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Abstract

Recently, there has been a growing interest in analyzing external load data in football,
which includes metrics such as distance covered, speed, acceleration, and energy expen-
diture. Properly interpreting this data requires advanced knowledge and skills to extract
useful insights. This creates a dual challenge: elite clubs may adopt the latest technologies
but lack the expertise to fully analyze them, while non-professional and youth levels often
face limitations in data collection. To address these challenges, this doctoral research
presents the development and validation of wearable devices, consisting of a pair of smart
shinguards equipped with a built-in GNSS (Global Navigation Satellite System) module

designed to monitor and assess external load in football.

The objective was to improve the accuracy of the starting version of the Device in the
analysis of key athletic performance parameters such as distance covered, speed, accelera-
tion, and energy expenditure. A set of four validation studies were conducted, comparing
the device output to both gold-standard reference measures and industry-standard GPS
vests. These tests were performed in controlled settings and ecological (soccer-specific)
environments to ensure the device’s performance across diverse dynamic scenarios. Key
performance indicators evaluated included distance tracking, speed profiling, acceleration
detection, and metabolic power estimation, which are critical for understanding player

workload.

Concerning distance covered, noise filtering, speed thresholding, and smoothing tech-
niques were applied to the GNSS data in controlled settings, while track continuity was
maintained through interpolation. In the ecological phase, similar steps were used, with
additional processing for real-world signal disruptions and merging data from both shin-
guards. Data filtering algorithms were implemented to refine the interpretation of accel-
eration signals and energy consumption, enhancing the device’s ability to capture rapid

directional changes and intense periods of play.

For speed profiling, the initial speed calculations used positional differentiation, which
were compared to a reference speed signal from a bike sensor in controlled settings. A

new approach using Doppler shift was then applied, and the data was smoothed using a



5-step moving average to improve precision. In the ecological phase, real-world conditions
were tested, and further filtering and synchronization of the speed signals from both

Devices were conducted to refine the accuracy.

The results showed that the Devices had strong alignment with the reference systems
and GPS vests in terms of distance. The processing method provided accurate distance
measurements in ecological environments, with results showing a MAPE (Mean Absolute
Percentage Error) of 5.7% and RMSE (Root Mean Square Error) of 264 m.

About speed, the proposed method improved the global signal RMSE from 1.54 to 2.24
km/h in a sample-by-sample evaluation. In terms of detecting the number of accelerations
and decelerations, the MAPE was reduced from 28% to 17% for accelerations, and from
51% to 29% for decelerations. Furthermore, the chosen processing methods for estimating

energy expenditure resulted in a reduction in the related RMSE, decreasing from 12926
J/kg to 2622 J/kg.

In conclusion, this research successfully improved the algorithms and validated a device
consisting in a pair of smart shinguards with integrated GNSS for external load monitor-
ing in football, enhancing the precision of key metrics such as distance, speed, accelera-

tions/decelerations count, and energy expenditure across varied operative environments.
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1 | Introduction

1.1. The evolution of football analytics

Football is the most popular sport in the world. With over 270 million players around
the world, the amount of people active in the sport is huge According to FIFPRO, the
International Federation of Professional Footballers, there are around 66,000 professional
players worldwid€. This means that over 99.9% of footballers are non-professional or
youth players. Over the last years the analysis of football data is a topic that has received
growing interest, especially at élite levels.

Football analytics has deeper roots than often assumed. Charles Reep (Figure 1.1), a
former Royal Air Force Wing Commander, is considered one of the rst data analysts
in football, signi cantly impacting the sport's analytical landscape. His journey began

in the austere post-war period of Britain, a time marked by resource e ciency and a
rising public interest in football [1]. Reep's meticulous approach to data collection and
analysis set the stage for the tactical evolution of football. In the early 1950s, Reep
started attending football matches and meticulously recording data. He analyzed various
aspects of the game, such as possession sequences, shot locations, and passing patterns,
all manually, without the modern conveniences of GPS tracking or video analysis. His
primary aim was to identify the most e cient strategies for scoring goals. Through his
observations, Reep concluded that most goals resulted from sequences involving three or
fewer passes, which led him to advocate for a direct, long-ball style of play. This strategy
signi cantly in uenced English football for decades [2].

