, the discriminator score has a higher value. For unrealistic objects,
the discriminator returns a low probability value.

The generator-adversarial network is a generator and a discriminator
connected in series. The architecture of the generator-adversarial network is
shown in Figure 4.5.2
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Figure 4.5.2. Architecture of the generative-adversarial

The generator has 4 input layers.

The first input layer receives noise to generate different realistic parameters
with the same input values. The noise consists of 100 random parameters



generated based on a normal distribution. The noise values are distributed
between 0 and 1.

The second input layer is a mask with descriptions of known and unknown
parameters. A value of 0 indicates a parameter whose value range is known.
A value of 1 indicates a parameter whose value is unimportant or completely
unknown. The number of unknown parameters can be up to 10.

On the third input layer comes the minimum acceptable values of the
parameters, specified by the user. If a parameter corresponds to an element
of mask 1 on the second input layer, there is no information about this
parameter and it must be generated. On the third layer this parameter is set
to -1. With the parameter normalization option selected earlier in the O to 1
range, the value -1 is an unreachable value. This value can be used as a
marker for unknown values.

The fourth level of the generator receives the maximum allowable parameter
values. If a parameter corresponds to a mask element 1 on the second input
layer, there is no information about this parameter and it must be generated.
On the fourth layer this parameter is set to -1. With the parameter
normalization option selected earlier in the range 0 to 1, the value -1 is an
unreachable value. Such a value can be used as a label for unknown values.

If there is no information about the parameter, the value -1 for it must be set
simultaneously on the 3 and 4 input layers.

The generator output generates 19 parameters describing the alloy based on
the parameters set at the input. The unknown parameters are restored by the
generator in the normalized range.

The generator is trained using an average absolute error loss function and
Adam's optimizer. The learning rate of the optimizer is 0.001. The batch size
is 20.

The discriminator checks the validity of the prediction made by the
generator. The discriminator has 4 inputs.

The first input layer of the discriminator receives the prediction made by the
generator. These inputs are used to check the realism of the generated data.
During discriminator training, this discriminator input receives not only data
from the generator, but also realistic data.



The other 3 inputs are fed from the input layers of the generator 2,3,4 without
any processing.

Binary cross-entropy loss function and Adam's optimizer are used to train
the discriminator. The learning rate of the optimizer is 0.0005. The
exponential decay rate for the first moment estimates beta 1 is 0.5. The
batch size is 20.

Learning of the discriminator in the generative-adversarial network is
disabled. Only the generator will be trained in it. The discriminator is trained
separately. To train the generative-adversarial network we use a binary
cross-entropic loss function and Adam's optimizer. The learning rate of the
optimizer is 0.0005. The exponential decay rate for estimating the first
moment beta 1 is 0.5. The batch size is 20.

Model hyperparameters were obtained by HParams Dashboard with
Hyperband algorithm (Li et al, 2018).

Figure 4.5.3 shows the change in the error of the generator loss function. The
error of the generator decreases i.e. the generator creates more and more
realistic objects based on the given parameters.
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Figure 4.5.3. Generative-adversarial architecture

In Figure 4.5.4 you can see how the generator learns more and more



accurately with each new epoch to generate examples with enough realism
to bypass the discriminator. It becomes harder for the discriminator to
distinguish the generated data from the real data with each new epoch.
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Figure 4.5.4. Learning process of the discriminator. Growth of error (up)
and decline in accuracy (down) of the discriminator

The peak value of the error at the initial epochs characterizes the beginning
of learning of the generator. The generator at this stage begins to find



dependencies in the data. The task of the discriminator changes sharply from
classification of real data and random noise to the task of classification of
real data and generated data.

45.4. Results

With different options for generating weights and neural network
architectures, the best results were achieved between 5,000 and 3,000
epochs. The best version is shown below. For the best version, training lasted
990 epochs.

Generator error was checked against the training and validation data every
10 epochs. The generated data were compared to the raw data. The error was
calculated based on the loss function used by the average absolute error
generator. Figure 6 shows the variation of the generator average absolute
error loss function for the training and validation data.

The generator model with the lowest loss function value on the validation
data was retained. The discriminator was saved with it.

The generator model with the lowest value of the mean absolute error loss
function on the validation data was obtained. The discriminator was saved
with the generator at this epoch. The minimum value of the mean absolute
error on the validation data is 0.082. Since the parameters were normalized
to a range of 0 to 1, this value of the generator loss function can be seen as
an accuracy of 91.8% relative to the real value of the calculated parameters.

