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RESUMO 

 

O uso de tecnologia para capturar e analisar os gestos técnico-táticos executados pela 

mão armada do esgrimista de forma a auxiliar na otimização de sua eficiência competitiva 

pode ser um desafio devido às características técnicas e estratégicas do jogo de esgrima e 

as suas velocidades explosivas. O objetivo deste estudo é não apenas criar um sistema que 

consiga capturar tais dados no contexto de treino com o mestre através do uso de um 

Dispositivo de Medida Inercial (IMU), especificamente um giroscópio e um acelerômetro 

colocado na luva da mão armada, mas também usar a avaliação qualitativa binária do mestre 

no desenvolvimento de ações técnicas repetidas para, em conjunto com os dados inerciais 

captados, treinar uma Rede Neural para reconhecer quais os melhores padrões de execução 

do esgrimista de acordo com os critérios de avaliação do mestre, auxiliando assim o atleta no 

refinamento dos seus processos de tomada de decisão durante a prática individual através do 

uso de um feedback qualitativo que emula o do próprio mestre. A fim de criar um dispositivo 

que atenda a essas condições, uma metodologia científica diferente que permite lidar 

simultaneamente com dados qualitativos e quantitativos através do uso de Aprendizagem 

Automática (Machine Learning) supervisionada foi implementada. Nós aplicamos Métodos 

Mistos para tratar as informações qualitativas e produzir os pesos que serão implementados 

pela Rede Neural usando observação sistemática. 2000 execuções de dois exercícios 

diferentes foram coletadas, usando Distorção Dinâmica do Tempo (Dynamic Time Warping) 

para detetar a localização dos segmentos chave em cada série temporal, para que possamos 

extrair todas as informações relevantes através da extração de características (feature 

extraction) e alimentar a Rede Neural para produzir dois modelos distintos, cada um com o 

seu conjunto de características. Neste primeiro protótipo fomos capazes de qualificar o 

desempenho geral do esgrimista com uma precisão de 78% e 71,5% para o primeiro modelo 

e 76,6% e 72,7% para o segundo para cada exercício respetivamente, concluindo que estas 

soluções têm uma taxa de previsão relativamente alta apesar de usar um único sensor. As 

principais fontes de erro foram identificadas e futuras iterações devem reduzir ainda mais essa 

margem ao aumentar as fontes de dados e de entrada. 
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ABSTRACT 

 

The use of technology to capture and analyze the technical-tactical gestures performed 

by the fencer’s weapon hand in order to assist in the optimization of their competitive efficiency 

can be a challenge due to the technical and strategic characteristics of the fencing game and 

its explosive speeds. The purpose of this study is to not only create a system that can capture 

such data in the training context with the master through the use of an Inertial Measurement 

Unit (IMU), specifically a gyroscope and an accelerometer placed on the weapon hand glove, 

but also use the binary qualitative evaluation of the master on the development of repeated 

technical actions to, in conjunction with the collected inertial data, to train a Neural Network to 

recognize the fencer’s best execution patterns according to the master’s evaluation criteria, 

thus ultimately aiding the athlete in refining their decision making processes during solo 

practice through the use of a qualitative feedback that emulates the master’s own. In order to 

create a device that meets these conditions a different scientific methodology that allows to 

simultaneously handle of qualitative and quantitative data through the use of supervised 

Machine Learning was implemented. We've applied Mixed-Methods to treat the qualitative 

information and produce the weights that will be implemented by the Neural Network using 

systematic observation. 2000 executions of two different exercises were collected, using 

Dynamic Time Warping to detect the location of the key segments on each time series, so we 

can then extract all the relevant information via feature extraction and feed the Neural Network 

to produce two distinct models, each having their own set of features. In this first prototype we 

were able to qualify the fencer’s overall performance with an accuracy of 78% and 71.5% for 

the first model and 76.6% and 72.7% for the second for each exercise respectively, concluding 

these solutions has a fairly high prediction rate despite of using a single sensor. The main 

sources of error were identified and future iterations should reduce this margin even further by 

increasing the sources of data and input. 
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1. INTRODUCTION 

The use of sensors in sports is an invaluable tool in the study of the effectiveness and 

efficiency of the performance of an athlete, as they can gather large amounts of biometric and 

movement data, often not visible to the naked eye, which allow coaches to make more 

informed decisions and provide better internal (intrinsic) and external (extrinsic) feedback. The 

use of intelligent systems stimulates this goal even further, as they can analyze and detect 

patterns in greater volumes of data, help in the extraction of relevant information with much 

greater ease, and provide a tool for coaches to aid in the optimization of the athlete's 

performance in ways mere devices and human perception cannot. 

Fencing however poses some unique challenges when it comes to observing the weapon 

hand, as this sport is characterized by extraordinary demands of quick reactions, anticipations 

and correct decision making, which vary with the different levels of experience of the fencers. 

Also the hand possesses a great degree of mobility inherited from the technical movements 

performed by the arm and the wrist, which make real time data collection and analysis difficult. 

In addition, what counts as a correct technical movement is often subjective, as the performed 

actions that lead to the success of the fencer are not necessarily the optimal ones defined by 

the theoretical model. 

It's these features that make the weapon hand the hardest point in the whole body for 

the master to visually register in detail and detect technical and tactical faults in the whole 

execution traits. And it’s this reason that led us to develop an application to not only aid in the 

observation of the movement patterns of the fencer, but also use an intelligent algorithm to 

confirm the validity of the hit on its own, based on the combination of the collected quantitative 

data and the qualitative evaluation of the coach (master), from a mixed methods' perspective, 

that is also applied in sport and physical activities. 

1.1. Thesis Structure 

The collective work developed for this thesis encompasses two fundamental areas of 

Engineering: Electronics and Computing. As such, within those same fields, we’ve had to deal 

with the problematic that is inherent to working with sensors, their programming and 

calibration, and the development of a software tool to process the fencing data and apply an 

intelligent algorithm, namely a supervised Machine Learning neural network. 
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But the application of this knowledge depended directly on other important issues, such 

as, in this specific sport, the training context and the restraints imposed by competition that 

define the optimization process. Lastly, to deal with the investigation methodologies known as 

Mixed Methods, a set of scientific procedures suitable for this specific form of investigation. 

For these reasons the thesis has a slightly different structure from the more classic Computer 

Science thesis, as it was necessary to add some sport concepts to provide the required context 

that explains the restraints imposed on our approach and to understand the purpose and uses 

of our proposed instrument (prototype), as well as the justification of a new way of dealing with 

this method of supervision. 

• Therefore the entire chapter 1 and respective subchapters provide the contextualization 

of our problem and pressures, defines our objectives and describes our contributions. 

• Chapter 2 addresses the use of sensors in sports, specifically their application in fencing 

to study the hand. 

• Chapter 3 enters the field of Machine Learning and explores all the different categories as 

to determine which provides the best approach to solve our problem.  

• Chapter 4, Material and Methods, is where our study starts.  

• Chapter 5 presents and discusses the results.  

• Chapter 6 presents the conclusions and future work, followed then by the appendices that 

complement the thesis. 

1.2. The Sport Context 

Sport has many important fields of application in contemporary societies, formal or informally, 

ranging from training to high-performance, acquiring an increasingly active role. The variety of 

forms of practice and the technical and technological resources involved are a demonstration 

of the importance it has in improving the quality of life of the human being, either as a significant 

health benefit, or as a form of as entertainment or performance, besides being a major factor 

in the global economy (Hohmann et al., 2005). 

There are different types and levels of sports practice. For the purpose of this study, we 

are interested in focusing only on high-performance sports, since it’s through them that a great 

part of the equipment that is used in common sports practice evolves from.  
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When it comes to sport performance excellence1 is the primary goal of any elite level 

athlete. The will to win, the desire to succeed and the determination to go beyond the limits of 

excellence are essential characteristics to attain any sports results. Athletes should strive 

constantly to achieve maximum levels of performance and, as far as possible, remain at this 

level of excellence (Hill, 2007). 

In the case of direct contact combat sports, such as Fencing, athletes must be agile, fast, 

quick in decision making and have the ability to anticipate the actions of the opponents by 

demonstrating greater levels of technical and tactical skill (Czajkowski, 2009), in addition to 

maintaining the performance quality for longer periods of time than the opponents. This sport 

requires human beings to be endowed with exalted agility and speed, the virtuosity of a 

violinist, high resilience and possess a mental and strategic capacity at the same level as a 

chess player in order to excel (Barth, 2007). 

According to José (2018), in elite Fencing the masters (coaches) focus on the 

preparation, combining different factors related to logic and technical-tactical strategy, with 

particular focus on preparation of game actions (Briskin et al., 2013, Lopatenko, 2016a, 2016b, 

Semeryak et al., 2013, quoted by José, 2018). These structures differ from fencer to fencer 

(Briskin et al., 2016, Lopatenko, 2016a, quoted by José, 2018) and can vary from “school to 

school2". 

1.2.1. Metrological Fundamentals of the Control of Competitive Activity in 

Sport 

Competitive activity represents a competition organized according to certain rules, in 

order to provide athletes with the conditions to reveal and objectively compare their sporting 

excellence (Utkin,1989). 

For Utkin (1989), the effectiveness of the competitive activity is evaluated by the results 

evidencing the competence and by the degree of approximation to the expected result based 

on the calculations obtained from control tests. However, the competitive result does not 

                                                
1 Excellence in sport is often considered to be a valuable personal goal which requires that each 
individual should aim to achieve their personal best. The difficulty here lies in the fact that this is often 
harder to achieve in reality than it is in theory. In most circumstances, it would be very difficult to provide 
the facilities and resources required, even if individuals could be compelled to have this as their goal 
(Hill, 2007). 
2 Different fencing schools are identified in the literature, such as Italian and German. They present 
slight differences in the approaches of technical or tactical education that have been accentuated over 
time (https://pt.wikipedia.org/wiki/Esgrima). 
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contain all the information about the development of the skills and, therefore, does not detect 

technical, tactical and conditional aspects, associated with the strengths or weaknesses in the 

preparation of the athlete, nor indicates ways to eliminate deficiencies, which may arise from 

genetic or other biological markers. 

Utkin (1989) maintains that other indicators obtained through the objective registration 

of competitive activity can be used, to retain specific information about the analysis of its 

composition (elements that are composed) and structure (how these elements relate to one 

another). Qualitative / quantitative information collection instruments are created for this 

observation with the support of technological resources (video, chronometers, sensors, 

computers and other measurement instruments for real-time or delayed evaluation), 

developing different types of analysis. 

In the case of fencing, the level of activity can be assessed according to several criteria: 

total of technical-tactical actions developed either in defense actions, or in actions of attack 

and counterattack, success/failure rates of technical-tactical actions and type of flaws, 

efficiency indexes, time of actions, among others. These indicators can be the target of 

systemized real-time recording (scouting) or by means of deferred observation after 

guaranteeing their validity, reliability and consequent quality of the data obtained, providing a 

study of game behavior in context (Iglesias et al., 2008; Lopatenko et al.,  2015). 

1.2.2. Technological Engineering in Sport in the Development of Sports 

Equipment 

According to Erdmann (2009) science is a branch of human activity where you strive to 

discover existing natural phenomena, relationships between different parameters and 

variables, formulating hypotheses, theories and scientific laws. On the other hand (Yang et al., 

2014), engineering technology involves the creation of new objects, processes, structures and 

dependencies that have never existed before and that in the future will evolve very rapidly. 

Whether it is a simple tool or a complex machine, a simple manufacturing process, or an 

automated production or with the help of robots, all this is the basis of sustaining the processes 

of technological development, all needing to undergo a specific technological process of 

creation (prototypes) and quality control involving repeatability, reproducibility and accuracy 

(Pavese & Forbes, 2008). 

Among the various areas of sporting expression, performance excellence is what gives 

meaning to competitive activity (Hill, 2007). Not only for the resources it involves, such as 

interests and economic ones, but for the support technology and the scientific development it 
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demands, which it’s one that arouses interest as an area of knowledge. Technological 

engineering is involved in the production of specialized infrastructures, electronic equipment 

to support the development of competitive frameworks, evolution of equipment for competition, 

sports metrology to support the development of calibration equipment to promote competitions, 

development of technological resources and for the preparation and optimization of sport. 

For Erdmann (2009), in this context, we involve electronics, computational science, 

electromechanics, metrology, robotics, automation, telecommunications, artificial intelligence, 

materials engineering, civil construction, among other areas of this field, requiring scientific 

and technological innovation, besides a wide range of specialized technical and scientific 

resources of the sport. From the point of view of the user, technological engineering in sport is 

an area of expertise necessary to boost the sports sciences, requiring innovation and new 

platforms for research and work interaction. These are specialized areas that some countries 

have a strong investment in terms of market, both in the training (bachelor, master and doctoral 

specialization areas), scientific (research centers) and labor (specialized companies). 

More and more we find multidisciplinary teams being created with the support of 

university research centers and partner companies to meet the current needs of sport. These 

teams also include elite athletes, sports professionals, sports science experts, research 

methodology specialists, physicists, mathematicians and engineers in sports technologies. 

In this context, our work is a proof of this interaction, requiring the student to undertake 

a multidisciplinary effort in the involvement of knowledge from various areas of engineering, in 

addition to interaction with foreign and national experts, in order to reach the end with results 

on the development of a prototype, on an equipment that will support the optimization of 

fencing training. 

1.2.3. Movement and Sport Behavior in Context: Measurement, 

Description, Analysis and Assessment 

In sport, and in particular in fencing, in the study the losses of effectiveness3 or efficiency3 

of the technical actions is a relevant subject, particularly for masters, not only to improve the 

performance and excellence of the fencer's game, but also to understand the behavior of 

technical gestures systems or, in a more aggregating perspective, of the tactical behaviors that 

                                                
3 In the context of fencing, it’s understood by technical efficacy a proven match between achieved 
objectives and a high final result; Efficiency is understood by decision-making speed and anticipation of 
action, i.e. behavior associated with reducing the degree of uncertainty to trigger action in the shortest 
time (Grosser et al., 1989). 
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influence the result in the context of action. The study of the relationship between technical 

gestures and tactical behaviors can be divided into two broad fields: 

• The study of movement through Biomechanics - an approach that seeks to study 

the mechanical principles of the body structures and movements, to better understand 

how external and internal forces explain the functions and the effects of the human body 

performance (Blazevich, 2007; Winter, 2009); 

• Observation of sport behavior in context – an approach, through the use of 

Observational Methodology, observes behaviors4 in a systematic way through the 

application of qualitative criteria, researches designs and creates ad hoc5 instruments, 

which allows the collection of data of the observed subject in the context of the actions, 

as well as the characterization and representation of performance patterns as a function 

of time (Anguera, 2003). 

In general terms, Biomechanics analyzes the human movement based on the analysis 

of the kinematic and dynamic parameters of the movement. It’s based on mechanical principles 

of body structures and movements to better understand how external and internal forces are 

exerted through the functions and effects of human body performance (Blazevich, 2007; 

Winter, 2009). For the authors, kinematic analysis of human movement is very important in 

several areas, particularly in sport, health (e.g., physical rehabilitation of people with motor 

handicaps), or daily physical activities. We can subdivide it into two fields of study: internal and 

external biomechanics: 

• Internal - it deals with the tensions exerted by the muscles, tensions developed by 

the tendons, ligaments and bones; 

• External - it studies the measure externally observable in the structures of the 

movement.  

The major problem with Biomechanics is that it performs an investigation under very 

restrictive conditions, experimental or quasi-experimental, to control all the external variables 

that influence cause-effect relationships and therefore, in terms of protocol, have to be isolated 

or controlled to guarantee the validity of the results. Almost always this procedural rigidity ends 

up decontextualizing the activity. 

                                                
4 A set of movements of the various segments that compose an action, or the set of actions that 
characterize a behavior, or conduct, before the objectives defined for each one (Blanco et al., 2003). 
5 Observation instrument built for a specific purpose (Blanco et al., 2003). 
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Observational Methodology (OM) refers to the qualitative research method for in-context 

studies based on criteria that are capable of observing behaviors6 using ad-hoc instruments, 

depending on a systematic collection of data about an object in the context of the action itself, 

characterizing and representing performance patterns in accordance to time (Anguera, 2003). 

The research designs and statistical procedures have a high collection rigor ensuring the 

reliability and validity of the data. In the context of this OM study, the kinematics is associated 

with qualifying movements through technical, tactical or tactical-tactical behavior, through 

which a systematic record of a combat is performed, as in sports such as Boxing (Pic-Aguilar 

et al., 2016), Judo (Camerino et. al., 2014; Gutiérrez-Santiago et al., 2013, 2014; Prieto et al., 

2013), Taekwondo (Mata et al., 2015), Karate (Ajamil et al., 2017) and Fencing (Iglesias et al., 

2008, 2010; José et al., 2017; Tarragó et al., 2015). 

According to Iglesias et al., (2010) and José (2018), in combat sports these systems of 

direct observation, or delayed (video), do not decontextualize the competitive process. They 

focus attention on the form of contact, support, or grip, of the hand, wrist, foot and how the 

interaction with the opponent takes place. These instruments are differentiated by criteria and 

codes systems that identify the actions by giving qualitative attention to the acceleration, 

velocity (linear and angular) and position of the body segments themselves, among the various 

characteristics or particularities of a complex system of technical-tactical gestures observed 

by the naked eye or by delayed video observation. 

In this case it’s possible to resort, complementary, to sensors to aid in the codification of 

the information collected by crossing quantitative and qualitative information. Knowing how to 

interpret and evaluate human movement in sporting terms is a difficult, task but with the 

advancement of technology it becomes increasingly easy, economical and informative, while 

maintaining ecological validity. Our study seeks to enter into this procedure. 

1.2.4. Technique and Tactics in Sports Performance 

It’s necessary to clarify these two concepts in isolation and to relate them to each other 

in the study of sports actions in Fencing before we can proceed. 

                                                
6 Set of movements of the various segments that compose an action, or the set of actions that 
characterize a behavior before the objectives defined for each one (Donskoi & Zatsiorski, 1988). 
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1.2.4.1. The Sport Technique  

Technique7 seeks the formation of automatisms for the optimal resolution of the 

competition tasks and is consensually considered for metrological purposes as one of the 

fundamental conditioning physical and sports performance.  

It’s understood as an essential procedure that allows the athlete to form an idea, as clear, 

rational and efficient as possible to obtain a result of excellence (Grosser & Neumaier, 1986; 

Weineck, 2005). These authors emphasize that a poor technique reduces the possibilities of 

performance of an athlete in excellent physical condition, in the same way that a poor physical 

condition significantly conditions the technical performance. 

We can understand "technical effectiveness" as the quality of the execution, regarding 

the objective, and how this is achieved, through the evaluation of the final result. "Efficiency" 

is understood as the objective, quantitative relationship between the mechanical work 

performed and the associated energy expenditure (Cavanagh, 1985; Verkhoshansky, 2002), 

referring to the economy of the movement, so its application results especially in the adequate 

valorization of the motor abilities associated with conditional capacities such as resistance 

(Verkhoshansky, 2002), or motor behavior (Castañer et al., 2014).  

In principle the highest results and best technical performance are guaranteed by the 

most effective technique. In the case of fencing, the highest recorded touches or victories. 

However, in practice technical efficacy alone does not fully explain the achieved results. These 

can depend on many factors, such as motivation, level of physical preparation and tactics. 

Therefore, the use of results as a measure of the effectiveness of the technique is limited. 

However, according to Godik (1989) the achievement of technical mastery (TM) in 

dependent on the volume of the technique (competitive or training), variety (competitive or 

training) and effectiveness (absolute, comparative or achievement).  

For this author we can understand absolute effectiveness as the approximation of the 

technical movement to the ideal model. It is observed through advanced technical resources 

that allow to superimpose moments of action among athletes, comparing the technical 

                                                
7 For Grosser & Neumaier (1986) in sport it’s translated as "ideal model", "standard”, or standard of a 
movement in a given sport discipline. Nowadays we cannot say that there is a contemporary technique. 
On the other hand, the technique has to fit the rules of the competition that are regularly updated, being 
a rational behavior carried out close to physical excellence and expressed by mastery levels of 
competitive performance. Saucedo (2000) refers to the activity of the fencer as an art, representing a 
process of authority, norms, laws and principles regarding the use of the weapon. 
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effectiveness of the gesture system, be it mechanical, physiological or biochemical, inferring 

immense information about technical flaws, strategies, or even preparation deficits. 

Comparative effectiveness is what we can observe in the direct confrontation with the 

opponent in the context and by direct comparison with the result where we differentiate the 

real performances. It is often observed through the use of sensors (heart rate sensors, 

potentiometers, etc.) as well as video, with the latter allowing the study of technical or technical-

tactical performance. The result is highly predictive and strongly associated with comparative 

and achievement effectiveness. 

As for achievement effectiveness it is based on the information obtained through 

absolute comparisons during competitions and comparisons performed with the biomechanical 

models, or the behaviors observed in context, which represent the actions and technical 

movements. It results both from the performance we must idealize in the preparation process 

and the result recorded in the observations during the pre-competitive control, or competitions. 

The degree of assimilation of the technique is controlled in stages and at each stage it 

is necessary to control the degree of mastery of the technical movements. But as the result 

depends on a series of factors, which increase in number in accordance to the complexity of 

the movement, it becomes necessary to evaluate not just the final result but also the 

biomechanical characteristics, or the behaviors (actions) that compose exercise. 

The determination of technical stability, or invariability, is an important factor in the 

qualification of the technical level of the fencer and it’s through its evaluation that will increase 

the physical conditioning. The evaluation of the stability of the technique can be performed 

both in competition and in training. In competition it allows to determine the causes and to take 

measures to eliminate them. 

In the latter case the control of its domain highlights two main directions in the process 

of performance evaluation. It occurs in two ways: 1) individual lessons, where the fencing 

master evidences what has been observed and compares with what had been learned and, 

from there, reconstructs the elements of the actions that have to improve to optimize the 

movements; 2) individual fencer’s training, which is developed during the week against several 

opposing colleagues of a lower or higher level, in order to readjust automatism by trial and 

error. In this case, feedback may be intrinsic only because the master is often giving lessons 

to other colleagues. 
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This task is either performed by direct or deferred observation, involving resources and 

methods that allow it to obtain more objective information. In training, it can be performed by 

several existing equipment for this purpose, among which will enter our prototype. 

1.2.4.2. The Sport Tactic 

In the case of the modern fencing (González et al., 1998, quoted by José, 2018) many 

authors (Kronlund, 1984, Szepsi 2009, Thirioux, 1977, quoted by José, 2018) agree that all 

actions of fencing are identified in an isolated mechanical, or technical, fashion or in 

combination, in tactical form. For most in competition the tactic is the most important, but in 

training it is necessary to work exhaustively the two. Both are considered performance factors 

(Vercoshjanski, 1990). 

According to Utkin (1989) the competitive activity is directly related to the control of the 

tactical preparation level, as "it’s designated tactics to the set of ways of conducting the game 

situations, which in the case of fencing we can designate by duel or combat”. In other words, 

according to the author, is called tactics to the set of ways of conducting the sport "duel". 

There are several factors that influence both elements and technical-tactical actions, 

such as the procedures of psychological influence on the opponent, the choice of the best 

position on the pistes or the concealment of intentions, a way to generate deception, or lure, 

or ways of managing the game flow itself without the opponent realizing (Saucedo, 2000). All 

of these are variants of a diverse and complex process affecting each sport and the 

characteristics of the athlete. The tactical mastery is observed both by the tactical-tactical 

actions they control, and by the tactical thinking or decision-making used in each moment. 

However tactics have to be distinguished from the concept of strategy. Strategy is 

understood as the way to solve a project, a program, or the best way to make use of the 

resources themselves to reach an objective, existing several levels of strategy, as many 

subprograms that exist, which in turn depend on the division of objectives (goals). In this 

definition, it’s understood that the tactic is an advanced technical procedure that is part of the 

strategy (Barth, 2007), particularly when we are planning to program the learning process, or 

to organize mechanisms to optimize the decision-making of our fencer, as is the purpose in 

this study. 

What we refer to is reinforced by Czajkowski (2009), as 

“[…] Variety of tactical movements – both preparatory and ultimate – confuses the 

opponent, who does not know what sort of action to expect in certain situations. That 
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makes him less sure of himself and increases his difficulty in planning his own actions. It 

is worth emphasizing because some fencing coaches and fencers maintain that for 

efficient participation in competition it is enough to master a few very well-trained 

strokes. Such limited training may produce a one-sided fencer who cannot cope with the 

great variety of styles of different opponents” Czajkowski (2009, p.373). 

The tactical mastery is observed both by the tactical-tactical actions that it commands, 

and by the tactical thinking, or decision-making processes used in each moment (Utkin, 1989). 

The training explores the process of developing strategies and tactics that guarantee 

optimization criteria and the observation of tactic can be assessed separately from the 

technique. 

1.2.5. Affordance and Constraints in Observation 

The specific behaviors in this sport have a strong variability due to the diversity of the 

actions and possible combinations in the fencing game, both by the dynamics of the opponent 

and by the competitive strategy, decisions, timings and anticipation assumed by the fencer for 

mental and physical response. For this reason, it’s a sport of great complexity, depending 

heavily on: 

1. Affordance8, in an ecological approach based on reciprocity between observer and 

context; 

2. The ability of the fencer to perceive in every instant what they understand by criticism 

in the face of the restrictions of the game and the competitive involvement; 

3. Contextual constraints9. 

                                                
8 Affordance: According to Gibson (1982), it’s the quality of an object, or medium, offered to the individual 
to identify its functionality without the need for prior explanation, that is, the direct interaction between 
perception and action. Word that comes from the English verb "to afford" means to provide, to offer. We 
say that involvement offers a set of possibilities, or limitations, and can be directly perceived without the 
need for effort or "cognitive commitment". It’s implicit in everything that surrounds us, what we perceive, 
or realize in context, in our field especially linked to motor and sports actions (Araújo, 2006). 
9 Newell (1986) defined three classes of constraints: organismic (the practitioner), task (specific context 
of performance), and environment (background factors), which facilitate an approach to understanding 
how patterns of co-ordination emerge during intentional behavior. The way goals are achieved is 
constrained by local interaction and is an emerging process. Thus, dynamic decision making is an 
emerging process (Araújo, 2006). For example, in this case of fencing, type of weapon, sports 
regulation, track, protective clothing, playing time, etc., everything that conditions emerges in the 
decisions to be taken. 
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For this set of reasons the master is usually the one who observes it live, or through 

deferred video, during its competitive process, to assist in subsequent training decisions that 

affect future behavior. They call this process competitive preparation. 

We remind that in this sport the judges use the "video-referee" to make decisions during 

the official games, when they have doubts and even then there are often still difficulties in 

discriminating the information contained in the movements in view of the high speed developed 

and, therefore, the views are made by two referees. 

Nowadays, because of the ease of use of higher resolution cameras, the usability of 

modern computers in high-resolution video signal processing and the range of software 

available for specific pattern recognition, training has evolved through feedback within 

technical-tactical actions. Thus, in the preparation phase of the fencer, he can receive almost 

real-time feedback, observe and analyze how it develops. In addition, there’s equipment that 

creates visual, auditory or kinesthetic stimuli, almost all oriented to consciously reproduce the 

technical gestures in training. 

But it lacks what we understand to be crucial to the preparation of competition fencers 

when it enters the level where tactics are an integral part of the competitive process. The 

purpose is to improve the game strategies with increasing technical efficiency, after observing 

the most relevant technical-tactical actions to the fencer, strengths or weaknesses against the 

opponents and where the pace of preparation needs to be increased. 

In light of the high speed of execution of the movements, when we observe many actions 

of the hand, even using high resolution video technology, we find "gray", non-observable areas. 

This is where we can add information to the observational process by introducing additional 

information through inertial sensors.  

1.2.6. Learning, Knowledge and Feedback 

Due to this work being applied to the training processes, where the feedback, motor 

execution optimization, learning mechanisms and their complexities play a fundamental role, 

the application needs to take these into account in its design. The literary references of 

Anderson et al. (2001), Losada & Manolov (2015) and Schmidt & Wrisberg (2008) are of 

particular pertinence in the definition of these concepts. 

Learning can be understood as the process by which skills, abilities, knowledge, behavior 

or values are acquired or modified as a result of study, experience, training, reasoning and 
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observation. Because this process can be analyzed from different perspectives there are 

multiple theories of learning.  