Despite his successes, Reep's methods did not come without criticism. His focus on long-
ball tactics was often seen as reductive and overly simplistic, potentially stiing more
nuanced styles of play. However, many principles he introduced, such as the importance
of regaining possession close to the opponent's goal, have persisted in modern football
tactics. Reep's in uence extended beyond his lifetime, shaping the analytical tools and

lFederation Internationale de Football Association (FIFA). Fifa big count 2006, 2007.
2FIFPRO Website, https:// fpro.org/en/who-we-are/our-organisation. Accessed: November 23, 2022.
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methodologies used in football today. Modern data analytics in football, involving so-
phisticated technologies and statistical models, owe much to Reep's pioneering e orts.

Figure 1.1: Charles Reep.

Since the 1960s, numerous studies have explored match play activities in football, revealing
that players alternate between high-intensity actions and low-intensity recovery phases,
which signi cantly stress physiological and mechanical systems. Monitoring these activ-
ities is essential for quantifying training load, managing recovery, and planning weekly
training cycles [3].

By the late 1990s, video analysis had become prevalent in football. Most top-tier Eu-
ropean clubs adopted systematic analysis methods and employed performance analysts,
with Derby County being one of the rst to utilize this technology in 1998. Football
teams globally are implementing analytics solutions for a competitive edge. Liverpool FC
exempli es successful data analytics application. Since Jurgen Klopp's arrival in 2015,
Liverpool's data department, staed by physicists from CERN and the University of
Cambridge, has been instrumental. The team developed models to evaluate players' on-
eld actions, signi cantly in uencing team success [4]. This data-driven approach helped
assemble an o ensive trio that led Liverpool to victories in the Champions League and
Premier League.

Elite clubs at the highest level are adopting the latest technologies to gather data but
often lack the expertise for thorough analysis. Conversely, lower levels, such as semi-
professional and amateur clubs, collect very little data due to budget constraints and
limited sta, making video analysis often unfeasible. The adoption of wearable devices
could bridge this gap. Many wearable devices have been developed recently to track
various sports-related metrics. Depending on the sensors used, it is possible to measure
athletic, technical, or biomedical information about an athlete's performance.
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1.2. The rise of wearable electronics

Wearable electronics are now an integral part of modern life, seamlessly blending into
our daily routines. Devices such as smartwatches, tness bands, and smart textiles have
become commonplace, providing real-time data that is both accessible and actionable.
This granular level of monitoring allows users to gain a deeper understanding of their
physical state and performance, enabling them to make informed decisions about their
health and training regimens [5].

Wearable electronics are a category of electronic devices which are implemented into
accessories and clothes and can be used hand-free by users. Also known as "wearables",
this kind of devices are smart embedded solutions able to sense, record and communicate
many di erent information about who is wearing them. They are constituted by an
electronic equipment which includes a micro-controller, one or more sensors to monitor
some variables of interest which could be used singularly or combined together using
sensor fusion algorithms [6], a rechargeable battery and a wireless communication protocol
hardware to send and receive data. All the electronic circuitry is then usually encapsulated
into compact and portable devices made of resistant materials in order to protect the inner
hardware.

In the sport domain, wearable technology has proven to be a game-changer. Athletes
use these devices to monitor and enhance their performance, track recovery, and pre-
vent injuries. For instance, sensors embedded in equipment such as helmets, shoes, and
compression clothing can track detailed biomechanics. In American football, sensors in
helmets monitor impacts to detect potential concussions. Similarly, in baseball, smart
compression shirts help track and analyze pitching mechanics to optimize performance
and reduce the risk of injury [7].