Using a lower learning rate increased the final value of the oscillator loss
function. Presumably, the training of the model weights stopped at a local
minimum. Training the model at a higher rate reduced the probability of
successful convergence of the oscillator and model discriminator.

The discriminator's performance can be used to assess the degree of realism
of the proposed material. The value returned by the discriminator increases
as the realism of the material proposed by the generator increases.

Neural networks can also be trained to predict the missing material property
based on what is already known. If the generator is trained well enough to
generate realistic examples, the error in predicting the missing parameter
will not exceed the sum of the error of the generator and the trained model
on the predicted parameter.



Having trained the models to predict the missing parameter on real data, such
models can be used to evaluate the realism of the generated materials.

By analyzing each parameter with a separate neural network and predicting
its value based on the other known parameters, you can get an error value
for each parameter. If you add up these values and look at the discriminator
value, you can find out how realistic the material was generated. Figure 4.5.5
shows the correlation of the discriminator value predicting the realistic
material along the X axis and the calculated error for the generated alloy
under given conditions along the Y axis.
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Figure 4.5.5. Correlation of discriminator prediction and neural network
error

The generator generated 200000 variants of material with different levels of
realism. You can see that most of the materials have a low level of realism.
The higher is the discriminator value, the higher is the material realism.
Generated materials with discriminator value less than 0.5 have less than
50% probability to have characteristics close to the generated ones. Such
materials are of no interest.

Of particular interest are materials with high realism and low error in the
lower right part of Figure 5.5. These material values can exhibit the desired
properties and parameters with the highest probability. However, they need
to be further constrained by tight limits on the required parameters with a



small tolerance on all analyzed parameters. The generator is a neural
network and therefore never returns a perfectly accurate value. For example,
if the upper and lower bounds of the parameter range are 0, the neural
network will not return 0, but a value close to 0.

45.5. Conclusions

This subsection “Neural network for generation of composition and
parameters of metal alloys based on specified range of known and unknown
parameters” describes the development of a generative-adversarial neural
network for generating metal alloy connections with given parameters.

As aresult, the generative-adversarial neural network has been trained. It is
now capable of generating composition and properties of alloys with an
average absolute error of 0.082 units relative to the normalized between 0
and 1 range of validation data parameters, i.e., with an accuracy of 91.8%
relative to the real value.

Generation of objects with required parameters based on known parameters
can be applied in various fields. This approach can be used not only for the
generation of metal alloys, but also for other data. For example, materials
science can train a model on data from related fields and then combine the
trained generators and discriminators into ensembles. Such an approach will
be able to describe the physical effects of materials in a versatile way and
avoid the problem of stopping learning at the local minimum of the feature
space.

Adding additional features to the data can improve the quality of developed
models. For example, such features can be parameters of chemical elements
from periodic table of elements.

In the future, it is planned to train the considered approach for related areas
of materials science. It is also planned to investigate the possibilities of
combining such trained models into ensembles.



4.6 Case study 2. A deep learning approach to predict
the properties and composition of materials with potential
capabilities in biomedical applications. Conclusion

In this subsection the possibilities of using neural networks for materials
analysis and prediction of their parameters have been considered.

Various approaches to the analysis of structure, composition and properties
of materials and prediction of unknown target parameters on the example of
different data in different areas in subsections 4.2, 4.3, 4.4, 4.5 have been
studied. These subsections show the development of the proposed idea.

The use of neural networks has been shown to be viable only when
appropriate preliminary data analysis is applied. Depending on the quality
and quantity of data, different neural network architectures and data
processing algorithms must be used.

Main obtained result points:

1. An algorithm for processing and representing composition and material
properties data to train neural networks for each of the cases considered.
Different approaches to the analysis and processing of material parameters
were demonstrated.

2. Development and training algorithms and trained neural network model
for prediction of critical superconductivity temperature for superconducting
materials based on their chemical formula. This work has been performed
and is described in detail in subsection 4.2. This subsection focuses on
exploring the possibility of using additional parameters of chemical
elements from the periodic table of elements to train neural networks.
However, this subsection has the disadvantage that it is not possible to
predict the composition of the material based on the required parameters.
Algorithms that allow generating are considered in further sections.