Knowledge is a construction process produced by the actions of the subject on the object 

of study, as they interact with their surrounding world and form a representation of it from the 

perceived meanings. Interactive, integrative and structuring, knowledge is formed from the 

dialectics of trials and errors, rectifications that introduce differences, failures that give rise to 

contradictions and syntheses that promote learning and progress. It also involves perceptions, 

discriminations, conceptions and statements that increase the complexity of the process. That 

is cognition is not composed solemnly by reason, but also must account for its relationship with 

motivation and will.  

Taking into consideration the multiple designation for types of knowledge those in the 

development of cognitive psychology can be defined in four broad types: factual, conceptual, 

procedural and metacognitive. 

Factual knowledge is the possession of knowledge over terminology and details over 

specific isolated and discrete interaction content elements. Conceptual knowledge is more 

organized and complex, applying classification and categories, principles and generalization, 

or theories, models and structures over the factual knowledge. Procedural knowledge is the 

“knowledge of how to perform something”, or the intrinsic knowledge of the skills, techniques 

and expertise, as well as of the criteria used, to determine and/or justify “when to do what” 

within the specific domains and disciplines. Metacognitive knowledge is the “knowledge of 

cognition in general”, encompassing strategic knowledge, cognitive tasks, including contextual 

knowledge, constraints and autorecognition.  

According to Godinho et al. (1995) feedback is the “generic expression that identifies the 

retro-feeding mechanisms of any information processing system”, or the return that allows us 

to evaluate the system on how the objectives were fulfilled. Schmidt (1993) on the other hand 

states that feedback is any kind of sensory information about movement, not exclusively in 

reference to errors.  

Considering, in this setting, they are an informed response to the fencer through an 

artificial mean, the feedbacks can have many origins and produce different effects depending 

on different levels of knowledge and practice experience. To Pérez & Bañuelos (1997) these 

are some of the reasons that lead to provide athletes with feedback: 
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• Insufficient or erroneous interpretation by the athlete of the information about the 

accomplishment of the task they performed; 

• Lack of selective attention to the stimuli that facilitate the performance and the correct 

control of the accomplishment of the task; 

• Lack of the necessary information on some difficult or impossible aspects of execution 

to be able to perform by themselves. 

According to Schmidt (1993) we can identify two types of feedback: 

• Intrinsic Feedback -  it’s the information provided as a natural consequence of an 

action. All intrinsic aspects can be perceived directly through the sensory and 

proprioceptive organs; 

• Extrinsic Feedback - this is constituted by the information of the measured result of 

the performance, which is the informed answer to the performer by some artificial 

means, be it verbal, visual or audible. In this way, feedback is provided after the 

intrinsic feedback. 

While excellence is seen as the central goal for performance in sport and therefore the 

primary area for measuring or describing, analyzing and evaluating critical information as an 

interactive process of physical, technical and tactical performance, at the preparation level the 

it’s the aid of the intrinsic and extrinsic feedbacks that provide the optimization processes of 

the gesture system (Schmidt & Wrisberg, 2008). A role the final version of this study would 

fulfill by providing the fencer with a mean to hone the evaluation of their intrinsic capabilities. 

1.2.7. The Theory of Dynamic Systems in Sport 

The study of the effectiveness and efficiency performance loss is a relevant topic in 

sports, not only for the competitive improvement of the athletes but also for a better 

understanding of the functioning of the bioenergetic systems that represent the effort 

expended, or biomechanics that explain the system of gestures, movements, or technical 

behaviors observed in the context of action itself. There are several theories in sport that 

support them, the methodologies and their scientific contributions to represent them. For the 

study of this research in context we will focus only on the questions of Dynamics Systems 

Theory (Araújo, 2006; Torrents, 2005) and Observational Methodology (Anguera, 1990), in the 

field of efficiency and optimization of sport in context. 

The Dynamics Systems Theory (DST), according to Torrents (2005), is based on the 

conviction that movement patterns share certain fundamental organization principles with a 
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more general nonlinear structure of open and complex systems. Applied to living systems it 

can be defined as a theory of change that seeks to capture, study and understand the structural 

and behavioral transitions that occur in such systems with their surrounding environment and 

was quickly adopted to describe the mechanisms of human progression and development 

(Corbetta et al., 1998, quoted by Torrents, 2005). DST is the examination of situational 

constraints of cognitive processes that influence coordination patterns. 

Sport provides a unique environment for the athlete to adapt, to reorganize in a 

coordinated and stable way in response to numerous situational constraints in order to 

increase the efficiency of highly technical movements. Situational constraints arise, since 

biological and environmental systems serve as boundary conditions for the emergence of 

movement (Davids et al., 2001, cited by Torrents, 2005). 

Coach decision-making training: An analysis of the influence of constraints include 

organismic processes (e.g., attention, anxiety) and task constraints (e.g., specificity of 

instructions or observation models), describing the major constraints of coordinative behavior 

present during activities directed towards a goal (Newell, 1986, quoted by Torrents, 2005). The 

categories of constraints interact in the formation of emerging behaviors for each athlete during 

performance, including the decisions made or the motor patterns used during the competition 

(Davids, 2003, quoted by Torrents, 2005). 

According to Torrents (2005) DST was recently introduced in many fields of research as 

a framework to explain certain phenomena avoided until now by the impossibility of its study. 

According to the author, each organism develops differently, even though apparently it is 

subject to the same variables, and we want to believe that these differences respond to 

something identifiable. When observing which systems of very different types follow similar 

patterns, the new paradigm will study the patterns of change of these nonlinear dynamic 

systems. In this perspective, the exact prediction of the answers becomes practically 

impossible, although the equations used are purely deterministic. Thus, in the context of 

dynamic systems, a shift of emphasis from quantitative analysis to qualitative analysis occurs. 

According to Araújo (2005), three aspects emphasize the relevance of DST to sports: 1) 

it seeks an integrated explanation rather than unit scales of analysis (sociological, 

psychological, biological, biomechanical, etc.); 2) behavioral variability can be functional 

(positive) due to the interaction of several constraints; 3) a better understanding of human 

function and "dysfunction" can be obtained by describing the dynamics of different preceptor-

motor subsystems and by understanding the interaction between different levels of analysis. 
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The formation of new or different patterns, denominated as self-organized systems, 

allegedly occurs through coordinated activity at a large number of degrees of freedom (Scholz 

& Kelso, 1989, quoted by Torrents, 2005). Self-organization manifests itself as a transition 

between different organizational states. These states emerge due to internal and external 

constraints that pressure system components to change their current state (Davids et al., 2001, 

cited by Torrents, 2005). The patterns of movement are formed by and, therefore, vary in 

relation to changes in the endogenous properties in the system, as well as in the context or 

the task itself. The perspective of dynamic systems emphasizes the contribution of all 

subsystems, where none of the elements alone contains the coding for the pattern of behavior 

(Ulrich, 1989, quoted by Torrents, 2005). 

The variability in the movement patterns, exemplified by the stability fluctuation, allows 

a flexible and adaptive motor system behavior, encouraging a free exploration of the 

performance contexts (Maraj et al., 2006, cited by Torrents, 2005). The learning process 

involves establishing a connection between information and movement in the short term and 

refining this connection in the long run (Montagne, 2005, quoted by Torrents, 2005). 

In methodological terms the conception of the human being as a complex dynamic 

system requires the use of new procedures of analysis and evaluation. If classical research 

tends to focus on discrete parameter analysis and state capture, the study of continuous 

parameters and changes in the new paradigm will be necessary. The time series will be the 

most used parameter and will focus the study on the process and not on the specific results. 

It has also been applied to research in opposition sports and, instead of studying the 

movements of each athlete, interactions between opponents are studied, thus reducing the 

dimensions of the system being analyzed (Hughes et al., 1998; by Torrents, 2005). The main 

contribution of the relative phases is that they give us information of four variables 

(displacement and velocity of two different systems) in a single measurement (Kurz & Stergiou, 

2004, quoted by Torrents, 2005). 

1.2.8. The Fencing Sport 

According to Merino (2013), fencing is an art of combat with centuries of evolution, in a 

continuous process of adaptation to the circumstances of each era. Numerous treaties and 

schools emerged with the aim of portraying the best techniques and tactics, or more effective 

and effective actions. According to the author we can date the beginning of the fencing of the 

modern era to the XV and XVI centuries. As a sport it has remained until our days with some 

evolutions, but always respecting their original features of three weapons: 1) Épée; 2) Foil; and 
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3) Saber (Thirioux, 1977). According to the specific literature the essential aspects that govern 

fencing training in schools with different strategies was always technique and tactics. 

On the other hand, fencing is one of the few sports that integrated the first Olympic 

program of the modern era, in Athens (1896). 

 
Figure 1 – The competition épée. Adapted from Fencing Ministry Defense Brazilian Army (2017). 

The épée must have a weight of less than 770 g and a maximum total length of 110 cm, 

as seen in figure 1. The touch to be triggered must be performed with the tip of the weapon in 

order to achieve a pressure greater than 750 g on any part of the opponent's body. The sword 

is a non-conventional weapon, which means that at any moment the touch with the tip of the 

weapon on the opponent is valid, not needing to respect the right to attack or attack priority. 

1.2.8.1. The Main Features of the Épée 

 
Figure 2 - The electric button and the electric wires of the épée. Adapted from Fencing Ministry 

Defense Brazilian Army (2017). 

Nowadays, for the metrological processes of the competitions, one of the characteristics 

of the sword is to have an electrified system to detect the touch, as illustrated by figure 2, which 

activates a light signal each time the weapon tip spring, with a pressure of 750 g, is pressed 

for 0.040 milliseconds to propagate the signal. 

The epée point top 45º, which makes it necessary a certain angle between blade and an 

obstacle for a touch to be registered. This prevents the device from signaling a touch when the 

tip slides over the body. For this reason, it is difficult to achieve touch accuracy with the hand 

or forearm. 
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Figure 3 – Simultaneous touch in fencing. Adapted from Fencing Ministry Defense Brazilian Army 

(2017). 

However, if the opponent touches it at the same time as shown in figure 3 the signal is 

recorded as a double or simultaneous touch, signaling both sides. On the other hand, the piste 

is, or integrates, a metallic material that allows the Earth to be insulated, preventing the system 

from activating when the touch occurs there (isolates the electric circuit). The mask of the 

athlete also has a metal grate for protection, which in the case of the épée is valid touch zone. 

The players are connected by an electric system that joins the weapon to a winder and this, in 

turn, to a central touch signaling device that also serves for marking time, points, etc. Currently, 

wireless systems have been introduced (FIE, 2017) that give players greater freedom. Lastly, 

the elasticity of the blades and the range of available movements cause the tip of the blade to 

reach a speed greater than an arrow. 

Overly rigid blades are forbidden in competitions and should not be used in training, as 

stipulated in the Federation International Escrime (FIE, 2017) regulations. The material when 

it breaks can go through the protective suits that have a resistance ranging from 800 to 1600 

Newton’s. The flexibility may vary but must correspond to the maximum illustrated in figure 4. 

For competitions the blades must have a valid FIE seal of approval. 

 
Figure 4 - The flexibility test of the épée blade. Adapted from Fencing Ministry Defense Brazilian Army 

(2017). 

The grips vary around two major models: 1) French or straight grip; 2) anatomical or 

orthopedic grip. The grips are protected by a coqui or hand guard. This has a protective 

cushion and integrates an electrical connector that receives the signal coming from the tip and 
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from here it transmits it through a wire that passes through the arm behind the back of the 

fencer, connecting it to the extendable cable of a winder. 

In technical terms, in the first learning stage everything passes through a set of base 

elements, called guards, and parry (defense techniques) in order to safeguard or protect the 

fencer’s body from the opponent's blade, with reference to four lines of body protection, two 

high and two low. 

Having as starting point the fencing techniques, we start with the guards. As seen in 

figure 5, the position designated as "initial guard" (6th) in the épée weapon, the handoff the 

fencer rotates the fist in a supination action, or pronation, associated with forearm and arm 

movements, and legs to execute the different guards, allowing to close the different lines. We 

can leave a general idea of this process of guards and parries, taking into account the position 

of the hand and the weapon in pronation, supination, integrating the rotations. All are 

summarized in table 1. 

Table 1 - Adapted from Czajkowski: The Basic Arm-Hand Positions in Thrusting Weapons (Parries). 

Area of Valid Target Hand in Supination Hand in Pronation 

Outside High Line Parry 6 (sixte) Parry 3 (tierce) 

Inside High Line Parry 4 (quarte) Parry 1 (prime) 

Outside Low Line Parry 8 (0ctave) Parry 2 (seconde) 

Inside Low Line Parry 7 (septime) Parry 5 (quinte – French School) 
 

 
Figure 5 - The eight fencing positions. Adapted from Fencing Ministry Defense Brazilian Army (2017). 

As we have mentioned, this set of actions allow to close the corresponding lines and 

serve as the basis for the stops, more or less used in foil and épée, according to personal 

preferences. We can see in the figure 6 the body in the guard position (6th) protecting the outer 

high line. 
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Figure 6 - Virtual lines that define the protection lines of the body. Adapted from Fencing Ministry 

Defense Brazilian Army (2017). 

The high-external line allows the execution of protective actions mostly designated by 

6th and 3rd, the high-internal line allows to execute the 4th and 1st actions (prima), the low-

external the 8th and 2nd and the low-internal 7th and 5th. The prima may have a different 

position from the rest, as execution may require lifting the wrist above the head to protect the 

high actions of the opponent’s attack with the blade pointing down. 

We approach in another perspective the technical elements to understand the 

competitive process in general, through the attack actions, as shown in figure 7. These are 

basically associated with the body displacement forward, on the track, from which we highlight 

the positions and displacements, highlighting two more effective to obtain the touch, the lunge 

and the arrow. Only the lunge will be treated in this study, as it will be part of one of the 

techniques used in this study. Let us represent in two graphs the technical characteristics, or 

basic elements in the perspective of Barth (2007). 

 
Figure 7 - Technical elements of fencing. Adapted from Barth (2007). 
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There is a wide range of actions organized by a complex system of precise technical 

gestures, such as thrusts, parries, ligaments, beats, transports and disengagement (Mouelhi, 

2006, Szabó, 1977, Thirioux, 1977, quoted by José, 2018), with simple and complex 

displacements, in the involvement of attack actions, response and counter response, where 

each fencer uses their own reaction times (Czajkowski, 2005, Merino, 2013, Thirioux, 1977, 

quoted by José, 2018), respecting FIE regulations (2016). In all actions the armed hand plays 

a decisive role in the development of the tactical processes and techniques and from here the 

strategic relationship between the two is born (Czajkowski, 2005, Thirioux, 1977, quoted by 

José, 2018). 

Each of these actions has a set of characteristics, biomechanical or behavioral, 

assimilated by various pedagogical currents, diffused by the "schools", built in different periods 

of the development of the fencer. In the case of modern fencing (González et al., 1998, quoted 

by José, 2018) and other authors (Kronlund, 1984, Thirioux, 1977, quoted by José, 2018) 

indicate that fencing actions are identified in an analytical, or technical, or combined or tactical 

form, as illustrated by figure 8. 

For most the tactic is the most important in competition, but in training it’s necessary to 

work exhaustively the two (Vercoshjanski, 1990). 

 
Figure 8 - Tactical elements of fencing. Adapted from Barth (2007). 

The performance in fencing is influenced in large part by a neuromuscular response 

(Merino, 2013). In épée we can relate this response with offensive and counter-offensive 

actions that occur in many occasions to the stimuli coming from the adversary, mostly of visual 

character provoking reflexive reactions, especially the extension of the armed arm with the 

intention to direct the tip of the weapon to the target. On the other hand (López, 2008) in 
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competitions it can be observed on many occasions that the fencers perform technical 

movements that do not fit the model that they intended to use, as there’s always a difference 

between efficiency and effectiveness, especially when put in practice. 

The immediate reaction to the opponent's actions of high speed of movements and 

associated power and accuracy of the touch are the fundamental characteristics of this game, 

varying their dynamics within the three weapons (Barth, 2017, Cheris, 2002, Czajkowski, 2005; 

Smith, 2003, Szepesi, 2009, quoted by José, 2018). 

Due to the intensity imposed to the duels fencing is classified as a sport of submaximal 

or maximum physical intensity, with dynamic characteristics of movement of the weapon as 

the fastest of all sports. At technical and tactical level its structure is very similar to other direct 

combat sports like karate, boxing, kendo or taekwondo (López, 2008). 

Turning now to the physiological level, in a training session an athlete consumes on 

average 1200 Kilocalories and in competition the fencer can be in dispute in an intermittent 

time, thus becoming at the cardiorespiratory and muscular and mental level a very demanding 

activity, accentuating the states of fatigue and stress. That is, it is a very exhausting sport 

where fencers have difficulty maintaining concentration and competitive regularity throughout 

a competition (Volkov, 1983). 

In another physiological context, the first investigations on the tremor of the hand of the 

fencer, considered a relevant physiological index (Volkov, 1983), appeared in the sixties. They 

establish that the origin of the tremor as an important mechanism of the degree of coordination, 

recording differences between actual parameters and comparison parameters required to the 

movement. Novikov & Koslov (1983) record variations of the tremor under the effect of fatigue. 

Smveljan (1983) demonstrates an increase in tremor amplitude during training and competition 

loads. 

For some authors (Volkov, 1983) the physiological tremor is considered a positive 

phenomenon, considering the engine of the modifications of the work regime, which favors 

long-term resistance. The fact that tremor after training is higher is an indicator of the adaptive 

reaction of the motor apparatus in order to create conditions that ensure the adaptation of 

nerve and muscle structures. We further emphasize Merino (2013), who used the vibratory 

platform to study mechanical neuromuscular stimulation and how it affects positively the 

effectiveness of the touch either with the standing foot as the effectiveness in touching the 

lunge, concluding that these differ significantly with age, gender, experience and sport level. 
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In fencing, these areas are used to understand movements, or to study game actions, 

but it’s a complex activity superior to other sports, due to: 

• The speed of fencing actions (Díaz et al., 2008)  limits the type of real-time data 

collection systems that can be used in the analysis without affecting, alter or interfere 

with the observation conditions of the fencer's performance; 

• The fact that in the analysis a correct technical action of the fencer becomes 

subjective (Mateu & Lavega, 2008), due to differences of opinion and fencing styles 

between masters; 

• Huge variability and breadth of possible actions to catalog, taking into account the 

decisions of the fencer in face of the opposition offered by the adversary; 

• Difficulty in processing the dynamics and strategies of the fencer in the achievement 

of the victory. 

For these reasons, for the masters, the strategic and pedagogical process of the 

technical-tactical preparation becomes a very special activity. All this knowledge involves a 

specific skill that depends on the experience of the specificities of the sport, on the training and 

competition tasks, types of instruction and demonstration, systematization of teaching 

sequences in lesson to increase the precision and speed of movements, dynamics generation 

and game strategies to deal with multiple opponents, or development of observational ability 

to decouple actions in their main components in order to shape the fencer's competitive 

performance. 

Understanding position, speed and acceleration can help us describe the tactics for 

many individual sports. For example, how do these strategies occur during competition? 

Usually, the athlete with the highest acceleration will be the most successful. Humans take 

about five seconds to reach the maximum running speed, but in a fencing action the 

acceleration approaches the speed of an arrow. 

1.2.9. The Hand-Fist Action in Fencing 

To explain the degrees of freedom of the hand-wrist and its relationship with the arm-

forearm, the segment that is of our interest to isolate in the present study, we have to associate 

some knowledge of anatomy and hand kinetics with study of the assumed positions in fencing 

techniques that occur in training and competition. It’s important to note that the grip on the 

épée forces the hand to limit a set of motor actions in the fingers and wrist to ensure the grip 

required to exert force and precision of the technical gestures. 
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Figure 9 – Anatomical Position of the Human Body. Personal Trainer (2018). 

Taking into account the anatomical position of the human body in figure 9, the hands are 

in a supine position. The inverse position from the forearm-arm rotation is called pronation. 

The hand-forearm-arm segment performs internal rotations (which ends with palm facing 

outward) and external rotations that are inverse. The rotation of this segment reaches within 

the fencing actions approximately an amplitude of rotation about the longitudinal axis of the 

forearm of hand of 225º, visible in the figure 10, first image to the left. Considering the 

extension on the horizontal plane we obtain the flexion and extension of the grip, as shown in 

the central figure, with an amplitude of 90º for each of the sides. In the same plane but 

executing a deviation to the left, designated as a radial deviation, reaches 20º and to the right, 

as ulnar deviation, reaches 30º. 

 
Figure 10 - Fist and hand mobility. Adapted from ASSH (2018). 

1.2.10. Research in Fencing and Mixed Methods 

Computers being logical machines handle calculations in a binary fashion, but if we 

intend to create a tool to aid in the learning process of the fencer it cannot operate in a pure 

quantitative manner, especially when it comes to making qualitative behavior evaluations in 

context. Considering fencing is a highly dynamic game of interactions with too much inherent 



 

25 | P a g e  
 

variability and, as such, we first need to define the master’s observation instrument from which 

the algorithm will ultimately learn from, as it is the classification of both good and bad 

executions of those set criteria that will teach it how to understand the differences between 

them and reduce the decision uncertainty that comes with the variability of the learning 

process. 

Creswell & Plano Clark (2011) refer among several typologies of Mixed-Methods 

research (MMR) drawings of which we would like to highlight one that reflects the procedures 

of our study, called Convergent Parallel design, formerly known as Triangulation design. The 

main characteristics are: 1) this method seeks to overcome the weakness of using a method 

with stronger points than a weaker one to legitimize and validate the information produced; 2) 

collect and analyze two independent strands of quantitative and qualitative data at the same 

time or in the single phase; 3) prioritize the methods equally; 4) keep the data analysis 

independent, only mixing the results during the overall interpretation; 5) look for convergence, 

divergence, contradictions, or relationships.  

The procedure according to the flowchart in figure 11 is: 1) collect both types of data 

concurrently; 2) analyze two data sets separately; 3) merge the results; 4) interpret combined 

results. 

 
Figure 11 - Convergent parallel design. Adapted from Creswell & Plano Clark, 2011. 

1.2.10.1. Observational Methodology as Mixed Methods 

As the name implies the MMR methodology combines elements that define qualitative 

(QUAL) and quantitative (QUAN) research approaches in a single study, or a series of studies, 

with the aim of providing a wider breadth and depth of understanding and corroboration of the 

investigation topic than either approach could provide on their own (Anguera & Hernández-

Mendo, 2016; Clark & Creswell, 2010; Creswell & Plano Clark, 2011; Doyle et al., 2009; 

Johnson et al., 2007). There are several different design approaches, but share the same 

timing (when the collection of the QUAL and QUAN data occurs in relation to one another), 
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priority (which of the QUAL/QUAN data the research gives more importance to) and mixing 

(how the combination of the QUAL and QUAN data is performed) components (Clark & 

Creswell, 2010; Creswell & Plano Clark, 2011). 

However new, recent methodologies have arisen, such as the case of Observational 

Methodology (OM) which and offers an optimal balance between rigor and flexibility (Anguera 

el al., 2017). It does so by using a systematic observation along its three steps 

(QUAL/QUAN/QUAL) that allows us to merge qualitative and quantitative elements, as shown 

in figure 12. 

 
Figure 12 - Observational Methodology qualitative-quantitative complementarity, adapted from 

(Anguera et al., 2018). 

The OM is a scientific method that explains the perceptible phenomena in the context of 

its methodological principles, coding system and robust analytical techniques and is the only 

one to gather all the necessary conditions to establish a clear symmetry, operating the 

transformation of qualitative data in quantitative information due to this methodological nature 

(Anguera, 2014; Anguera et al., 2018), alone or in combination with other methodologies 

(Portell et al., 2003 and 2015). 

1.2.11. Contributions to Understanding Tactical Behavior in Competition 

The instant reaction to the actions of the opponent and high speed of movement, 

associated power and precision of the touch are the fundamental characteristics of this game 

(Donskoi  & Zatsiorski, 1989; Saucedo, 2000). By the intensity imposed in fencing games this 

modality is classified as a sport of high physical magnitude, with a short time performance with 

dynamic characteristics of the weapon, turning it into one of the fastest movements among all 

sports, including the speed of the arrow in archery. At a technical and tactical level, its structure 
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is very similar to other direct contact combat sports such as karate, boxing, kendo or 

taekwondo (López, 2008). 

The performance in fencing is largely influenced by a neuromuscular response, (Merino, 

2013). In épée we can relate this response with offensive and counter-offensive actions that 

respond in many occasions to stimuli coming from the adversary, these in their majority of 

visual character provoke reflective reactions, especially the extension of the armed arm with 

the intention to direct the tip of the weapon to the target. On the other hand (López, 2008), in 

competitions it can be observed on many occasions that the fencers perform technical 

movements that do not fit the model that they intended to use for being more relevant, but also 

prove effective. 

Tactical gameplay throughout the competition represents a very particular interaction 

between fencers, based on the structure and sequence of offensive or defensive processes 

that take place to achieve the valid touch. In this context the conduct or actions of play can be 

summarized in three great moments of decision, the preparation, the development and the 

finalization of the touch (José et al., 2017). 

In fencing, according to José et al. (2017) games are characterized by the continuous 

interaction of various situations. Opponent's offensive actions in overlapping with defensive 

actions, or offensive responses, are behaviors modified according to rules and other 

environmental factors: 

• The player space: the extension of the piste is a limiting factor, since passing a limit 

zone of end of the piste involves the penalty of one point; 

• Time of each game: it’s limited in length, involving the victory of one of the two 

opponents. But if at its end they cannot score, both fencers lose; 

• The score: The maximum of one touch between fencer within a game in a throw, or 

eliminatory phase, determines a limit tolerance for failure, that is, the attempt to reach 

the touch on the adversary conditioned by the relation of a finite number of results for 

the final victory of the game. 

These regulatory restrictions determine a type of interaction between the two fencers. 

The different tactical and technical actions are performed in response to vital attitudes, such 

as offensive actions of pressure or intensity imposed by the athlete, or defensive control 

actions generated by the opponent's attitude. The game patterns can be adjusted by a fencer 

during the assault depending on how the interactions in the moment occur and the 
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management of the determinants, such as the psychological and physical pressure of the 

moment, the sense of the opponent's competitive level, etc. 

We can refer here the observation instrument named EsgrimMOB (Tarragó et al., 2015), 

composed of six criteria of multidimensional analysis, with 25 associated categories, made for 

the purpose of simplifying the tactical analysis of fencing during competition. This instrument 

looks for the interaction between movements between fencers (displacements, technical 

actions, more or less defined by the hand). Each observation unit is associated with a concept 

of the FIE regulation (2017), where each unit forms a phrase of weapons that aims to describe 

the touch. Three major criteria stand out from this instrument: 1) Pressure; 2) Preparation; 3) 

Action. Its description allows to arrive at the system of codes that take to the behavioral actions 

of the observed player. 

According to José et al. (2017) we can say that fencing is a combat sport that has been 

part of the Olympic program since the first edition of the Games of the modern era. Competitors 

(fencers) fight on a 2m x 14m lane, distributed in 3 zones: a 10m central one and two 2m 

restrictive ends. A fencing competition features two competitive models, group stage with a 

maximum of 5 wins or 3 minutes, or direct elimination phase with a maximum of 15 wins or 3 

periods of 3 minutes with 1 minute interval. The combat objective, duel or game is one of the 

fencers to touch their opponent first. The three disciplines of different weapons, épée, foil and 

saber, present distinct rules, such as the body zone where the touch is considered valid and 

the priority setting to validate their right to attack (FIE, 2017). 

The interaction between both fencers is constant throughout the combat. Both fencers 

interact through the execution of tactical and technical actions. Throughout the ages, several 

authors have characterized the temporal actions (Lavoie et al., 1985), as well as the different 

techniques used in the course of the combats (Iglesias et al., 2008). 

Several authors point out that the scientific literature on fencing game analysis is not 

abundant (Turner et al., 2013), but in the last few years some work has been published that 

involves game context and its influence on fencing actions (Tarragó et al., 2017). These same 

authors validated in high-level fencers the most effective actions according to the context of 

the game and detected patterns derived from the behaviors observed in competition, using 

deferred video analysis. The inductive explanation on temporal pattern detection, denominated 

T-Patterns (Magnusson, 2000), has been establishing significant relationships between sports 

behaviors and their temporal and sequential structures, as we can observe in the study of 

pattern analysis in elite épée assaults (Tarragó et al., 2017). 
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Although there are already some instruments in this line of research, using Observational 

Methodology, all show a focus on the touch process, with little discrimination as for how the 

actions are performed, possibly due to the conceptualization and construction of the 

observation systems to focus on the visible aspects of the tactical interactions between 

fencers. 