The market of wearable technology has seen exponential growth, fueled by a growing
consumer interest in health and tness. Leading the charge are devices like Fitbit (Google
LLC, San Francisco, USA) and Apple Watch (Apple Inc., Cupertino, USA), which re ect

a broader trend toward incorporating tness tracking into everyday life (Figure 1.2).
Consumers are drawn to these devices for their ability to provide comprehensive insights
into their health and tness levels, motivating them to achieve their personal goals. The
compatibility of wearable technology with smartphones and other devices has further
ampli ed their appeal, allowing users to sync their wearables with apps that track and
analyze their data, making performance monitoring more accessible and engaging.
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Figure 1.2: Block diagram illustrating the process of a tness wearable demonstrating
how wearable technology can be utilized for lifestyle applications such as tracking calories
burned, heart rate, locomotion speed, and more. Users' activities are monitored via sen-
sors embedded in the wearable device. Users can also input additional data manually, such
as food intake. This information is then transmitted to a smartphone and to provider's
cloud service. Once processed, the data becomes meaningful and understandable to the
user. The processed data is fed back to the user either through the paired smartphone or
directly on the wearable device, depending on the display type.

Wearables are very di used in sports to monitor the athlete's performance. Many com-
mercial devices are athletic trackers, which provide information on distance, speed and
acceleration based quantities. This kind of devices are usually equipped with a Global
Navigation Satellite Systems (GNSS) receiver that records the user's position at a certain
sampling frequency and then reconstruct the movements track, from which parameters
are derived. These kind of metrics can be used to assess the external load the athlete is
subjected during the performance. This information can be exploited to tailor training
sessions on athlete's needs, prevent injuries and evaluate improvements over time [8, 9].

Another family of wearables in sports are devices able to record the athlete's movements of
speci ¢ body areas, from which sport speci ¢ metrics and technical performance analysis
can be derived. Those types of technologies gather information using inertial measurement
units (IMUs), embedded sensors that contain accelerometers, gyroscopes and magnetome-
ters in a small package. This kind of measurements can be exploited to derive qualitative
and quantitative information about the locomotor system of the analyzed athlete and
used to evaluate the sport performance. Applications exist both for individual and team
sports [10].
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1.3. GNSS-based movement analysis in eld sports

Location sensors are essential tools for tracking athletes’ movements and position changes
during sports activities. Among these, Global Navigation Satellite Systems (GNSS) are
pivotal, with the Global Positioning System (GPS) being the most widely recognized and
utilized. As of 2024, there are four operational global systems: the United States' GPS,
Russia's Global Navigation Satellite System (GLONASS), China's BeiDou Navigation
Satellite System (BDS), and the European Union's Galileo [11]. For simplicity, this chap-
ter will refer to GPS, but the considerations discussed are applicable to all GNSS systems
throughout the entire Thesis.

The US Department of Defense initially funded the GPS system for military applications,
including navigation and strategic purposes. The system consists of 32 operational satel-
lites orbiting the Earth, each equipped with an atomic clock to provide highly precise
time measurements [12].

When a GPS receiver on the ground wants to determine its position, it connects to mul-
tiple satellites. The receiver synchronizes its internal clock with the atomic clocks of the
satellites. The GPS signal's travel time from each satellite to the receiver is measured,
and this travel time is multiplied by the speed of light to calculate the distance from each
satellite to the receiver. To determine a precise position (altitude, latitude, and longi-
tude), the GPS receiver needs to calculate its distance to at least three satellites. Using
these distances, the receiver can employ trilateration, a mathematical method involving
trigonometry, to determine its exact location in three-dimensional space (Figure 1.3).
However, to accurately calculate the fourth variable time the receiver needs to con-
nect to a fourth satellite. This is because the receiver's clock is not as precise as the
atomic clocks on the satellites. The fourth satellite helps correct any time discrepancies,
ensuring that the calculated position is accurate.