3. Development and training algorithms and a trained neural network model
for predicting the reduced glass transition temperature of metal alloys based
on a neural network. This work is performed and described in detail in
subsection 4.3. This subsection explores the possibilities of predicting target
material parameters without using additional parameters from the periodic
table and additional balancing of the data. The possibility of staggered
learning in several stages using additional output parameters under data



constraints is also studied. The considered approaches allow working with
limited data sets and predicting material parameters. However, this approach
does not allow us to generate material composition based on the required
material parameters.

4. Development and training algorithms and a trained neural network model
for predicting the composition of paper-like materials based on the specified
chemical and physical parameters. These works are performed and described
in detail in subsection 4.4. This subsection focuses on working with ultra-
small amounts of data and predicting material composition based on its
parameters. A material can have a variety of parameters. These parameters
can have a huge number of variations. Using these parameters as input data
for a neural network made it possible to describe the composition of the
material with a small amount of data. But the inverse task could not be solved
for the investigated data because 5 parameters searching material
composition was not enough to learn prediction of 14 physical parameters
of material with very little data. Also, the problem was weakened by the fact
that the material composition has well-defined physical properties, but
several materials can have the same physical properties. On a small amount
of data, this problem is pronounced, but a solution to this problem is not
possible. This issue is solved in the following subsection

5. Development and learning algorithms and a trained neural network
model for generating metal alloy composition and parameters based on a
specified range of known and unknown parameters. This work has been done
and is described in detail in subsection 4.5. This subsection discusses an
approach to predicting material properties on the basis of generative-
adversarial neural networks for a limited amount of data. Composition and
property parameters are normalized and predicted jointly. In this way, data
can be reconstructed for a number of unknown parameters. A method for
assessing the reliability of the reduced parameter prediction is also proposed.
This approach allows us to solve the problem of a small amount of data. The
problem of comparing the material properties and the set of its possible
compositions is also solved by using random noise and an algorithm for
assessing the reliability of the prediction.

Case Study 2, "A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications" is linked to items 8 and 9 on the list for the “good health and
well-being” goal of the Sustainable Development Goals 2030.



This section 4 describes process and results of research of using neural
networks for materials analysis tasks can reduce the final cost of materials
development. It can simplify the manufacturing process for the creation of
the materials with different target properties. This approach will make
widely available materials with different properties for different science,
social, industrial, and medical areas, which corresponds to the point 8 of the
list for the “good health and well-being” goal of the Sustainable
Development Goals 2030. Also, this approach can help in the development
of safe environmentally friendly materials and means to recycle biology and
chemically active substances, which corresponds to the goal 9 of the list for
the “good health and well-being” goal of the Sustainable Development Goals
2030.

Also, case study 2 “A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications” is related to points 4, 5 and 7 in objectives list for the industry,
innovation and infrastructure goal of the Sustainable Development Goals
2030.

The application of neural networks to analyze the properties, composition
and parameters of materials can allow to automate, simplify, improve the
process of finding, studying, creating materials with given parameters and
structure based on known parameters and from given components.

This approach may allow the development of materials with more
pronounced required parameters, solve environmental and economic
production by simplifying and reducing the cost of production chains. These
arguments allow to realize the point 4 of Industry, innovation and
infrastructure goal objectives. Section 4 describe algorithms for different
tasks: for prediction physical and chemistry properties based on the
composition; prediction of the composition based on physical and chemistry
properties; generation of composition and parameters of material based on
range of known and unknown parameters.

Making it easier to develop materials using artificial intelligence techniques
will allow more people to develop new materials. The cost of testing new
materials will decrease by reducing the cost, complexity, and number of
experiments required to achieve the desired material parameters. The
emergence of new materials will create new industries and process chains.
These arguments allow to realize the points 5 and 7 of Industry, innovation,
and infrastructure goal objectives.



The methods presented in Section 4 for using artificial intelligence for
materials analysis show that this approach can be used for various types of
materials analysis tasks. The use of artificial intelligence can lower the entry
threshold into this field and increase the number of researchers and private
research companies in this field.



5 CONCLUSIONS

This section presents the most significant conclusions drawn after the
development of this work. These conclusions are presented after completing
the tasks outlined in the Introduction chapter.

