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Abstract 

The aims of this thesis were to: 1) to assess whether different frequencies of GPS systems 

can influence the measure of distance while accounting for different speeds; 2) to 

determine the differences in energy cost of straight (Cr)- and shuttle-running (Csh) in 

soccer players vs. marathoner runners by applying di Prampero’s approach; 3) to assess 

energy cost of straight-running (Cr) in elite professional soccer players in their ecological 

setting and determine whether changes in Cr can be established; 4) to investigate the 

average metabolic power (MP) on a soccer-specific test through direct (K4b2, PV̇O2) and 

indirect (GPS, PGPS) measurement of O2 consumption by di Prampero’s approach and 

modifying Minetti’s equation of C; 5) to investigate how different systems of play effect 

soccer outcomes with special attention to high-intensity; 6) to evaluate the existence of 

significant correlations between physical and physiological performance data on elite 

soccer database of matches and training sessions.  

When reviewing the literature, it became apparent that smaller and smaller margins 

determine the outcome of a game. As a result, highly scientific processes are being 

developed to help players, managers and sport scientists gain an understanding and 

advantage in soccer. Through time-motion analysis it has been observed that players 

perform a multitude of physical activities, that consist of sprinting, turning, stopping and 

jumping, and the amount of time spent during these actions. Since the introduction of 

GPS, there has been a rapid uptake of GPS technology within soccer and numerous 

studies have examined the validity and accuracy of GPS systems to establish the accuracy 

of measuring physical data. Although faster GPS systems have been validated for team 

sports, some doubts continue to exist on the validity and accuracy of these. 

To address this problem, a pilot study was performed to assess the validity of GPS 

technology using a laser speed gun by tracking the movement of the ten participants. The 

GPS system with an increased sample frequency (rate) provided valid means of assessing 



iii 

 

running speed during rapid acceleration and deceleration that occur during linear runs 

and runs with tight changes of direction using a 100-Hz laser system.  

To gain a better understanding about the sport specific demands of soccer, it is important 

that we establish the determination of energy cost (C) using a valid method. A second 

pilot study was performed to address this issue and compare C of straight- and shuttle-

running in 10 professional soccer players vs. 7 marathoner runners. It was found that 

straight-running energy cost (Cr) is significantly greater in soccer players, while shuttle 

running was significantly lower. Therefore, the specificity of the sport plays a major role 

on the energy cost required for the specific movements required to excel in the given 

sport. 

Once the C was established, it appeared that the need to monitor and possibly condition 

the Cr in soccer players was advisable. Therefore, an up-to-date assessment of Cr in elite 

professional soccer players in their ecological setting was provided to see whether 

changes in Cr are different compared to values established previously in literature. A total 

of seventeen professional players were involved in this study and performed a straight-

running energy cost assessment on a UEFA standard grass soccer pitch. From the 

acquired data, Cr was calculated and compared to previous research. It was found that 

the Cr of straight-running on a UEFA standard grass soccer pitch is 4.66 J∙kg-1∙m-1 in elite 

professional soccer players which is different to previous observations. This study 

provided an up-to-date measure of on-pitch Cr and was employed in the subsequent 

studies.  

To truly gain an understanding of the amount of effort during soccer performance it is 

important to understand and incorporate the concept of di Prampero and Osgnach in 

relation to energy cost and metabolic power. As a result, a new energetic model for soccer, 

considering acceleration and deceleration, based on the previous theories of di Prampero 

et al. (2005) and Minetti et al. (2002). This study looked to establish the average MP of 
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a specific soccer test through direct and indirect measurements of oxygen consumption 

using di Prampero’s approach while modifying Minetti’s equation of energy cost by 

testing 13 professional soccer players. The new energy cost equation calculation was 

derived from findings in the previous study and it was established that metabolic power 

was slightly underestimated as a result. 

Once Cr and MP were established, our next study assessed whether specific variables and 

different formations in soccer can predict performance outcome. What are the differences 

between the 1st and 2nd half and between formations and what specific variables influence 

the outcome of results when assessing a team over the course of 19 home games? A 

decrease in both physical performance (i.e., TDC) and metabolic power (MP) variables 

are present with almost all formations in the second half. When winning significantly 

longer distances and distances by speeds more than 16 km·h-1 were covered when 

compared to losing. Most of the successful teams showed better technical skills variables 

values than the less successful ones. 

The selection of the appropriate tactic plays an essential role during every pre-game 

preparation phase, to ultimately win the game, but little research has been conducted. 

Therefore, the final study investigated the correlation between the essential parameters 

analysed during training sessions and during official matches of elite soccer, as well as 

investigating the ‘functional model’ proposed in training. There were positive 

correlations between the performance data analysed during the games played in training 

and locomotor data obtained through video match analysis. 
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1.1: Background 

Results in the modern era of sports are often determined by the smallest of margins. The 

difference between success and failure can be quantified in the smallest of increments 

(Drust et al., 2005). Decisions made by an individual or a team can result in winning a 

medal, scoring or conceding a goal and ultimately lead to defeat or victory respectively 

(Casanova et al., 2013). In soccer, the 2011/2012 Barclays Premier League campaign 

saw Manchester City and Manchester United go into the final game of the season level 

on points, though Manchester City had the superior goal difference by eight. Manchester 

City were 2-1 down at home against the 10 men of Queens Park Rangers Soccer Club, 

when five minutes of added time were added. Manchester City Soccer Club take a 3-2 

victory over Queens Park Rangers Soccer Club with two goals scored in added time to 

win the league title on goal difference over their arch rivals Manchester United. Due to 

the ever-increasing importance of narrow margins and athletic development play in 

successful sporting achievement, highly scientific processes are being developed to aid 

players, managers and sport scientists analyse performance in sport (Bourdon et al., 2017; 

Drust et al., 2007). 

 

Sport performance is highly dependent on a myriad of factors with sports scientists 

continuously striving to assist athletes and coaches to achieve their ultimate sporting 

performance, through applying knowledge and techniques from areas ranging from 

physiology, coaching science, biomechanics and psychology (Girard et al., 2009; Stølen 

et al., 2005). Success in soccer is directly associated with skill proficiency in addition to 

physiological, tactical and cognitive capabilities (Casanova et al., 2013). Through time-

motion analysis, it has been found that soccer players are requested to perform a 

multitude of physical activities, consisting of sprinting, turning, stopping and jumping 

(Di Salvo et al., 2007; Iaia et al., 2009; Nakamura et al., 2017). Soccer is a high-intensity 
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intermittent sport, which imposes high physical demands on players (Bangsbo, 2006; 

Reilly, 1997). Research has reported soccer players cover approximately a total distance 

(TDC) of 10 km during a match (Di Salvo et al., 2007; Mohr et al., 2003). Approximately 

30 to 60% of the time is spent at a low-intensity, such as walking, jogging, or 

low/moderate speed running. High intensity actions such as high-speed runs (> 19.1 

km∙h-1) and sprints (> 23 km∙h-1), make up 6% and 4% of TDC, respectively (Di Salvo 

et al., 2007; Gregson et al., 2010). Further, soccer matches have shown to elicit over 70% 

of maximum oxygen consumption (V̇O2max), emphasising the need of a high aerobic 

capacity (Bangsbo et al., 2006; Reilly, 1997). Although soccer is characterised by 

activities mostly relying on the aerobic energy pathways, high values of blood lactate 

[La-]b (2-14 mmol∙L-1) observed during matches highlight the need of intermittent 

contributions from anaerobic energy sources (Bangsbo, 2006; Krustrup et al., 2006; 

Santos-Silva et al., 2017). Therefore, it has been found that soccer places high 

physiological demands on the soccer player and a well-developed aerobic and anaerobic 

capacity is required in order to excel and cope with the demands of the sport throughout 

an entire season (Evaggelos et al., 2012; Kalapotharakos et al., 2011; Thorpe et al., 2015).  