In 1991, the US Department of Defense intentionally introduced an error into the GPS
signals known as Selective Availability. This was done to limit the accuracy of GPS for
non-military users. However, this intentional error was removed in 1999, allowing civilian
users to access the full accuracy of GPS [12].
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Figure 1.3: Example how to determine position by the use of GPS. The distance to at
least three satellites is required [12].

GPS sensors measure locations relative to the Earth's center. Speci cally, the latitude
indicates the vertical angle between a point on the Earth's surface and the equatorial
plane, with the positive direction being northward. Longitude indicates the horizontal
angle between the point and the reference meridian passing through Greenwich, with the
positive direction being eastward. These measurements are provided in degrees of latitude
and longitude within the Earth's coordinate frame. However, in eld sports, like football,

it is important to understand how players move in relation to the eld, so the sensor
measurements need to be converted to match the coordinates of the playing eld using
coordinate transformations. To convert these locations into (x, y) coordinates in the world
frame, the Haversine formula is applied [13]. The Haversine formula is a mathematical
equation used to determine the great circle distance and bearing between two points on
a sphere. The great circle distancd is calculated via the equation (1.1):

p
d=2rarcsin  hav( ; 1) +COSs ;cos ;hav( ; 1) (1.2)

where:

" d is the great-circle distance between the two points (in the same units a%
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" r is the radius of the sphere.
1 and , are the latitudes of the two points (in radians).
1 and , are the longitudes of the two points (in radians).

" hav(x) = sin? 5 is the Haversine function.

1.3.1. Distance and speed

The two most common methods found in literature to compute distance and speed using
GPS sensors are positional di erentiation and Doppler shift. The rst method is based
on the coordinates measured by the GPS sensor. GPS calculates position (latitude and
longitude) using the distance between each satellite and receiver and triangulating the
position. The distance traveled by the receiver is the di erence between the positions
obtained and the speed calculated by dividing by the elapsed time. The measurement
uncertainty of this method is in the range of m/s because it depends on the distance
between the GPS receiver and the GPS satellite, as determined by the time delay of the
GPS signal, that is called pseudo-range [14]. The pseudo-range is an estimate of the true
distance between the receiver and the satellite, and it is a ected by various sources of
error, such as clock drift, atmospheric refraction, and ionospheric and tropospheric delays
[15].

The second method is instead based on the Doppler e ect, which states that the frequency
of a wave will change if the source of the wave and the observer are in relative motion
to each other. The speed is calculated by measuring the change in frequency of the
periodic signal emitted by the satellite, called Doppler shift. The Doppler shift refers to
the frequency change that the receiver must make to its internal signals to keep them
aligned with the incoming signals. If a satellite moves closer to the receiver, the Doppler
shift is positive because the receiver observes a higher frequency than the expected value.
Conversely, if the satellite moves away from the receiver, the Doppler shift is negative.
The sensor directly provides an instantaneous speed measurement from which distance
can be calculated. The measurement uncertainty of this method is on the order of cm/s
[14].

Given its major resolution in terms of speed, the Doppler shift method is the most used
to compute velocity among the majority of the GPS wearable devices used for sport
applications. Positional di erentiation is instead the most used method to determine
distance variations [16].

Smoothing of the raw GPS velocity is a common processing procedure applied by wearable
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devices' manufacturers. Common smoothing Iter suitable for this purpose in the liter-
ature include moving average, median, and exponential lters. Manufacturers software
often includes the aforementioned lIters or algorithms to identify poor quality data, and
automatically interpolate, smooth or extract data. These algorithms are often subject to
intellectual property protection, and their details are proprietary [16].

1.3.2. Acceleration and decelerations

Acceleration signal is numerically derived from the rst derivative of the speed signal.
This means that acceleration is calculated by measuring how quickly speed changes over
time. This process allows for the capture of both positive acceleration (speeding up) and
negative acceleration or deceleration (slowing down).