This dissertation began by exploring the potential of machine learning to
track and evaluate the progression and treatment of multiple sclerosis by
tracking the position of the fingers of the hand and measuring fingers
mobility. This topic was named “deep learning techniques applied to predict
and measure finger movement in patients with multiple sclerosis” and was
chosen as the first case study.

The topic explored the application of neural networks in medical area,
developed algorithms to handle the data, explored algorithms for training
neural networks and the principles of convolutional neural networks.
Algorithms of data augmentation allowing to hide certain features in data,
possibilities of images segmentation were developed and tested.

Further, in the process of research, the idea and understanding appeared that
successful development of different spheres of human activity, development



in social, medical, scientific or technical fields required not only algorithmic,
but also material basis.

The question of predicting material properties on the basis of its chemical
formula was studied, using the temperature prediction of superconductivity
of materials as an example. Neural networks have shown that they are able
to analyze the physical parameters of materials. This area was chosen as the
second case study and was named “a deep learning approach to predict the
properties and composition of materials with potential capabilities in
biomedical applications”. Next, the question of working with a limited
amount of data and the issue of data non-uniformity in glass transition
temperature prediction was investigated.

As aresult, enough results were obtained to move on to the task of predicting
material composition based on its properties using paper-like materials as an
example. In this work, there was an extremely limited amount of data
because measuring the structure of materials is more difficult than changing
their properties. The peculiarities of the influence of initial values of weights
on the results of neural network training with minimal data size were studied.

As a result, a generative-adversarial network for predicting material
parameters based on incomplete data about them was developed. Metal alloy
parameters were used as input data, but a similar approach can also be used
to predict parameters of any other materials. For the generative-adversarial
neural network, an algorithm was developed to evaluate the quality of the
generated example based on pre-trained neural networks and a discriminator.

The data had different representations at different stages. Depending on the
type of representation of the materials data, different options for data
processing and analysis are given.

A variety of data sources were used, as each demonstrated the maximum
level of difficulty manifested in the previous stage of the work. The use of
different data sources allowed a versatile study of the issues that arose and
the adaptation of the developed algorithms to different conditions. The data
processing algorithms and neural network training approaches developed in
this thesis can be used in various fields, offering different solutions to
problematic situations that may arise in the analysis of material properties
and neural network training.



5.1 Objectives, hypotheses and Research Questions

This dissertation work has made several contributions to artificial
intelligence methods and biomedicine: algorithms for data collection,
processing and analysis have been studied, neural networks of different
architectures have been developed and trained for application tasks on
different data, reliable results have been obtained using typical validation
metrics for each application. The completion of the various phases and
contributions of this dissertation was made possible by achieving the goals
presented in Section 1.1.

Two case studies with different research questions and specific objectives
were selected:

Case study 1. Deep Learning Techniques applied to predict and
measure finger movement for the patients with multiple sclerosis

Case study 2. A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications

The following research questions were selected and answered for case study
1 “Deep Learning Techniques applied to predict and measure finger
movement for the patients with multiple sclerosis” in this dissertation:

RQ 1. Deep learning algorithms can automatically measure with high
accuracy the angles value of the hand in one image. This research question
has been explored in section 3. The obtained results and comparation with
different methods are presented in the table 3.5.1. Ability of the deep
learning algorithms for the automatically measure with high accuracy the
angles value of the hand in one image has been explored and confirmed.

RQ 2. The use of non-standard ways of data augmentation allows to expand
the expand the possibilities of applying the neural network and increase its
stability. This research question has been explored in section 3. A data
augmentation algorithm was developed to hide the features of the data in the
images. This algorithm can be used to train a neural network to find hidden
features in the data. However, this algorithm can only be used in ensemble
with an algorithm trained on raw images. The use of this data augmentation
algorithm in real-time applications is difficult because of performance
issues.

Based on the hypothesis and the research questions posed, the goal of this
dissertation for this case study is to develop a system for predicting and



measuring finger movements in patients with multiple sclerosis based on
deep learning and computer vision algorithms. This aim has been reached.
Results are presented in the table 3.5.1.

To reach the main aim of this dissertation, the following specific objectives
SO need to be fulfilled.

SO 1. Determine the possibilities of different computer vision algorithms to
solve the problem of measuring the joint angles of fingers. This specific
objective has been explored in sections 3.1 and 3.2. Various resources have
been analyzed from different sides.