The detailed description is very closed to fencing masters experts, perhaps due to being 

visually conditioned by the speed of execution of actions, even when observed with video 

systems, to infer tactical patterns that allow to evoke useful information that manages 

communication between fencers and masters in order to formulate different tactics in the 

context of training and competition. 

Observing the qualitative instrument, we can capture the game’s tactical actions and 

deconstruct the processes of decision and organization in the preparation and development 

and what the main tactical and strategic processes the fencer used to regulate their game 

according to the type of opponent, as it is verified in the study by José et al. (2017). It was 

through this instrument (Appendix I) that the two exercises that would be the development 

process of our study were reached, since they were the ones that the fencer most needed to 

optimize for their competitive evolution. 

1.3. Research Objectives 

Our ultimate goal is to develop a tool that can provide feedback to fencers during 

unsupervised practice and help them develop the self-analysis skills to identify their mistakes 

and technical faults, which consequently optimizes their competitive efficiency. But because 

this study is an exploratory work, where many occurrences and behaviors cannot be fully 

known prior to their implementation and subsequent research, we instead are focusing on the 

first step which is to build a prototype that will help us not only explore how to best teach a 

learning algorithm to correctly mimic the master’s evaluation processes, but also provide us 

with valuable insight on where to refine and how to improve future iterations of this work. 

In order to do so we’ve applied a single sensor on top of the weapon hand of the fencer 

to capture the inertial data, in the form of acceleration and angular velocity, of the gestures 

that compose the fencing movements, while also collecting the master’s qualitative evaluation 

of the fencer’s technical-tactical efficiency for every bout performed as part of the training 

regime of the individual. This information was then fed to a Machine Learning algorithm to train 

it on how to correctly identify which of the fencer’s behavioral patterns lead to the master’s 



30 | P a g e  
 

binary evaluation of their performance and predict the true representation of the technical-

tactical efficiency of the fencer. 

To do so we must first explore these questions in order to determine which approaches 

better suit our needs:  

• Which factors are important to take into account in the definition of the technical-

tactical efficiency of the hand? 

• How can the master’s subjective evaluation be quantified in a reliable manner? 

• Which type of data should be collected in order to characterize the actions of the 

fencer? 

• What are the physical constraints, besides the explosive speeds of the hand and 

high mobility, that will influence the choice of the sensor?  

• Which data collection system allows us to best obtain the data on the technical-

tactical efficiency of the fencer, while being simple, affordable and does not alter the 

game’s context, nor hinders the performance of the athlete?  

• What type of treatment is necessary to give to the data in order to extract the inherent 

information?  

• Which learning algorithm is the most suitable to combine the quantitative and 

qualitative data in order to obtain a qualitative evaluation?  

• Which methods should be used to measure the performance of the algorithm and 

ensure the validity of the results?  

from which we must then answer:  

• Can a Mixed-Methods approach explain the efficiency of the behavioral patterns of 

the fencer better than either the purely quantitative or qualitative ones used separately 

to feed the system with?  

• Can our solution predict the correct qualification with a high enough level of reliability 

to justify future research?  

• How will the high variable nature of fencing potentially hinder the ability of the 

application to correctly predict the results?  

• Does a single sensor provide the system with enough information to achieve a high 

prediction rate, or are necessary more? 

• Can a visionless based solution qualify human behavior in context accurately at all?  
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§ Observation: There is no defined set of hypotheses given that we are dealing with a mixed study 

that has a specific research design (Mixed-Methods). 

1.3.1. Restrictions 

The issue of working with the highly subjective and variable nature of fencing, where 

even if in a controlled and well researched setting many occurrences and behaviors cannot be 

fully known prior to their observation, is the high amount of variability we need to take into 

account when creating our application. 

As such not only some trial runs were performed to test different sections separately, but 

a few restrictions were set in place: 

• keep the setting as close to the natural training context as possible; 

• reduce the amount of possible qualifications; 

• only resort to a single sensor to study the hand; 

• focus the study on a single fencer.  

Besides minimizing the sources of information and reducing the amount of variability 

within the master’s evaluations, this helps us establish a base of comparison for more complex 

setups and, hopefully, better understand the sources of error and how to best mitigate them. 

1.4. Contributions 

This new study in the field of fencing and the combination of quantitative and qualitative 

data in sport context research provides particular contributions in the training of autonomous 

assistance, giving an extrinsic feedback when the fencer approaches the optimal execution, 

allowing them to reflect constantly through the level of mastery of the opponent in order to 

surpass the challenges. But it also works as an intrinsic feedback if the athlete performs the 

technique and achieved the touch, but the device provides a negative feedback, which 

challenges the fencer’s assumptions on their evaluation of their own execution. In other words, 

the athlete is constantly focused on the action procedures because he expects the device to 

respond when he seeks to put his most proficient techniques. 

Another important issue is the use of neural networks and the method of classification 

using the qualification of the coach, particularly in fast-action combat sports. Many gestures 

are composed of intrinsic information that only through observation and experience are 
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possible to define their degree of difficulty and quality. We believe these procedures will aid in 

the processes of classification and discrimination when using this type of analysis features. 

Our entire line of publication and future research will be centered on this method and its 

association to combat sports and processes involving the relationship between decision-

making with great interaction between the observer and the object, without which it will not be 

possible to achieve in the qualification process. 
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2. SENSORS IN SPORTS 

This chapter addresses the use of sensors in sports, specifically their application in 

fencing to study the hand, and how each handles the unique problems specific to that sport 

and body segment. Also some issues that arise from calibration and signal filtering are 

focused here. 

 

As athletes push themselves every single day to reach new levels of excellency, coaches 

and sport scientists require growing amounts of information to perform a more detailed analysis 

of the human body and mind, its responses to stress, injury or fatigue, proper maintenance 

and rehabilitation, etc. Especially over subjects that can’t be easily measured through the 

human senses. 

Sensors, and other technologies, play a vital role in this. For example the historical 

contribution to the study of human motion, and subsequent improvements brought to the field 

of sports by Eadweard Muybridge, all the way back in the 19th century. A photographer and 

pioneer in the studies of motion (Muybridge, 2012), his famous “Sallie Gardner at a Gallop” 

proved a galloping horse lifts its four hoofs off the ground for a brief moment. A debate that 

had been raging for centuries (Clegg, 2007). His work not only opened the door to the study 

of animal and human locomotion (Muybridge, 2012), but the then cutting-edge technology 

quickly became a staple in sports as the photo-finish (Muybridge, 1882). 

Nowadays video has taken the predominant role played by photography as the most 

common data collection and analysis method used in Sports Sciences, but as other sensors 

were developed and became more accessible to a wider audience, these too helped in 

furthering the science that is the study and improvement of the human body during physical 

activity. Some examples are cameras, heart rate monitors, dynamometers, force plates, 

ergometers, accelerometers, goniometers, tensiomiographs, podoscope, global positioning 

systems, electromyograms, stabilograms, calorimeters and many, many others (Camomilla  et 

al., 2018; Cummins et al., 2013; Erdmann, 2009; Geil, 2008; Iglesias et al., 2008, Mooney et 

al., 2015).  

But while experimental, or semi-experimental, laboratory studies allow the freedom of 

using any sensors as they see fit, they don’t reflect the reality of the actions and/or performance 

when studied in their natural context. In that situation not only it becomes important to select 
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sensors that won’t hinder the athlete but, especially during competition, the sport itself dictates 

what type of sensors are even allowed. 

For example in cycling, bicycles can be equipped with on board cameras, wheel speed 

sensors, accelerometers, gyroscopes, pedal cadence sensors, GPS, SRM power meters, 

torque sensors, etc. without adding too much extra weight, or getting in the way of the cyclist. 

But in swimming all sensing has to be done remotely, as any device attached to the athlete 

would increase drag or interfere with their movements. However thanks to the evolutions in 

microelectromechanical systems (MEMS) this issue is gradually decreasing, especially when 

it comes to wearable technology. 

2.1. Technologies and Devices in Fencing 

In the specific case of fencing, technology has been used in the study of reaction time, 

duration of movement and accuracy, fatigue analysis, injury and rehabilitation, or use of 

electronic targets (Stein, 2008).  

An example of strong investment in that field was the Soviet Union, former USSR, which 

in the 1950s had a systematic use of metrological10 resources in sport (Zatsiorski, 1989) and 

developed full control of the preparation of athletes, a model that brought together a set of 

indicators that were decisive for Olympic success between the 1950s and 1960s. These 

indicators involved health, physical fitness, motor skills, technical mastery, tactical mastery and 

volitional qualities. The evaluative characteristic of this complex system has allowed, in 

strategic terms, the creation of norms and instruments of analysis, giving priority to the 

mobilization of resources, structures, methods and instruments of control for the preparation 

of elite athletes, as described by the statistical, technological and methodological solutions in 

the book Sports Metrology by Zatsiorski (1989). 

Some more modern examples of technologies applied in the study of fencing are the use 

of electroencephalography, heart rate monitoring, maximum VO2 study (figure 13), blood 

lactate analysis, dynamic force study and posture studies with contact platforms, video 

analysis, force dynamometers for tensiomyography studies, training simulators, photoelectric 

cells, nutrition, pressure sensors, pedometers, among others were presented at an 

International Congress in Barcelona (Iglesias et al., 2008).  

                                                
10 Metrology, translating from Greek, means "the science of measurements" (métron, measurement, 
logos, science), (Zatsiorski, 1989). 



 

35 | P a g e  
 

  
Figure 13 - K4 maximum oxygen consumption (VO2 max). Adapted from Xavier (2008). 

In the framework of support technologies within fencing, we highlight microprocessor 

studies (Díaz et al., 2008) or wireless systems (Wauters et al., 2008), to validate the touch and 

update the score, virtual trainers (Tyshler & Tyshler, 2008a, 2008b), or even the use of the 

Internet as a source of dissemination of information about the modality (Fiore, 2008). 

Regarding the study of the displacement and rotation of the hand itself, since this affects 

the efficiency of the game's actions, little or nothing has been developed outside the direct or 

delayed video capture and analysis, such as in figure 14, which is practically a standard in the 

collection of sport data (Lapinski, 2008). Although excellent for capturing all the athlete's 

behavior, they are not the most adequate system to capture the small variations of movements, 

as for example the rotations of the hand of the fencer. Exceptions would be more complex 

multicamera studies, such as in figure 15, but those are not always feasible, as it will be 

discussed further ahead.  

  
Figure 14 – 3D motion capture with passive markers. Adapted from Chèze (2014). 
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Figure 15 – Reaction response recording system. Adapted from Gutiérrez-Dávila et al. (2013). 

However, there are systems for the measurement of acceleration, displacement and 

rotation applied to other sports that involve great action of the hand that controls the instrument 

used for the game, such as golf (Ghasemzadeh et al. 2009; King et al., 2008; Lai et al., 2011; 

Ohgi, 2006), baseball (Lapinski et al., 2009; Thiel & Sarkar, 2014), cricket (Sarkar & Thiel, 

2015; Thiel & Sarkar, 2014), boxing (Kimm & Thiel, 2015), or tennis (Gomes et al., 2015), with 

specific versions for this field of sport. As an example, analysis tools such as Xsens (XSENS, 

2016), Shimmer (Shimmer, 2016), Sabel (Sabel Labs, 2016) or Technaid (Technaid, 2016). 

So it is not a matter of lack of technological advance or alternative solutions to capture this 

movement, but its specification in terms of movements and analyzes. 

The masters seem in need to train technical-tactical behaviors and decision-making in 

context (Araújo, 2006), to stimulate their knowledge and specific expertise (Campaniço, 1999), 

considering everything that involves the game, to evolve to complex decisions (e.g., reduce 

the degree of uncertainty in situations of great constraint). One of the great objectives of the 

training is to be able to structure the training conditions (Zatsiorski, 1989) to develop the 

fencer's game proficiency. 

The instruction of the master and demonstration, combined with cognitive feedback and 

feedback using various internal and external resources to stimulate skill levels, should involve 

the perception and knowledge of action procedures (Grosser et al., 1989). Implicit instructional 

techniques seem to be more efficient than explicit ones, particularly under conditions involving 

great uncertainty or stress (Williams & Walmsley, 2000). When visual, kinesthetic, or auditory 
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feedback is practiced, this source of information continues to be relevant, both for planning 

and for performing the movement after extensive levels of practice. A fencing master should 

resist the temptation of imposing the same technique and style upon all his pupils, they should 

undertake the difficult task of helping each person to find their own style (Czajkowski, 2009). 

To strengthen instructions, the prescription should be the practice of judgments and 

decisions and then feedback treatment. One form is cognitive feedback, which consists of 

information about relationships in the environment, relationships understood by the teacher's 

communication and additional ones from computerized resources, involving the environment, 

increasing personal perceptions and reducing uncertainties. Cognitive feedback has been 

considered important in performance evolution and in judgment tasks. Another form of 

feedback is procedural (Campaniço, 1999), which can inform people of the necessary changes 

to the procedures of their execution. Intuition is identifying things without knowing how we 

proceed with their identification (affordance). It depends on the use of experience to identify 

key patterns that indicate the dynamics of the situation. The part of intuition that involves 

pattern recognition and the identification of similar and typical cases can be trained. 

Over time the feedback process has depended on several technological resources used 

in the preparation of the fencer, involving the registration, evaluation and control of associated 

capacities. Electronics and computing have made strong contributions to the evolution of 

important characteristics of the sports preparation. In table 2 we can see some of the main 

technological resources in use today: 

Table 2 – Current training fencing equipment. 

 

Electronic target for reaction and decision making: 

Electronic wall target. In this system the fencer is encouraged to 

perform tasks through 9 scheduled drills on the panel with 

different variations, generally stimulating the reaction speed, 

decision making, technique and accuracy in touch. It is an 

instrument used in some clubs in the early stages, or in tactical 

development. 

There are other equivalent training devices on the market for the 

three weapons. 
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Miniaturized device and tester for fencing: 

This signals the hits in fencing, an electrical control of the three 

weapons and of the various body cords. 

 Tyshler training device: 

This Device has eight different training programs – which could 

be used to generate an infinity of fencing exercises in addition to 

the ones listed in this instruction manual (more to come). The 

device is programmed to generate different sounds and signals 

to train simple motor reactions, choice reactions (choice between 

two possible actions), switching reactions (switching from a 

chosen action to a different one), anticipation of distance, 

footwork and much more besides!  

Repetition and focused isolated training of the most frequent and 

effective actions and movements used during a fencing bout or 

lesson, creates new possibilities for fencers to improve not only 

their technical proficiency, but also their speed, accuracy with the 

point, reactions and decision-making times that one has to solve 

during a bout. 

 

 

Device (TTD) - MINI-02: 

The TTD bout simulator was created in order to help fencers of 

all levels in their training and development of fencing techniques 

and fitness. This small, portable training device, simply attached 

to your wrist, can be used anywhere it will aid towards your 

general fitness regime MINI-02 is worn on the fencer's wrist by 

means of the practical Velcro® wristband. 

 

 

MINI-01: 

MINI-01 It is ideal for training as there is no need for wire spools, 

pistes, cables or signaling equipment. 

Miniaturized device to be inserted directly into the épée socket. 

MINI-01 signals each time the point of the weapon is touched. on 

for approx. 1 second. Sturdy metal container. Contact time of the 

point complies with FIE rules. 
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2.2. Position and Orientation Sensors in Sports 

As we have seen, none of the equipment usually used in fencing fulfills the specific 

purpose of studying fencer movements in the context or qualifying the efficiency of its 

execution, as is our purpose. Instead, this role is relegated to the master or to the fencer 

himself, focusing instead on the mechanical training of technique and touch signaling. 

Among the wide range of sensors that are used within sports, for the study of the weapon 

hand of the fencer in context and the capture of its intrinsic information in order to teach a 

system on how to qualify the technical-tactical efficiency of the athlete, we focused specifically 

on those that can track the position and orientation of the target. While it’s not necessarily our 

goal to determine the location of the hand in the tridimensional space, this family of sensors is 

the most suited to provide information of the surrounding context the actions are taking place 

and the human motions involved in the process. 

2.2.1. Ultra-Wideband (UWB) 

A radio-based wireless technology, this sensor is composed by a network of 

synchronized, stationary receivers mounted around the surrounding environment and one or 

more mobile transmitters that are placed on the object(s) we intend to track in the 3D space. 

Each transmitter sends a very low energy signal in very short, precise pulses, typically around 

1 ns, within a very large frequency band of at least 0.5 GHz. As shown in figure 16 the 

receivers, which are all synchronized to a central clock but also possess an internal one as a 

countermeasure, locate the transmitter’s position in space based on the multilateration of how 

long each signal took to reach each device (Hol, 2011). 

 
Figure 16 - UWB setup. 
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While high frequencies theoretically pass through most mediums, rather than attenuate 

or reflect it and introduce delays or other errors into the calculations and operate in a bandwidth 

not used by other more traditional radio communications, reducing any potential interferences, 

they can’t operate over long distances. Typically that is not issue, as they are used mostly in 

indoor settings, but they are prone to multipath effects and non-line of sight conditions (Hol, 

2011). 

Installation can also be problematic if calibrations are not done properly. Not to mention 

this process is often time consuming and not at all practical when dealing with non-permanent 

setups (Hol, 2011).  

The biggest issue for our study however is resolution. While the high-speed pulses allow 

us to reach a high spatial resolution, its level of accuracy is in the order of decimeters (Hol, 

2011; Serpiello et al., 2018), which is fine for indoor sports such as futsal, basketball or 

handball (Serpiello et al., 2018) but is too low for our specific needs. 

2.2.2. Global Positioning System (GPS) 

A satellite-based radionavigation system, this sensor takes advantage of the multiple 

space vehicles, synchronized via atomic clocks that continuously orbit around the Earth 

transmitting radio signals on two specific frequencies to determine its position, velocity and 

time (PVT) on the surface of the planet. As we can see in figure 17, both transmitters and 

receivers are mobile, as opposed to UWB, although the satellites move in a predetermined 

fashion and thus their location is always known (Cummins et al., 2013; Hol, 2011). 

 
Figure 17 - GPS setup. 

In order to determine its position, the sensor receives a time-stamped signal from each 

of the transmitters orbiting above with their current navigation information, which allows it to 

perform calculations to determine its geolocation in relation to the satellites via triangulation 

and other corrections, such as pseudorange, Doppler and carrier phase measurements. 
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Because all the necessary information is contained in the broadcasted data, the receiver 

doesn’t need to perform an initial calibration. The satellites on the other hand are monitored 

from their base stations and any necessary corrections are uploaded to the respective vehicle 

(Hol, 2011). 

This sensor is a fairly well-known tool when it comes to its application in outdoor sports, 

such as rugby, football, cricket, skiing, cycling, etc. (Aughey, 2011; Cummins et al., 2013; 

Gilgien et al., 2014). It’s affordable and an excellent source of positioning information, 

independently of most atmospheric conditions. However in cases of bad or no reception, such 

as indoor settings or other situations where the surrounding environment blocks or dampens 

the radio signal, the GPS can no longer update its location properly (Aughey, 2011; Cummins 

et al., 2013; Gilgien et al., 2014; Hol, 2011). 

Another issue that renders this sensor as not fitting for our needs is the resolution. 

Typically the level of accuracy is in the order of meters, although this can vary depending on 

the type of receiver purchased, at the cost of affordability and/or size (Aughey, 2011; Hol, 

2011). 

2.2.3. Vision 

Technically a collection of sub-systems, as shown by figure 18, this sensor captures the 

light in an analog fashion and converts it into a two-dimensional series of digital images, at a 

specific frame rate. While the human eye is trained to understand the spatial position of the 

observed object based on visual cues, this process removes the actual distance and depth 

information a computer needs to perform accurate measurements. This situation is commonly 

solved however through the use of multiple cameras recording the same object from different 

perspectives (Hol, 2011; Polak et al., 2016). 

 
Figure 18 - Vision sensor pipeline. 

Before calculations can be performed it’s necessary to take into account the distortions 

effect caused by the convex shape of the lens. This helps the camera converge the light rays 

into a single focal point prior to its capture, but the further the object is from the center, the 
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more likely it is to suffer from radial distortion (Hol, 2011). Fisheye lenses are particularly 

notorious for this, as we can witness in figure 19. 

 
Figure 19 - No fisheye vs. fisheye distortion. 

Outside of the error the distortion can introduce in the measurements if improper or no 

calibration is performed, there is the issue of having the computer automatically tracking the 

targeted object and successfully singling it out from the surrounding environment (Polak et al., 

2016). 

Vision is the strongest of the human senses when it comes to exploring our surroundings, 

we evolved it over millions of years to quickly, and efficiently, detect patterns among the visual 

clutter. We do so by first capturing the quick “gist” of the image and progressively taking more 

time interpreting what we’re really seeing as the visual complexity increases (Diamant, 2008; 

Ionescu et al., 2016). This is why cameras are the most popular sensor in sports sciences, as 

the slower, more deliberate deferred analysis, often from multiple angles, can provide a wealth 

of information not possible in real time (Polak et al., 2016). 

But while devices can easily outperform humans at the image capture level, Computer 

Vision however can’t quite match our high-level semantic information processing abilities, 

despite their significant advancements. Even if we just stick to the object tracking, rather than 

categorization, the process is still complex and demanding and prone to errors under certain 

conditions, such as too much visual noise or occlusion (Bradski, 1998; Diamant, 2008; Polak 

et al., 2016). 

In our specific case the main issue is the explosive speeds of the fencer. While the use 

of this type of sensor in fencing is commonplace, it needs to be set at a fairly long distance in 

order to capture the whole-body movement along the piste, which reduces the measurement 

accuracy. Capturing just the hand is not technically feasible, both because it becomes easy 

for the hand to be off-camera at mid-recording, and because the master needs to observe the 

rest of the fencer in order to understand the surrounding context. Then there’s the possibility 

of occlusion, mostly by the sparring partner, and lack of tracking precision of the fist, as some 

glove designs make it hard to tell where the center of the hand is and where the wrist begins.  
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High-speed, multicamera systems are the most common solution to these issues, but it’s 

not a viable option for us both in terms of costs and availability. Not to mention these types of 

cameras have specific lighting requirements that aren’t always met outside of a laboratory 

setting. This directly clashes with our goal of having the application work in the closest 

environment to the fencer’s natural training context as possible. 

2.2.4. Inertial Measurement Unit (IMU) 

An electronic navigational device composed of multiple sensors, this instrument 

measures the inertial data captured by an accelerometer and a gyroscope, in the form of linear 

acceleration and angular velocity, from which position and orientation can be inferred. A 

magnetometer is also commonly included to better help determine the magnetic orientation of 

the object in its ambient space (Aydemir & Saranli, 2012; Greenheck, 2015; Hol, 2011; Olivares 

et al., 2009).  

While the IMU is now a common, everyday sensor, especially the MEMS version, which 

is found anywhere from wearable technology to our smartphones, thanks to their light, 

unobtrusive size, low power consumption and high affordability, those features come at the 

cost of accuracy (Dejnabadi et al., 2005; Espinosa et al., 2015; Greenheck, 2015; Hol, 2011; 

Kimm & Thiel, 2015; Lara & Labrador, 2013; Lee et al., 2011; Malawski & Kwolek, 2016; 

Olivares et al., 2009; Stančin & Tomažič, 2014; Whiteside et al., 2017). As the sensor performs 

a double integration of the acceleration to determine its position any small measurement errors 

start to compound over time, increasing the distance between the actual and calculated 

locations in a cubic error growth known as drift. The same quadratic error occurs in the 

gyroscope measurements (Dejnabadi et al., 2005; Greenheck, 2015; Hol, 2011; Wu et al., 

2015). This issue can be alleviated through Sensor Fusion (figure 20), as the combination of 

multiple sensors can counterbalance each’s measurement errors (Hol, 2011; InvenSense, 

2013).  

 
Figure 20 - Strapdown inertial navigation pipeline for calculating the position and orientation. Adapted 

from Hol, 2011. 
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However, in the case of our study, we’ve decided to skip this issue entirely by not 

including the integration calculations. This is in large part due to the goal of our application 

being to teach an intelligent system to autonomously evaluate a hand efficiency of the fencer, 

based on the qualitative criteria of the master, rather than to illustrate the path the IMU took in 

the tridimensional space. The inertial data inherently contains all the necessary motion 

information for the application to perform its task, so such calculations are not required. 

In terms of calibration, typically commercial IMUs are calibrated during production with 

average factory values, which don’t address manufacturing imperfections, installation 

misalignments, design flaws, or any other issues that are unique to each device. Meaning in 

order to reduce the errors of the sensor as much as possible individual readings should be 

collected and the resulting calibration formula applied to the raw data. This process only needs 

to be done once for accelerometers and gyroscopes however, unless they suffer from 

significant tampering or damage, while magnetometers need to be recalibrated prior each use 

if in the presence of nearby ferromagnetic materials (Greenheck, 2015; Hol, 2011; Lee et al., 

2011; Olivares et al., 2009; Stančin & Tomažič, 2014).  

Issues such as temperature drift and noise however were not measured for the custom 

calibration, but instead used the factory values, due to the complexity of the procedure and the 

fact we’re dealing with human motion, where the behaviors and surrounding conditions are 

harder to account for (InvenSense, 2013; Magalhães et al., 2015; Olivares et al., 2009; Stančin 

& Tomažič, 2014). 

2.2.4.1. Accelerometer 

         

Figure 21 - Accelerometer’s internal structure and motion detection. Adapted from Sandro Lima 
(2005). 

This sensor measures acceleration by detecting the displacement of a mass attached to 

a set of “springs”, as shown in figure 21. That is, as a force accelerates a mass from its neutral 

position in any given direction, the deflection is measured through a set of fixed beams that 

detect the corresponding capacitance changes of the system. However this type of 
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accelerometers don’t register just the rate of change of the velocity applied to them, or coordinate 

acceleration, but also other external forces such as gravity, or proper acceleration. Also it uses 

its own local coordinate system to describe the direction of the sum of all the applied forces at 

any given time, meaning that before any position and orientation calculations can take place 

it’s necessary to perform a calibration where only the gravitational pull is taking place, so the 

sensor can both determine the global coordinate frame and remove the gravity from any future 

calculations (Dejnabadi et al., 2005; Hol, 2011). 

In our case the gravity removal doesn’t take place, as it’s a constant force that doesn’t 

change over time, unlike all other forces applied. However, the errors that are unique to each 

sensor must be removed by performing an initial calibration where the accelerometer is placed 

on a level surface on each of its six axis orientations and measure the respective gravitational 

force (Lee et al., 2011; Olivares et al., 2009; Stančin & Tomažič, 2014; Tsang, 2008). 

2.2.4.2. Gyroscope 

This sensor measures the angular velocity by detecting the vibrations applied on its 

internal structure by the Coriolis effect and converting them into an electrical signal, as shown 

by figure 22 (Greenheck, 2015; Hol, 2011; InvenSense, 2013). That is, the sensor is equipped 

with multiple vibration sensitive “arms” which, as rotation takes place, the Coriolis force moves, 

making them vibrate in a specific direction. That potential difference is what the sensor 

translates as angular velocity and can be translated into the object’s relative orientation in 

space as it rotates along its pivots (InvenSense, 2013; Olivares et al., 2009; Tsang, 2008). 

      

A)                                                    B) 

Figure 22 – A) Sensing angular velocity through the Coriolis effect. B) Microscope image of a torsional 
surface-micromachined gyroscope. Adapted from Acar & Shkel (2006). 
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While the gyroscope shares the same coordinate system as the accelerometer, it’s level 

of sensitivity is much higher. So, while this sensor can’t technically rely on gravity to provide 

the initial orientation the same way the accelerometer can, it can still feel the influence of the 

Earth’s rotation, especially during the static measurements. As such dynamic measurements 

should be collected as well by placing the gyroscope on a rate table, or similar device, where 

it can be subjected to a constant, known angular velocity, both clockwise and anti-clockwise, 

at different radius distances (InvenSense, 2013; Lee et al., 2011; Olivares et al., 2009). 