The ability to change speed and direction through acceleration is essential for successful
athletic performance in football [17]. Quantifying accelerations is also important to prac-
titioners for athlete load management. Firstly, it helps in assessing a signi cant part of
the total overall external load experienced by athletes during training and competition
[18]. The intensity of acceleration e orts can signi cantly impact the load experienced
by an athlete. Speci cally, accelerations (positive changes in velocity) impose a higher
metabolic cost on the body compared to decelerations, as they require more energy to
achieve the change in velocity [19]. Conversely, deceleration events place mechanically
demanding, eccentric loads on the body, particularly during high-intensity braking [20].
The body's soft-tissue structures work to mitigate the force of each deceleration e ort. In
team sports, a higher frequency of intense accelerations is linked to neuromuscular fatigue
and muscle damage, as indicated by increased creatine kinase levels post-competition [21].
Therefore, it is crucial to accurately quantify and monitor both acceleration and deceler-
ation during training and competition to ensure athletes are adequately conditioned for
these demands.

In scienti c literature accelerations and decelerations are quanti ed through several meth-
ods [22]. These include threshold-based counts, measuring the time or distance spent
above speci ¢ thresholds (e.g., greater than 3 mfsfor "high-intensity accelerations"),

or, more recently, by averaging all absolute acceleration data over a de ned time period
despite of intensity [23]. Regardless of the metric chosen to quantify acceleration, the
measurement of acceleration is subject to the device quality and Itering settings of the
tracking system. Regarding GPS technology, 10-Hz devices are currently considered the
most valid and reliable for measuring acceleration [24].

The method used to derive acceleration from GPS data can signi cantly impact the
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accuracy and reliability of the measurements. Several steps techniques are employed to
obtain the desired acceleration signal [25]:

1. Filtering velocity trace: developers and researchers may use various lters to smooth
the velocity data before deriving acceleration. Common lters include low-pass
Iters, which allow low-frequency signals to pass while minimizing high-frequency
noise. This process helps in maintaining data quality by reducing the noise content
of the signal.

2. Filtering acceleration signal: after calculating acceleration from the Itered velocity
data, additional Itering may be applied to the acceleration signal itself. This
can involve using prede ned lters such as Butterworth, moving average, moving
median, median, or exponential lters. These lIters help in further smoothing the
acceleration signal, ensuring that rapid changes in velocity are accurately captured
and that noise is minimized [16, 23, 26].

As noted in the systematic review by Delves et al. [25], the processing or calculation
method of an acceleration event can signi cantly in uence the measurement of athlete
acceleration. Although device hardware may be similar across di erent manufacturers,
variations in Itering methods and minimum e ort durations for calculating acceleration

and deceleration can lead to discrepancies between devices. These technology-driven dif-
ferences underscore the necessity of standardizing ltering processes to ensure consistency
and comparability of acceleration metrics across various devices and studies.

1.3.3. Metabolic power

Football involve continuous running, accelerating, and decelerating, typically interspersed
by short periods of rest. Football, in particular, engages both aerobic and anaerobic
activities, placing signi cant physiological demands on players during games and training.
Extensive research has been conducted over the years to better comprehend and measure
these demands, with the goal of enhancing performance and training methods [27].

Metabolic power measures the total amount of energy needed per unit time to regenerate
ATP used in work performance. It provides a metric for understanding the energy costs
or e ort of athletes in high-intensity team sports activities and drills. Thus the data
gathered can be used to evaluate the total energy expenditure and the proportion coming
from aerobic and anaerobic sources, as well as the length and metabolic power of episodes
with varying intensities. This approach provides a deeper understanding of the metabolic
load than relying solely on speed and/or acceleration metrics [27].
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Over the last two decades, scienti c literature has increasingly highlighted the need to
analyze metabolic power in sports performance. Traditional methods of assessing phys-
lological demands, such as heart rate (HR) recordings and direct oxygen uptaké@,)
measurements, fall short in capturing the full spectrum of high-intensity e orts. HR
monitoring, for instance, does not provide detailed information on high-intensity bouts,
and direct measurement of oxygen uptake is impractical for real-time monitoring during
training sessions or competitions. These conventional methods fail to accurately re ect
instantaneous metabolic load, especially during activities involving rapid accelerations
and decelerations.