 

To manage the high physical demands of training and match play as well as scheduling 

recovery, monitoring training load plays a crucial role inducing sport specific adaptation 

and helping with injury prevention strategies (Impellizzeri et al., 2004; Rogalski et al., 

2013; Thornton et al., 2016). A large variety of physiological variables, such as heart rate 

(HR), oxygen consumption (V̇O2), blood lactate [La-]b concentration, sessional rates of 

perceived exertion (RPE), have been used to assess the physiological demands observed 

during matches and training to help determine exercise intensity (Alexandre et al., 2012; 

Achten & Jeukendrup, 2003; Castellano et al., 2015; Coutts et al., 2009; Gaudino et al., 

2015; Impellizzeri et al., 2005). It is important that the physiological markers related to 
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players characteristics which are being analysed are accurate and useful. Although these 

variables have shown to be useful, they present a significant number of limitations as 

soccer performance is affected by other factors such as environmental, technical and 

tactical aspects (Casamichana et al., 2013; Manzi et al., 2014). Recently, critical match 

analysis methods widely used in soccer have included the application of the video-based 

time-motion analysis. and the use of semi-automatic cameras, the Global Positioning 

Systems (GPS). Through these systems, sport scientists and coaches have been able to 

continuously collect data related to match play and training player performance to better 

understand the nature and interaction between these factors (Bastida Castillo et al., 2018). 

 

Global Positioning Systems (GPS) allow users to accurately determine positions on the 

surface of the earth from a network of satellites orbiting around the planet. Initially 

designed and developed for military use only, GPS is now used in a multitude fields, and 

a major game changer in sport (Bastida Castillo et al., 2018; Steede-Terry, 2000). In the 

last few years, there has been a rapid uptake of GPS technology within soccer to track 

speed of movement and distance covered during training sessions and match play 

(Aughey, 2011; Bastida Castillo et al., 2018). Several studies have examined the validity 

and reliability of GPS systems to establish the accuracy of measuring physical data. It 

must be noted that these measurements have been determined predominately during 

steady-state movements, using devices with a low rate of GPS sampling frequency, i.e. 

one measure every second. Although high frequency GPS systems (5-Hz and 10-Hz) 

have been validated for team sports, some doubts continue to exist on the validity and 

reliability of GPS in measuring short high-velocity linear running (> 20-30 km·h-1) and 

side to side movements, which are typical actions in soccer (Bastida Castillo et al., 2018; 

Coutts et al., 2010; Padulo et al., 2019). Since the ability to quickly accelerate, decelerate 

and change direction at several ranges of speed and distance is critical to performance in 
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soccer (Reilly, 2004). The use of GPS/video analysis system with higher sampling 

frequencies would be advantageous to aid with the analysis of high intensity sprinting 

activities during matches (Felipe et al., 2019; Linke et al., 2018; Pons et al., 2019). 

 

Physical capacity assessed via the Yo-Yo intermittent recovery test (Krustrup et al., 2003; 

2005) and playing positions (Bradley et al., 2010; Di Salvo et al., 2009, Chmura et al., 

2018), have been to be closely related to the TDC through high-intensity running in 

soccer matches (Bradley et al., 2009). Through the application of GPS practitioners can 

generate further information regarding these physical differences and play a major role 

in devising specific training programmes for each playing position (Di Salvo et al., 2009; 

2013; Svensson & Drust, 2005). However, it is important to not only focus on high 

intensity runs but also the ability to quickly accelerate, decelerate and change direction 

at several ranges of speed and distance; factors that are critical to performance (Reilly, 

2004; Tang et al., 2018). Further, in order to gain a better understanding surrounding the 

load and fatigue during soccer performance incorporating the concept of Osgnach et al. 

(2010) and di Prampero (2005) regarding energy cost and metabolic power is vital. 

Assessment of instantaneous metabolic power based on actual metabolic power also 

taking into account accelerations and decelerations during the various phases of the 

match and will provide in-depth information surrounding the concept of “high intensity” 

in intermittent soccer activity (Osgnach et al., 2010). 

 

Defining the physical demand of soccer games is crucial to schedule appropriate training 

and recovery periods and thus maximise performance (Bowen et al., 2016; Impellizzeri 

et al., 2004). Only measuring energetic demand through external load assessment fails to 

estimate the actual energetic demand according to each player, not taking into account 

the stress opposed on each individual player. Using only external metrics such as TDC 
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and velocity of a specific movement, fails to characterise the authentic physiological 

response of the actual task executed (Osgnach et al., 2010). Because of this, Osgnach et 

al. (2010), proposed a new energetic model for soccer, considering acceleration and 

deceleration, based on the theory of di Prampero et al. (2005) and Minetti et al. (2002). 

In brief, this new model has been established upon the theory of the “equivalent slope” 

(ES), by establishing that accelerated running on a flat terrain, is mechanically equivalent 

to running on the uphill at a constant speed, where the rate of acceleration determines the 

angle of the slope.  

 

Minetti et al., (2002), was able to determine the energy cost of running uphill over a 

range of gradients (%). This knowledge can then be used to estimate the energy cost of 

accelerations and decelerations with the relationship between the energy cost of constant-

speed running and terrain’s slope (di Prampero et al., 2005; Minetti et al., 2002; Osgnach 

et al., 2010). Osgnach’s et al., (2010) approach provides a comprehensive means 

estimating total and instantaneous metabolic demands with the combination of running 

speed and acceleration/deceleration level. The energy cost (C) of soccer match play 

estimated from this approach was found to be 2-3 times higher than C calculated when 

using the previous methods, which only considered speed and TDC (Osgnach et al., 

2010). Consequently, this method allows coaches to have an accurate estimate of the 

metabolic demand during soccer-related activities. Furthermore, it could be useful to help 

determine the actual internal/external load during training (Delaney et al., 2018; Osgnach 

et al., 2010; Oxendale et al., 2017). Limited data is available regarding the actual C and 

Cr changes in elite soccer players, although there are preliminary indications that elite 

youth soccer players Cr displays changes over the course of a season (Buglione & di 

Prampero, 2012). It appears advisable to monitor and possibly condition the Cr in soccer 

players however such a proposition would need to be predicated up the need to more 
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fully understand the C in elite professional soccer players in their soccer specific settings 

of match play and training. 

 

In determining Cr is important to understand several factors influence the accuracy of the 

Cr estimation. The original concept involved in Cr estimation was based on running on 

compact terrain, i.e. treadmill (di Prampero et al., 2005; Minetti et al., 2002). However, 

it has been established that movement across a grass surface elevates Cr by ~30% when 

compared to running on dense terrain (Pinnington & Dawson, 2001). Taking into 

consideration that ‘The Fédération Internationale de Football Association” (FIFA) has 

stipulated that competitive games be played on FIFA standardised artificial turf soccer 

pitches (https://football-technology.fifa.com/media/1230/artificial_turf_recycling.pdf, 

accessed 22 July 2019), it is important to gain further understanding how artificial pitches 

affect the determination of Cr.  Only a few studies have considered Cr differences 

between natural (grass) and synthetic surfaces and found there to be minimal differences 

(Hughes et al., 2013; Sassi et al., 2011). Numerous factors have been found to potentially 

influence Cr of running. Fitness level is a factor that has been found to possibly influence 

Cr as running economy can be improved through training (Beneke & Hütler, 2005; Iaia 

et al., 2009). Research on youth professional soccer players showed that Cr of running 

increased by 14% from pre-season to in-season (Buglione & di Prampero, 2012). Taking 

into account such limitations, Osgnach et al. (2010) based their C equation on the work 

conducted by Minetti et al. (2002), while adding a correction for surface characteristics 

based upon the work of Pinnington and Dawson (2001), which consists of a 

multiplication term of 1.29 (KT = 1.29) which is considered the difference between 

running on a treadmill and a grass surface. However, the incorporation of this 

multiplication term into Osgnach’s model presents a critical issue that may impact the 

accurate determination of the energy cost of soccer-specific activities. Pinnington and 

https://football-technology.fifa.com/media/1230/artificial_turf_recycling.pdf
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Dawson (2001) correction model was based upon a recreational runner population who 

may not present a suitable kinematic model of elite soccer players, due to differences in 

muscle fibre types, fibre recruitment patterns and concomitant metabolic adaptations in 

energy systems pathways (Lorenz et al., 2013). Therefore, the coefficient of 

multiplication (KT) may not provide an accurate representation of the metabolic constant 

in elite soccer players. Consequently, the Cr equation proposed by Osgnach et al. (2010), 

may fail to reflect the energy cost imposed by movement on a grass surface in elite soccer 

players. Consequently, estimation of the metabolic power in elite soccer players using 

the Osgnach’ equation could be impaired. 