SO 2. Collect data for training the computer vision system to measure the
angles of the joint angles of fingers. This specific objective has been
explored in section 3.3. The simulation and high data augmentation approach
has been selected. This approach was chosen because of the low amount of
available data suitable for this case study and the unavailability to use
additional sensors.

SO 3. Develop and software implementation of computer vision algorithm
for measuring the joint angles of fingers. Training neural network model.
This specific objective has been explored in section 3.4. A special learning
algorithm was developed for gradually increasing complexity of the data.
Training was performed in several stages with gradual replacement of
labeled images by unlabeled images with augmentation.

SO 4. Create of the test version of the program. Debugging and testing the
developed algorithm. To draw conclusions about the system quality. This
specific objective has been explored in sections 3.4 and 3.5. Several versions
of the neural network were developed and tested: with background
subtraction, with additional hiding of data features.

SO 5. Create of the final real time implementation of the program based on
the developed algorithm. This specific objective has been explored in
sections 3.6 and 3.5. The use of ensemble based on developed data
augmentation algorithm in real-time applications is difficult because of
performance issues. The obtained results and comparation with different
methods are presented in the table 3.5.1.

Case study 1 is related to the “Good health and well-being” section of the
Sustainable Development Goals 2030.

The developed in this case study 1 system can operate in real time, has low
cost, is easy to service, and can monitor the development of hand mobility
limitations without the use of expensive sensors. The high availability of the



system is consistent with items 8 “Achieve universal health coverage,
including financial risk protection, access to quality essential health services
and access to safe, effective, quality and affordable essential medicines and
vaccines for all” and 13 “Strengthen the capacity of all countries, in
particular developing countries, for early warning, risk reduction, and
management of national and global health risks” of the “Good health and
well-being” section of the Sustainable Development Goals 2030 list.

Early diagnosis of multiple sclerosis, rapid response to the manifestation of
its symptoms and tracking the process of treatment can significantly improve
the quality of life and life expectancy of people with this disease. The use of
the developed system can help to achieve the item 4 “By 2030, reduce
premature deaths from non-communicable diseases by one-third through
prevention and treatment and promote mental health and well-being” of the
“Good health and well-being” section of the Sustainable Development Goals
2030 list.

Detailed summary with the results and developed algorithms of the case
study 1 is presented in section 3.7.

The following research questions were selected and answered for case study
2 “A deep learning approach to predict the properties and composition of
materials with potential capabilities in biomedical applications” in this
dissertation:

RQ 1. Neural networks can predict the properties of materials based on their
chemical composition. This research question has been explored in sections
4.2 and 4.3. The obtained results and comparation with different methods
are presented in the table 4.2.5, sections 4.3.3 and 4.3.4. Ability of the neural
networks for the prediction of the properties of materials based on their
chemical composition has been explored and confirmed.

RQ 2. Neural networks can predict the composition of materials based on
their physical and chemistry properties. This research question has been
explored in section 4.4. The obtained results and comparation with different
methods are presented in the section 4.4.5. Ability of the neural networks for
the prediction of the composition of materials based on their physical and
chemistry properties has been explored and confirmed.

RQ 3. Neural networks can be used for generation of the material properties
and composition description and evaluation of the generated descriptions.
This research question has been explored in section 4.5. The obtained results
and comparation with different methods are presented in the section 4.5.4.



Ability of the neural networks for generation of the material properties and
composition description and evaluation of the generated descriptions has
been explored and confirmed

Based on the hypothesis and the research questions posed, the goal of this
dissertation for this case study is to develop a system for predicting and
measuring properties and composition of materials based on incomplete
information about the material. This aim has been reached in section 4.5.
This is result of each previous step.

To reach the main aim of this dissertation, the following specific objectives
need to be fulfilled.

SO 1. Analyze various approaches to materials analysis. This specific
objective has been explored in sections 4.2.1,4.2.2,4.3.1,4.3.2,4.4.1,4.4.2,
4.5.1, 4.5.2. Various resources have been analyzed from different sides.

SO 2. Collect and prepare data for analyzing the properties of materials. This
specific objective has been explored in sections 4.2.2, 4.3.2, 4.4.2,4.52. A
variety of data sources were used, as each demonstrated the maximum level
of difficulty manifested in the previous stage of the work. The use of
different data sources allowed a versatile study of the issues that arose and
the adaptation of the developed algorithms to different conditions.