2.2.4.3. Magnetometer 

This sensor measures the direction of the local magnetic field in order to determine the 

body’s spatial orientation in relation to the magnetic north. The way this detection is performed 

depends on the type of magnetometer in use, which doesn’t apply to our specific study. 

However all magnetometers share the same issue of having difficulty in determining the 

direction of the Earth’s magnetic field correctly when in the presence of other ferromagnetic 

materials in the surrounding environment, as soft and hard iron effects induce local distortions. 

This is particularly true indoors (Hol, 2011). 

 

Figure 23 - Magnetometer calibration. Taken from Hol, 2011. 

An initial calibration, in the form of rotating the sensor in all directions multiple times, as 

exemplified by figure 23, must always be performed prior each use when such situations occur. 

This is to estimate the distortion parameters, but this is assuming the sensor is in the presence 

of a homogeneous external magnetic field (Hol, 2011). In the case of a fencing bout, where 

the weapons of both fencers are always in close proximity, at constantly different distances 

and positions, with the metals interacting as the blades hit and grind on each other, those 

circumstances led us to discard the use of this form of measurement, along with it not being 

an inertial factor masters’ take into account into their evaluation processes.  
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2.3. IMU in the Study of Sports Context 

Within the study of the movement in sport in a natural context, that is, studies where the 

instrument does not interfere or alter the surrounding conditions or elements, with specific 

reference to IMUs in fencing, this resource is still very little explored. The most similar one we 

came across was a work of automatic reconnaissance of the type of inflow applied by the 

fencer through an inertial sensor applied to the leg and an intelligent classification algorithm 

(Malawski & Kwolek, 2016). 

This type of study is very similar to ours, differing in the objective that generates the 

intelligent algorithm and the segment of the analyzed body. Much of the inspiration of how to 

do data processing through Dynamic Time Warping and powering the system via Feature 

Extraction started from this work (Malawski & Kwolek, 2016). But in our case, for the first time, 

in sports, the qualitative reinforcement (Master) is carried out during the classification process. 

But with regard to knowing what kind of features our sensor must have to capture the 

inertial data in context, we had to not only take into account the limitations imposed by fencing 

but also to explore other types of sports where the hand is the element and its object of study. 

This implies the exclusion of experimental or quasi-experimental studies, since these do not 

fully replicate the natural conditions of training that interest us. 

From what we could observe the majority of studies focus on the analysis of the kinetics 

and kinematics, particularly in the analysis of the forces (Jaitner & Gawin, 2010; Kimm & Thiel, 

2015; Mooney et al., 2015), angles and trajectories of the hand and wrist (Jaitner & Gawin, 

2010; King et al., 2012), and in assessing the validity of IMU as a tool for capturing data (King 

et al., 2012; Mooney et al., 2015; Whiteside et al., 2017). Studies that focus on the classification 

of gestures also exist, but these focus on the identification of the gesture itself, based on its 

phases, and not on the athlete's qualification (Mooney et al., 2015, Kos et al., 2016; Whiteside 

et al., 2017). 

The exception was a golf study that quantified the swing performance percentage, but 

this system follows a purely biomechanical perspective in its evaluation (Chun et al., 2014). 

This strategy, while valid, does not fit our needs due to both the more flexible nature of what 

constitutes a correct gesture in fencing, as in our focus on the Observation Methodology and 

the feedback given by the master himself. 

Therefore none of the studies focused exactly on our goal, even being sports where the 

use of IMUs is more common. But in terms of the features of the sensors used, they all had a 
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resolution of 16 g or more for the accelerometers and 2000 º/s for the gyroscopes, which led 

us to take these values as the minimum requirements. 

However it’s important to take into account the location where the sensor is applied. 

Although we focused on studies where the hand is the dominant element, they applied the 

sensor directly on the wrist (Kimm & Thiel, 2015; Kos et al., 2016; Mooney et al., 2015; 

Whiteside et al., 2017), on the forearm (Chun et al., 2014; Jaitner & Gawin, 2010) and/or on 

the racket or bat handle (Chun et al., 2014; Jaitner & Gawin, 2010; King et al., 2012). In many 

cases this may lead to higher peaks of acceleration (Kimm & Thiel, 2015; King et al., 2012) 

and rotation (King et al., 2012), particularly in combination with the non-deformable nature of 

the corresponding sports equipment and the mass behind the force of the impact object (Chun 

et al., 2014; Jaitner & Gawin, 2010; Kimm & Thiel, 2015; King et al., 2012; Kos et al., 2016; 

Whiteside et al., 2017). 

In terms of data transmission, Sport generally values wireless systems (Chun et al., 

2014; Jaitner & Gawin, 2010; Kimm & Thiel, 2015; King et al., 2012; Mooney et al., 2015), or 

use of internal memory when the resources do not allow it (Kos et al., 2016; Mooney et al., 

2015). However in our particular case we have opted for cable transmission, not only because 

it frees us from concerns such as battery life or limited memory space, but because in fencing 

the sword itself already has that connection. So having a cable running the arm of the fencer 

to get to the hand does not alter the context. 

Finally, in regard to the representation of the data collected in sport, acceleration is 

measured both in m/s2 (Jaitner & Gawin, 2010; Mooney et al., 2015) and in g (Kimm & Thiel, 

2015; King et al., 2012). The study of angular velocity is less common, but the representation 

is usually always in º/s (King et al., 2012; Mooney et al., 2015). The calculations of trajectories 

and angles, though common, in our case is not relevant. 

2.4. IMU Calibration 

Because we are dealing with the study of the hand motion in fencing, and all of its minute 

gestures, which can both achieve fast, explosive speeds and operate in a nearly spherical 

degrees of freedom, thanks to the whole range of motion it inherits from the arm, it’s important 

to reduce the margin of error of the device as much as possible by performing an individualized 

calibration to each of the sensors involved. 
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Despite having different calibration data collection methods, both the accelerometer and 

the gyroscope have a linear output and suffer from the same type of calibration errors. Meaning 

they share the same calibration formula (Olivares et al., 2009): 

𝐹𝑇 = (𝐹𝑅 − 𝐵 − TΔ𝑇) ∙ (𝑆 + 𝑀) + 𝑤 ( 2 ) 

where, 

𝐹𝑇 = [

𝐹𝑇𝑥

𝐹𝑇𝑦

𝐹𝑇𝑧

] ( 3 ) 

𝐹𝑅 = [

𝐹𝑅𝑥

𝐹𝑅𝑦

𝐹𝑅𝑧

] ( 4 ) 

𝐵 = [

𝐵𝑥

𝐵𝑦

𝐵𝑧

] ( 5 ) 

𝑆 = [

𝑆𝑥 0 0
0 𝑆𝑦 0

0 0 𝑆𝑧

] ( 6 ) 

𝑀 = [

0 𝑀𝑥𝑦 𝑀𝑥𝑧

𝑀𝑦𝑥 0 𝑀𝑦𝑧

𝑀𝑧𝑥 𝑀𝑧𝑦 0
] ( 7 ) 

𝐹𝑇 is the true acceleration or angular rate we obtain after the calibration, 𝐹𝑅 is the raw 

acceleration or angular rate measured by the IMU, 𝐵 is the bias, or offset, is the deviation of 

those alignment measures from the axis the gravity or angular force should be aligned with, 𝑇 

is the temperature coefficient, 𝛥𝑇 is the difference between the measured temperature, 𝑆 is 

the scale factor is the linear conversion for the rate of change of the raw signal, as not all axis 

share the same sensitivity, 𝑀 is the misalignment errors that can occur during manufacturing 

and the temperature the sensor was calibrated at and 𝑤 is the white noise inherent to each 

device (Aydemir & Saranli, 2012; Lee et al., 2011; Stančin & Tomažič, 2014; Tsang, 2008). 

2.5. Signal Filtering 

While the calibration ensures the measurements are as accurate as possible, noise can 

still occur, especially in more commercial sensors where affordability and availability often 

comes at the sacrifice of precision (InvenSense, 2013). Noise is expressed in the signal as a 

series of high and low frequency peaks added to it, so smoothing filters are the best option in 
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this case, as they reduce that distance between the adjacent points, smoothing the signal back 

out as figure 24 illustrates. Among them we can find the Moving Average, the Butterworth, the 

Low-Pass, the Local Regression, the Savitzky-Golay and the Kalman filters, just to name a few 

(Teukolsky et al., 2007). 

 
Figure 24 - Effect of a smoothing filter. 

In our case we went with the Savitzky-Golay filter, as this method allows us to run a least-

squares polynomial fitting, at significantly faster computational speeds, through the use of 

convolution operations, while at the same time avoids the flattening and widening of the peaks 

effect that is common in the simpler running average techniques (Acharya et al., 2016; Gorry, 

1990; Jonsson, 2011; Luo et al., 2005; Teukolsky et al., 2007). 

If we consider a set of equidistantly 𝑀 points𝑓𝑛, 𝑛 =  1, 2, … , 𝑀, which can be linearly 

combined to form the filtered value 𝑔𝑖, (Acharya et al., 2016; Jonsson, 2011; Teukolsky et al., 

2007), as shown by: 

𝑔𝑖 = ∑ 𝑐𝑛𝑓𝑖+𝑛

𝑛𝑅

𝑛=−𝑛𝐿

 ( 8 ) 

where 𝑛𝐿 is the number of samples “to the left” and 𝑛𝑅 the number of samples “to the right” of 

the center index 𝑖. Typically several smoothing filters use a fixed 𝑛𝐿  =  𝑛𝑅, also sometimes 

known as moving window averaging (Jonsson, 2011; Teukolsky et al., 2007), which 

corresponds to: 

𝑐𝑛 =
1

𝑛𝐿 + 𝑛𝑅 + 1
 ( 9 ) 

This solution however doesn’t always preserve the shape of the signal, so some 

experimenting may be required (Acharya et al., 2016; Jonsson, 2011). In our case however 

the regular solution proved to have adequate results. 
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3. MACHINE LEARNING 

This chapter enters the field of Machine Learning and explores all the different categories 

as to determine which provides the best approach to solve our problem. Special focus is given 

to Supervised Learning methods, specifically to Support Vector Machines, Hidden Markov 

Models and Neural Networks. This chapter also discusses the issue of performance prediction 

in Machine Learning, explaining Overfit and Underfit models, the Bias-Variance Tradeoff, 

Cross-Validation as a form of bias and variance management and finally the role of the 

Confusion Matrix as a performance metric. Dimensionality Reduction is also addressed, with 

particular focus on Feature Extraction and Dynamic Time Warping as a signal clipping tool. 

 

Colloquially known as Artificial Intelligence (AI), Machine Intelligence refers to a large 

family of algorithms (figure 25) that mimic the cognitive functions of the natural intelligence 

displayed by humans and other living organisms. These algorithms are considered intelligent 

in the sense they learn how to perform a given task more efficiently over time until they, 

theoretically, reach an optimal solution, rather than following the same rigid structure every 

single time. This type of adaptability allows the system to change along with its environment 

rather than force the developer to foresee every potential situation and provide the respective 

solution. The downsides is the amount of complexity involved in the development of such 

algorithms and, often, the amount of processing power and data required to train them 

(Alpaydin, 2014; Hesse-Biber, 2010; Hopfield, 1982; Rojas, 1996). 

 
Figure 25 - Artificial Intelligence taxonomy. 
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Despite these issues, intelligent algorithms are playing growingly important roles in 

today’s society every single day. They can range everywhere from the more niche tasks of 

automated factories, weather forecasting, fraud detection or self-driving cars to everyday uses 

such as spam filtering, personalized recommendations, healthcare monitoring or 

spellchecking, among many, many others. In sports they have a particularly strong present in 

Sport Sciences as a data analysis tool, especially when it comes to the biomechanics side of 

the equation (Novatchkov & Baca, 2013). 

Machine Learning is a specific branch of AI which, as the name implies, acquires new 

knowledge or understanding from its “past experiences”. In our case from “training” in the form 

of large volumes of data that, through the use of statistical techniques, allows it to recognize 

the inherent patterns that will form its “decision making” model, represented by figure 26, that 

will give it the ability to predict future outcomes with increasing reliability (Alpaydin, 2014; Kim, 

2017). 

 
Figure 26 - Machine learning pipeline. Adapted from Kim, 2017. 

3.1. Machine Learning Approaches 

The wide variety of different methods that belong in this branch of intelligent algorithms 

has many different ways of building their own unique models. Some require training data to 

guide the learning process, some infer the rules and relationships that form the examples 

provided on their own, others don’t require examples at all. Some seek specific values, others 

just divide the data into broad categories. Some methods value simple, faster solutions, while 

others are much more complex and resource intensive. 

Because each problem requires very specific approaches to fit their specific needs, the 

Machine Learning algorithms are often subdivided into different categories based first on their 

learning style and second by the similarity of their form of function. 
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3.1.1. Supervised Learning 

As the name implies, this type of Machine Learning learns how to perform its task 

correctly through direct observation. This is done by providing the algorithm with not just the 

input data to build its model from, but also the desired output it must strive to achieve during 

its learning stage. By having this guided approach we provide it with a solid base for future 

judgements, as the resulting model is the best approximation by the system to the relationship 

we’ve established between the data’s observable input and output (Alpaydin, 2014; Bishop, 

1995; De Castro & do Prado, 2001; Rojas, 1996; Taylor et al., 1994). 

Let’s take the example of a fruit sorting system tasked with distinguishing apples from 

pears before putting each in their respective containers. By having prior knowledge of what the 

outputs, or in this case labels, will be we not only have control of the number of classes that 

can occur, but we can also be very specific with their definition. That is, by knowing all the 

outcomes of the features that will define the decision boundary between apples and pears, we 

have a much tighter control over the model and its prediction accuracy. 

However the approach is less flexible when it comes to being faced with new, unknown 

categories, like oranges for example. This process is also often very time consuming and labor 

intensive, in part due to the need of pairing the inputs with the respective outputs. 

3.1.1.1. Regression 

One of the two main types of Supervised Learning, this approach predicts the numerical 

or continuous value that represents the cause and effect relationship between the variables, 

as seen in figure 27. Like, for example, predicting the price of a house based on its size, age, 

location, etc. (Alpaydin, 2014; Bishop, 1995). 

 
Figure 27 - Regression example. 
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While we could make use of algorithms such as Linear Regression, Logistic Regression, 

Artificial Neural Networks, Regression Trees or Random Forests to find the estimated value 

that says exactly how well the athlete performed the exercise, that is not our goal. Instead we 

are only concerned with knowing if the given execution was either good or not. This is because, 

in a real training setting, the master doesn’t provide an exact quantifiable measurement of how 

well the athlete performed, but rather an overall evaluation of the whole. 

3.1.1.2. Classification 

Rather than estimating the relationships between the data that will allow it to predict the 

value that best represent them, Classification type algorithms instead takes the already known 

relationships (the classes) and predicts which of those discrete, or categorical, labels a new 

observation should be given (Alpaydin, 2014; Taylor et al., 1994). Just like the previous fruit 

sorting example. 

 
Figure 28 - Classification examples. 

This approach is particularly popular when it comes to Sport Sciences and rehabilitation 

studies, as the automatic identification and classification of postures and gestures is a fairly 

common research topic. And while we took inspiration from those studies, and this is also the 

type of Machine Learning we are interested to explore, our goal is significantly different. And 

that determines which algorithm will cover our needs. 

So, a quick summarization of our objectives and requisites. Our data is composed by the 

quantitative data collected by an inertial sensor, which describes the actions of the fencer to 

the system in the form of input, and the qualitative, categorical evaluation performed by the 

master, which acts as our desired output. What sets our work apart from the majority of other 

sports studies of the same fashion is we are not interested in identifying the actions 

themselves, but rather their quality, which is a much more subjective classification. 

This means, of all the Machine Learning approaches, a Supervised Classification 

Learning system fits our needs best, but not all of its algorithms are good options. Among them 

we’ve identified Support Vector Machines (SVM), the Hidden Markov Model (HMM) and the 

Artificial Neural Networks (ANN) as the most likely candidates. 
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3.1.1.2.1. Support Vector Machines (SVM) 

A method commonly used in both Classification and Regression tasks, the SVM 

classifies the data by plotting in a n-dimensional space, with n being the number of features, 

and then dividing it through the use of one or more hyperplanes. These are commonly 

maximum-margin hyperplanes, or those who have the highest distance between the data 

points, as these provide an optimal separation of the space for the classes (Alpaydin, 2014; 

Kuhn & Johnson, 2013; Sammut & Webb, 2017). 

 
Figure 29 - SVM classification types. 

Classification in SVM can be either Linear or Non-Linear, with the maximum-margin 

hyperplanes having different behaviors accordingly, but this only works when there’s a clear 

separation between the classes, as shown in figure 29. Soft margins, that is hyperplanes that 

allow a certain margin of distance error in the form of misclassification, or the use of other 

kernel function, can ameliorate this situation to a point. But in cases such as ours, like in 

figure 30 or other examples in Appendixes IV and V, where the distance between the classes 

is minimal and the overlap severe, the cost to run this method was simply too high (Alpaydin, 

2014; Kuhn & Johnson, 2013; Sammut & Webb, 2017). 

 
Figure 30 - Acceleration averages of the good and bad executions of our 1st exercise. 
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In short, SVM is an accurate, robust and efficient method, with low computational time 

and training requirements when compared to other ones, such as the ANN. But finding the 

right kernel can be tricky and it’s simply not a good option when it comes to dealing with noisier 

datasets or overlapping classes (Alpaydin, 2014; Kuhn & Johnson, 2013; Lara & Labrador, 

2013; Sammut & Webb, 2017). 

3.1.1.2.2. Hidden Markov Model (HMM) 

In many approaches we can predict the outcomes based solemnly on the observation of 

which class past data fell into. But let’s imagine a system that is trying to predict which 

character will be typed next during the construction of a word. Every language has a specific 

set of rules and exceptions that dictate which letter of the alphabet has the higher likelihood of 

being picked. In other words, the solution for this particular problem requires the use of a model 

that can take into account a sequence of observations, rather than just simple probabilistic 

distributions (Alpaydin, 2014). 

 
Figure 31 - Example of some Markov model topologies. 

As seen in figure 31, a Markov model consists of a list of all the possible states that can 

be assumed by the system, along with all the possible transition paths between those states 

and the corresponding probability of such a transition occurring in that given direction. What 

sets the HMM apart from the other models however is that not all states are directly observable 

(Alpaydin, 2014; Sammut & Webb, 2017). 

Let’s take for example figure 32, where two friends 𝐴 and 𝐵 who live far apart, but talk 

on the phone on a daily basis. 𝐴 always performs one of three daily activities (walk, shop or 

clean), which depend on that day’s weather (rainy or sunny). Because 𝐵 is never provided with 

a description of the latter, we can consider the daily activities as the observable states and the 

weather as the hidden states. However, based on past knowledge of how each weather type 
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affects 𝐴’s activity choice, and of the general weather trends where 𝐴 lives, 𝐵 has all the 

information necessary to build a model that will help them predict future weather states more 

accurately (Alpaydin, 2014; Sammut & Webb, 2017). 

 
Figure 32 - HMM weather prediction example. 

Despite HMM being a strong probabilistic model that is particularly good at dealing with 

partially observable systems and recognizing patterns within sequences of events, it does not 

fit our needs. Mainly because, in our system, the occurrence of either a good or a bad 

execution behaves like a series of individual instances, rather than a sequence of events. That 

is, the likelihood of a good execution being followed by either a good or a bad one is roughly 

the same. 

Technically there’s always a multitude of factors, from slips in concentration to fatigue, 

that can affect the performance of the athlete and these do tend to increase over time. But in 

reality they do little to help us predict the likelihood of either execution taking place, especially 

when dealing with elite level athletes, who are aware of strategies on how to compensate or 

overcome such issues.  

Not to mention, because we needed the presence of a large enough percentage of bad 

executions in order to ensure the model could tell either apart, the natural tendency of the 

fencer to follow a given sequence was tampered with. 

3.1.1.2.3. Artificial Neural Networks (ANN) 

Taking direct inspiration from how the biologic neurons work together to solve problems 

and perform tasks, the ANN is composed by a series of adaptive, interconnected artificial 

neurons that can receive, process and transmit a signal from one to another, much like the 

synapses in a biologic brain. 
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Figure 33 - Artificial neuron. 

Each individual neuron, or node, is composed by a set of 𝑛, often weighted, inputs and 

an activation function. The signal travels through each input channel from one node to the next 

through the form of a real value 𝑥𝑖. Each corresponding weight 𝑤𝑖 is a number that controls 

the signal between two neurons that are adjusted by the system. This is the adaptable part of 

an ANN that allows it to learn over time, by reinforcing the weights of the desirable connections 

and suppressing the undesirable ones. In some cases there might also exist a bias weight 𝑏, 

which is applied to the neuron itself rather than to each individual input (Alpaydin, 2014; Bishop, 

1995; Rojas, 1996). 

The activation function is a primitive, non-linear function that determines the activation 

state of the neuron by taking the value 𝑢, which is commonly expressed as (Alpaydin, 2014; 

Rojas, 1996): 

𝑢 = ∑ 𝑤𝑖𝑥𝑖 + 𝑏

𝑛

𝑖=1

 ( 10 ) 

and generating an output 𝑦. Different ANN models use different functions to suit their needs, 

but some common ones are (Alpaydin, 2014; Bishop, 1995; Mathworks, 2018): 

Step Function 𝑦 = {
1 𝑖𝑓 𝑢 ≥ 𝜃
0 𝑖𝑓 𝑢 < 𝜃

 ( 11 ) 

Linear Function 𝑦 = 𝑢 ( 12 ) 

Log-Sigmoid Function 𝑦 =
1

1 + 𝑒−𝑢
 ( 13 ) 

where 𝜃 is a specified threshold. 

This type of lone neuron architecture is also known as a Single-Layer Perceptron, the 

simplest form an ANN can assume. Developed in the 1950s to tackle simple problems such 

as discerning linearly separable patterns, as the need for higher complexity grew so did the 

number of neurons and their possible node structures. Which naturally led to the formation of 

what we now know as neural networks (Alpaydin, 2014; Bishop, 1995; Rojas, 1996). 
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Some examples of other architectures are Multilayer Perceptron’s (MLP), Convolutional 

Neural Networks (CNN), Recurrent Neural Networks (RNN), Modular Neural Networks (MNN), 

Radial Basis Function (RBF), Auto Encoder (AE), Hopfield Networks (HN), Boltzmann 

Machines (BM), Kohonen Networks (KN), Echo State Networks (ESN), Markov Chains (MC), 

among many others.  

This wide variety of solutions is what allows neural networks to be applied by the several 

forms of Machine Learning or by many other types of Artificial Intelligence approaches 

(Alpaydin, 2014; Bishop, 1995; Rojas, 1996). We’ve decided to go with the “classic” ANN, both 

for the sake of simplicity and because it’s a well-researched, widely used solution that fits our 

Supervised Learning, classification needs. Especially taking into consideration this study is a 

first prototype where our optimization necessities are still being unearthed. 

 
Figure 34 - Artificial neural network. 

ANN can be said to be divided into layers, as illustrated in figure 34. The Input layer, or 

the first layer of neurons that handle the provided input of the network directly. The Output 

layer, or the last layer of neurons that produce the final output calculations of the network. And 

the Hidden layer, or the one of more layers of neurons that are not connected to the inputs and 

outputs of the system directly, but form the bridge between the Input and Output layers, if it 

exists at all (Alpaydin, 2014; Bishop, 1995; Rojas, 1996). 

However this higher level of complexity has an inherent issue, which is figuring out how 

much each neuron contributed to the overall error and how to adjust the corresponding weights 

accordingly in order to minimize it and thus increase the level of prediction of the network 

(Alpaydin, 2014; Bishop, 1995; Rojas, 1996). 

Returning to the Single-Layer Perceptron to see how it updates its weights, we can 

express the rule as: 
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𝑤𝑖(𝑡 + 1) = 𝑤𝑖(𝑡) + 𝜂(𝑑 − 𝑦)𝑥 ( 14 ) 

where 𝑥 is the input of the neuron, 𝑦 is its output, 𝑑 is the desired output, 𝑡 is the iteration 

number and 𝜂 is the Learning Rate constant, where 𝜂 > 0. What this formula does is update 

the weights over time, converging them into an ideal value that will make the system match 

the desired outputs. This optimization process to find the minimum is known as a Gradient 

Descent (Alpaydin, 2014; Bishop, 1995; Rojas, 1996).  

 
Figure 35 - Learning rate issues in the Gradient Descent. 

As illustrated by figure 35, a high learning constant will help the weights arrive at the 

solution more quickly, but under the risk of overshooting the optimal value due to the changes 

being too high. A low learning constant on the other hand allows the weights to adjust more 

slowly, but at the risk of requiring too much time to reach the optimal value, or becoming 

trapped at a local minimum (Alpaydin, 2014; Bishop, 1995; Rojas, 1996). There are methods 

to help minimize these risks, but they will not be discussed here as they are not the goal of this 

study. 

Returning to the multilayered networks issue, under this weight adjusting logic, the more 

layers the system possesses the more the error that is the difference between the desired and 

the actual output needs to travel backwards to update the weights of all the interconnected 

neurons. This strategy to correct the propagation of the errors within the weights by travelling 

backwards is the base behind a widely popular weight calculation method known as 

Backpropagation (Alpaydin, 2014; Bishop, 1995; Rojas, 1996). 

Again the study of how an ANN handles weight correction in order to improve its learning 

process is not the goal of our study. We instead are interested in the learning power these 

error correction methods provide to the ANN, particularly how it thus possesses the ability to 

discriminate between the highly similar good and bad executions with a great degree of 

reliability. Especially taking into account neither the master, nor the observation criteria, are 

100% reliable and thus the provided outputs indisputable. 
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This is why the ANN proved to be not only an amazing tool to be able to predict the 

correct feedback, in context, under such conditions, but it also potentially provided us with a 

way to obtain very valuable insight in the subjective values that form the decision-making 

process of the master.  

3.1.2. Unsupervised Learning 

The polar opposite of Supervised Learning, in this approach there are no provided 

outputs to act as human guidance towards a specific goal. Instead the Machine Learning 

algorithm is expected to establish the hidden relationships between the unlabeled input data 

on its own, sometimes not even being provided a goal to strive for (Alpaydin, 2014; Bishop, 

1995; De Castro & Do Prado, 2001; Rojas, 1996). 

Let’s take for example a system fed with thousands of unlabeled photos featuring dogs 

in a multitude of poses, angles and expressions. The machine does not know what it’s looking 

for, but by going through the data it should, hopefully, pick up the patterns that will allow the 

model to, eventually, identify if the object in the photo is a dog or not. Hopefully because since 

this learning method does not follow human logic, unpredictable results can occur. Like not 

being able to recognize unusual breeds of dogs, or misclassifying other animals that share 

some physical resemblances as dogs, such as hyenas, bears or wolves. 

In some cases this tendency to discover unforeseen trends and relationships can be a 

positive aspect. And its higher flexibility and lower time and labor intensive processes also add 

strength to its choice. But for our study specifically the lack of ability to anticipate the results or 

define the number of classes does not meet our needs and thus it will not be explored further. 

3.1.3. Semi-Supervised Learning 

Technically a sub-class of Supervised Learning, this approach incorporates elements 

from Unsupervised Learning by using both labeled and unlabeled data to improve the accuracy 

of its training process (Alpaydin, 2014; Hesse-Biber, 2010; Lara & Labrador, 2013; Sammut & 

Webb, 2017).  

Let’s take for example a medical image sorting system tasked to flag the occurrence of 

anomalies in black & white x-rays of the lungs. Manually labeling every single scan would be 

too costly and time consuming to be feasible, and the unpredictability of the results from an 

Unsupervised Learning algorithm makes it an inadequate solution for this type of problem. But 
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if we label a small portion of the data that greatly increases the prediction accuracy of the 

model and reduces uncertainty, while also avoiding the labeling costs. 

While this approach is what we desire to implement in our study in its later stages, in this 

first prototype there are questions that are best answered in a more closely controlled system. 

Namely ensuring the qualitative criteria applied by the master do lead to the proper 

classification of each execution, and that the collected data is indeed sufficient for the proper 

working of the application. 

3.1.4. Reinforced Learning 

While all the other approaches learn from their training data, Reinforcement Learning 

learns from a sequence of actions that will form its experience over time. This is done through 

an “agent” that can perform a series of actions in order to achieve its goal (Alpaydin, 2014; 

Bishop, 1995; Hesse-Biber, 2010; Rojas, 1996; Sammut & Webb, 2017).  