 

During soccer match play, training simulation and small sided games, rapid acceleration, 

deceleration and multi-directional movements are significant features of performance 

(Terje et al., 2016). The equation presented by Minetti et al. (2002) upon which 

Osgnach’s et al. (2010) model is founded does not reflect the ‘real Cr’ of accelerations 

and decelerations, since the algorithm only considers movement in the variations of speed 

between +4.5 m·s-2 and -4.5 m·s-2. The equation does not provide an accurate estimation 

of energy cost in the case where running speed exceed this range; particularly during 

decelerations movements with high eccentric components. Because of this, Osgnach et 

al. (2010) suggested that greater rates of deceleration needed to be considered (-4 m·s-2 

to -6 m·s-2). In this context of the energetics of accelerated and decelerated running using 

instantaneous metabolic power in soccer several contrary opinions as to the application, 

efficacy and usefulness of the metabolic power paradigm have been advanced (Buchheit 

et al., 2015a). More recently, di Prampero et al. (2018) has advanced new modifications 

of his energy cost model with substitution of the energy cost of running at constant speed 

(Cr) with the C of race walking (Cw). However, this may still create an underestimation 

of metabolic power in non-walking phases, therefore the use ‘old’ equation of Minetti et 
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al. (2002) further modified to reflect these issues may provide more realistic estimations 

of metabolic power. The metabolic power paradigm which is increasingly applied in elite 

soccer training and preparation still utilises the original algorithm embedded in the 

current software models. Despite this, the utility of the metabolic power approach has 

gained traction with applied practitioners in the applied settings (Coutts et al., 2015; 

Kempton et al., 2015; Polglaze et al., 2018).  Recently, Martín García et al. (2018) have 

begun to quantify the microcycle structure and load of the weekly elite soccer training 

along with match play data, to systematically manage the training and facilitate 

compensatory training for players without game time (Gaudino et al., 2014; Hoppe et al., 

2017). Further to these others have implemented such a model into the applied practice 

with elite clubs throughout Europe. 

 

Increasingly the analysis of physical data through these models is being viewed in the 

context of its use as a metric related to the technical-tactical context of match play. The 

tactical dimension of match-play is likely to hierarchically imposes these the physical 

response these metrics monitor. As such a clearer understanding of the technical and 

tactical implications must be considered more fully which may offer information about 

the efficiency of a playing position in the field or an ideal system of tactical system of 

play when facing specific opponents or when adopting chosen game-philosophy.  
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1.2: Statement of the problem 

Considering the issues outlined in the previous section. In the first instance this thesis is 

concerned with establishing whether GPS enables the assessment of metabolic power in 

soccer by determining the energy cost of straight (Cr)- and shuttle-running (Csh) in elite 

soccer players and see whether changes can be observed in these parameters under 

different play specific scenarios pitch conditions and movement patterns. Secondly, it is 

concerned with examining the efficacy of a new metabolic modified metabolic power 

algorithm incorporating the point raised in point 1 relative to the existent model. Finally, 

it aims is to determine external training load analysis and physical match performance 

under different technical and tactical regime in elite soccer. 
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1.2.1: Aims 

Aim of thesis. 

The aim of this thesis is to develop, validate and apply a new model of metabolic power 

determination in an elite soccer model. 

 

Summary of the aims of this thesis are: 

1. The first aim is to assess and validate different frequencies of GPS systems when 

measuring elite soccer performance metrics and determining the energy cost of 

straight (Cr)- and shuttle-running (Csh) in soccer specific adapted vs. non-adapted 

high fitness individuals applying di Prampero’s et al. (2005) approach (pilot 

works). 

 

The second aim is to then determine the energy cost of straight-running (Cr) in 

elite professional soccer players following a soccer specific movement scenario. 

(Chapter 3). 

 

2. To perform a calibration investigation on metabolic power (MP) on a soccer-

specific test through direct (K4b2, PV̇O2) and indirect (GPS, PGPS) measurement 

of oxygen consumption by di Prampero’s approach (2005) and using a newly 

modified model of Minetti’s equation of C. (Chapter 4). 

 

3. To investigate the tactical system of play effects on the outcome of a soccer match 

with special attention to high intensity. (Chapter 5). 

 

4. To evaluate associations between physical and physiological performance data 

on elite soccer database of matches and training sessions. (Chapter 6). 
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1.2.2: Objectives 

Realisation of the aims will be achieved through several objectives listed below:  

 

1. Aim 1: Objective: To use new technologies applied on soccer for understanding 

the accuracy of GPS systems useful for training and match load investigation, by 

validating a high-frequency GPS in a soccer-specific circuit analysing the total 

distance covered and its accuracy in different types of sprint activities with 

acceleration and deceleration phases, achieved through pilot study 1. 

 

Aim 2: Objective: To determine the effects of elite population specific adaptation 

in energy cost of movement via comparison of constant speed linear-running and 

shuttle running in elite marathon runners and elite soccer players to highlight 

sport specific adaptations. This will be achieved through pilot study 2. 

 

Aim 3: Objective: Following the validation of GPS and a sport-specific circuit 

the new specific energy cost (Cr) of movement in elite soccer players will be 

determined on a UEFA grass pitch by applying the value expressed in J·kg-1·m-1 

as a new constant term in Minetti’s et al. (2002) equation. This will be achieved 

through study 1 using the relevant findings from pilot studies 1 and 2. (Chapter 

3). 

 

2. Aim 4: Objective: Validation of the new energy cost equation (Aim 3) during 

soccer-specific movement protocols through comparison of directly measured 

energy expenditure (PV̇O2) to values determined indirectly through GPS (PGPS, 

metabolic power from GPS). This will be achieved through study 2. (Chapter 4). 
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3. Aim 5: Apply the new metabolic power algorithm (Aim 4) to elite soccer data for 

studying physical data (e.g. variations of speed, metabolic power etc.) in a 

technical-tactical context (system of play). Further, a longitudinal view of a team 

was established, through comparing performance and results over the course of a 

season of home matches. This will be achieved through study 3 (Chapter 5). 

 

4. Aim 6: Objective: Examine associations between physiological performance data 

through 5 months of training sessions and matches of an elite professional soccer 

club. This will be achieved through study 4 (Chapter 6). 
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Chapter 2: Literature review 
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2.1: Structure of the review 

The purpose of the literature review is to outline the scope and influence of match analysis 

methods in soccer. It is not the intention to be a comprehensive review of 

match/performance analysis approaches in soccer but rather a review to familiarise the 

reader with the basic framework of match-analysis, with reference to GPS. It is also the 

aim to provide a firm context regarding the assessment of metabolic power in soccer by 

determining the energy cost (C). Further, it will establish whether previous equations 

utilised to assess this concept are appropriate and determine a whether an association 

between training load analysis and physical match performance variables in elite soccer 

exist. 

 

The review begins with an introduction of the scientific methods, research, and 

technologies in soccer; after which match analysis methods are explained. A 

comprehensive account of the application of video match analysis is then provided, with 

a more detailed section on the application of GPS in field sports and its future application. 

The review will then aim to define how metabolic power can be analysed and integrated 

within sport. 
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2.2: Basic introduction 

The professional sports industry has started to adopt the use of more scientific methods, 

research, and technologies in their approaches so that they can be more productive by 

providing quantification of the physical demands in soccer (Molinos, 2013). It is safe to 

say that the performances in sports are affected by the technical and tactical aspects while 

also being affected by mental and physical agility . Failure to have all these aspects makes 

the soccer player less effective (Paul et al., 2015).  

 

Over the past few years, coaches have used GPS devises to analyse the characteristics of 

players. Coaches of soccer teams are continuously trying to codify the performances of 

the players to help to quantify the microcycle structure and load of the weekly elite soccer 

training along with match play data (Gaudino et al., 2014; Hoppe et al., 2017).  While 

primary data such as the total distance covered (TDC), and average speeds are easily 

captured in the past, a comparison of two or more players has been difficult (Di Salvo et 

al., 2006). Therefore, new technologies such as GPS have enabled coaches to accurately 

estimate high quality and accurate metrics of player performance and estimate markers 

of both internal and external physical and physiological loads applied using different 

models systems (Buchheit et al., 2014; Hoppe et al., 2018; Randers et al., 2010). Further, 

the use of video analysis is also used by the media to give viewers a series of statistics 

that articulate players work rate (Halvorsen et al., 2013). 
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2.3: Match Analysis methods 

The main match analysis methods which are commonly used in numerous sports are the 

application of video-based time-motion analysis (TMA), the use of semi-automatic 

cameras and global positioning systems (GPS). Video-based TMA has been widely 

applied and provided evidence that distance which players cover at high intensity are 

highly dependent on playing position, capacity, performances of a player, and the 

standard of competition (Buchheit et al., 2014; Hoppe et al., 2018; Randers et al., 2010). 