Moreover, analyzing average running speed over a given period does not account for the
varying energy costs associated with acceleration and deceleration. While video analysis
and computer-assisted imaging have made signi cant strides in the physical assessment
of players, they still do not fully capture the metabolic impact of these rapid changes in
movement. High metabolic loads are not con ned to high-speed phases; they also occur
during periods of high acceleration, even at low speeds. This underscored the importance
of a new approach to evaluate metabolic power, that considers both speed and acceleration
to provide a comprehensive picture of an athlete's energy expenditure and physiological
demands [17].

The energetic approach proposed by Di Prampero et al. [28] allows for the estimation of
metabolic power (MP) by considering both speed and acceleration. This method, now
widely used in football analysis, helps scientists monitor training and o cial games more
e ectively. By incorporating this approach into portable GPS devices, it is possible to
estimate the time course of metabolic power and actual oxygen uptake with reasonable
accuracy.

Calculation of metabolic power

Metabolic power in sports refers to estimating athletes' energy expenditure based on their
movement patterns, particularly acceleration and deceleration. This is vital in sports like
football, where players frequently change speed and direction. Di Prampero and Osgnach's
methodology [27] provided a comprehensive framework for understanding these energetic
demands. They updated their earlier model [28], which had previously grouped walking
and running together, treating them as energetically equivalent to running. The revised
model acknowledges that the energy cost of walking is less than running and increases
with speed. This new approach more accurately estimates energy expenditure during
walking and accounts for air resistance. The incorporation of this model into portable
GPS devices enables the estimation of metabolic power and act@l uptake over time.
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This information can be used to evaluate total energy expenditure, the contributions from
aerobic and anaerobic sources, and the duration and intensity of high- and low-intensity
episodes.

Fundamental concepts Metabolic power &) is calculated by combining the energy
cost of transport (EC), per unit body mass and distance, with the speed’). The basic
formula (1.2) is:

E=EC v (1.2)
Where:

"~ EC isexpressedil kg ! mlorm O, kg! m L
" visspeedinms orm min 1.

For constant-speed running on at terrain, where the energy to overcome air resistance
is nil (e.g. on a treadmill), the net energy costEC,tr) is independent of speed and
averages abouttJ kg ' m ! [29]. However, this value must be adjusted for running on
terrain with air resistance, which increases the energy cost proportionally to the square
of the air velocity (1.3).

ECr = EC,1r + kO V2 (1.3)

Where the values of the constank®(J ¢ m 2 kg ?!) reported in the literature range
from 0:010[29]to 0:019[30].

Adjustments for acceleration and deceleration During accelerated or decelerated
running, direct measurements of energy expenditure are complicated by the signi cant use
of anaerobic sources and the short duration of such events. To address this, Di Prampero
et al. [28] proposed an approach based on the biomechanical equivalence of accelerated
running on at terrain to constant-speed running uphill, and decelerated running to run-
ning downhill.

During accelerated running, the runner's body leans forward so that their mean body axis
forms an angle () with the terrain that decreases as forward acceleratiorg()increases.

If the terrain is tilted upwards to bring the runner's body vertical, accelerated running
becomes equivalent to running at constant speed up an equivalent slope (ES), as given

by (1.4):

ESnp = %f (1.4)
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To account for air resistance, an additional equivalent slop&Syp) is calculated (1.5):

k v2
g

ESp = (1.5)

Where k is a constant depending on the runner's frontal area, air density, and drag
coe cient. The overall equivalent slope ES) is then (1.6):

af k v?
ES=ES\p + ESp = —+
ND D g g

(1.6)

Energy cost of running The energy cost of running at constant speed over various
inclines is described by a polynomial equation (1.7) [31]:

EC, =155:4 i® 304 i* 433 i®+46:3 i2+19:5 i+3:6 (1.7)

Wherei is the incline of the terrain. For accelerated/decelerated running, the energy cost
is calculated using the equivalent slope (ES) in place of the actual incline.