Let’s take for example a maze the agent must solve in order to reach the other side. By 

being provided with a finite set of actions, in this case each direction it can take, the system 

can learn which path to take through trial-and-error. However if it keeps repeating the same 

action over and over again, only to bump into the same dead end or side wall, is not efficient, 

nor is it learning. So what this approach does is teach the agent to either reinforce taking 

certain decisions (exploitation) or to pick new ones (exploration), even if the reward is not 

always immediate.   

While this approach strikes a good balance between learning from past experience and 

exploring new solutions with its limited set of actions, discovering new insights along the way, 

it’s not so good at incorporating explicit or complex rules, or dealing with ambiguous feedback 

(Alpaydin, 2014). Nor is the type of solution we are looking for our specific case since we aren’t 

trying to simulate the actions of the fencer in order to reach the same result. Nor would it be 

possible, at least in the current stage, due to being too much variation within the same type of 

fencing action to be feasible. 

3.2. Performance Prediction in Machine Learning 

A Machine Learning algorithm is only as efficient as the training data used to train it. That 

is, if the training data fails to represent the real one the algorithm will have to work it later on, 

then the resulting model will ultimately fail at solving the problem it was trained for. 
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For example the famous case of Twitter bot Tay in March 2016. This AI chatbot was 

developed by Microsoft as an experimental research on conversational understanding by 

letting it engage with the wider Twitter audience through casual and playful conversations. The 

goal was to have it deepen and widen its vocabulary as new interactions taught it how to better 

edit its responses and make them more personalized over time. However Tay had to shut 

down after just 16 hours, due to the offensive, sexist, racist and xenophobic persona it ended 

up developing thanks to the toxic user base that kept interacting with it (Beall, 2016; Hunt, 

2016; Oliveira, 2016; Vicent, 2016). 

However we can’t solely pin the blame on “bad data” for corrupting the algorithm and its 

original goals. While the system itself was simply performing its job as intended, human error 

was also at play when the developers failed to realize and/or account for the type of politically 

charged interactions that can run on Twitter on a daily basis. This is a perfect illustration why 

studies in context are fundamental to detect design flaws in the original assumptions and 

concepts. 

3.2.1. Overfitting and Underfitting Models 

When it comes to selecting the training data this can lead to one of two possible 

outcomes. A robust fit, where the data produces a good, generalized model that can properly 

represent the underlying structure of the data and its quantifiable properties (features). Or unfit 

models, which can result from the selection of the wrong number of features, the model fitting 

the data too well or too little, the training data not representing the future data set properly, etc. 

Independently of the cause the main problem with unfit models is they fail at predicting future 

observations reliably (Alpaydin, 2014; Kim, 2017; Kuhn & Johnson, 2013). 

 
Figure 36 – Prediction error according to model complexity. Adapted from Fortmann-Roe, 2012b. 
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As seen in figure 36 they can be broken down into two varieties, Overfitting and 

Underfitting. An Overfitting model represents the training data quite reliably, having very little 

training error involved. However the better that model describes the training data, the more 

complex it becomes, which increases the likelihood of the representation losing its flexibility in 

the face of new, untested data (Alpaydin, 2014; Kuhn & Johnson, 2013). Like for example if a 

model was trained to identify nothing but red cars in photos and was suddenly tasked to check 

for green ones as well. While it might be able pick out the overall shape and features in roads, 

if the said vehicle is surrounded by green vegetation the algorithm would struggle in identifying 

where the outlines are. In more extreme cases the system might not even identify a car as red 

if all the training examples occurred in sunny weather, but it was then faced with a cloudy one. 

As for Underfitting, this occurs when the model doesn’t have enough complexity to 

capture the underlying relationships of the training data, which in turn results in a large amount 

of not only training error, but prediction error as well (Alpaydin, 2014). Following the same car 

identification example, in this case the model would be great at identifying the vehicles just 

from a handful of key features that can’t occur in nature. But if it was presented with a truck or 

a bicycle, rather than an animal or a tree, the algorithm would still classify it as a car because 

they all possess wheels. Or in a more extreme case it might classify everything as car because 

it mistakes facial features for the bumper and headlights. 

3.2.2. Bias-Variance Tradeoff 

Bias occurs when the algorithm is provided erroneous, incomplete or misleading data 

that leads it to learn the wrong relationships between the features, which in turn leads to 

Underfitting models (Alpaydin, 2014; Bishop, 1995; Fortmann-Roe, 2012a). In the previous car 

example, the incomplete amount of features that dictate what makes a car a car, or not being 

provided with enough wrong cases so it can discriminate between different types of objects, 

are some of the potential reasons that could lead to the model’s misinterpretation of the 

problem it was meant to solve. 

Variance on the other hand occurs when the algorithm includes too much noise of the 

data and other sources of variation into the model itself, making the prediction fluctuate at the 

slightest change, which in turn leads to Overfitting (Alpaydin, 2014; Bishop, 1995; Fortmann-

Roe, 2012a). Here the problem from the car example would likely come from the model being 

provided with too many specific examples to learn from. In some cases the lack of variety can 

go so far, the system actually learns to recognize the surroundings rather than the object itself, 

like white sheep on green hills, thus completely missing the point. 
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Figure 37 - Impact of the Bias and Variance. Adapted from Fortmann-Roe, 2012a. 

There is a balancing act when it comes to minimizing these two forms of error (figure 37). 

Often when one increases the complexity, in order to decrease the bias, it results in a high 

variance. And when one tries to increase the model’s generalization, in order to reduce the 

variance, it leads to a high bias in return. This is the Bias-Variance Tradeoff, a property that 

helps us minimize the total error by finding the equilibrium between the two sources (Alpaydin, 

2014; Bishop, 1995; Fortmann-Roe, 2012a). 

3.2.3. Bias and Variance Management 

While it is certainly possible to achieve an optimal bias-variance balance through pure 

trial and error by playing with the number of features describing the data, this method does not 

tell us the amount of complexity required to optimize the model. However, if we possess some 

prior knowledge of the optimal model we are trying to achieve, we can apply other methods 

that will help determine the optimal error balance and underlying complexity (Bishop, 1995).  

Some of the methods are Regularization, Cross-Validation, Pruning, Early Stopping, 

Structural Risk Minimization, Minimum Description Length or Bayesian Model Selection, 

among others. However the nature of problem, the intelligent algorithm and the data itself are 

what dictate which of these methods should be applied (Alpaydin, 2014; Bishop, 1995).  

In our specific case we have a large volume of data, populated with good and bad 

examples in order to provide the model with enough variety to avoid unfit outcomes that 

doubles as both the training and testing data. This is a classic Cross-Validation validation 

approach, where part of the data is used to build the model, while the other estimates the 

actual prediction accuracy (Kuhn & Johnson, 2013; Refaeilzadeh et al., 2009). This is 
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particularly useful for us, as when building a new prototype we need a way to evaluate how 

well the application is performing, rather than just the data. 

This resampling method is particularly good at detecting the occurrence of Overfitting. 

By having different, non-overlapping datasets for the training and testing, if the model is too fit 

then the “new” data is less likely to be predicted properly. This is particularly true if the test is 

done multiple times, with different datasets and levels of complexity (Alpaydin, 2014; Bishop, 

1995; Kuhn & Johnson, 2013; Refaeilzadeh et al., 2009). 

3.2.3.1. Holdout Cross-Validation 

Like in the regular Cross-Validation, in the Holdout the data is separated into two non-

overlapping datasets, the training and the testing set, with the latter being typically smaller. 

However this method only performs a single test run (Raschka, 2018; Refaeilzadeh et al., 

2009). 

So, while this procedure has the advantage of being computationally faster to perform, 

it’s the most prone to suffer from high variance since it’s highly dependent on which data it got 

from the training/test split. Running this method multiple times and averaging out the results 

helps ameliorate the issue, as seen in figure 38, but unless it’s performed in a systematic 

manner the same test data may be selected multiple times, rather than contribute to the 

construction of the model (Raschka, 2018; Refaeilzadeh et al., 2009). 

 
Figure 38 - Holdout Validation. Adapted from Raschka, 2018. 
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3.2.3.2. K-Fold Cross-Validation 

Like the Holdout method the K-Fold uses different, non-overlapping datasets to perform 

the training and testing of the produced model. The difference is in not just the amount of times 

it repeats the process, but also how it selects the training dataset for each of them (Raschka, 

2018; Refaeilzadeh et al., 2009). 

First of all the data is split into equally sized 𝑘 segments, or folds, and the method is 

performed a 𝑘 number of times. In each iteration the training data is composed by 𝑘 − 1 

segments and the remaining one is reserved for the validation. But what sets this and a multiple 

run of the Holdout method apart is for each iteration a different k segment is used, ensuring 

each one of them is used as the training data, as shown in figure 39 (Kuhn & Johnson, 2013; 

Raschka, 2018; Refaeilzadeh et al., 2009). 

Also in many cases the data is stratified prior being split, in order to ensure a relatively 

even distribution in each segment (Refaeilzadeh et al., 2009). Our case scenario for example, 

where we have a binary classification of good and bad executions for each collected execution, 

a 50% sorting of the data for each segment would be desired in order to ensure the proper 

operation of this method. 

 
Figure 39 - Example of a 10-Fold Validation. Adapted from Raschka, 2018. 

The downside of the K-Fold is the higher computational cost, especially when a high 

number of 𝑘 iterations is used. But if the 𝑘 is too small then the likelihood of the occurrence of 

both bias and variance increases, as the model not only has more difficulty of detecting 

Overfitting, but the even split significantly reduces the amount of data available for training 

(Raschka, 2018).  



68 | P a g e  
 

Another issue this method potentially has is the uncertainty. Because repeating the 

resampling multiple times can often lead to multiple different outcomes, the K-Fold Cross-

Validation has a higher chance to suffer from high variance than other performance estimation 

methods. However this is mostly true for smaller training sets, which are more likely to produce 

Overfitting or Underfitting models from the random sampling (Kuhn & Johnson, 2013). 

3.2.3.3. Leave-One-Out Cross-Validation 

A special variation of the K-Fold method, the Leave-One-Out Cross-Validation (LOOCV) 

occurs when the number of 𝑘 instances equals the size of the data. That is, in every iteration 

only a single observation is used to test the model (Kuhn & Johnson, 2013; Raschka, 2018; 

Refaeilzadeh et al., 2009). 

This makes it the most computationally expensive form of the K-Fold method and, while 

it’s the most unbiased, it’s also quite unreliable because it tends to suffer from high variance. 

This is due to being used mostly in problems with small datasets, where the occurrence of 

Overfitting is likely. However in cases where each available observation is rare and withholding 

data from the training would be too wasteful the LOOCV is still used (Kuhn & Johnson, 2013; 

Raschka, 2018; Refaeilzadeh et al., 2009).  

Repeating this method however holds no value, since it always produces the same splits 

(Raschka, 2018). 

3.2.3.4. Repeated K-Fold Cross-Validation 

Another variation of the K-Fold method, in this one the data is resampled multiple times, 

often through reshuffling and re-stratification, in order to increase the total number of estimates 

beyond the 𝑘 number of iterations (Kuhn & Johnson, 2013; Raschka, 2018; Refaeilzadeh et 

al., 2009).  

For example, a 5-fold Cross-Validation is performed 100 times we would obtain a 

performance estimate of 500 different iterations. Although overlap of the different training 

datasets is likely to occur, by having a much larger amount of tests to work with the study of 

the models’ prediction accuracy is much more reliable, despite the computational cost (Kuhn 

& Johnson, 2013; Refaeilzadeh et al., 2009). 
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3.2.4. Confusion Matrix 

Also known as an Error Matrix within Machine Learning, this intuitive technique allows 

us to measure the performance of a Classification model through how well it predicted the 

correct outcomes (Fawcett, 2006; Hlaváč, 2016; Lara & Labrador, 2013; Powers, 2011).  

Let’s consider a cancer test where the prediction is either a Positive or Negative result. 

The Confusion Matrix is composed by two dimensions, the Actual values, or the real results 

the model had to return, and the Predicted values, or the results the model actually returned, 

each with a Positive and Negative output. Therefore the results can be one of four possible 

outcomes (Fawcett, 2004, 2006; Sammut & Webb, 2017): 

• True Positive: the model predicted positive and it matches with the actual result; 

• True Negative: the model predicted negative and it matches with the actual result; 

• False Positive: the model predicted positive, but the actual result was negative; 

• False Negative: the model predicted negative, but the actual result was positive. 

Table 3 - Confusion matrix. 

 

Actual Results 

Positive 
(P) 

Negative 

(N) 

Predicted 
Results 

Positive 
True 

Positive 
(TP) 

False 
Positive 

(FP) 

Negative 
False 

Negative 
(FN) 

True 
Negative 

(TN) 

 

Confusion Matrixes for multiclass problems do exist, but because our study is centered 

around a Binary Classification model that method will not be covered. 

Ideally a model would predict with 100% accuracy, having no FP or FN results. But since 

that situation is highly unlikely we can instead analyze the results through a series of 

calculations that will provide us a deeper insight on the nature of the data and where the 

model’s performance is most likely faltering. 

Something important to take into account however, some metrics are more important to 

certain problems than others (Powers, 2011). In the cancer scenario for example, if false 
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positives do occur further medical tests can disprove it, but sending a patient home when they 

are actually ill can prove fatal. Therefore a bigger emphasis is placed on the correct prediction 

of negative results. In ours because we are dealing with behavioral analysis, both of the master 

and of the model, all metrics are being taken into account in order to have a full picture of the 

results. 

3.2.4.1. Accuracy and Error Rates 

𝐴𝐶𝐶 =
𝑇𝑃 + 𝑇𝑁

𝑃 + 𝑁
=

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝑇𝑁 + 𝐹𝑃
 ( 15 ) 

𝐸𝑅 = 1 − 𝐴𝐶𝐶 =  
𝐹𝑃 + 𝐹𝑁

𝑃 + 𝑁
=

𝐹𝑃 + 𝐹𝑁

𝑇𝑃 + 𝐹𝑁 + 𝑇𝑁 + 𝐹𝑃
 ( 16 ) 

The Accuracy (ACC) measures how often the model predicts correctly, while the Error 

or Misclassification Rate (ER) measures the polar opposite, how often it predicts incorrectly 

(Powers, 2011; Sammut & Webb, 2017).  

However both of these metrics can lead to highly misleading interpretations of the 

performance of the model when dealing with an unbalanced dataset (Hlaváč, 2016; Powers, 

2011). For example, in the cancer detection scenario, if in 100 people only 94 are predicted as 

negative for cancer and 1 as positive, while 5 are misclassified, the ACC will say the model 

has a 95% accurate cancer prediction rate and a 5% chance of error, which is not a true 

statement of the actual performance. 

This issue can be easily overcome however by pairing these with other performance 

analysis metrics, such as the ones below. 

3.2.4.2. Sensitivity and Specificity 

𝑇𝑃𝑅 =
𝑇𝑃

𝑃
=

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 ( 17 ) 

𝑇𝑁𝑅 =
𝑇𝑁

𝑁
=

𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 ( 18 ) 

The True Positive Rate (TPR), often known as Sensitivity, Recall or Hit Rate, measures 

the classifier’s ability to correctly predict the positive results. The True Negative Rate (TNR), 

also known as Specificity or Selectivity, on the other hand complements it by measuring how 

well the classifier predicts the negative results (Powers, 2011; Sammut & Webb, 2017). 
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In in the cancer scenario, where 94 people are predicted as negative for cancer, 1 as 

positive, 4 are flagged as a false negative, and 1 as false positive, the TPR would be of 20%, 

while the TNR prediction is of 99%. Compared to the previous ACC of 95% now we know its 

accuracy centers heavily on the prediction of people not having the disease. 

3.2.4.3. Miss Rate and Fall-Out 

𝐹𝑁𝑅 =
𝐹𝑁

𝑃
=

𝐹𝑁

𝑇𝑃 + 𝐹𝑁
= 1 − 𝑇𝑃𝑅 ( 19 ) 

𝐹𝑃𝑅 =
𝐹𝑃

𝑁
=

𝐹𝑃

𝑇𝑁 + 𝐹𝑃
= 1 − 𝑇𝑁𝑅 ( 20 ) 

The polar opposites of TPR and TNR, the False Negative Rate (FNR), or Miss Rate, 

measures how often the classifier predicts the positive results incorrectly, while the False 

Positive Rate (FPR), or Fall-Out, does the same for the negative results (Powers, 2011).  

According to the previous cancer example, the FNR says the model has an 80% 

likelihood of misdiagnosing cancer patients as healthy, while the FPR 1% rate states the model 

doesn’t misdiagnoses healthy people as being sick. In other words, this strongly points out the 

existence of serious issues with the data, or the model’s complete inability to perform its task 

correctly. 

3.2.4.4. Precision and Negative Predicted Value 

𝑃𝑃𝑉 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 ( 21 ) 

𝑁𝑃𝑉 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑁
 ( 22 ) 

The Positive Predictive Value (PPV), also known as Precision, measures the actual 

proportion of positive results which were predicted correctly by the model, while the Negative 

Predicted Value (NPV) does the same for the negative results. They are different from TPR 

and TNR in the sense these focus on the discoverability rate of the true results, while PPV and 

NPV measure the overall performance of the predictions themselves (Powers, 2011; Sammut 

& Webb, 2017). 

Let’s take the cancer example again. Here the PPV says the probability of the model to 

predict any people has having cancer is of 50%, while the NPV states the model predicts a 

person as healthy 96% of the time. So, compared to the TPR which states only 20% of the 
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actual cancer patients were identified correctly, the PPV instead says 50% of all its predictions 

of a person having the disease were actually correct. 

3.2.4.5. False Discovery and False Omission Rates 

𝐹𝐷𝑅 =
𝐹𝑃

𝑇𝑃 + 𝐹𝑃
= 1 − 𝑃𝑃𝑉 ( 23 ) 

𝐹𝑂𝑅 =
𝐹𝑁

𝑇𝑁 + 𝐹𝑁
= 1 − 𝑁𝑃𝑉 ( 24 ) 

The polar opposites of PPV and NPV, the False Discovery Rate (FDR) measures the 

actual proportion of positive results which were not predicted correctly, while the False 

Omission Rate (FOR) does the same for the negative results. 

In in the cancer scenario, according to the FDR the model has a 50% likelihood of getting 

its prediction wrong and misdiagnosing a healthy patient as having the disease, while the FOR 

says there’s a 4% chance of its prediction of healthy patients being incorrect. What this is 

reality says is the predictive power for the healthy patients is much more solid than for the sick 

ones. 

3.2.4.6. F-Score 

𝐹1 = 2 ∙
𝑃𝑃𝑉 ∙ 𝑇𝑃𝑅

𝑃𝑃𝑉 + 𝑇𝑃𝑅
 ( 25 ) 

The F-Score (𝐹1), also known as F1 Score or F-Measure, is a performance metric that 

focuses on measuring the balance between the TPR and the PPV. The value ranges between 

0 and 1, or worst and best respectively.  

In the cancer example its value is 0.29. However because it doesn’t take the TN into 

account, focusing solemnly on the positive results, its view on the model’s performance is 

incomplete, making it an undesirable metric for this type of problems. Same applies to ours.  

3.2.4.7. Matthews Correlation Coefficient 

𝑀𝐶𝐶 =
𝑇𝑃 ∙ 𝑇𝑁 − 𝐹𝑃 ∙ 𝐹𝑁

√(𝑇𝑃 + 𝐹𝑃) ∙ (𝑇𝑃 + 𝐹𝑁) ∙ (𝑇𝑁 + 𝐹𝑃) ∙ (𝑇𝑁 + 𝐹𝑁)
 ( 26 ) 

The Matthews Correlation Coefficient (MCC) is a metric specific to binary classifiers, 

which measures the quality of the model by correlating the actual and predicted classifications 

and it’s considered to be a pretty balanced metric, even when faced with unbalanced datasets. 
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The value ranges between -1 and +1, or complete disagreement between the variables and 

perfect prediction respectively. 

In the cancer example the MCC value is of 0.29, which shows the model has a rather 

low performance, compared to what would be desired for this type of tool, but it does hold 

some predictive power. 

3.2.5. ROC Curve 

The Receiver Operating Characteristic (ROC) curve is a method that allows us to 

visualize and analyze the performance of a model’s classifiers through the use of a graph that 

plots the tradeoff between TPR and FPR at different probability thresholds (Fawcett, 2004, 

2006; Powers, 2011).  

Because the FPR and the TPR are plotted along the X and Y axis respectively, different 

points in the space of the graph, or ROC space, hold different meanings. A perfect 

classification occurs at the coordinate (0,1), or when TPR is 100% and FPR is 0%, while any 

that falls along the diagonal line is considered a random guess by the model. A (0,0) point is a 

classifier that overcommits in never issuing a FP result, but it never returns a TP either. A (1,1) 

point on the other hand allows any positive result to pass through, be it a TP or FP (Fawcett, 

2004, 2006).  

 
Figure 40 – ROC curve model. 

While the closer a point is to the upper left corner of the ROC space the more its 

performance of the classifier is seen as good, as shown in figure 40, we can also divide the 

classification distribution as Conservative and Liberal. A Conservative classifier is one that 

places focuses in making few FP predictions, often at the cost of the TP ones if the model is 

too tight. A Liberal classifier however focuses on predicting as many TP results as possible, 
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but often also producing a high amount of FP ones if the model is not tight enough (Fawcett, 

2004, 2006). 

Although this method allows us to easily visualize the distribution of the correctly and 

incorrectly classified results, it only applies to the positive ones. The alternate Precision-Recall 

Curve, which studies the results distribution along the PPV and TPR axis, also shares that 

issue (Fawcett, 2004, 2006). Applying the same logic for the negatives is possible, but when it 

comes to drawing actual curves rather than points it’s a complicated and time-consuming 

process, especially without the aid of specialized software.  

Considering we already possess access to the metrics themselves, we did not make use 

of this technique, as the visual representation is not truly necessary to make an interpretation. 

3.3. Dimensionality Reduction 

In the modern day, where computers constantly grow faster and more powerful, one is 

more likely to disregard issues such as memory and processing time for the sake of the results. 

But in situations where processing speed is still a concern, techniques to ameliorate the issue 

are still of great usefulness.  

Ideally the learning algorithms should be able to identify which features it deems 

necessary and discard the rest on its own by minimizing the distance between the features 

within the same class (intra-set distance) and maximizing the distance between the different 

ones (inter-set distance). The better the inter-class separability, the smaller the error probability 

(Susi et al., 2011). 

But in most situations the higher the number of input dimensions and the size of the data 

sample, the higher the system’s complexity, also known as the Curse of Dimensionality. 

Dimensionality Reduction combats this by taking the high amount of features or data points 

and remove the redundant or irrelevant information that not just increases the model’s training 

time, but also often leads to Overfitting (Alpaydin, 2014; Bishop, 1995; Guyon & Elisseeff, 

2006; Sammut & Webb, 2017). 

This pre-processing approach has the advantage of not only reducing the complexity of 

the system, the costs and the amount of variance within the data, but it also helps the models 

become more robust by reducing potential sources of noise or outliers and it helps to better 

visualize the data, facilitating our understanding of it, as figure 41 exemplifies (Alpaydin, 2014; 

Bishop, 1995).  
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Figure 41 - Example of dimensionality reduction. 

However, if not done carefully, this reduction process can lead to too much loss of 

information and of any performance improvements that could otherwise have taken place. 

Although on the other hand, if we use an excessive number of features, redundancies are 

more likely to occur, which can lead to Overfitting as well (Bishop, 1995; Lara & Labrador, 

2013; Sammut & Webb, 2017). In other words, balance is fundamental. 

3.3.1. Feature Extraction 

One of the strategies that leads to Dimensionality Reduction, Feature Extraction works 

by taking the original data and extracting a whole new set of informative, non-redundant 

features that, ideally, still describes the underlying phenomena without any loss of relevant 

information (Alpaydin, 2014; Bishop, 1995; Lara & Labrador, 2013; Rojas, 1996; Sammut & 

Webb, 2017). 

3.3.1.1. Statistical and Structural Features 

When it comes to pattern recognition there are two ways to classify the features: 

Statistical or Structural. Statistical features, which range anywhere from the Mean and 

Standard Deviation to Fourier Transforms, are those that are based on already well established 

statistical concepts to summarize, analyze and describe the behaviors of the data. Structural 

features on the other hand focuses on the morphological patterns and interrelationships within 

the data, which the quantitative nature of the Statistical features has a much harder time 

discriminating (Lara & Labrador, 2013; Olszewski, 2001). 

For example let’s take the description of a geometric shape. Statistical features would 

be such things as a description of the number of segments and their angles, while Structural 

features would instead describe its morphology through a graph with each node stating the 

type of segment it contained (horizontal, vertical or diagonal) (Olszewski, 2001).  

So, in our specific case, we could say the binary evaluation produced by the master, 

which is based on the “grammar” rules stated by the Observational Instrument, is a Structural 
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feature, while the statistical data extracted from the sensor’s signal is a vector of Statistical 

features. 

Technically we could have extracted Structural features from the signal as well, but 

taking into account these require a deep knowledge of the problem in question in order to 

identify the features involved in the implicit rules (Olszewski, 2001), at the time of the 

construction of the prototype we didn’t know what type of inertial patterns the gestures for each 

exercise would produce, nor the amount of variation that might exist between them or by that 

specific fencer. 

3.3.1.2. Feature Extraction Methods 

When it comes to deciding which features describe our data best there is no universal 

solution that can be used to portray every single problem with the same level of relevance. The 

same feature that might be good at describing the data for a classification problem might not 

work for a regression one. And features that might be irrelevant on their own can become 

pertinent when paired up or vice versa, they may lose relevance when used individually (Guyon 

& Elisseeff, 2006). 

The Pearson Correlation Coefficient is a common feature ranking method that allows us 

to determine the level of correlation between a pair of features. It can be expressed as (Guyon 

& Elisseeff, 2006; Sammut & Webb, 2017): 

𝑟𝑥𝑦 =
∑ (𝑥𝑖 − �̅�)𝑖=1 (𝑦𝑖 − �̅�)

√∑ (𝑥𝑖 − �̅�)2
𝑖=1 ∑ (𝑦𝑖 − �̅�)2

𝑖=1

 ( 27 ) 

where 𝑥𝑖and 𝑦𝑖 are the individual data samples for the features 𝑥 and 𝑦, while �̅� and �̅� are the 

respective means. However it’s important to note that correlation does not necessarily equal 

the existence of redundancy (Guyon & Elisseeff, 2006). 

As for the methods themselves, because it’s important to take into account the context 

of the problem in their selection, as it too dictates which features are the most fitting to describe 

it, the ones we are taking into account are those more commonly used in the observation of 

human activity through an IMU and dealing with the high oscillation and fluctuations of the 

signal (Erdaş et al., 2016; Lara & Labrador, 2013; Preece et al., 2009; Vital, 2015):  

• Time Domain: mean, median, standard deviation, variance, maximum, minimum, 

percentiles, root mean square, interquartile range, mean absolute deviation (MAD), 

correlation between axis, skewness, entropy and kurtosis; 
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• Frequency Domain: fast Fourier transform, discrete cosine transform, principal 

frequency, spectral frequency, energy and wavelets; 

• Other: principal component analysis, linear discriminant analysis, autoregressive 

model and HAAR filters. 

3.3.2. Dynamic Time Warping (DTW) 

Although DTW is a Time Series Analysis method rather than a Dimensionality Reduction 

technique, we will be using it to reduce each execution to its key segments, so we can extract 

the features from each independently. 

This is due to each signal having distinct durations. In other words, despite them all being 

composed by the same set of actions, independently of being performed well or not, no two 

executions are alike (Bautista et al., 2016). Sometimes some segments are performed faster 

than others, other times the fencer performs one action poorly and needs to compensate, or 

simply fatigue starts to set in and makes the movements costlier to perform.  

Either way we need a method that can helps us identify the location of each key segment 

of the execution in the timeline before we can perform the feature extraction to each of them. 

Performing it to each signal as a whole, rather than its segments, is out of the question because 

that would ignore important information that helps us characterize the behaviors of the fencer 

and identify the good executions from the bad. 

So, we are taking advantage of the DTW’s ability to measure the similarity between two 

out of phase signals, effectively aligning them, to help us determine the location of each key 

moment in each different execution and thus reduce the signals into their key sections (Bautista 

et al., 2016). 