It has also been established that player work rate and intensity usually decrease after the 

first minutes of high-intensity periods and during the end of the match because of fatigue 

(Drust et al., 2007). Fatigue occurs because of the high-intensity levels at the start of the 

first and second halves and towards the end of the first and second halves (Mohr  et al., 

2005). With the new technical advancements, this has led to the creation of new 

approaches through which the movement patterns of soccer players can be examined 

more efficiently and more effectively. Through these new approaches a more 

comprehensive study of locomotion patterns in football are being established (Randers 

et al., 2010). These investigations allow for more meaningful performance parameters 

being established and provide a framework to design training in accordance to individual 

player needs (Hoppe et al., 2018).  
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2.4: The application of Video Match Analysis (VMA) 

Time-motion analysis (TMA) has been studied extensively applied in soccer, through 

many different methodological approaches. Brown et al. (2016) examined the exclusion 

of breaks in the analysis of plays during a 110-minute game. Buchheit et al. (2015a) and 

Gaudino et al. (2014) followed a similar approach, although they analysed a 90-minute 

game and a 30-minute game, respectively. All these authors conducted their analysis 

throughout the entire game but failed to indicate whether their investigation was 

performed based on a 90-min match including over time and injury time in their studies 

or not. Incorporating over time or injury time would not only yield different results but 

would also provide more specific and accurate overall findings. However, a plethora of 

studies have analysed the entire duration of the game including both extra and over time 

by excluding the half-time breaks; Walker et al. (2016) examined a football game for 95 

minutes with differences observed in several essential physiological variables when they 

compared the whole duration of a match including breaks in play (match time) and the 

duration of the match only when the ball is in play (clock time). Increases in the total 

duration and frequencies of locomotors activities and the total distances covered. In 

addition, the authors also noticed a significant difference in the individual locomotors’ 

activity patterns when clock time and match time are compared (Barbero-Alvarez et al., 

2008). According to Witte and Wilson (2004), it was found that there is an 11% increase 

between the match-time and clock time with a 4.4% decrease in running, a 0.49% 

decrease in sprinting sideways, and a 4.6% decrease in rushing backward. Osgnach et al. 

(2010) showed that 74% of all match-time distances could be classified as  low-intensity 

activities. McMillan et al. (2005) and Chmura et al. (2018) also reported that the majority 

of the match time data consisted of low-intensity activities. Reports suggest an increase 

of 695 meters ditance covered was observed when analysing match-time distances from 

clock-time distance in low-intensity games however in high-intensity games this 
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ddistance covered further increases. It can be noted that highly intense activities occure 

more frequently when assessing clock-time data, due to the break and overtimes 

incorporated in match-time data. It has been found that during situations where the ball 

is not in play, players tend to walk and slow the pace of the game so that they can recover 

and maximise their opportunities during the game (Walker et al., 2016), thus increasing 

time spent on low-intensity activities (Cummins et al., 2016). Closer analysis has found 

differences in work to rest ratios of 1:4:1 when looking at clock time and 7:4:1 when 

only assessing match time. It is therefore appropriate to understand the differences in 

results of work to rest ratios obtained between match time and clock time, with a failure 

to understand both concepts resulting in a misrepresentation of game analysis findings. 

The importance of such data has also been applied in a training environment, and 

according to Reilly (1997), the design of training protocols and standards should always 

replicate a match and must therefore incoorporate rest periods.  

 

Literature indicates that during match-play, general fatigue usually occurs towards the 

end of games when players are performing movements of high intensities (Akenhead et 

al., 2016; Doğramacı and Watsford, 2006). Although it has been found that during games 

frequent short breaks help assist players recover aerobically, the recovery time is not 

enough to realise full recovery (Zurutuza et al., 2017). Doğramacı and Watford (2006) 

illustrated that allowing more frequent substitutions in soccer could help the maintenance 

of a higher workload during the entire period of high-intensity exercise and ultimately 

help achieve more significant involvement in their games. Beato et al. (2016; 2018a), 

discussed that recovery periods, as well as activities, are essential in enabling athletes to 

reduce the accumulation of muscle and blood lactate and facilitate muscle substrate 

repletion. 
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Di Salvo et al. (2006) validating the use of Prozone ® Sports Ltd., video-motion analysis 

tool, reported that the use Prozone provided an accurate estimation of different movement 

velocities performed by athletes on the pitch. A high correlation coefficient as well as 

reliability coefficients were noted when the researchers compared the mean velocities 

determined using Prozone and the timing gates. Results showed that when using the 

Prozone video analysis tool, there was a limited human error when the motions of players 

were tracked as compared to using multiple cameras. Further, using a Bland-Altman 

analysis, the authors report that the discrepancy between the two methods was 0.127. 

Such observation helps to explain the differences in accuracy and reliability when using 

the video-motion analysis compared to camera motion analysis, allowing the system to 

track all players simultaneously in real time on the pitch as opposed to only one 

individual. The advantage of using video motion analysis tools such as Prozone was 

further documented (Di Salvo et al., 2006). When comparing this to previous camera-

based systems, it was found that the cameras only provided the analysis of a single payer 

on the pitch and that an operator was required to handle them during the entire course of 

activities. In addition, the cameras required lengthy analysis whenever a player was being 

tracked, unlike Prozone, which is simpler when tracking and analysing players. However, 

using systems such as Prozone does come with high costs and requires multiple cameras 

to be installed. In addition, a computerised network with a dedicated operator is required 

to run the data collection and subsequent analysis and unless carefully designed and 

validated, data collected might be inaccurate (Di Salvo et al., 2006). However, with 

recent developments, further objective information and analysis of performance variables 

is continuously progressing. 

 

The literature offers many studies on VMA, but the main advantage these systems 

confers related to the possibility of automatically evaluating performance not only 
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through determiantion of match-play activity through attainment of speed thresholds 

(‘traditional VMA’, as shown in Table 2.1, Di Salvo et al., 2007), but also by attributing 

a specific metabolic cost related to acceleration and deceleration actions, thus expanding 

on the description of game play with an energetic approach (Table 2.2, Osgnach et al., 

2010). 

 

Table 2.1. Differences between the first and the second half according to positional roles 

[reproduced from Di Salvo et al., 2007]. 

 

 

Table 2.2.  The mean ± SD of values of T (s), D (m), EC (J·kg-1·m-1) and corresponding 

EEE (kJ·kg-1 or kcal·kg-1) during the entire match in each of the acceleration and power 

categories [reproduced from Osgnach et al., 2010]. 

 

Both approaches can be applied to track performance through technological tracking. A 

recent study conducted by Polglaze et al. (2018a) noted that traditional approaches 

related to running speed are not appropriate parameters for the classification of team-

sport activities which are comprised of continual changes in speed and direction. 

However, it has been established that ‘critical metabolic power’ derived from variable-
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speed activity appears to be a useful threshold for team-sport activities (Hoppe et al., 

2018). Large associations of physiological load have been established between differing 

team-sport specific exercises, and critical metabolic power classifying team-sports 

(through a 3-min test; Polglaze et al., 2018a). In addition, critical metabolic power also 

found strong relationships with equivalent heartrate thresholds for stochastic activities 

during competitive match-play, further supporting the use of critical metabolic power as 

an appropriate parameter for the classification of intensity for team sport activity. 