SO 3. Develop an algorithm and train a neural network to predict target
parameters of materials. This specific objective has been explored in sections
4.2.3,4.3.3,4.4.3,4.5.3. The data processing algorithms and neural network
training approaches developed in this thesis can be used in various fields,
offering different solutions to problematic situations that may arise in the
analysis of material properties and neural network training.

SO 4. Develop a program to use the developed trained neural network model.
This specific objective has been explored in sections 4.2.4, 4.3.4, 4.4.4,
4.5.4. For each type of task a different data processing algorithm and a
different learning algorithm were used.

SO 5. Test and debug the developed program.

This case study was conducted in several steps. This specific objective has
been explored in sections 4.2.4, 4.3.4,4.4.4,4.5.4,4.2.5,4.3.5,4.4.5,4.5.5,
4.6 . The best obtained results are shown in the conclusion subsections of the
corresponding sections.

In step 1, neural network prediction of critical superconductivity temperature
for materials based on their chemical formula was considered. It was
described in section 4.2.



Step 2 considered the prediction of the reduced glass transition temperature
of metal alloys based on a neural network. It was described in section 4.3.

Step 3 considered the prediction of material composition based on the
required physical parameters for cellulosic materials. It was described in
section 4.4.

Step 4 considered the use of generative-adversarial networks to predict the
properties and composition of metal alloys based on incomplete material
information with an acceptable range of predicted parameters. It was
described in section 4.5.

Case Study 2, "A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications" is linked to items 8 and 9 on the list for the “good health and
well-being” goal of the Sustainable Development Goals 2030.

This case study describes process and results of research of using neural
networks for materials analysis tasks can reduce the final cost of materials
development. It can simplify the manufacturing process for the creation of
the materials with different target properties. This approach will make
widely available materials with different properties for different science,
social, industrial, and medical areas, which corresponds to the point 8
“Achieve universal health coverage, including financial risk protection,
access to quality essential health services and access to safe, effective,
quality and affordable essential medicines and vaccines for all” of the list for
the “good health and well-being” goal of the Sustainable Development Goals
2030. Also, this approach can help in the development of safe
environmentally friendly materials and means to recycle biology and
chemically active substances, which corresponds to the goal 9 “By 2030,
significantly reduce the number of deaths and illnesses from hazardous
chemicals and air, water, and soil pollution and contamination” of the list for
the “good health and well-being” goal of the Sustainable Development Goals
2030.

Also, case study 2 “A deep learning approach to predict the properties and
composition of materials with potential capabilities in biomedical
applications” is related to points 4, 5 and 7 in objectives list for the industry,
innovation and infrastructure goal of the Sustainable Development Goals
2030.

The application of neural networks to analyze the properties, composition
and parameters of materials can allow to automate, simplify, improve the



process of finding, studying, creating materials with given parameters and
structure based on known parameters and from given components.

This approach may allow the development of materials with more
pronounced required parameters, solve environmental and economic
production by simplifying and reducing the cost of production chains. These
arguments allow to realize the point 4 “By 2030, modernize infrastructure
and retool industry to make it sustainable, with increased resource efficiency
and greater adoption of clean and environmentally sound technologies and
industrial processes, with all countries acting according to their capabilities”
of Industry, innovation and infrastructure goal objectives. This case study 2
describe algorithms for different tasks: for prediction physical and chemistry
properties based on the composition; prediction of the composition based on
physical and chemistry properties; generation of composition and
parameters of material based on range of known and unknown parameters.

Making it easier to develop materials using artificial intelligence techniques
will allow more people to develop new materials. The cost of testing new
materials will decrease by reducing the cost, complexity, and number of
experiments required to achieve the desired material parameters. The
emergence of new materials will create new industries and process chains.
These arguments allow to realize the points 5 “Intensify research, improve
the technological capabilities of industrial sectors in all countries, especially
in developing countries, including, by 2030, encouraging innovation and
substantially increasing the number of research and development workers by
1 million, as well as public and private spending on research and
development” and 7 “Support the development of domestic technology,
research and innovation in developing countries, including by providing an
enabling policy environment for, inter alia, industrial diversification and
value addition to commodities

8. Significantly increase access to information and communications
technology and strive to provide universal and affordable access to the
Internet in the least developed countries by 2030 of Industry, innovation,
and infrastructure goal objectives.