 
Figure 42 - A) The difference between the Euclidian and DTW distance measures. B) The 

corresponding warping path (Q, C). 
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Let us consider two different time series 𝑄 = {𝑞1, … , 𝑞𝑛} and 𝐶 = {𝑐1, … , 𝑐𝑚}, as seen in 

figure 42. With the traditional Euclidian Distance measurement the distance 𝑑 between each 

of their respective data points, where 𝑛 ≤ 𝑚, can be expressed as: 

𝑑(𝑄, 𝐶) = √∑(𝑞𝑖 − 𝑐𝑖)2

𝑛

𝑖=1

 ( 28 ) 

While simple, the issue with this method is if time distortions are present, such as the 

time series not having matching lengths, or the significant features occurring at different points 

in time, the signals will not align correctly. DTW gets around this problem by building a 𝑛 × 𝑚 

matrix where the distance between each point is (Bautista et al., 2016; Kivikunnas, 1998; 

Ratanamahatana & Keogh, 2004): 

𝑑(𝑖, 𝑗) = |𝑞𝑖−𝑐𝑗| + 𝑚𝑖𝑛 {

𝑑(𝑖 − 1, 𝑗 − 1)

𝑑(𝑖 − 1, 𝑗)

𝑑(𝑖, 𝑗 − 1)
 ( 29 ) 

These cumulative distances 𝑑(𝑖, 𝑗)  act as the similarity measure, or the alignment cost, 

between 𝑄 and 𝐶 at any given (𝑖, 𝑗) coordinate. Meaning that by picking the path with the lowest 

costs and shortest distance we can determine the matrix’s Warping Path 𝑊 = {𝑤1, … , 𝑤𝑡}  

(Bautista et al., 2016; Kivikunnas, 1998; Ratanamahatana & Keogh, 2004; Tang et al., 2018). 

So, not only 𝑊 provides us with the smallest possible distance between all the points of 

both 𝑄 and 𝐶, but by using its coordinates within the 𝑛 × 𝑚 matrix we can identify the 

corresponding 𝑐𝑚 to every 𝑞𝑛. This is what allows us to determine the start and end location 

of each of the key segments in all of our executions (Bautista et al., 2016; Kivikunnas, 1998; 

Ratanamahatana & Keogh, 2004; Reyes et al., 2011; Tang et al., 2018). 

But while this method is good at aligning two different time series, independently of any 

time distortions that may exist between them, DTW is much more computationally intensive 

than the Euclidian method. Strategies such as reducing the usable region within the matrix, 

using different path search algorithms, or more specialized DTW approaches, such as the 

Sliding Window, can help minimize the computational cost (Bautista et al., 2016; Malawski & 

Kwolek, 2016). 

These were not applied in our study. In part because our signals are already fairly short, 

as far as this type of time series go, but mostly because this is an exploratory prototype. We 

want to see how well the standard version performs, and which issues give it the most trouble 

before we decide which method can best improve its performance. 
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4. MATERIALS AND METHODS 

This chapter is where our study starts. We present the investigation design according to 

the Mixed Methods framework, as well as the ad-hoc instrument that defines the qualitative 

criteria for the development of the qualification process of each exercise. The entire process 

of signal capture and data processing is described, along with the all the hardware and 

software used, the calibration instruments and the evolution of the data collection system. 

 

This chapter aims to describe all the procedures and methodologies developed in our 

research. Given that we are dealing with an investigation that uses both qualitative and 

quantitative methods, it’s necessary to recall what was described during the review of the 

literature, according to the investigation methods. For this reason we started by presenting the 

research design, followed by the qualitative (information produced by the master according to 

the instrument of observation) and quantitative (collection and treatment of the inertial data) 

samples. Finally we applied a set of procedures to decide which information will feed the neural 

network. 

4.1. Investigation Design 

Regarding the design of this thesis, our unit of study is decided according to the 

objectives and participants, or responses observed in the study. In our case, we have a fencing 

context where two techniques are composed by different a set of actions that are 

interconnected, interpreted by a single fencer. The context represents the traditional individual 

lesson of the modality to optimize the gestures of the fencer. The purpose is to mark the 

particular differences that exist within the technical actions. In this sense, the study is classified 

as nomothetic (N) because there is a plurality of units where in each one of them independent 

of the others in the logic of the quantitative record of the sensor (accelerometer and 

gyroscope), adding the differentiation generated by the qualification introduced by the master 

(good and bad), as observed through specific actions in the ad-hoc instrument constructed 

through field formats. As for the temporality criteria, the observational strategy responds to a 

follow-up (F) of actions registered over several sessions carried out over time.  

Regarding dimensionality, which refers to multidimensionality (M) of response levels, it’s 

necessary because we need to codify quantitatively several responses co-occurring at the 

same time, representing the flow of conduct. Beyond this codification there is still the qualitative 
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record, this one developed in the end of each exercise through the classification of the 

execution by the master (good or bad), as represented in table 4 and 5. Taken together, in the 

scope of possible combinations of observational drawings, the design of our study can then be 

called a (N / F / M) study (Anguera et al., 2001). Due to its structure and metric it allows us to 

apply numerous statistical solutions for data analysis. 

In our study the OM is idoneous because the behavior observations were scientifically 

rigorous because the directly observed events were fully perceivable (Losada & Lopéz-Feal, 

2003). In this current version we tried to keep the context as close to a natural training setting 

as possible, meaning the master provides the qualification immediately after the action is 

performed, without giving him time to meditate on the result and potentially changing his 

decision. However, the master was instructed to avoid providing feedback to the fencer outside 

of requesting more good or bad executions, in order to have an even number of both 

classifications for the ANN to work with. 

The quantitative side is mostly handled by the ANN, having obtained the parameters 

from the master in the form of a binary good or bad verdict and performing, merge the data 

analysis, integration according to QUAL/ QUAN Integration perspective. In our specific case 

the data quality control of the master is done separately by an outside reliability observation 

tool (José et al., 2017). 

4.1.1. Ad-hoc Instrument 

Two technical-tactical actions were used, a simple and a composed one, from the 

technical terms of international fencing, which fall within the International Federation Fencing 

(FIE, 2017) technical rules. These actions were performed by one fencer that reproduced 

optimized training movements that resulted from the competition observations of the most 

efficient technical-tactical actions. The observation was made using the ad-hoc observation 

tool Fencing Master (José et al., 2017), consisting of field formats particularly orientated to 

analyze and describe tactical patterns of interaction between fencers that resulted in valid 

touches in competition. The analysis of the data quality was performed through intra-observer 

and inter-observer with 100% and 87.8% of agreement, respectively, verified through the 

reliability index of Cohen’s Kappa (Cohen, 1960). The instrument was proved to be sufficiently 

discriminatory, fulfilling the requirements for the purpose it was developed for (Bakeman et al., 

2009; Losada & Manolov, 2015). 
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The master has 10 years of experience as a coach, with 6 of international level, teaching 

athletes of world level, while the fencer is among the top 20 of Youth (U19) World Ranking 

UIPM, with international level in Modern Pentathlon. 

4.1.2. Selected Actions Criteria 

The degree of openness of each technique fits in the regulation of the International 

Fencing Federation (FIE, 2017), delimiting the field formats. In the two performed technical-

tactical actions the first (figure 43 A) was a simple attack, using a sixth engagement lunge with 

point contact on the chest, while the second (figure 43 B) was a compound attack, using a 

sixth engagement with a counter-action of the master with disengagement to low line, with an 

octave engagement and a lunge with point contact on the chest. Épée that respects the 

technical rules of FIE (FIE, 2017). 

 
Figure 43 - (A) Finish of the first movement, (B) Finish of the second movement. 

Table 4 - Field format: criteria of the action configuration that composes the 1st studied movement. 

 Quantitative Criteria - Technical 

Descriptors 

Qualitative Criteria - Relative to the Fencer 

One Master qualification by 9 items 

 (binary system: 0,1) 

1st 

Action 

1. The fencer on guard sixth position; 

2. The weapon arm in flection with the 

elbow in front of the chest, hand in 

pronation. The point in line with the high 

external zone; 

3. Lunge distance to chest. 

1. The fencer in balance on guard 

position; 
2. The action started by the fencer (fencer 

time). 

2nd 

Action 

1. The fencer starts the circular sixth with 

the blade tip in a progressive way, closing 

the distance to the target through the 

coordination between the circular 

movement and the extension of the arm. 

1. Starts the sixth circular with the tip of 

the blade; 
2. Make the extension at high acceleration 

as the tip passes under the master blade 

until the contact in the middle parts of the 

blades (sixth engagement). 
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3rd 

Action 

1. After contact of the blade in sixth 

engagement the fencer must initiate 

explosively the extension of the arm and 

the execution of the lunge. At the same 

time as the sixth engagement, the front leg 

begins its action with the projection of the 

foot up and forward, followed by the 

explosive extension of the back leg until 

reaching the maximum amplitude of the 

knee joint, simultaneously projecting the 

trunk forward to an equilibrium position. 

1. After the sixth engagement, the blade 

should glide along the blade of the master 

until there are two contact points (blade 

and hand guard), which must occur 

through the simultaneous actions of the 

arm extension and closing of the lunge 

distance. 

4th 

Action 

1. The technical action ends with the 

contact of the tip of the blade in the chest 

of the master, in the high external zone; 
2. After the contact of the tip of the blade, 

the movement must continue until there is 

a flexion of the blade (arch) exerting a 

greater pressure of contact and closing the 

external high line of the fencer; 
3. To close the external high line, the 

fencer’s hand must be at eye level with the 

arm and shoulder alignment; 
4. The anterior leg is in flexion near the 

90º, with the knee in a vertical orientation. 

1. The contact should be made with the tip 

of the blade in the external high line zone; 
2. The weapon hand guard should end at 

eye level with the arm and shoulder 

alignment; 
3. The blade tip is in a more internal plane 

than the weapon hand guard of the fencer; 
4. The fencer must stop the movement 

and be balanced without supporting his 

body weight on the pressure exerted by the 

blade on the master's chest. 

 

Table 5 - Field format: criteria of the action configuration that composes the 2nd studied movement. 

 Quantitative Criteria - Technical 

Descriptors 

Qualitative Criteria - Relative to the Fencer 

One Master qualification by 9 items  

(binary system: 0,1) 

1st 

Action 

1. The fencer on guard sixth position; 

2. The weapon arm in flection with the 

elbow in front of the chest, hand in 

pronation. The point in line with the high 

external zone; 

3. Lunge distance to chest. 

1. The fencer in balance on guard position; 
2. The action started by the fencer (fencer 

time). 

2nd 

Action 

1. The fencer initiates the action by 

attempting to take blade by performing the 

circular sixth. 

1. Start the circular sixth action slowly, with 

no arm extension at this phase; 
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2. The master performs a disengagement 

from the external high line to the external 

low line (octave). 

2. Stops the circular sixth action shortly 

after the master's disengagement. 

3rd 

Action 

1. The armed hand of the fencer seeks 

immediately to perform a line change to 

the octave engagement in the external low 

line; 
2. After the contact of the blade in an 

octave engagement, the fencer must 

explosively initiate the extension of the 

arm and the execution of the lunge. At the 

same time as the octave engagement, the 

front leg begins its action with the 

projection of the foot up and forward, 

followed by the explosive extension of the 

back leg until reaching the maximum 

amplitude of the knee joint, simultaneously 

projecting the trunk forward to an 

equilibrium position. 

1. Accelerate the line change movement 

until the contact of the blade in octave 

(external low line). With the octave 

engagement the acceleration must continue 

in coordination with the arm extension and 

explosively start the front leg actions and 

back leg extension. 

4th 

Action 

1. The technical action ends with the 

contact of the tip of the blade in the chest 

of the master, in the high external zone; 
2. After contact of the tip of the blade, the 

movement must continue until there is a 

flexion of the blade (arch) exerting a 

greater pressure of contact and closing the 

external high line of the fencer; 
3. To close the external high line, the 

fencer’s hand must be at eye level with the 

arm and shoulder alignment; 
4. The anterior leg is in flexion near the 

90º, with the knee in a vertical orientation. 

1. The contact should be made with the tip 

of the blade in the external low line zone; 
2. The weapon hand guard should end at 

eye level with the arm and shoulder 

alignment; 
3. The blade tip is in a more internal plane 

than the weapon hand guard of the fencer; 
4. The fencer must stop the movement and 

be balanced without supporting his body 

weight on the pressure exerted by the blade 

on the master's chest. 

4.2. Hardware 

Two different signal data collection systems were implemented during the course of this 

research, the first meant exclusively for early prototyping and exploring the requirements that 

led to the development of the second, which was designed for the final data collection process. 
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Both are in-house instruments, developed specifically for the goal of this research that respect 

the technical rules of FIE (FIE, 2017). 

The first was composed by an Arduino Due microcontroller and a GY-80 IMU (figure 44) 

of 25.8 x 16.8 mm, which contains an ADXL345 accelerometer, a L3G4200D gyroscope, a 

HMC5883L magnetometer and a BMP085 pressure sensor. The 3-axis accelerometer was set 

at a resolution range of ±16 g, with a corresponding sensitivity of 32 LSB/g, a scale factor of 

31.2 mg/LSB a sensitivity deviation of ±1% and a cross-axis sensitivity of ±1% (ADXL345, 

2013). The 3-axis gyroscope was set at a range of 2000 °/s, with a corresponding sensitivity 

of 70 mdps/digit (L3G4200D, 2010). Both the magnetometer and pressure sensor data were 

discarded, as they are not part of the focus of this study.  

 
Figure 44 - GY-80 IMU. 

The second system was composed by Arduino Nano and an MPU-6050 set on a multi-

sensor board GY-521 IMU (figure 45) of 21.2 x 16.4 mm. The 3-axis accelerometer was set at 

a range of 16g, with a corresponding sensitivity factor of 2,048 LSB/g, calibration tolerance of 

±3% and cross-axis sensitivity of ±2%. The 3-axis gyroscope was set at a range of 2000 °/s, 

with a corresponding sensitivity factor of 16.4 LSB/(°/s), sensitivity tolerance of ±3% and cross-

axis sensitivity of ±2% (InvenSense, 2013). 

 
Figure 45 - GY-521 IMU. 

Both systems are powered by, and transfer data through, an USB link to the computer 

and were calibrated through the use of a Mahr 4-way precision v-block, set on top of a Bocchi 

cast iron surface plate perfectly leveled with the earth’s gravity (9.80145 m/s2), within a degree 

of 0.05 mm/m of precision (figure 46). Dynamic calibrations on the other hand used a custom 

setup by placing the IMU on a metal lathe and spinning it at 9, 30 and 60 RPM. 
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Figure 46 – Sensor calibration. 

Besides the adoption to an accelerometer and gyroscope with higher sensitivity, the main 

differences between both data collection systems were design changes that helped reduce 

interference with the performance of the fencer, caused by improper affixing of the USB cable 

to the arm of the fencer and discomfort produced by the overheating of the board after long 

periods of use. Also extra safety measures had to be taken to protect the IMU from impact 

damage, as the shocks produced by the weapon hitting a stationary target severely damaged 

2 out of 3 IMUs we had available for trials. 

This was also the main reason we’ve decided to adopt low-cost sensors rather than more 

commercial ones, such as Xsens, as we could not put such an investment at risk. This way we 

had far more control over the whole process and did not have to deal with software limitations 

such solutions might impose. 

A complementary data collection system, used exclusively to register the fencing context 

and allow a visual confirmation of the performed actions, was a Sony P250 camera positioned 

at a distance to allow enough zoom to capture the whole image plane. The recordings were 

made in the natural light conditions of the room. 

4.3. Software 

The first software used in this study for the purpose of data collection was Processing 

2.0. It’s a flexible open source software, with a Java based language, that allows to create 2D 

or 3D interactive programs and is often used by researchers for quick prototyping (Processing, 

2015). 

A transition was later made to Unity3D, a C# based, cross-platform game engine, often 

used not only in game development and the creation of simulations, but also in education, 

healthcare and other scientific applications (Unity®, 2017). Although this current prototype 
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does not focus on the visualization of the collected or treated data, this powerful tool is capable 

of handling larger amounts of data and more complex algorithms with greater ease without 

being dependent on the existence of the software in the machine in order to run the code. This 

is particular advantageous when we take into consideration its ability to create executables for 

a wide variety of operative systems. 

However, all the data processing was handled by Matlab, a numerical computing 

application widely used within the scientific community, specifically due to possessing a wide 

library of mathematical formulas and other important resources (Mathworks, 2018), making it 

perfect to test the validity of our methods before exporting them to a less resource heavy 

software. 

4.4. Data Collection  

Before we could proceed with the first experimental settings and test the sensor in 

context, sensor calibrations to both the accelerometer and gyroscope had to be performed. To 

do so 22, five second long samples were recorded with the IMU completely static, 12 being 

aligned with the 6 DOF, 4 in different 45° alignments with the gravity and 6 in completely 

random orientations to ensure gravity was measured equally in all directions, independently of 

different axis sensitivities.  

For the dynamic calibrations 18 five revolution samples were recorded, 6 for each speed, 

with the IMU being attached to the center, middle and edge of the lathe, collecting 2 samples 

for each of them, one rotating clockwise and the other counter-clockwise. No 6 DOF alignments 

were performed, as we could not guarantee the precision. 

From those samples the calibration matrixes for the accelerometer and gyroscope were 

obtained, from which the bias and scale factors are extracted. Temperature and noise sources 

were not taken into account in this version of the prototype, as it’s hard to accurately measure 

either in a non-laboratory setting and when there are human sources of variability at play.  

Thus the final calibration formula for the accelerometer and gyroscope respectively, 

according to the formulas 2 to 6, was:  

[

𝐴𝑇𝑥

𝐴𝑇𝑦

𝐴𝑇𝑧

] = ([

𝐴𝑅𝑥

𝐴𝑅𝑦

𝐴𝑅𝑧

] − [
−0.0130
−0.0058
1.9943

]) ∙ [
−0.0463 0 0

0 0.1520 0
0 0 0.0743

] ( 27 ) 
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[

𝐺𝑇𝑥

𝐺𝑇𝑦

𝐺𝑇𝑧

] = ([

𝐺𝑅𝑥

𝐺𝑅𝑦

𝐺𝑅𝑧

] − [
−0.0463
0.1520
0.0743

]) ∙ [
0.0165 0 0

0 0.0190 0
0 0 −0.0335

] ( 28 ) 

This formula led to an error margin of ±1% during the static calibration measurements, 

but it could range between ±7-19% when attached to the fencer’s weapon hand, in the initial 

moments prior the next execution took place when the hand is at its most static, depending of 

the accumulated level of fatigue. 

4.4.1. Experimental Setup 

As our main fencer was out on competitions during this stage of the prototype, taking 

part of another study by José et al. (2017) that would later determine which of the different 

fencing techniques would be analyzed by our study, the experimental data collection was 

performed by another elite fencer of lower rank. 

The fencer performed 100 lunges against a wall mounted plastron, with each execution 

preceded by a wait period of 3 seconds for record of the hand stability and basic monitoring of 

the accumulation of fatigue. The signal transmission ended once the tip of the blade was 

pressed and thus closed the electrical circuit. Both the countdown and end of the execution 

were announced by the user monitoring the data collection, after which the master immediately 

provided the qualitative evaluation.  

A few additional data samples were recorded with the master as the acting fencer, when 

testing other design iterations of the setup. Here the goal was the elimination of the hardware 

failures and mitigation of the sensor’s context interference for the final data collection, rather 

than testing the software procedures and data validity. 

The master’s evaluation was performed through a Likert scale that ranged from 0 to 3, 

each meaning: 

Table 6 – Initial Likert scale. 

0 Invalid execution 

1 Poor execution 

2 Average execution 

3 Excellent execution 
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Outside of invalid executions, which were reserved for poorly recorded signals and other 

technical issues, such as the aforementioned hardware malfunction, this evaluation system 

had some severe issues that prevented the collected data from being applied further treatment. 

In statistical terms, the system of analysis of the master being trichotomous created a great 

variation in the way the performance of the fencer could be evaluate, making it difficult to reach 

representative conclusions and thus introduced error into the system. This led to the adoption 

of a stricter dichotomous system in order to reduce the degree of uncertainty.  

 
Figure 47 – First data collection prototype. 

As for the inertial data it was concluded the 16 g and 2000 º/s resolutions for the 

accelerometer and gyroscope respectively were indeed sufficient. Due to some limitations the 

sample rate was set at 100 Hz, which provided enough sampling resolution of the fast 

movements of the fencer without overwhelming the machine during the data processing stage. 

4.4.2. Final Setup 

The fencer performed each of the 2 technical exercises 1000 times for the first exercise 

and 700 for the second in 2 daily sessions, with a 15 minute interval every 100 executions. 

Each execution was preceded by a wait period of 3 seconds for record of the hand stability 

and basic monitoring of the accumulation of fatigue. The signal transmission ended once the 

tip of the blade was pressed and thus closed the electrical circuit. Both the countdown and end 

of the execution were marked through a sound signal produced by the software, after which 

the master was to immediately provide the qualitative evaluation.  
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Figure 48 – Illustration of the final data collection prototype placed under the glove. 

There was a 50 ms delay between the spring on the tip of the blade closing the circuit 

and the end of the signal transmission, in which the tip must be pressed uninterruptedly in 

order to be registered as a valid hit, as dictated in the épée fencing technical rules (FIE, 2017). 

Executions that didn’t fulfill the basic criteria of each action or were otherwise considered 

invalid, such as false starts, hardware failures caused by overheating from prolonged use, or 

data caps, were eliminated and replaced by a new execution. These were not included in the 

final data as they didn’t constitute enough cases to warrant their own category, nor did they 

represent the fencer’s performance. 

The master’s evaluation was performed through a Likert scale that ranged from 0 to 1, 

each meaning: 

Table 7 – Final Likert scale. 

0 Bad execution 

1 Good execution 

 

Because of the elite level of the fencer, in which their degree of expertise allows them to 

perform an overwhelming rate of good executions even when under large amounts of fatigue 

caused by the intense nature of the data collection process, they were requested to perform 

poorly on purpose, so we could have a ±60-40% rate of good and bad executions respectively.  

The inertial data’s resolution was kept the same as the experimental setup. 
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Figure 49 - Unity’s data collection screen. 

Unity’s final data collection screen of the prototype was composed by:  

• Dropdown list of the ports the data collection system is connected to; 

• Input box for the file name the data will be saved as; 

• Input box for the ID number of the execution performed; 

• Input box for the evaluation grade provided by the master; 

• Start button of the data transmission; 

• Save button to record all of that execution’s data as a .csv file; 

• Dynamic textbox for the countdown timer; 

• Dynamic textbox for visualization of the captured sensor data. 
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Start Button’s function: Collect Data  

If portChoice ≠ null  
If portOpenFlag = false 

port.Open(); 

port.Write(); 

dataList = new List<List<float>>(); 

portOpenFlag = true; 

Else 

If swordTipCounter < swordTipDelay  
tempString = port.ReadData(); 

dataList.Add(tempString.Split(“;”)); 

If dataList [dataList.Count-1][timePos] = timeCounter  
timeCounterBox.text = timeCounter - dataList [dataList.Count -1][timePos]; 

Else  
If dataList [dataList.Count-1][timePos] = timeCounter 

timeCounterBox.Hide(); 

sensorDataBox.Show(); 

sound.Play(); 

End if 
sensorDataBox.text = dataList [dataList.Count-1][dataPos]; 

If dataList [dataList.Count-1][swordTipPos] = pressed  
swordTipCounter++; 

Else  
swordTipCounter = 0; 

End if 
End if 

Else  
port.Close(); 

sound.Play(); 

timeCounterBox.Clear(); 

sensorDataBox.Hide(); 

timeCounterBox.Show(); 

sensorDataBox.Clear(); 

portOpenFlag = false; 

End if 
End if 

End if 
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4.5. Data Processing 

 
Figure 50 – Data processing pipeline.  

As shown in figure 50, the first step in data processing was to perform a validation within 

Unity to exclude and/or correct any invalid executions, such as signals of varying lengths within 

the same sample, the épée tip not registering the press, etc. Each execution was then exported 

into individual .csv files to be read and processed by Matlab. Figure 51 and Appendix II 

exemplifies the result of the valid data collection prior processing. 

 
Figure 51 – All collected 3-axial data of the 1st exercise. 

Because of the IMU’s high resolution a Savitzky-Golay filter was applied to smooth out 

the signal (figure 52) and aid both the master in the identification of the key actions segments 

and the DTW in their location within each signal. However prior to the application of either 

methods the data was split between the 3 s wait and the actual movement data, as the former 

does not describe the natural training context we aim to study. 
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Figure 52 – Savitzky-Golay filter applied to an execution of the 1st exercise. 

4.5.1. Dynamic Time Warping  

Ideally when choosing the execution that will perform as the DTW template, to whom all 

others will be compared to the fastest good execution would be considered the optimal 

example within the fencing context. However the signal was too short to provide the method 

with enough movement information to run properly. Instead the master picked the one he felt 

as more representative around the midpoint of the first 100 executions, when the fencer had 

warmed up enough, but the prolonged effects of fatigue had yet to settled in.  

 
Figure 53 – Data segmentation of the 1st exercise’s acceleration template. 

Each of the segments represent clearly identifiable moments that describe the actions 

taking place during the exercise and should be common in all executions. For example in figure 

53 the constant acceleration of the first segment represents the initial approximation of the 

fencer weapon to the engagement distance. In the second, the deceleration marks the hand 
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rotation performed during the circular action of the sixth engagement, while in the third segment 

the sudden spike represents the blade of the fencer contacting the opponent’s to deflect it. In 

the fourth segment we have the blade gliding in the sixth engagement line, while in the fifth the 

sudden deceleration marks the thickest section of the blade, which is the hardest to deflect, 

and followed immediately by the impact of the hand guard. The sixth segment marks the 

moment the blade tip hits the chest of the opponent, suffering a deceleration caused by the 

bending of the blade before it enters the seventh segment where the body’s inertia finally 

transfers the rest of its energy. That last segment was discarded as, according to the master, 

that moment is no longer representative. 

Dynamic Time Warping function: keyLoc = DTW (A, B, keyPts) 

warpMatrix = zeros(A.size, B.size); 

% Fills the warp matrix 

For i = 1:A.size 
For j = 1:B.size 

val = min(warpMatrix(i-1, j-1), warpMatrix (i-1, j), warpMatrix (i, j-1)); 

warpMatrix(i, j) = abs(A(i,1) - B(j,1)) + val; 

End for 

End for 

% Initial positions 

n = 1; 

path(n).i = A.size; 

path(n).j = B.size; 

% Finds the warp path 

While i > 1 && j > 1 
[i, j] = min(warpMatrix(i-1, j-1), warpMatrix (i-1, j), warpMatrix (i, j-1)).[i, j];  

path(n).i = i; 

path(n).j = j; 

n++; 

End while 
keyLoc = zeros(keyPts.size); 

pos = 1; 

% Finds the location of template A’s key points in signal B 

For i= n;-1;1 
If path(i).i = keyPts(pos) 

keyLoc(pos) = path(i).j; 

pos++; 

End if 
End for 
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4.5.2. Feature Extraction 

Among the list of most common features used in the observation of human activity 

through an IMU, the ones that were considered for this study were:  

• Time Domain: mean, median, standard deviation, mean square error, entropy and 

kurtosis; 

• Frequency Domain: fast Fourier transform; 

• Other: principal component analysis. 

These are the features that can be found in almost all studies, making them pretty much 

the backbone of the dimensionality reduction for this type of studies, especially when taking 

into account that much of Sport Sciences analysis is performed through statistics, rather than 

frequency-domain analysis. However a test proved the existence of feature redundancy when 

all of them were used simultaneously. For example in the case of the first exercise, when 

feeding the ANN with the regular collected data the model’s prediction accuracy was ±60%, 

but it dropped to ±50% when all features were used. 

Therefore we’ve applied the Pearson Correlation Coefficient, as seen in table 8, to 

determine among the time domain features (formulas in Appendix III) which are the most likely 

to provide the model with the least amount of redundancy. This was not applied to the time 

and other domain ones, as they are the only one representing each category.  

Table 8 – Pearson correlation of the time domain features. 