Equivalent body mass During acceleration, the runner's body mass appears increased
due to the additional force required. This equivalent body mass (EM) is given by (1.8):

+1 (1.8)

The overall energy cost [EC,y, ) for accelerated/decelerated running is (1.9):

ECuww = (1554 ES® 304 ES* 433 ES®+46:3 ES?+19:5 ES+4:0) EM

(1.9)
Finally, the instantaneous metabolic power) is (1.10):

E = ECipta V (1.10)

This approach allows for the accurate estimation of metabolic power by incorporating the
e ects of acceleration, deceleration, and air resistance, thus providing a detailed picture
of the energetic demands placed on athletes during high-intensity sports activities.
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1.4. Football-speci c commercial devices

Many commercial devices are now available for football athletic and technical perfor-
mance analysis. These products can be compared considering many di erent parameters
such as weight, ergonomics, price, battery duration, provided metrics, sensors' sampling
frequency, possibility to use in o cial matches.

1.4.1. GNSS vests

Among the most popular and used GPS trackers are the Gpexe Power Tracker (Exelio
Srl, Udine, Italy), shown in (Figure 1.4), Catapult One Smart Soccer Tracker (Cata-
pult Group International Ltd, Melbourne, Australia) and the STATSports APEX Athlete
Soccer Tracker (STATSports Group Limited, Newry, Northern Ireland), shown in (Fig-
ure 1.5). All these solutions come with a vest which has a housing placed between the
shoulder blades to insert the device. These three devices are FIFA-authorized, hence can
be used in o cial football matches. For this reason they are adopted by many professional
football players and teams.

Gpexe Gpexe devices are developed by Exelio, a company based in Udine, Italy. Exelio
began its journey in 2012 in collaboration with Udinese Calcio. Initially, the athletic sta

at Udinese Calcio faced considerable delays in downloading, exporting, and re-importing
raw data from external GPS providers into their custom web application, TeamPlus,
developed by Exelio speci cally for the club.

Driven by the ambition to streamline this cumbersome process, Exelio decided to develop
its proprietary hardware and software system for monitoring athletes' physical perfor-
mance. The Exelio team, comprising electronic engineers, mathematicians, programmers,
designers, and physiologists, embarked on this innovative journey. Notably, Professor
Pietro Enrico Di Prampero and Cristian Osgnach, pioneers of the metabolic power ap-
proach, collaborated with Exelio to develop a new performance analysis model based on
metabolic power. Exelio introduced their rst functional device, the gpexe pro, in January
2013. Udinese Calcio was the rst to use this system, followed shortly by Granada and
Watford. Exelio has continually invested in enhancing the system, introducing features
such as real-time tracking, and developing new devices. In 2016, they launched the gpexe
It, a more compact version of the gpexe pro. The following year saw the introduction
of the gk device, designed speci cally for goalkeepers, incorporating inertial sensors and
dedicated metrics. By 2018, Exelio released the gpexe fird_astly, in the latest years,
Exelio released the gpexe i, a system speci cally developed indoor élite sports players
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tracking.

(a) Gpexe pro? device (b) Gpexe i device

(c) Gpexe It device (d) Gpexe gk device

Figure 1.4: All the commercially availablegpexedevices.

During the studies conducted for this PhD Thesis, the gpexe It system was utilized to
validate newly re ned and developed athletic metrics introduced as part of this research
initiative. The gpexe It is equipped with an 18 Hz GPS speed and position tracking
system. Traditional parameters such as speed zones, accelerations, and heart rate (HR)
are available. Additionally, the device leverages an energy approach, calculating metabolic
power from the estimated running energy cost and measured speed. The gpexe It system's
ease of use is further enhanced by the cloud-based gpexe web app, which provides detailed
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