The methods presented in this case study 2 for using artificial intelligence
for materials analysis show that this approach can be used for various types
of materials analysis tasks. The use of artificial intelligence can lower the
entry threshold into this field and increase the number of researchers and
private research companies in this field.



Detailed summary with the results and developed algorithms of the case
study 2 is presented in section 4.6.

Listed below are the hypotheses, specific goals and their corresponding
research questions that have been answered in this dissertation.

The following main hypotheses are highlighted and studied in the process of
research:

1. Artificial intelligence methods have a wide range of applications and can
solve different social challenges in biomedical field. This hypothesis was
confirmed in sections 3 and 4 of the dissertation. The applicability of neural
networks for different types of tasks was demonstrated. The best correct
results can be obtained with appropriate correct processing and analysis of
the original data. The research was conducted with the Sustainable
Development Goals 2030 in view. Sustainable Development Goals 2030
aims to solve various types of challenges, increase level of human live, social
challenges. The considered research cases correspond to goals 3 “Good
health and well-being” and 9 “Industry, innovation, and infrastructure” of
the plan, designed to solve social challenges and raising living standards
from a medical and industrial point of view.

2. Deep learning algorithms can automatically measure with high accuracy
the angles value of the hand in one image. This hypothesis was confirmed in
section 3 of the dissertation. In this case, a neural network using
convolutional layers based on MobileNetV2 architecture was applied.

3. Neural networks can be used for the material analysis for the prediction
of the properties of materials based on their composition and prediction the
materials composition based on the material composition. This hypothesis
was confirmed in section 4 of the dissertation in 4 steps. In step 1, neural
network prediction of critical superconductivity temperature for materials
based on their chemical formula was considered. Step 2 considered the
prediction of the reduced glass transition temperature of metal alloys based
on a neural network. Step 3 considered the prediction of material
composition based on the required physical parameters for cellulosic
materials. Step 4 considered the use of generative-adversarial networks to
predict the properties and composition of metal alloys based on incomplete
material information with an acceptable range of predicted parameters.



5.2 Scientific contribution

The following presents a complete relation of the different publications
that took part throughout this research work. This dissertation is structured
as a monography. Two of the studies are published, and one is conference
article in publishing process, all in international journals with impact
factors. Other contributions have also been made to the scientific
community in the shape of communications to different international
conferences, which are summarized below.

5.2.1 Articles in international journals with impact factor

The articles detailed in this section are the ones that compound this Ph.D.
dissertation. Two of them have already been accepted and published in
international journals, while the last one is currently under review.

Table 5.2.1. Publication I - Details of the publication.

Deep Learning Techniques Applied to Predict and Measure
Title Finger Movement in Patients with Multiple Sclerosis

Dmitrii Viatkin,
Begonya Garcia-Zapirain
Authors  Amaia Méndez Zorrilla
Journal  Applied science, MDPI
Publication 01 April 2021
Impact 2.68 Quartile Q2
DOl https://doi.org/10.3390/app11073137

Table 5.2.2. Publication II - Details of the publication.
Title Deep Learning Approach for Prediction of Critical
Authors  Dmitrii Viatkin,

Begonya Garcia-Zapirain

Amaia Méndez Zorrilla

Maxim Zakharov

Journal Information

Publication 27 October 2021

Impact 3.51 Quartile Q2
DOl https://doi.org/10.3389/fmats.2021.714752

5.2.2 Communications in international conferences

These articles, posters, and communications have been produced during
the Ph.D. research. All the communications in this section are related to
the topic and research field of this dissertation.



Table 5.2.3. Publication III - Conference publication.

Title Prediction of reduced glass transition temperature of
metallic alloys based on a neural network
AUthOrs by it Viatkin

Maxim Zakharov
Dmitrii Zhuro

Conference III International Conference on Metrological Support of
Innovative Technologies (ICMSIT-I11-2022)

Year 03-06 March 2022 Location Russia

Publisher  Journal of Physics: Conference Series (JPCS)

Table 5.2.4. Publication IV - Conference publication.
Title Calculation of northern hemisphere sea ice area using recurrent
neural networks
Authors Dmitrii Viatkin
Maxim Zakharov
Dmitrii Zhuro
Svetlana Malysheva
Conference Fundamental and Applied
Scientific Research in the
Development of Agriculture in

the Far East (AFE 2021)