 Mean Median 
Standard 

Deviation 

Root Mean 

Square 
Entropy Kurtosis 

Mean 1 0.760 0.763 0.962 -0.042 -0.280 

Median  1 0.408 0.659 -0.188 -0.314 

Standard Deviation   1 0.909 -0.003 -0.164 

Root Mean Square    1 -0.022 -0.237 

Entropy     1 0.226 

Kurtosis      1 

 

Both the mean and the median are a measure of central tendency, so the likelihood of 

redundancy between them is high, as supported by the correlation value. But if we are to pair 

one of them with the other features, the table indicates the median to be the better candidate, 

as both the standard deviation and the root mean square are calculated based on the mean.  
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The standard deviation gives us the measure of dispersion from the data’s mean, while 

the root mean square finds the prediction error between estimated and predicted values 

through the data’s variance, which is a value the standard deviation is closely related to, 

explaining their high correlation. So, according to the table, the standard deviation is the least 

likely to provoke redundancy when paired up with the other features. 

Entropy measures the degree of uncertainty of the data being produced by a source of 

information or rather being a random result. Kurtosis on the other hand describes the shape of 

the peak of the distribution curve through the weight of its tails. Despite both being probabilistic 

measurements they provide very different types of information, as evidenced by the table, and 

thus can both be kept. Same goes for the relationship between the kurtosis and the standard 

deviation, despite the former having the later as part of its formula. 

Although a high Pearson Correlation Coefficient doesn’t necessarily mean a redundancy 

between features we’ve tested out multiple combinations, as well further reduction of the 

number of features used.  

Table 9 – Prediction results of the different feature combinations for the 1st exercise. 

Mean Median 
Standard 

deviation 

Root Mean 

Square 
Entropy Kurtosis 

1st exercise 

ACC 
2nd exercise 

ACC 

 x x  x x ±72% ±70% 

x  x  x x ±71% ±70% 

 x  x x x ±70% ±70% 

x   x x x ±70% ±70% 

 x   x x ±70% ±70% 

x    x x ±70% ±70% 

  x  x x ±68% ±70% 

   x x x ±70% ±70% 

 x x   x ±73% ±71% 

x  x   x ±74% ±71% 

 x  x  x ±76% ±72% 

x   x  x ±73% ±70% 

 x x  x  ±70% ±70% 

x  x  x  ±71% ±71% 

 x  x x  ±71% ±70% 

x   x x  ±70% ±70% 
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As we can see in table 9 the 4 time domain features combination established through 

the Pearson Correlation Coefficient, paired with the fast Fourier transform, the principal 

component analysis and also the duration of each segment, gave us a model with a ±72% and 

±70% prediction accuracy for the first and second exercises respectively, compared to other 

combinations with the same total amount of features.  

However when we reduced the number to 3 the best combination used the median, the 

root mean square and the kurtosis, with prediction accuracies of ±76% and ±72%. This is pretty 

much on par with the performance of the most common analysis method in statistics (mean, 

standard deviation and root mean square), which also produced ±78% and ±71% prediction 

rates. 

If we take into consideration the nature of the object of study itself, a highly variable set 

of fencing actions, and our goals we can technically discard entropy, as this measurement is 

more common in the study of fatigue. The use of the median rather than the mean is also 

preferable when dealing with high variability (non-parametric). This is one of the factors that 

leads us to believe the mean, standard deviation and root mean square feature combination 

having a high rate of prediction is the result of redundancy rather than the other more 

correlation independent one. 

However we need to take the qualification of the master into account and how they take 

the model’s results into non purely quantifiable territory. That is, decision making has a very 

specific character, dependent of the result of multiple internal variations of the actions. As 

much as the master attempts to quantify it into a binary classification there are always non-

quantifiable factors at play that affect the stability of the decisions. 

This added to the fallacious nature of basing the performance of the model exclusively 

on its accuracy level led us to test and compare both 3 time domain features approaches, in 

order to better interpret the results and, hopefully, reach a conclusion on which is the most 

reliable for future studies to be based on. 

One other aspect to take into account is the data was extracted from the accelerometer 

and gyroscope’s norms, rather than from each of their axis. This was applied as a form of 

dimensionality reduction, as this work does not require the positional information of the object 

of study in order to understand the inertial forces that define the different actions. These can 

be expressed in just two values rather than six without losing any of the relevant information. 
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4.5.3. Artificial Neural Networks  

Because we are developing the first iteration of the prototype and Matlab already 

provides a large library of methods and tools, we’ve used its Neural Network toolbox rather 

than developing the code from scratch, specifically the Pattern Recognition app. The features 

were fed to the ANN as its input data, while the master’s binary evaluation was provided as 

the desired output of the supervised learning. The master’s evaluation is a ground truth value 

based on the nine sub-criteria items defined by the observational instrument for each exercise.  

In both exercises 70% of the data was randomly selected to train the system, while 15% 

was used for validation of the results and the other 15% to test its performance by comparing 

it against the desired output. Multiple Holdout Cross-Validation runs were performed in order 

to ensure an average distribution of the results. The default number of 10 hidden layers was 

kept, as changing it brought no significant advantage. 

The results of both models are discussed in the next chapter. 
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5. RESULTS 

This chapter presents and discusses the results. Both the descriptive and inferential 

analysis of the collected data and of the confusion matrices is performed, although due to the 

high volume of data produced the majority is found in the appendixes. Inferences are drawn 

on the performance of the models and the causes of the issues where it’s lacking. 

 

According to Clark and Creswell there are several criteria to evaluate the research design 

and the quality of its results in their QUAL-QUAN integration and merged data analysis, 

depending on the objectives or hypothesis in study. Considering we are dealing with an ANN, 

our distinct approach involves performing a descriptive analysis in order to point out the nature 

and particularities of our study, as well as an inferential analysis of the final Mixed Method 

results via the classification confusion matrix, which will be discussed later on.  

5.1. Descriptive Analysis 

To perform the characterization of the data each signal was divided into 7 key segments 

that describe the actions of the fencer via the DTW, the last one being discarded as it’s 

considered non-representative by the master. Each segment had its relevant information 

extracted through statistical features, with the mean, standard deviation, root mean square, 

fast Fourier transform and principal component analysis being used to describe the first ANN 

model and the median, root mean square, kurtosis, fast Fourier and principal component 

analysis the second. The duration of each segment is also added as a relevant feature. 

This led to a total of 6 features describing each of the 6 segments for both the linear 

acceleration and angular velocity magnitudes of each execution, or a grand total of 72 features 

for each of the two exercises. However, each signal also has an associated dichotomous 

qualitative variable that determines which category each execution belongs to.  

In the example of figure 54 we can observe a general tendency towards a normal 

distribution of the data. However in the same study performed to the extracted time domain 

features, used to further understand their behaviors and how they may have influenced the 

different results produced by the two different ANN models, which can be found in Appendix 

VI less homogeneous distributions can be observed that point to an asymmetry in the data.  
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Figure 54 – Histograms of each segment for the acceleration of the 1st exercise. 
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Table 10 – Descriptive analysis of the good and bad execution for each segment of the 1st exercise’s 
acceleration data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Accl.b 
(m/s2) -0.099 

±0.043 
-0.088 
±0.044 

-0.765 
±0.382 

-0.819 
±0.459 

2.580 
±0.77 

1.958 
±0.84 

6.095 
±1.07 

6.086 
±0.14 

-1.69 
±1.27 

-1.010 
±1.43 

-0.766 
±1.283 

-2.428 
±0.08 

  Median -0.103 -0.088 -0.739 -0.088 2.490 1.916 6.177 6.228 -1.578 -1.430 -0.848 -0.441 

MSEc 0.001 0.002 0.0158 0.024 0.032 0.047 0.044 0.077 0.027 0.076 0.053 0.087 

Skewnessd 1.213 .331 1.974 -0.101 0.475 0.353 -0.205 -0.003 -0.391 -0.140 0.657 0.615 

Kurtosis 5.581 1.864 7.269 1.495 0.242 1.186 -0.426 -0.576 0.043 -0.149 0.757 0.259 

Chi-Sqe .000 .012 .000 .000 .000 .000 

k-s. f .000 .002 .000 .000 .000 .000 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Acceleration (m/s2): values are mean ± SD 
c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 

As we can see in the example of table 10, as well as in other tables in Appendix VII, 

when applied a binary classification to the data the differences between the good and bad 

executions in each segment are minimal, despite the high variability. This raises the question 

if there are enough significant statistical differences that allow the distinction between them.  

According to the mean and standard deviation the segments register an increasing 

variability as the accelerations performed by the hand of the fencer move closer to the 

completion of their execution, a behavior confirmed by the mean square error. The skewness 

and the kurtosis also confirm the normal distribution at the beginning of the execution, but a 

high instability in the third, fourth and fifth segments. However the median always remains 

close to the value of the mean, indicating the data is not homogenous. 

These results match with the movement patterns expected for each action and the 

behaviors observed in the Appendixes IV and V. The lunge in the first segment being the most 

stable gesture, in contrast to the hitting and gliding of the blade from the third to the fifth 

segments marks the level of interaction between both fencers, which is naturally highly 

variable. In the sixth the variability comes from the blade touching the opponent and the 

beginning of the energy transfer from the impact. Another reason for the variability is the 

accumulation of fatigue that results from collecting a large volume of data in only two days. 
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Despite the amount of variation the distinction between a good and bad execution in the 

descriptive analysis is almost nonexistent, which can be seen as a testament of the high level 

of experience of the fencer and as a reflection of the discrepancies between a human observer 

and the capture rate of a sensor. So to confirm the existence of differences between the binary 

evaluations we’ve also performed two inferential tests, the Chi-square and the Kolmogorov-

Sminorv. Both point to the rejection of the null hypothesis 𝐻0 (𝑝 < 0.05), meaning that despite 

both executions being extremely similar there is enough internal variation to make them 

distinct. 

However what this whole analysis shows is this type of information can only provide a 

gross interpretation of the actions performed, as the high degree of variability and similarity 

make it near impossible for a human interpreter to detect the underlying patterns that set good 

executions apart through the signal alone. A statement confirmed by the master. 

The same goes to the qualitative observations performed by the master’s refined, but 

ultimately empirical, observation skills. They cannot be easily translated into a quantifiable form 

and thus be analyzed through traditional statistical means. This is where a Mixed-Methods 

approach, through the use of an ANN, provides us with valuable information that cannot be 

measured through QUAL or QUAN methods alone. 

5.2. Inferential Analysis 

Table 11 – 1st model confusion matrixes. 

1st Exercise 
n = 999 

Actual Results  2nd Exercise 
n = 696 

Actual Results 

Positive Negative  Positive Negative 

Predicted 
Results 

Positive 527  
(52.8%) 

147 
(14.7%) 

 

Predicted 
Results 

Positive 423  
(60.7%) 

137 
(19.7%) 

Negative 73 
(7.3%) 

252 
(25.2%) 

 Negative 61 
(8.8%) 

75 
(10.8%) 

 
Table 12 – 2nd model confusion matrixes. 

1st Exercise 
n = 999 

Actual Results  2nd Exercise 
n = 696 

Actual Results 

Positive Negative  Positive Negative 

Predicted 
Results 

Positive 541 
(54.2%) 

175 
(17.5%) 

 

Predicted 
Results 

Positive 476 
(68.3%) 

181 
(26.0%) 

Negative 
59 

(5.9%) 
224 

(22.4%) 
 Negative 9 

(1.3%) 
30 

(4.4%) 
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Table 13 – Confusion matrix analysis for both model version of both exercises. 

 
1st Model 2nd Model 

1st Exercise 2nd Exercise 1st Exercise 2nd Exercise 

ACC 0.780 0.715 0.766 0.727 

TPR 0.878 0.874 0.902 0.981 

TNR 0.632 0.353 0.561 0.146 

PPV 0.782 0.755 0.756 0.725 

NPV 0.775 0.552 0.792 0.775 

FNR 0.183 0.287 0.098 0.019 

FPR 0.245 0.284 0.439 0.854 

FDR 0.218 0.245 0.244 0.275 

FOR 0.225 0.448 0.208 0.225 

MCC 0.533 0.264 0.503 0.253 

 

 

  
Figure 55 – Comparison of the confusion matrix analysis of both models. 
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1
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As we can see in the confusion matrix results in the tables 11 and 12 both models are 

particularly good at detecting true positive (TP) results, with 52.8% and 60.7% for the first (E1) 

and second exercises (E2) respectively in the first model (M1) and 54.2% and 68.3% for the 

second model (M2). The amount of true negative (TN) results is significantly inferior, with M1 

predicting 25.2% and 10.8% for E1 and E2 and 22.4% and 4.4% for M2.  

In terms of incorrectly predicted results, the amount of false positives (FP) in M1 was 

14.7% and 19.7% for E1 and E2, while in M2 it was 17.5% and 26.0% respectively. In 

comparison the amount of false negatives was (FN) in M1 was 7.3% and 8.8% for E1 and E2, 

while in M2 it was 5.9% and 1.3%.  

  
Figure 56 – Confusion matrix results of both models. 

What we can infer from this initial information, in combination with the accuracy (ACC) 

values of 78.0% and 71.5% for M1 and 76.6% and 72.7% for M2, is both models have a fairly 

good predictive ability, with M1 having the best performance of the two. It’s particularly good 

when it comes to reaching the correct qualification for E1, while both M1 and M2 have a similar 

prediction rate for E2, as illustrated in figures 55 and 56. 

However basing a model’s performance on these measurements alone can lead to highly 

misleading interpretations when dealing with an unbalanced dataset. The somewhat high FP 

and low TN values hint towards an imbalance, but the other measurements that perform a 

more in-depth analysis of the confusion matrixes in table 13 and figure 55 helps us better 

understand the nature of the data and detect the root of potential problems. 
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Figure 57 – Discoverability rate of both models. 

As we can see in figure 57, in both models the Sensitivity (TPR) is rather high, of 87.8% 

and 87.4% for M1 and 90.2% and 98.1% for M2, when compared to the Specificity (TNR), of 

63.2% and 35.3% for M1 and 56.1% and 14.6% for M2, the Miss Rate (FNR), of 18.3% and 

28.7% for M1 and 9.8% and 1.9% for M2, and the Fall-Out (FPR), of 24.5% and 28.4% for M1 

and 43.9% and 85.4% for M2. 

What this says is both models are exceedingly good at matching the master’s positive 

evaluations, particularly M2, but not so much the negative ones, especially when it comes to 

the E2, with M2 having the worst performance on that regard. In terms of the misqualified 

evaluations both models have a higher tendency towards identifying negative results as 

positive ones rather than the other way around, with M2 having a disproportionally high 

tendency to do so in E2. 

  
Figure 58 – Prediction rate of both models. 

According to figure 58, when it comes to the models’ overall prediction performance their 

Precision (PPV) is fairly high, with 78.2% and 75.5% for M1 and 75.6% and 72.5% for M2, and 
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also a fairly good Negative Predicted Value (NPV), with 77.5% and 55.2% for the M1 and 

79.2% and 77.5% for M2, with their False Discovery Rate (FDR) being 21.8% and 24.5% for 

M1 and 24.4% and 27.5% for M2, and the False Omission Rate (FOR) of 22.5% and 44.8% 

for M1 and 20.8% and 22.5% for M2.  

What this says is both models have a similar performance when it comes to predicting 

either the good or the bad executions correctly, although M1 is worse at foretelling a negative 

when it comes to E2. In terms of wrong predictions both have a slightly higher tendency 

towards signaling negative results as positive, again that likelihood significantly increasing for 

M1 in E2.  

This similar performance, despite each model having different sets of features with very 

different Pearson Correlation Coefficient rankings providing describing the data, is reinforced 

by the Matthews Correlation Coefficient (MCC), with 0.533 and 0.264 for M1 and 0.503 and 

0.253 for M2. Poor quality models, especially when it comes to predictions performed for E2, 

but with M2 only ranking slightly worse than M1. 

5.3. Discussion 

In comparison to the descriptive analysis, which could only determine the high amount 

of variability of the inertial data and similarity between both qualifications, the ANN results 

reveal to us the data is unbalanced, suffering from high bias. That is, the models are learning 

the wrong relationships between the data and the desired outputs, not understanding the 

nuances that dictate what forms a bad execution (Alpaydin, 2014; Bishop, 1995; Fortmann-

Roe, 2012a). This is what leads these Underfitting models to have a discoverability rate that 

heavily favors the good executions. Their prediction rates are quite stable by comparison 

however, meaning the models have a low variance (Fortmann-Roe, 2012a).  

M2 performs particularly poorly when it comes to discriminating between the good and 

bad results, despite having a better Pearson Correlation Coefficient ranking. However in terms 

of the actual predictive ability its performance doesn’t suffer as much as M1’s when it comes 

to the more complex exercise. 

As for what leads to these behaviors, outside of the size of the data sample and the 

imbalance in the percentage of both types of executions, which clearly needs a higher 

representation of negative outcomes to improve their proper detection (Alpaydin, 2014; Bishop, 

1995), it’s important to remember these qualifications that guided both models’ learning 

process is the result of a human-made, empirical evaluation that has a natural tendency to 
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adjust over time to fit the athlete’s level, especially when under perception fatigue. And then 

there’s the very nature of the classical observation instrument regarding the level of the fencer. 

Any coach training an elite level athlete has a particularly strong focus on the minute details 

that can lead to their optimization and the surpassing of any and all obstacles, or the 

achievement of solutions, in order to reach the victory. 

What we mean is the criteria used to define the observation instrument are designed 

towards outlining all the items that form a correct execution, rather what exactly constitutes an 

incorrect one, as that seldomly is part of the master’s concerns. This is what can lead the 

model to have such a hard time understanding what are the minute characteristics that define 

a bad execution, as just a single unfulfilled criteria automatically puts everything under the 

same category.  

The highly variable nature of the context itself also adds to this issue, as seen in the 

descriptive analysis of the data, along with the fencer’s already high level of expertise and their 

ability to perform compensatory actions, making it difficult for the sensor to detect the nuances 

that form the master’s evaluation process and thus for the system to define where the borders 

between a good and bad execution lie.  

As for the predictive differences between the first and the second exercise in both models 

the answer lies in the difference between their level of complexity, where not only the 

combination of actions requires a much higher degree of excellence for the fencer to perform 

correctly, but also a much finer attention by the master to the deviations in the minute details. 

That combined with the explosive execution speeds and lack of time interval to provide the 

qualification means there’s a natural professional tendency for the master to perform a more 

classical evaluation, where the actions of the legs and body are also present. 

Taking into consideration our qualitative criteria are aimed towards the observation of 

the hand exclusively, these hard to divorce tendencies, which according to the master are 

particularly true in the more complex exercises, introduce external information the single 

sensor has a greater difficulty or complete inability to capture on its own. 

But despite further research and experimentation being necessary in order to reduce the 

observer induced errors and correct other training set deficiencies that led to the system’s 

decrease in overall performance, the current data held quite promising results, especially from 

a sport perspective. 

First of all, this type of in-depth analysis provided a novel, important window into the 

master’s own evaluative performance within the context. While instruments to evaluate a 
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coach’s assessment performance already do exist, those focus on leadership and technical 

knowledge factors. Our tool however, despite not being designed with the observation of the 

master in mind, captured the transmission of procedural knowledge from master-to-pupil. A 

glimpse that, while only useful for other specialists in that field, can be of extreme importance 

in such a technically divisive sport. 

As for the results themselves in qualitative analysis, specifically in reliability studies, 

behaviors are considered acceptable when they achieve an index of ±80% or lower, depending 

of the specificity of the cases. This is due to such studies taking into account the margin of 

error generated by the human being which, in face of the context, has their own interactions 

that can undergo changes when reproducing a desired behavior in a similar manner. Such 

margin would not be acceptable in a more biomechanical study, where protocol and 

environmental conditions have to be properly controlled. 

So, while the rate of false results still needs to be corrected, from a sport’s perspective, 

which puts stronger emphasis on the identification of positive results over negative ones, the 

current values achieve desirable levels, especially for a first prototype. 

 

 

 

 

 

 

 

 

 

 

 

 



 

109 | P a g e  
 

6. CONCLUSIONS 

This Chapter presents the conclusions and future work. 

 

In this study we focused on the research and construction of a software prototype to not 

only collect the inertial data from the fencer’s weapon hand through the use of a single IMU 

applied on the object of study, in order to provide additional information of its high-speed 

behaviors in its natural training context, but we’ve also used a Mixed Method approach to 

associate that quantitative data to the qualitative evaluation provided by the master. The 

ultimate goal of this tool was, through the use of an ANN to perform the QUAL-QUAN 

combination (Creswell and Plano Clark, 2010), to have the system emulate the master’s 

classification method in order to, in the future, aid elite fencers during non-supervised practice 

in both the optimization of their technical-tactical efficiency and improvement of their self-

analysis skills. (Anguera, 2014; Anguera & Hernández-Mendo, 2016; Anguera et al., 2018; 

Sánchez-Algarra & Anguera, 2013). 

Although there are similar studies of IMU and Machine Learning being applied in Sports 

Science (Maund, 2010; Fischer et al., 2011; Kimm & Thiel, 2015; Malawski & Kwolek, 2016; 

Whiteside et al., 2017) this is, as far as we are aware, the first study that uses this type of 

combination with Mix Methods. The confusion matrix allowed us to discern a lot more useful 

information than with the more classical types of QUAL or QUAN analysis and thus proved to 

be particularly useful for the field of sports, especially the sub-field of observational 

methodology, mixed to Machine Learning (Anguera & Hernández-Mendo, 2016). 

While both models tested in this prototype achieved a qualification accuracy of 71-78% 

and 72-76% respectively, with a particularly high discoverability rate towards the good 

executions, which are seen as quite promising results from a qualitative analysis sport 

perspective, especially for a visionless based system, the confusion matrix revealed some 

significant issues that must be fixed in future iterations in order to improve the ANN’s ability to 

properly discriminate the bad executions and reduce the grey area that distinguishes a good 

from a bad one, especially when it comes to exercises of higher complexity. This is foreseen 

in the construction of the ad-doc instruments (Anguera, 2014), as well as in the sport practice 

itself (Donskoi & Zatsiorski, 1989; Iglesias et al., 2010; José et al., 2017). 

Increasing the data sample, particularly of the most unrepresented class, is a common 

method that helps solve classifier imbalance, particularly useful in our case, where we have a 
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high amount of variability and overlap and thus need more examples to help the models to 

detect the proper relationships between the data. Adjusting the weights to penalize 

misclassification costs of the minority classes is also a fairly common practice, but our system 

shows a need to expand the number of classes first. 

A potential solution worth exploring is adding new types of good/bad evaluations for the 

master to perform, such as for example one for the whole execution itself, other for the hand 

and another for the foot. This would increase the level of resolution of the observational 

instruments’ criteria, thus helping to better identify the source of the negative results, especially 

if paired with a new additional sensor to capture the data of the other key body element, the 

foot (Malawski & Kwolek, 2016).  

These changes to the observation instrument would have to be discussed with the 

experts in order to define the best approach that will lead to the avoidance of the issues 

provoked by a master’s cognitive tendencies and to keeping the nature of the study in context 

as close to the original setting as possible (Iglesias et al., 2010; José et al., 2017).  

Another important change, this one more dependent on the available means, is having 

multiple masters performing their own evaluations. While likely not simultaneously, as the 

observations performed as a sparring partner and as an outside observer are fundamentally 

different in the formation of a proper intrinsic-extrinsic evaluation, this would allow to perform 

a study of the qualitative ad-hoc instrument and thus increase the intraobserver reliability 

(Anguera, 2014).  

Further down the line we intend to expand the study by including multiple fencers, and 

their multiple variations of the same behavioral patterns, of varying degrees of experience and 

also new types of exercises, as well as potentially expand the resolution of the sensor, as 

exemplified in Appendix VIII. There’s also the option of adding a gesture detection and 

classification system along with a visual representation of the trajectories and rotations 

performed, but those are more quantitative in nature and not part of the study in context nor 

the Mixed Method approach. 
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APPENDIXES 

I. 
The detailed description is very closed to fencing masters experts, perhaps due to being 

visually conditioned by the speed of execution of actions, even when observed with video 

systems, to infer tactical patterns that allow to evoke useful information that manages 

communication between fencers and masters in order to formulate different tactics in the 

context of training and competition. 

In this sense, according to José (2018), we intend to present in this study a new 

instrument for fencing observation with the objective of completing those that have been 

created so far, with special emphasis on tactical actions observed during a game, identified 

through a deferred video method, the particular context of the interactions that occurred. The 

method of analysis will settle especially on temporal patterns, or T-Patterns (Magnusson, 

2000), which will lead us to discriminate the tactical construction of the fencers' touch. 

For this purpose, an observation instrument was developed as a computer application: 
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                       Figure 59 –  Layout the software - observational tactic fencing competition 
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II. 

 
Figure 60 – All collected 3-axial data of the 1st and 2nd exercises. 
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III. 
Table 14 – Formulas of the time domain features. 
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IV. 

 

Figure 61 – Extracted time domain features from the 1st exercise accelerometer data. 
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Figure 62 – Extracted time domain features from the 1st exercise gyroscope data. 
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Figure 63 – Extracted time domain features from the 2nd exercise accelerometer data. 
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Figure 64 – Extracted time domain features from the 2nd exercise gyroscope data. 
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V. 

  

Figure 65 – Extracted time domain features averages of the 1st exercise accelerometer data. 
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Figure 66 – Extracted time domain features averages of the 1st exercise gyroscope data. 



 

131 | P a g e  
 

 

Figure 67 – Extracted time domain features averages of the 2nd exercise accelerometer data. 
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Figure 68 – Extracted time domain features averages of the 2nd exercise gyroscope data. 
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VI. 

  

Figure 69 – Histogram of each segment for the mean of the 1st exercise accelerometer data. 
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Figure 70 – Histogram of each segment for the median of the 1st exercise accelerometer data. 
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Figure 71 – Histogram of each segment for the standard deviation of the 1st exercise accelerometer 
data. 
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Figure 72 – Histogram of each segment for the root mean square of the 1st exercise accelerometer 
data. 
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Figure 73 – Histogram of each segment for the kurtosis of the 1st exercise accelerometer data. 
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Figure 74 – Histogram of each segment for the entropy of the 1st exercise accelerometer data. 
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Figure 75 – Histogram of each segment for the mean of the 1st exercise gyroscope data. 
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Figure 76 – Histogram of each segment for the median of the 1st exercise gyroscope data. 
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Figure 77 – Histogram of each segment for the standard deviation of the 1st exercise gyroscope data. 
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Figure 78 – Histogram of each segment for the root mean square of the 1st exercise gyroscope data. 
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Figure 79 – Histogram of each segment for the kurtosis of the 1st exercise gyroscope data. 
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Figure 80 – Histogram of each segment for the entropy of the 1st exercise gyroscope data. 
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Figure 81 – Histogram of each segment for the mean of the 2nd exercise accelerometer data. 
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Figure 82 – Histogram of each segment for the median of the 2nd exercise accelerometer data. 
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Figure 83 – Histogram of each segment for the standard deviation of the 2nd exercise accelerometer 
data. 
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Figure 84 – Histogram of each segment for the root mean square of the 2nd exercise accelerometer 
data. 
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Figure 85 – Histogram of each segment for the kurtosis of the 2nd exercise accelerometer data. 
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Figure 86 – Histogram of each segment for the entropy of the 2nd exercise accelerometer data. 
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Figure 87 – Histogram of each segment for the mean of the 2nd exercise gyroscope data. 



152 | P a g e  
 

  

Figure 88 – Histogram of each segment for the median of the 2nd exercise gyroscope data. 
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Figure 89 – Histogram of each segment for the standard deviation of the 2nd exercise gyroscope data. 
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Figure 90 – Histogram of each segment for the root mean square of the 2nd exercise gyroscope data. 
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Figure 91 – Histogram of each segment for the kurtosis of the 2nd exercise gyroscope data. 
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Figure 92 – Histogram of each segment for the entropy of the 2nd exercise gyroscope data. 
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VII. 