 

In recent years, the continuous technological progress of electronic performance and 

tracking systems (EPTS) has pushed research to compare VMA systems useful for 

competitions with GPS devices used during training sessions in order to provide 

techological overlap to monitor and regulate training. In temporal order these multiple 

comparisons have allowed us to understand more concepts: Randers et al. (2010) studied 

four different systems and they were able to detect performance decrements during a 

soccer game with large between-system differences in the determination of the absolute 

distances covered; Buchheit et al. (2014b) demonstrate that interchangeability of the 

different tracking systems (semi-automatic multiple-camera [Prozone], local position 

measurement [LPM] and GPS) is possible with accurate equations, but care is required 

given their moderate typical error of the estimate. Linke et al. (2018) outlined similar 

findings between-system differences in the validity of tracking data, implying that any 

comparison of results using different tracking technologies (Figure 2.1) should be done 

with caution. Taberner et al. (2019) also demonstrated that data obtained through GPS 

tracking and an optical tracking system (TRACAB), can be interchanged and further 

emphasise the importance of systems evaluation, to identify where errors exist. 
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Figure 2.1. (Top) VICON test location on the pitch; (bottom right) scaled 3D model of 

the Rosenaustadion Augsburg. VICON area (blue), VID camera position (orange) at 21.6 

m height and 82.0 m distance from the center spot. Pitch size: 105.0 x 67.0 m; (bottom 

left) additional camera platform (Linke et al., 2018). 
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2.5: The application of global positioning system (GPS) in field sports 

The current GPS technology that is being applied in support of player analysis in sport 

can be attributed to the initial works and inventions of the 1944 Nobel Laureate winner 

Isidor Rabi who invented the magnetic resonance method. After the development of the 

nuclear magnetic resonance method, a series of designs followed with the creation of 

atomic clocks used to precisely measure timepieces. This formed the basis of the satellite 

navigation systems. The ability to accurately measure action time, taken from the nuclear 

clock, is enough to calculate the time it takes for a signal to travel from the satellite to 

the GPS receiver based on earth, which then expedites the measurement of  the distances 

to the receiver (Steede-Terry, 2000). The availability of four satellites in constant 

communication with the receiver is enough to determine the exact coordinates and 

establish the position of an object. Once the position of an object is recognised, the 

dislodgment over a given period can then be used to find the pace of movement, a factor 

that has been of interest to scientists for several decades. The ability to measure the speed 

of changes has also been of great significance not only to coaches but also to athletes 

engaged in team sports. Earlier research and works performed on GPS have developed 

rapidly from authentication of GPS accuracy to the measurement of steady-state 

movements at a steady range of velocities, which has formed the concept of measuring 

locomotion in human beings and other animals (Terrier et al., 2005). It must be noted 

that GPS signals can be affected by multiple issues; with issues related to (1) 

synchronicity, (2) the receiver unit, (3) signalling errors, (4) atmospheric conditions, (5) 

mask angle, (6) ephemeris error, (7) horizontal dilution of precision and (8) satellite lock 

number issues (Maddison & Ni Mhurchu, 2009). 
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2.6: The application of GPS in measuring human locomotion 

2.6.1. History and development 

 

In 1997, the first attempt was made to validate the use of commercially available GPS 

devices to measure human movement. The initial participant in this study undertook 

several trials at different walking and running velocities, after which the data collected 

from the GPS was compared to a Swiss timepiece. The association between the GPS 

display and chronometer was found to be n = .99 and 5% constant of disparity for the 

slope line. The initial investigation was highly promising but failed to provide a gold line 

standard where scientists could validate and confirm GPS as a valid instrument for 

measuring velocity. The study was further hampered when the accuracy of the satellite 

transmission was degraded by the Department of Defense of the United States (Schutz & 

Chambaz, 1997). However, in 2000, this degradation was ended and subsequently 

provided ways to examine how GPS could be used to measure velocities of objects. Later 

tests revealed that it was possible to correct the scrambled signals from the GPS by 

computing second difference phases through the application of two receivers positioned 

adjacent to each other and thereby reducing the three-dimensional error which was found 

during the first experiments (Witte et al., 2005). The method was then used to measure 

the positional information and accelerometer data. The application of a high precision 

GPS produced high intra-individual variability throughout. The introduction of the 

European Geostationary Navigation Overlay Service (EGNOS) and the Wide Area 

Augmentation System (WAAS) further reduced the GPS inaccuracies and achieved 

significant improvements in the measurement of velocities and accurate positions in 

straight line tasking. After this, GPS systems looked at gaining a greater understanding 

of the effectiveness when changes of direction and changes in velocities are taken 

(Aughey, 2011). 
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2.6.2. Reliability and validity of GPS systems in sport  

 

Initially, significant improvements surrounding the validation in the use of GPS to 

measure velocities and positions of individuals in a straight line were made but, 

significant challenges remained (Aughey, 2011). Establishing the movement and speed 

of athletes involved in multiple directional changes seemed difficult. Additionally, there 

was a need for the GPS to withstand different conditions including different moisture, 

heat, and other potential impacts before they could be successfully applied in a team-

sports environment. In 2003, the first commercially available GPS dedicated for sports 

was introduced and authenticated and compared to data collected through a computer-

based following CBT system. Further comparison with a calibrated trundle wheel helped 

to approve the application of GPS in measuring distance objects. Nevertheless, despite 

high correlations of over r = .998, an overestimation of 5%, and a CBT of approximately 

6% was established (Aughey & Falloon, 2010). In 2009-2010 further validation of GPS 

to be used in sports was made when different studies employing slightly different GPS 

technologies and methodologies were published. Table 2.3 below illustrates some of the 

studies which have examined and validated the application of GPS in several sports. 
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Table 2.3. Several validity studies undertaken on global positioning systems specific to field sports. 
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Rampinini et al. (2015) compared two high-frequency GPS (5 and 10-Hz), with a radar 

system (Stalker ATS, Radar Sales, Minneapolis, MN, US) considered together with the 

laser systems the gold standard for the measurement of instantaneous speed. Only 10-Hz 

GPS demonstrated a sufficient level of accuracy for quantifying distance covered at 

higher speeds or time spent at very high power (Figure 2.2). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.2. Schematic representing the activities performed during each bout of the 

intermittent shuttle running (panel a) and an example of running speed measurement 

(panel b) and metabolic power calculation (panel c) using the radar system (reproduced 

from Rampinini et al., 2015). 



29 

 

After several studies attempted to validate the application of GPS in sports the validity 

and reliability needed futher consideration and to review its usefulness. As a result, 

several researchers embarked on experiments to test how GPS could effectively be 

applied in soccer games (Akenhead et al., 2014; Hoppe et al., 2018; Rampinini et al., 

2015). The physiological demand imposed on soccer players has been of great 

importance and subject of extensive research for several decades.  

 

The following section considers previous research regarding the metabolic power needed 

by soccer players. Earlier assessments of the metabolic demands assessed through body 

temperature revealed that the average metabolic load of soccer players is almost 70% of 

the V̇O2max (Mohr et al., 2005), and direct measurement of the latter is not appropriate to 

provide data on high-intensity exercise. 

 

Soccer is a sport that involves both the aerobic and anaerobic processes (Di Salvo et al., 

2007). Energy expenditure assessments have been done using continuous HR recordings 

allowing for the analysis of aerobic performance based upon the linear relationship 

between cardiovascular responses and oxygen uptake (Manzi et al., 2014). This study 

proposed a new approach that could be used to analyse the performances of soccer 

players by considering patterns of accelerated and decelerated running. Although this 

approach does enable quantification of the energetic demands of a soccer player during 

actual match- play it does not express the nature of the involved metabolic pathway in 

relation to exercise undertaken during the match. Further, using different movement 

conditions and considering the opposing interplay of speed and acceleration to obtain a 

given metabolic power results ina method limitation when considering this for training 

prescription. Nevertheless, observations have also suggested that higher levels of 

metabolic power are required when playing teams of a higher opposition, with altering 
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patterns of accelerated and decelerated running (Folgado et al., 2014). The level of 

opposition dictates the amount of energy a professional soccer players needs to sustain 

the higher demand of metabolic power. In addition, playing against teams which have a 

numerical superiority (11 vs. 10), has shown that the disadvantaged teams tend to have 

an increased demand for team synchronization which ultimately result higher levels of 

metabolic power. Gaining a better understanding about the difference in required energy 

levels of players when facing different types of opponents and how different formations 

affect metabolic power will provide more information related to soccer performance. 

 

Folgado et al. (2014). It was established that while some of the distances that players 

cover at different movement speeds vary highly between soccer games as a result of the 

opposition faced. The timing of the player’s movement is highly sensitive to the level 

opposition and differences in movement types are present, with higher demands of high 

intensity movements required when facing higher level opposition. The outcomes of this 

study emphasise the need to further assess the relation between time motion variables 

and movement synchronisation tendencies to help gain new insights when further 

analysing the performances of soccer players. However, despite these considerable 

efforts at analysing soccer player’s performance and the need for movement 

synchronisation, the authors did not conclude how the synchronisation levels affected the 

metabolic demands of players. Therefore, there is a need for a new study to ascertain how 

high levels of synchronisation can reduce the energy costs during high-intensity match 

play. 