Publisher  IOP Conference Series: Earth

Year 20-21 June Location Russia
2021

DOl 10.1088/1755-

Table 5.2.5. Publication V - Conference publication.
Title DeepDream algorithm for data augmentation in a neural network
ensemble applied to multiclass image classification

AUtNOTS  pyierii Viatkin
Begonya Garcia-Zapirain
Amaia Méndez Zorrilla
Conference 14th Asian Conference on

Intelligent Information and
Database Systems (ACIIDS 2022)

Year 28-30 November Vietnam
Location

5.2.3 Patent registration certificates

In the process of research, a patent was obtained, confirming the
registration of the algorithm developed during the research.



In October 2021, a patent was obtained in Russia for the use of a variation
of the algorithm from section 4.4 to predict the parameters of pulp and
paper materials. Original scan of certificate and translation is shown below.

CERTIFICATE
Certificate of state registration of a computer program
N2 2021667096
Modeling of paper-like separation materials
Right holder: Federal state autonomous educational institution of higher education "Northern (Arctic)
Federal University named after M.V. Lomonosov” (RU)

Authors: Dmitril Andsesyich Viatkin (RU), llva Sergeevich Maverey, (RU), Natalia Viadimirovna Scherbaks
(RU), Viadimir Klimentieyich Dubsaxy. (RU)

Application number 2021662600 CBUJAETEJBCTBO

porpamui 118 IBM

Date of receipt August 09, 2021
cyaapeTBento

Date of state registration

e 202
State Registration Date in the Register of Computer Programs October 25, 2021 N 2021667096

Director of the Federal Service for Intellectual Property MozeanpoBanie GyMarono106HLIX MATEpHAT0B
cenapaunonnoro nay
.. lisx ‘

Hpsmootassaress: DEOEPATLUOE 20CYOUPCMEEHNOE AGMONONIOE
0} evicuiezo 00)

«Cesepnwii (Ap i) heoeparbumi )

unenu M.B. oxonocosa» (RU)

Avcops: Bamwun JIswumpuic Anopeesus (RU), Maiopos Haus
Cepeeesus (RU), Ulepoax Hamarss Baaounuposna (RU),
Aybossiit Baaouwup Kaumenmsesuu (RU)

s 2 2021662600
anryera 2021 1.

mnlpn 2021 2.

/2t Cennan

Figure 52.1. Patent for the developed algorithm

Patent has number 2021667096. Full information about the certificate can
be is available on the official page https:/www.fips.ru/en/.

5.3 Limitations and Recommendations for Future
Research

Many aspects of the research have been considered in the design and
implementation of this dissertation. However, there are some limitations
that are worth pointing out. Each of these limitations and future work are
presented in their respective chapters, but a broad overview is also
presented here.

A lot of attention is given to the question of data collection, analysis, and
processing. In the process, correct and balanced processing of the data is
an important aspect for a successful correct result. This point is especially
strong in cases of small data sets and simulated datasets. Highlighting
additional features of the data can help solve this problem. This points were
explained in case study 1 and case study 2 in sections 3 and 4.

The datasets from different fields are considered in the dissertation. This
choice of datasets is due to the desire to explore the different facets of data

1. Hawes



analysis that can be encountered when working with real data. These
datasets are chosen because they can help in the research of data analysis
features on small sets of unbalanced noisy data.

In the case study 2, when analyzing materials, shown that the focus of the
dissertation is shifted toward a general analysis of the structure and
properties of materials, not just the biomedical application part. This is
done to eliminate the subjectivity of perception in analyzing the data and
obtaining a correct numerical evaluation of the results obtained. As a result
of this approach, an approach for generating metal alloys based on
incomplete data was developed in the section 4.5. Since the data analysis
and neural network training did not focus on the specifics of the data
application, the developed approach can be used for biomedical
applications or other areas of materials development.

The next step in the research could be the use of additional information
about the internal structure of the material, the position of atoms and
molecules in it. Organic materials are actively used in medicine. Their
chemical composition may be the same, but their properties depend on the
arrangement of atoms in the material. Modernization of the approach
developed in the case study 2, considering the structure of the material may
allow the design of target materials.

The development of algorithms to produce different materials can also be
considered a development of the ideas of this dissertation. This may make
it possible to obtain materials, the properties of which now do not look
realistic according to the new technological processes.
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