Table 15 – Statistical analysis of the mean of the 1st exercise’s accelerometer data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Accl.b 
(m/s2) -0.099 

±0.043 
-0.088 
±0.044 

-0.765 
±0.382 

-0.819 
±0.459 

2.580 
±0.77 

1.958 
±0.84 

6.095 
±1.07 

6.086 
±0.14 

-1.69 
±1.27 

-1.010 
±1.43 

-0.766 
±1.283 

-2.428 
±0.08 

  Median -0.103 -0.088 -0.739 -0.088 2.490 1.916 6.177 6.228 -1.578 -1.430 -0.848 -0.441 

MSEc 0.001 0.002 0.0158 0.024 0.032 0.047 0.044 0.077 0.027 0.076 0.053 0.087 

Skewnessd 1.213 .331 1.974 -0.101 0.475 0.353 -0.205 -0.003 -0.391 -0.140 0.657 0.615 

Kurtosis 5.581 1.864 7.269 1.495 0.242 1.186 -0.426 -0.576 0.043 -0.149 0.757 0.259 

Chi-Sqe .000 .012 .000 .000 .000 .000 

k-s. f .000 .002 .000 .000 .000 .000 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Acceleration (m/s2): values are mean ± SD 
c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 

 

Table 16 – Statistical analysis of the median of the 1st exercise’s accelerometer data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Accl.b 
(m/s2) -0,099 

±0,046 
-0,087 
±0,047 

0,494 
±0,390 

-0,553 
±0,542 

1,752 
±1,077 

1,246 
±1,090 

5,824 
±1,340 

5,793 
±1,522 

-1,841 
±1,658 

-1,156 
±1,718 

-0,809 
±1,468 

-0,336 
±1,785 

  Median -0,101 0,088 -0,471 -0,452 1,647 1,211 5,713 5,740 -1,665 -1,079 -0,820 -0,568 

MSEc 0,002 0,002 0,016 0,029 0,045 0,058 0,056 0,081 0,069 0,091 0,061 0,095 

Skewnessd -0,023 -0,031 -0,292 -0,683 0,498 0,304 0,255 0,460 -0,271 -0,380 0,357 0,510 

Kurtosis 0,593 0,389 2,254 0,447 0,631 0,148 -0,323 -0,106 -0,473 -0,171 0,291 0,782 

Chi-Sqe .000 .796 .000 .366 .000 .010 

k-s. f .000 .006 .000 .225 .000 .001 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Acceleration (m/s2): values are mean ± SD 
c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 
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Table 17 – Statistical analysis of the standard deviation of the 1st exercise’s accelerometer data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Accl.b 
(m/s2) 0,147 

±0,074 
0,151 
±0,092 

0,836 
±0,338 

0,901 
±0,349 

3,902 
±1,254 

3,384 
±1,019 

4,066 
±1,045 

3,990 
±1,311 

2,030 
±0,609 

1,769 
±0,782 

2,094 
±0,891 

2,039 
±1,164 

  Median 0,127 0,133 0,837 0,928 3,777 3,199 4,111 4,041 1,988 1,751 1,932 1,888 

MSEc 0,003 0,005 0,014 0,019 0,052 0,054 0,043 0,070 0,025 0,042 0,037 0,062 

Skewnessd 3,327 7,379 0,177 -0,158 0,554 0,806 0,415 0,749 0,366 0,566 0,990 1,576 

Kurtosis 19,258 88,161 -0,188 -0,540 0,037 1,190 2,237 3,485 0,336 1,181 1,682 6,064 

Chi-Sqe .155 .000 .000 .053 .000 .070 

k-s. f .315 .016 .000 .034 .000 .003 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Acceleration (m/s2): values are mean ± SD 
c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 

 

Table 18 – Statistical analysis of the root mean error of the 1st exercise’s accelerometer data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Accl.b 
(m/s2) 0,182 

±0,069 
0,179 
±0,089 

1,130 
±0,432 

1,221 
±0,479 

4,612 
±1,369 

3,884 
±1,155 

7,286 
±1,361 

7,250 
±1,816 

2,697 
±1,037 

2,254 
±1,059 

2,444 
±0,870 

2,433 
±1,275 

  Median 0,167 0,163 1,124 1,239 4,484 3,704 7,387 7,504 2,522 2,087 2,318 2,270 

MSEc 0,003 0,005 0,018 0,025 0,057 0,061 0,056 0,097 0,043 0,056 0,036 0,068 

Skewnessd 3,255 7,186 0,221 0,131 0,533 0,928 -0,060 0,211 0,710 0,792 1,051 1,553 

Kurtosis 20,224 86,482 -0,292 -0,638 0,093 1,857 0.100 0,416 0,105 0,265 2,193 6,049 

Chi-Sqe .796 .000 .000 .438 .000 .438 

k-s. f .034 .003 .000 .000 .000 .001 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Acceleration (m/s2): values are mean ± SD 
c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 
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Table 19 – Statistical analysis of the kurtosis of the 1st exercise’s accelerometer data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Accl.b 
(m/s2) 2,752 

±1,123 
2,682 
±0,828 

2,378 
±1.100 

2,312 
±1,031 

2,130 
±0,530 

2,249 
±0,680 

1,928 
±0,466 

2,073 
±0,609 

2,160 
±0,786 

2,024 
±0,684 

2,284 
±0,858 

2,163 
±0,845 

  Median 2,511 2,506 2,040 1,970 2,004 2,083 1,817 1,854 1,923 1,826 2,048 1,922 

MSEc 0,047 0,044 0,046 0,055 0,022 0,036 0,019 0,032 0,033 0,036 0,036 0,045 

Skewnessd 5,810 3,621 2,076 2,067 1,899 3,117 2,323 1,594 1,671 2,055 1,274 2,410 

Kurtosis 56,320 22,658 6,525 6,752 8,123 20,064 8,261 2,625 3,667 5,835 1,824 8,081 

Chi-Sqe .897 .196 .003 .014 .002 .000 

k-s. f .898 .159 .032 .002 .028 .013 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Acceleration (m/s2): values are mean ± SD 
c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 

 

Table 20 – Statistical analysis of the entropy of the 1st exercise’s accelerometer data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Accl.b 
(m/s2) 0,318 

±0,115 
0,288 
±0,125 

0,025 
±0,181 

0,035 
±0,176 

0,186 
±0,112 

0,190 
±0,124 

0,144 
±0,122 

0,190 
±0,135 

-0.100 
±0,233 

-0,147 
±0,263 

-0,058 
±0,250 

-0,111 
±0,289 

  Median 0,319 0,294 0,084 0,091 0,191 0,191 0,151 0,198 -0,134 -0,182 0.000 -0,118 

MSEc 0,005 0,007 0,007 0,009 0,005 0,007 0,005 0,007 0,010 0,014 0,010 0,015 

Skewnessd 0,007 -0,076 -1,070 -0,911 -0,131 -0,100 0,141 -0,191 -0,421 -0,335 -0,880 -0,396 

Kurtosis 0,384 0,270 1,267 0,878 -0,039 -0,161 -0,144 -0,397 0,094 -0,263 0,526 -0,443 

Chi-Sqe .002 .698 .278 .000 .000 .003 

k-s. f .004 .385 .486 .000 .005 .000 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Acceleration (m/s2): values are mean ± SD 
c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 
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Table 21 – Statistical analysis of the mean of the 1st exercise’s gyroscope data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Gyro.b 
(º/s) 

3,423 
±1,330 

3,412 
±1,194 

8,794 
±2,006 

8,762 
±1,947 

93,850 
±18,11 

88,013 
±18,02 

103,73 
±13,67 

104,05 
±12,78 

152,77 
±15,01 

150,65 
±15,90 

102,87 
±20,11 

99,127 
±19,77 

  Median 3,165 3,170 8,648 8,642 92,270 86,224 101,79 102,57 153,09 149,42 103,59 97,610 

MSEc 0,057 0,062 0,085 0,102 0,771 0,942 0,582 0,668 0,639 0,832 0,856 1,033 

Skewnessd 1,974 1,734 0,675 0,711 0,433 0,630 0,716 0,711 0,137 0,106 0,084 0,219 

Kurtosis 7,269 5,754 1,963 1,937 -0,218 0,141 0,506 1,031 0,778 -0,124 -0,625 -0,670 

Chi-Sqe .796 .796 .001 .438 .020 .007 

k-s. f .716 .342 .000 .458 .025 .015 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Angular velocity (º/s): values are mean ± SD 

c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 

 

Table 22 – Statistical analysis of the median of the 1st exercise’s gyroscope data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Gyro.b 
(º/s) 

3,060 
±1,234 

3,019 
±1,040 

8,173 
±2,685 

8,018 
±2,514 

98,277 
±22,10 

93,334 
±21,25 

106,47 
±17,19 

104,38 
±15,94 

152,20 
±17,52 

152,64 
±17,23 

101,33 
±19,89 

96,139 
±20,68 

  Median 2,826 2,863 8,042 7,753 97,475 92,871 104,62 103,24 152,13 151,02 100,90 95,207 

MSEc 0,053 0,054 0,114 0,131 0,941 1,111 0,732 0,833 0,746 0,901 0,847 1,081 

Skewnessd 3,105 2,549 0,482 0,634 0,124 0,178 0,461 0,550 0,108 0,081 0,118 0,255 

Kurtosis 20,640 15,967 0,206 0.800 -0,189 0,074 0,022 0,313 0,417 -0,037 -0,112 -0,335 

Chi-Sqe .796 .245 .039 .196 .518 .000 

k-s. f .653 .115 .002 .283 .806 .000 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Angular velocity (º/s): values are mean ± SD 

c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 
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Table 23 – Statistical analysis of the standard deviation of the 1st exercise’s gyroscope data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Gyro.b 
(º/s) 

1,720 
±0,912 

1,733 
±0,997 

4,558 
±1,365 

4,519 
±1,275 

49,803 
±15,06 

43,806 
±12,88 

31,225 
±7,286 

30,135 
±7,754 

35,539 
±11,57 

34,061 
±9,220 

24,958 
±9,725 

27,164 
±9,620 

  Median 1,484 1,487 4,463 4,416 47,272 41,232 31,369 31,261 34,034 32,688 23,777 26,740 

MSEc 0,039 0,052 0,058 0,067 0,641 0,673 0,310 0,405 0,492 0,482 0,414 0,503 

Skewnessd 1,865 2,065 1,548 1,254 0,890 1,146 -0,203 -0,371 2,556 0,633 0,660 0,471 

Kurtosis 4,907 4,914 9,009 5,033 1,149 1,850 1,384 0,903 22,360 0.500 0,746 0,146 

Chi-Sqe 1.000 .605 .000 .604 .438 .001 

k-s. f .586 .865 .000 .119 .090 .000 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Angular velocity (º/s): values are mean ± SD 

c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 

 

Table 24 – Statistical analysis of the root mean error of the 1st exercise’s gyroscope data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Gyro.b 
(º/s) 

3,836 
±1,558 

3,838 
±1,469 

9,804 
±2,174 

9,759 
±2,094 

105,86 
±21,73 

97,978 
±20,73 

108,08 
±13,02 

108,08 
±11,89 

156,80 
±16,52 

154,33 
±16,70 

105,99 
±20,52 

103,03
±19,71 

  Median 3,497 3,464 9.600 9,553 104,15 94,949 105,55 106,38 156,91 152,45 106,28 101,29 

MSEc 0,066 0,077 0,093 0,109 0,925 1,084 0,554 0,621 0,703 0,873 0,874 1,030 

Skewnessd 1,891 1,734 1,184 1,101 0,541 0,778 0,963 1,060 0,613 0,183 0,163 0,279 

Kurtosis 6,206 4,341 5,091 3,598 0,123 0,534 1,057 2,152 4,167 -0,159 -0,633 -0,458 

Chi-Sqe .518 1.000 .000 .796 .007 .028 

k-s. f .596 .426 .000 .482 .012 .028 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Angular velocity (º/s): values are mean ± SD 

c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 
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Table 25 – Statistical analysis of the kurtosis of the 1st exercise’s gyroscope data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Gyro.b 
(º/s) 

3,177 
±1,466 

3,096 
±1,330 

2,416 
±1,141 

2,591 
±1,347 

1,977 
±0,396 

2.000 
±0,429 

1,984 
±0,642 

1,856 
±0,502 

2,304 
±0,625 

2,396 
±0,743 

2,272 
±0,743 

2,411 
±0,716 

  Median 2.800 2,735 2,032 2,149 1,928 1,964 1,773 1,673 2,159 2,199 2,109 2,271 

MSEc 0,062 0,070 0,049 0,070 0,017 0,022 0,027 0,026 0,027 0,039 0,032 0,037 

Skewnessd 5,061 3,224 2,639 2,895 1,928 1,754 2,298 2,748 1,215 1,364 1,439 0,937 

Kurtosis 54,941 22,015 9,477 11,496 8,007 8,088 7,726 11,727 1,880 1,979 4,005 1,155 

Chi-Sqe .605 .121 .121 .002 .245 .001 

k-s. f .491 .146 .193 .001 .337 .001 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Angular velocity (º/s): values are mean ± SD 

c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 

 

Table 26 – Statistical analysis of the entropy of the 1st exercise’s gyroscope data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Good 

n=599 

Bad 

n=399 

Gyro.b 
(º/s) 

0,351 
±0,147 

0,305 
±0,173 

-0,076 
±0,244 

-0,064 
±0,245 

0,114 
±0,114 

0,116 
±0,124 

-0,069 
±0,191 

-0,139 
±0,195 

0,073 
±0,175 

0,062 
±0,176 

0,075 
±0,204 

0,176 
±0,204 

  Median 0,355 0,326 -0,118 -0,091 0,131 0,126 -0,134 -0,182 0,083 0,072 0,100 0,209 

MSEc 0,006 0,009 0,010 0,013 0,005 0,006 0,008 0,010 0,007 0,009 0,009 0,011 

Skewnessd -0,759 -2,386 -0,291 -0,367 -0,013 0,125 0,155 0,043 -0,219 -0,103 -1,076 -1,90 

Kurtosis 2,598 10,843 0,001 0,112 -0,226 -0,107 0,261 1,341 0,047 -0,517 2,432 5,928 

Chi-Sqe .001 .312 .980 .000 .453 .000 

k-s. f .004 .695 .446 .000 .570 .000 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Angular velocity (º/s): values are mean ± SD 

c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 
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Table 27 – Statistical analysis of the mean of the 2nd exercise’s accelerometer data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Accl.b 
(m/s2) -0,095 

±0,032 
-0,088 
±0,047 

-0,595 
±0,191 

-0,524 
±0,204 

0,506 
±0,629 

0,627 
±0,460 

0,198 
±0,496 

0,506 
±0,629 

-5,275 
±1,629 

-4,281 
±1,934 

7,494 
±1,743 

6,520 
±2,151 

  Median -0,097 -0,092 -0,582 -0,525 0,377 0,575 0,166 0,377 -5,663 -4,821 7,652 6,095 

MSEc 0,003 0,006 0,016 0,027 0,085 0,062 0,042 0,085 0,139 0,261 0,148 0,290 

Skewnessd 0,211 1,272 -0,442 -0,030 0,969 0,675 0,235 0,969 0,923 0,678 -0,357 1,084 

Kurtosis 0,532 2,367 -0,164 1,089 1,226 0,253 0,778 1,226 0,658 -0,839 -0,273 1,614 

Chi-Sqe .350 .054 1.000 .003 .151 .025 

k-s. f .470 .145 .910 .019 .017 .001 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Acceleration (m/s2): values are mean ± SD 
c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 

 

Table 28 – Statistical analysis of the median of the 2nd exercise’s accelerometer data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Accl.b 
(m/s2) -0,094 

±0,035 
-0,100 
±0,041 

-0,506 
±0,220 

-0,475 
±0,219 

0,137 
±0,545 

0,171 
±0,450 

0,207 
±0,891 

0,502 
±0,910 

-5,385 
±1,716 

-4,377 
±2.000 

8,470 
±2,427 

6,753 
±2,270 

  Median -0,098 -0,098 -0,478 -0,431 0,143 0,108 0,188 0,346 -5,571 -4,994 8,802 6,929 

MSEc 0,003 0,005 0,019 0,030 0,046 0,061 0,076 0,123 0,146 0,270 0,207 0,306 

Skewnessd -0,213 0,001 -0,556 -1,287 -0,124 0,214 -0,148 0,662 0,697 0,615 -0,546 0,518 

Kurtosis 0,200 -0,596 -0,192 1,634 -0,185 -0,223 0,091 1,414 0,470 -0,868 -0,141 0,020 

Chi-Sqe .544 .111 .203 .000 .203 .151 

k-s. f .217 .112 .557 .446 .030 .000 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Acceleration (m/s2): values are mean ± SD 
c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 
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Table 29 – Statistical analysis of the standard deviation of the 2nd exercise’s accelerometer data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Accl.b 
(m/s2) 0,179 

±0,093 
0,155 
±0,110 

0,418 
±0,169 

0,382 
±0,252 

2,122 
±0,864 

1,826 
±0,731 

2,883 
±0,614 

2,666 
±0,898 

1,026 
±0,642 

0,729 
±0,510 

6,278 
±1,253 

6,067 
±2,528 

  Median 0,155 0,130 0,400 0,352 2,021 1,702 2,912 2,717 0,882 0,577 6,272 5,630 

MSEc 0,008 0,015 0,014 0,034 0,074 0,099 0,052 0,121 0,055 0,069 0,107 0,341 

Skewnessd 1,913 2,836 0,502 2,253 0,461 1,019 -0,654 0,042 0,551 1,411 -0,039 3,639 

Kurtosis 4,296 11,324 0,459 6,940 -0,603 2,663 0,715 -0,583 -0,663 3,361 -0,394 18,065 

Chi-Sqe .268 .009 .203 .037 .304 .151 

k-s. f .007 .041 .038 .067 .020 .018 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Acceleration (m/s2): values are mean ± SD 
c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 

 

Table 30 – Statistical analysis of the root mean error of the 2nd exercise’s accelerometer data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Accl.b 
(m/s2) 0,206 

±0,084 
0,187 
±0,099 

0,716 
±0,224 

0,657 
±0,251 

2,175 
±0,886 

1,910 
±0,780 

2,882 
±0,603 

2,725 
±0,923 

5,390 
±1,615 

4,370 
±1,899 

9,733 
±1,946 

8,884 
±3,092 

  Median 0,180 0,164 0,682 0,612 2,049 1,722 2,918 2,707 5,740 4,966 9,896 8,295 

MSEc 0,007 0,013 0,019 0,034 0,075 0,105 0,051 0,124 0,137 0,256 0,166 0,417 

Skewnessd 2,049 2,994 0,426 0,822 0,519 1,001 -0,727 0,050 -0,961 -0,629 -0,327 2,429 

Kurtosis 5,066 13,105 0,151 0,537 -0,422 2,324 0,889 -0,669 0,709 -0,985 -0,261 8,638 

Chi-Sqe 1.000 .054 .350 .037 .203 .025 

k-s. f .053 .058 .159 .053 .011 .000 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Acceleration (m/s2): values are mean ± SD 
c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 
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Table 31 – Statistical analysis of the kurtosis of the 2nd exercise’s accelerometer data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Accl.b 
(m/s2) 2,686 

±1,078 
3,119 
±1,667 

2,593 
±1,287 

2,363 
±1,014 

1,908 
±0,426 

1,967 
±0,469 

2,759 
±0,981 

2,341 
±0,738 

1,708 
±0,384 

1,771 
±0,589 

2,530 
±0,659 

2,590 
±0,843 

  Median 2,384 2,631 2,049 2,075 1,781 1,933 2,504 2,149 1,555 1,500 2,432 2,418 

MSEc 0,092 0,225 0,110 0,137 0,036 0,063 0,084 0,099 0,033 0,079 0,056 0,114 

Skewnessd 3,486 2,488 1,803 2,200 1,552 1,573 0,929 1,203 2,818 2,816 1,191 2,689 

Kurtosis 15,167 6,522 3,771 6,712 2,800 4,389 0,329 1,224 11,450 9,546 2,541 10,497 

Chi-Sqe .111 .268 .544 .444 .224 .666 

k-s. f .129 .383 .502 .013 .544 .966 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Acceleration (m/s2): values are mean ± SD 
c Mean squared error 

d Skewness 
e Chi-Square (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 

 

Table 32 – Statistical analysis of the entropy of the 2nd exercise’s accelerometer data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Accl.b 
(m/s2) 0,295 

±0,119 
0,323 
±0,138 

-0,046 
±0,248 

-0,046 
±0,290 

0,159 
±0,111 

0,171 
±0,126 

0,269 
±0,095 

0,228 
±0,107 

-0,397 
±0,250 

-0,387 
±0,264 

0,300 
±0,131 

0,278 
±0,141 

  Median 0,293 0,315 0,038 0,070 0,159 0,162 0,278 0,243 -0,405 -0,405 0,298 0,289 

MSEc 0,102 0,019 0,021 0,039 0,009 0,017 0,008 0,014 0,021 0,036 0,011 0,019 

Skewnessd 0,136 0,231 -0,378 -0,616 -0,132 -0,202 -0,275 -1,731 0,068 0,239 0,005 -0,655 

Kurtosis 0,178 -0,344 -0,414 -0,205 -0,105 -0,135 -0,192 5,585 -1,167 -1,063 -0,048 0,611 

Chi-Sqe .666 1.000 .930 .268 .866 .798 

k-s. f .261 .982 .832 .020 .945 .803 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Acceleration (m/s2): values are mean ± SD 
c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 
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Table 33 – Statistical analysis of the mean of the 2nd exercise’s gyroscope data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Gyro.b 
(º/s) 

4,084 
±2,041 

3,221 
±1,297 

6,338 
±1,858 

6,163 
±1,444 

49,396 
±12,10 

47,045 
±12,57 

87,806 
±19,89 

86,033
±25,15 

170,83 
±37,33 

168,29 
±40,52 

200,97 
±26,04 

198,68 
±26,51 

  Median 3,620 2,908 6,086 5,966 49,310 45,910 87,312 81,023 171,21 164,46 198,69 199,18 

MSEc 0,174 0,175 0,158 0,195 1,030 1,695 0,904 1,727 1,697 2,783 1,183 1,820 

Skewnessd 1,965 1,362 4,212 1,104 0,172 0,555 0,147 0,511 0,101 0,389 0,972 0,526 

Kurtosis 4,288 1,845 30,938 2,011 -0,089 -0,342 -0,191 -0,568 -0,984 -0,824 3,889 1,434 

Chi-Sqe .000 .032 .670 .052 .270 .931 

k-s. f .000 .049 .437 .001 .333 .696 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Angular velocity (º/s): values are mean ± SD 

c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 

 

Table 34 – Statistical analysis of the median of the 2nd exercise’s gyroscope data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Gyro.b 
(º/s) 

3,262 
±1,537 

2,820 
±1,122 

5,628 
±1,873 

5,296 
±1,566 

48,121 
±14,17 

46,146 
±12,95 

89,028 
±20,26 

87,055 
±26,68 

168,03 
±55,99 

161,90 
±56,88 

194,76 
±35,86 

192,93 
±37,40 

  Median 2,829 2,519 5,431 5,026 47,678 45,886 90,033 84,069 169,29 152,58 192,50 190,48 

MSEc 0,070 0,077 0,085 0,108 0,644 0,890 0,921 1,833 2,545 3,907 1,630 2,569 

Skewnessd 2,444 1,478 1,468 0,584 0,123 0,092 -0,056 0,372 0,050 0,242 0,819 0,457 

Kurtosis 8,845 2,494 6,386 -0,282 0,186 0,074 0,020 -0,099 -1,073 -1,156 2,798 0,500 

Chi-Sqe .000 .108 .149 .021 .149 .670 

k-s. f .000 .057 .089 .001 .253 .652 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Angular velocity (º/s): values are mean ± SD 

c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 
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Table 35 – Statistical analysis of the standard deviation of the 2nd exercise’s gyroscope data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Gyro.b 
(º/s) 

1,953 
±1,376 

1,621 
±1,015 

3,442 
±1,429 

3,236 
±0,933 

22,226 
±5,994 

21,620 
±5,328 

34,672 
±11,61 

33,352 
±14,12 

94,200 
±19,67 

90,619 
±24,53 

69,422 
±15,45 

71,896 
±16,96 

  Median 1,545 1,369 3,173 3,177 21,389 20,499 32,757 29,963 90,555 83,721 67,642 68,753 

MSEc 0,063 0,070 0,065 0,064 0,272 0,366 0,528 0,969 0,894 1,685 0,702 1,165 

Skewnessd 2,472 1,670 3,780 0,946 0,892 0,843 2,620 3,490 0,405 1,359 0,910 0,432 

Kurtosis 8,816 2,689 27,849 1,909 0,614 0,367 12,567 18,783 -0,623 3,730 2,664 0,715 

Chi-Sqe .077 .931 .447 .013 .003 .349 

k-s. f .018 .037 .385 .003 .002 .147 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Angular velocity (º/s): values are mean ± SD 

c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 

 

Table 36 – Statistical analysis of the root mean error of the 2nd exercise’s gyroscope data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Gyro.b 
(º/s) 

4,227 
±2,251 

3,600 
±1,666 

7,084 
±2,015 

6,726 
±1,469 

51,646 
±11,08 

50,517 
±10,02 

94,460 
±21,71 

92,602 
±26,91 

193,64 
±40,35 

190.00 
±44,45 

212,27 
±27,21 

210,82 
±27,78 

  Median 3,630 3,251 6,884 6,433 50,530 49,866 93,488 87,961 193,56 183,56 209,29 210,60 

MSEc 0,102 0,114 0,092 0,101 0,504 0,688 0,987 1,848 1,834 3,053 1,237 1,908 

Skewnessd 2,448 1,563 3,439 1,217 0,613 0,631 0,434 0,744 0,123 0,497 1,017 0,461 

Kurtosis 8,835 2,374 25,500 2,861 0,544 0,613 0,555 0,090 -1,058 -0,464 4,536 1,302 

Chi-Sqe .000 .021 .547 .032 .108 .547 

k-s. f .001 .027 .294 .001 .123 .816 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Angular velocity (º/s): values are mean ± SD 

c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 
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Table 37 – Statistical analysis of the kurtosis of the 2nd exercise’s gyroscope data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Gyro.b 
(º/s) 

2,980 
±1,254 

2,959 
±1,129 

2,969 
±1,721 

3,351 
±1,834 

2,249 
±0,726 

2,225 
±0,669 

1,950 
±0,455 

1,960 
±0,441 

1,860 
±0,473 

2,021 
±0,580 

2,083 
±0,530 

2,035 
±0,500 

  Median 2,672 2,746 2,369 2,751 2,099 2,080 1,857 1,872 1,714 1,865 2,005 1,931 

MSEc 0,057 0,078 0,078 0,126 0,033 0,046 0,021 0,030 0,021 0,040 0,024 0,034 

Skewnessd 2,819 2,025 2,058 1,391 1,840 1,276 2,099 1,488 1,851 1,826 1,817 0,853 

Kurtosis 13,389 5,302 5,799 1,635 6,508 1,883 7,534 3,891 4,105 4,542 6,609 0,691 

Chi-Sqe .270 .021 .798 .670 .000 .032 

k-s. f .762 .028 .784 .491 .000 .128 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Angular velocity (º/s): values are mean ± SD 

c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 

 

Table 38 – Statistical analysis of the entropy of the 2nd exercise’s gyroscope data. 

 Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6 

Eval.a 
(0-1) 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Good 

n=484 

Bad 

n=212 

Gyro.b 
(º/s) 

0,311 
±0,164 

0,298 
±0,160 

-0,013 
±0,257 

0,026 
±0,254 

0,152 
±0,141 

0,128 
±0,144 

0,239 
±0,094 

0,234 
±0,120 

0,052 
±0,132 

0,063 
±0,149 

0,162 
±0,149 

0,151 
±0,172 

  Median 0,325 0,294 0,063 0,083 0,172 0,139 0,244 0,233 0,072 0,091 0,173 0,167 

MSEc 0,007 0,011 0,012 0,017 0,006 0,010 0,004 0,008 0,006 0,010 0,007 0,012 

Skewnessd -0,686 -0,212 -0,603 -0,817 -0,462 -0,549 -0,107 -0,494 -1,100 -1,107 -0,352 -0,788 

Kurtosis 1,281 -0,126 0,183 0,567 0,153 0,589 0,765 4,168 3,699 2,597 0,010 2,105 

Chi-Sqe .271 .077 .003 .205 .127 .931 

k-s. f .094 .119 .010 .568 .031 .765 

a Qualitative analysis coach (binary system (1-Good: 0-Bad) 

b Angular velocity (º/s): values are mean ± SD 

c Mean squared error 

d Skewness 
e Independence Chi-Square with the Monte Carlo correction (p <0.05) 
f Two-sample Kolmogorov-Sminorv test (p <0.05) 
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VIII. 

 

Model multisensors reference for the next prototype

 

Figure 93 – Experimental design for a future tri-IMU data collection device. 

 

 

 

 

 

 

 

 