 

Through the use of a multiple camera semi-automatic system information regarding 

running speed and distances covered by athletes have been collected. In a study that 

compared three methods of tracking technologies, which included the GPSports 
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technology, the LPM technology, and the semi-automatic multiple-camera technique, it 

was discovered that using the three systems provide different data and metrics but that 

the magnitude between the differences were based on the size of the pitch (Buchheit et 

al., 2014b). The differences established between the three systems are an issue of concern 

for the sports scientists and coaches and each has advantages and disadvantages. It is 

important coaches and practitioners understand the implications of each system when 

comparing/interpreting training/match activities measured by different systems. 

Observations made between GPS unit variability, within-unit chipset changes and 

software updates can have a substantial impact on the different metrics and must be 

considered when monitoring players (Buchheit et al., 2014a). Thus far, only a few studies 

have been conducted to examine the differences between semi-automatic multiple-

camera analysis and the GPS analysis (Buchheit et al., 2014b; Randers et al., 2010). 

Findings have shown that the distances recorded form the GPS differ moderately to 

greatly when through comparing with the reference measures, the typical error of the 

estimate (both in % and in standardised units) and the magnitude of the correlations 

between the systems when compared to the data collected from semi-automatic multiple 

camera analysis. Sonderegger et al. (2016) showed that in addition to the system used, 

the size of the pitch was an essential determinant of the accuracy of these methods.  

Delaney et al. (2016), also notes the size of the pitch was positively related to the overall 

distances that athletes ran at high speeds. Therefore, when calculating the energy 

requirements of athletes, it is essential to consider the size of the pitch where the athletes 

will be assessed, with observations establishing differences according to pitch size and 

system utilised. The observation is particularly significant to the coaches and sports 

doctors who must prepare their players for the different pitch sizes and playing styles. 
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2.7: High-intensity activities in soccer 

Match analysis reveals football players at the elite level typically cover 9–14 km during 

a game with movements of high intensity accounting for 5–15% of match-play (Faude et 

al. 2012). Bradley et al. (2009) examined the effects of high intensity running on soccer 

players in the English Premier League. It was determined that the use of time-motion 

could be helpful in quantifying the physiological needs of soccer players and thereby 

providing a conceptual framework that could be used to measure the performances of 

specific training. Bradley et al. (2009) noted that high intensity running in elite leagues 

such as the English premier league imposes significant physiological demands on the 

modern elite players especially central midfielders and  central defenders. The fact that 

the study was compatible with the results found when players from other leagues were 

examined (Chmura et al., 2018; Hoppe et al., 2015) is a testament that high-intensity 

running is one of the main determinants of the physiological and physical needs among 

soccer players around the world. It is essential to examine how increased physical 

demands correlate with metabolic power and how players from different soccer leagues 

require different metabolic strengths. High-intensity games and time spent performing in 

games are especially important as they determine the amount and the extent to which 

elite players need energy. Despite the differences observed in high-intensity running 

between players of different positions, players must be able to maintain the ability to 

perform actions of high intensity towards the end of the game. Therefore, it can be 

concluded that elite players taking part in high-intensity running leagues such as the 

English Premier League still require the ability to work at maximum metabolic power as 

they near the end of their matches. The research by Bradley et al. (2009) also reported 

that the average recovery time during high-intensity running bouts in the English Premier 

League increased significantly over the duration of the entire game. The outcome being 

a distance deficit of about 30% for high intensity running regardless of whether the 
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team/player was in possession of a ball or not. During an average game, the high-intensity 

activity tend to reduce by about 50% after the first five minutes. The significance of this 

observation is that during a soccer match, the instances where players could show high 

power running keep on interchanging at periodic intervals of 5 minutes (Osgnach et al., 

2010). With fatigue being one of the factors that determines the level of high intensity 

running in soccer games, unless a player has a high metabolic replenishment, it could 

result in the player being unable to continue playing at a high level and thus impair 

contributions to  on pitch activity. 
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2.8: Future developments in the application of GPS to field sports 

It has been suggested that the future demands of GPS technologies in sports will 

primarily focus on several primary areas (Aughey, 2011; Buchheit et al., 2014b). Firstly, 

the GPS will be applied to examine the greater integration of movement data especially 

those associated with fitness, tactical, physiological, and strategic data. The second area 

will involve the application of GPS in how the GPS can be integrated with the inertial 

sensor data. Thirdly, the future of GPS will involve further miniaturisation with a 

possible increase in sample rates to help accuracy and reliability of data. Further, 

considering the many advantages and disadvantages each GPS unit has, the magnitude 

of the between-system differences will be assessed looking at the effect of both pitch size 

and the variable of interest. 
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2.9: Technology around the concept of metabolic power (MP) and energy cost (C) 

in soccer 

GPS are devices which enable the collection and analysis of movement data and thereby 

allow the evaluation of the most critical physical actions performed by players such as 

the distances they cover, the amount of time they spend while running at high speeds, 

and the number of changes in direction they make during a match (Akenhead et al., 2014). 

 

The concept of metabolic power (MP) applied to soccer has revolutionised the player 

specific demand of high-intensity activity. To broaden the vision of performance with an 

energetic approach that takes into account all the kinematic aspects (speed and 

accelerations), it must start with the concept of energy cost (C). Osgnach et al. (2010) 

calculated the metabolic power indirectly using a biomechanical stratagem (Figure 2.3) 

to use energy equivalence starting from the energy cost equation of Minetti et al. (2002) 

as shown in Figure 2.4. 

 

Figure 2.3. a accelerated running on flat terrain; b uphill running at constant speed. M, 

body mass; af, forward acceleration; g, acceleration of gravity; g' = (af
2 + g2)0.5, vectorial 

sum of af and g; T, terrain; H, horizontal; α, angle between runner's body axis and T; 90 

- α, angle between T and H (reproduced from di Prampero et al. 2005).  
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Figure 2.4. Metabolic energy cost of running (Cr) as a function of the gradient from the 

work by Margaria (1938; 1963) and Minetti et al. (1994). Average energy cost of running 

for each gradient have been reported. To accurately describe the relationship between Cr 

and the gradient i within the investigated range, 5th-order polynomial regressions were 

performed, that yielded: Cri = 155.4i5 - 30.4i4 - 43.3i3 - 46.3i2 + 19.5i + 3.6 (R2 = 0.999) 

(Minetti et al. 2002). 

 

Knowing the energy cost of movement at constant speed(s), accelerations, decelerations 

and their combinations, it is possible to build a graph able to explain the relationship 

between movement and metabolic power output. Osgnach et al. (2010), using the models 

of di Prampero et al. (2005), illustrated in a simplified way this concept (Figure 2.5). 
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Figure 2.5. Isopower relationships calculated as a function of speed (y-axis) and 

acceleration (x-axis). A speed of 9 km·h-1 (horizontal sketched line) yields different 

power outputs depending on acceleration. 

 

Following Figure 2.5, if we consider a constant speed of 9 km·h-1, the metabolic power 

would amount to approximately 13 W·kg-1, whereas at the same speed, but with an 

acceleration of 1 m·s-2 or 2.4 m·s-2, the metabolic power would increase to 20 or to 35 

W·kg-1. Conversely, decelerated running would bring about a reduction of metabolic 

power (Osgnach et al. 2010). 

 

Di Prampero and Osgnach (2018), in a recent review of the metabolic power model in 

soccer, suggested the inclusion of walking phases [which are typically present in large 

proportions in match-play; Bradley et al., 2013]. In including this energy cost estimates 

for walking which is different (Cw) to that of the constant speed race (Cr), a new value 

for the constant term of the enrgy cost equation i.e. 2.5 J∙kg-1∙m-1 has been proposed. 

Figure 2.6 explains how this in-depth analysis is able to represent the different energetic 

amounts according to the activities carried out. 
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Figure 2.6. Left: the time course of the speed during 60 seconds of an actual match: 

broken line =  walking; continuous lines = running. Open circles denote the transitions 

between the two gaits. Right: the left column = overall energy expenditure, as calculated 

neglecting energy cost differences between walking and running. The middle column = 

overall energy expenditure due to walking (white) or to running (grey). The right column 

= the energy spent against the air resistance is indicated by the uppermost black part 

(reproduced from di Prampero et al., 2018). 

 

Given that such a metabolic power model either in its orginal iteration or in its recently 

modified form  (Osgnach et al., 2010; di Prampero et al., 2018) takes estimates the energy 

cost of the activity, it is possible to express the total energy expenditure can be expressed 

as equivalent distance (ED) instead of TDC because it depends on both TDC and on 

“how[intense]” the TDC was performed. Although different players could have covered 

the same TD, the use of ED allows the identification of different metabolic energy 

expenditures, thus allowing an estimate of the “true” overall energy expenditure 

regardless of the actual distance covered. As shown in Figure 2.7, on average, ED is 

linearly related to TD, being approximately 20% higher (Osgnach et al., 2010).  
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Figure 2.7. ED is plotted as a function of TDC. Players who complete the whole match 

are symbolized in red circles, whereas substitutes are symbolized in blue circles. Every 

straight line represents a constant ratio between ED and TDC defined as equivalent 

distance index (EDI) (reproduced from Osgnach et al., 2010). 

 

Recently , Minetti et al. (2018) have updated the concept of equivalent slope, upon which 

the models of Osgnach et al. (2010) have been based by extending his previous model 

(Minetti et al., 2002) to include a deceleration component into the model, and revised the 

predictive equation to be applied to much higher rates of speed change. The extension to 

a wider range of acceleration benefits from recent metabolic results (Giovanelli et al., 

2015) of uphill, constant speed running up to I = +0.84 (where i is the gradient in terms 
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of the tangent of slope angle) which corresponds to level accelerations up to 8.24 m·s-2, 

according to the Equivalent Slope (ES) equation. 

 

Buchheit et al. (2015a), indicates that in applying systems such as ‘energetic approach’, 

model it is easy for individuals to implement the use of GPS to estimate the amount of 

energy expenditure as well as establishing metabolic power derived from the acceleration 

and deceleration movement data. Sports scientists and coaches alike have found the 

importance of GPS invaluable due to its increased reliability and validity in recording 

the actions of athletes. Previous researchers such as Varley et al. (2012; 2017) and 

Stevens et al. (2014) have demonstrated that GPS at a range of sample frequencies is a 

highly reliable instrument which coaches and other fitness personnel can use to evaluate 

the external training loads. However, important caveats are applicable in that Buchheit 

et al. (2014a), noted that during small distance tracks (40-m) as well as quick movements 

(19.8 km·h−1), the reliability of GPS tended to decrease. However, importantly, Dwyer 

and Gabbett (2012) found that the use of higher frequency GPS instruments were more 

valid than the use of low-frequency GPS instruments. Johnston et al. (2013) noted that 

GPS with frequencies between 10 and 15-Hz were classified as high frequencies while 

GPS using rates in the range of 1 and 5-Hz were deemed low-frequency GPS. The 

classification of GPS into different frequencies is necessary as it helps to determine the 

validity and reliability and, therefore, provides information as to which is the most 

appropriate GPS to apply under different sport data acquisition conditions. Waldron et 

al. (2011) showed that different proprietary GPS brands express considerable variability 

both between and within the same brand of GPS units. Domene (2013) indicated that for 

coaches and sports scientists obtaining the accurate  acceleration and deceleration metrics 

is as important as the validity of the distance covered and velocity data; in the context of 

in soccer application both elements are essential factors in estimating and determining 



41 

 

the training intensity and volume where metabolic power data are acquired. The need to 

validate any GPS before use when determining  training load particulary with metabolic 

power is essential as it ensures calibration to the most frequently areans of application. 

Beato et al. (2016) supporting this notion that each systems validty and relaibility in the 

context in which it will be used should be assessed noted  that when video analysis and 

GPS systems were compared whilst measuring player velocity and other movement data, 

the most accurate and valid/reliable instrument was the video analysis. Such reports are 

not uncommon in the literature.  

 

Witte and Wilson (2004), showed that GPS tends to underestimate shuttle speeds, and 

this leads to the decreased accuracy of GPS instruments when used in high-speed 

movements and small distance tracks, altough this was performed with lower sample 

frequency system. Similarly, Aughey (2011) reported that the accuracy of GPS is 

significantly degraded when athletes make rapid changes in direction. This finding also 

has been increasingly reported. Therefore, it can be concluded that the inaccuracies 

recorded when using GPS instruments can be attributed to the errors involved in 

determining shuttle speeds and distances (Aughey, 2011; Buchheit et al., 2014a; Hoppe 

et al., 2018). Buchheit et al. (2014a) also reported this notion and claimed that inter-unit 

reliability and accuracy of GPS are negatively affected by multi-directional movements 

of athletes, a critical movement characteristic typical of all team sports. In addition, it 

has been established that football stadiums and other specific surroundings afect the 

strength of the signals the GPS unit receives. Using GPS potentially reduces the amount 

of available sattelites and ultimately the transfer of data, thus resulting in lost data. 

Ultimately, this reduces the reliability of the data, therefore suggesting significant caution 

when applying this data collected (Maddison et al., 2009). Other considerations that need 

to be taken into account are that accuracy of data is dependant on the location and the 
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receiver density (Kao et al., 2013). Lastly, although sampling rates above 10 Hz have 

further improved the reliability and validity of GPS data, other more technical aspects 

such as the antenna, the microprocessor and its data processing algorithms, positioning 

of the devices on the body, and environmental conditions have shown to affect validity 

and reliability (Hoppe et al., 2017; Malone et al., 2017). 

 

Osgnach et al. (2010) examined the  metabolic power and energy cost imposed on elite 

players, during typical soccer match lasting 90-minutes, and noted the average 

expenditure of energy was 61.12 ± 6.57 kJ·kg-1 (14.60 ± 1.57 kcal·kg-1) per player. The 

data also indicated the total amount of energy spent on high-intensity activities [high 

power] was more than 26% during a 90-minute game. Cumulatively the  metabolic power 

consumed by athletes during high-intensity activities was explicitly higher when a video 

motion analysis technique was applied. When low-intensity running was considered it 

reported significantly lower metabolic power estimates in athletes. The video analysis 

method was also found to provide additional parameters related to velocity and distance 

covered that sports personnel could use to examine the profile of players. Further, Brown 

et al. (2016) report that when players played at higher altitudes, their work rate was 

significantly reduced due an  increased recovery time period between high intensity 

running and other effort activities. Further, Buchheit et al. (2015a) discovered that the 

time of the day also played an essential role in determining the metabolic power and 

energy of athletes. During morning hours, energy demands tended to be lower than when 

players played at other times of the day when temperatures were at their circadian peak 

value.  Further investigations looking at the influence of diurnal variations on metabolic 

power needs of athletes, discovered that the metabolic needs among elite players were 

higher during the afternoons than during the morning.  
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Varley et al. (2017) set out to analyse the match performances of high-standard players 

with reference to fatigue development during competitive soccer matches using a 

computerised time-motion analysis where every player was video-filmed at close range. 

Data indicate that elite players perform at high intensity (speeds of 14.3 km·h−1 or higher) 

for long periods of time when compared to non-elite players. Furthermore, the elite 

players express improved intermittent recovery when compared to the professional 

players from sub elite standards. The observations were made independent of the playing 

positions of the players. The results also further support the idea that the work load 

demands of the players were dependent on the playing positions where it was affirmed 

that the defenders covered the least distances and made the least high intensity running 

during games (Bradley et al., 2013; Varley et al., 2017). Vigne et al. (2010) claimed that 

when training elite players, it is necessary to focus the attention on improving their ability 

to perform intense exercises and to recover from periods of high-intensity workouts 

rapidly. The differences noted on the physical performance of the elite players and those 

from the lower level leagues is an indication of the different physical activity and effort 

requirements needed for varying intensities of the game. High-intensity level games, 

require the players  more energy to meet the  increased physical demands. According to 

Vescovi and Favero (2014), players at all levels showed a general decline in running 

intensity towards the end of the game, and this is important as it helps explain that soccer 

players tend to tax their physical capacities as the game goes on. However, this physical 

demand should not be taken as a represenative model of all players as different positions 

will require different levels of energy expenditure. 

 

High-intensity indicators should be interpreted cautiously and repeated match 

observations are recommended to establish meaningful high-intensity profiles of the 

players both collectively and as a function of different positions. Differences among 
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playing positions and relationships with explosive physical abilities indicate that 

metabolic power analyses can provide new insights into the mechanics and energetics of 

soccer (Hoppe et al., 2017). 

 

Table 2.4 summarizes most of the concepts expressed in this paragraph by comparing the 

energetic approach based solely on speed, and pointing out how the cost of accelerations 

and decelerations, is able to broaden the study of human locomotion towards specific 

movements of some team sports by inserting in the total energy calculation: changes of 

direction (CoD), backward runs, lateral runs (Osgnach et al., 2018). 
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Table 2.4. Summary of the main characteristics of the speed- and energy-based 

approaches with comments highlighting the principal differences between the two 

(Osgnach et al., 2018, modified after Polglaze et al., 2017). 



46 

 

2.10: Performance characteristics according to playing position in soccer 

Vigne et al. (2010), examined the number of activities undertaken in different playing 

positions in Italian soccer matches. Differences were established between the two halves 

of a game and revealed that different situations require different efforts and quantification 

of activities. The study discovered that the average distance athletes cover was 121.0 ± 

9.5 meters per minute which equates to approximately 10.94 kilometres in a 90-minute 

game and metabloic neeeds differed according to player. Similarly Ade et al. (2014) who 

found that on average a player covers 10.80 kilometres in a 90-minute match. However, 

the re-occurring issue is always to correctly categorise these distances into different 

segments depending on the intensity of the activity. Ardigò et al. (2015) noted that out 

of the average 10.8 km athletes covered during a 90-minute match, 38% was spent 

walking, 29.5% spent jogging, 13% spent running at speeds of between 13 and 16 km·h-

1, 9.8% spent sprinting, while the remaining 8.4% covered running at speeds between 16 

and 19 km·h-1. The authors concluded that the key to success in soccer was the ability to 

perform intense and brief bursts of activities and efforts with minimal periods of recovery. 

Further, it was reported that the work/recovery ratio in a 90-minute game was 

approximately 1:8. These finding are important in that  it can help prepare soccer  players 

for a 90-minute match so that they can optimise movements according to time. 

Significant differences between the first and second half of soccer games was accounted 

for by the  the amount of time spent on low-intensity activities which was higher in the 

second half than in the first half, potentially because of fatigue.  

 

Clemente et al. (2013) examined the activity profiles of soccer players who took part in 

the 2010 World Cup with the objective of obtaining velocity and distance variables which 

were most influenced by playing positions (Figure 2.8). To do so, the distances of every 

player were examined to discover the characteristics which described the most successful 
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team. The authors found that the distances every player covered varied from game to 

game and from one position to another. In this study, unlike previous research performed 

by Ekblom (1986), the midfield players covered the greater distance as opposed to the 

wingers. The same study also revealed that defenders covered the least distances during 

a 90-minute match. Davis and Brewer (1993) and Datson et al. (2014) also indicated that 

in a soccer match, regardless of the extra time and over time, the least distances were 

covered by the central defenders because their sprinting time was limited. 

 

 

  

 

 

 

 

 

Figure 2.8. The average distances covered by the players during the 2010 World Cup 

matches (according to Clemente et al., 2013). 

 

Osgnach et al. (2016) also supported these observations and illustrated that the midfield 

players covered the most distance closely followed by the forwards. The main reason for 

this observation was that the midfield players act as the link between the offense and the 

defence. Castellano et al. (2011), reports that midfield players are the most essential 

members in team sports because statistically, they cover the most distances whenever 

their team is in possession of the ball. Haugen et al. (2014) further suggests that elite 

defenders and strikers cover almost the same mean distances (m·min-1) during a match 

with central defenders  achieving the lowest distance covered of any outfield player.  
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2.11: The effects of anaerobic and aerobic processes 

Stevens et al. (2015) provided evidence that professional soccer players engage in 

intermittent high intensity running and efforts and it has been found that almost 98% of 

this running is under 10-s in duration. Stevens et al. (2014) argued that high intensity 

runs among elite athletes were between 2.5 and 4 seconds and that midfielders covered 

the greatest distances during a game. Gaudino et al. (2013) also noted that anaerobic 

sources and processes provide minor energy requirements during soccer competition 

with high anaerobic contributions apparent in situations where the players made high-

intensity bursts. In a study by Clemente et al. (2013) found that the majority of high-

intensity running and efforts during a game took only 2 seconds and that only 10% of 

high-intensity running took up to 10 seconds or longer. Bangsbo (1994b), discovered that 

adenosine triphosphate (ATP) and muscle creatine phosphate (CP) provided the primary 

substrate for the highest intensity bursts players performed during soccer match-play. 

 

Several researchers have shown that aerobic and glycolytic sources have significant 

contributions to the energy sources players require during games and exercises. Walker 

et al. (2016), noted that aerobic sources of energy were shown to provide the energy 

athletes need when performing repeated sprints when using running ergometry. Ward-

Smith and Radford (2000) showed that the scaling of the 15 minutes observation to over 

90 minutes is an indication that the outfield players can perform 10-s sprints 18 times 

more than the total energy demand which could be derived from either anaerobic or 

aerobic process. A range of recovery periods between high-intensity activity bursts was 

found to exist and that only 57% of all the recoveries took less than 20 seconds while 

only 3.5% needed more than 90 seconds or more. The importance of this study is that it 

helped to highlight that the recovery range between bursts could significantly implicate 

the energy system which players utilise during high-intensity efforts. Waldron et al. 
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(2011) showed that the accumulation of blood lactate and athlete performance is 

correlated and resulted in a decrease in performance over five 6 seconds maximal sprints 

efforts taken when the recovery provided was 60 seconds.  

 

Ward-Smith and Radford (2000) analysed elite athletes to investigate the kinetics of 

anaerobic metabolism and found results consisted of the measured running times and the 

computed measurements. The model used was able to accurately follow the time-distance 

history throughout the game like it was a 100 meters race. The results from this study 

provide strong support for the evidence and use of the three model equation of anaerobic 

metabolism thereby demonstrating that there are better models for proving the energy 

needs of athletes. Male elite sprinters exemplified several aspects of the kinetic energy 

release during intensive exercises. Sonderegger et al. (2016) further validated this claim 

by arguing that the performance of soccer players is positively related to high-intensity 

activities. The study also suggested that speed-endurance training was essential in 

enhancing the achievements of the competitive soccer player. Speed-endurance, 

according to Polglaze et al. (2016), can be explained as a form of near maximal or 

maximal intensity anaerobic training that could be categorised based on the allowed time 

for recovery between the performed sprints bouts. The primary aims of speed training 

are to make the athletes develop the ability to sustain their maximal sprints and high-

intensity activities during matches for prolonged periods. 
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2.12: Conclusion 

Metabolic power is not the ‘panacea’ of team-sport analysis, but it is a very useful tool. 

It provides a more comprehensive measure of intensity and volume for variable-speed 

locomotions, allowing for improved monitoring of training and competitions loads 

(Polglaze et al., 2019). Practitioners and researchers should choose the most relevant 

duration-specific period and microtechnology-derived variable for their specific needs to 

use these for the prescription of conditioning drills and training intensity (Whitehead et 

al., 2018). Nevertheless, experienced individuals are required to undertake the analysis 

to help further identify the peak match demands. Using microtechnology alongside video 

analysis, would provide coaches with more detailed information on the technical-tactical 

and physical demands during match-play. 

 

In conclusion, MP and energy expenditure are essential constructs within modern day 

sports not only for the coaches and the athletes but also for the sports physicians and 

doctors. The amount of energy expended by an athlete has been found to be influenced 

by several factors including the intensity of the game, the level of the game (elite or lower 

level matches), and the extent of activities during a game such as high intensity running 

or a low concentration running. Therefore, the need to accurately measure the amount of 

energy expenditure has gained more significance over the past years. As a result, some 

processes have been developed to help regulate the energy demands and efforts during 

various games. Among the methods of measuring the performance of athletes to obtain 

data for calculating the energy, the use to multi-camera analysis, time-motion analysis, 

video motion analysis, and most importantly, the application of GPS are included. 

However, the validity and reliability of these techniques have been an ongoing issue of 

contention among different researchers and sports science technicians and scientists. 

Consequently, several experiments have been conducted to obtain the validity and 
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reliability of these techniques. Although research on the use of GPS in sports has been 

extensive and comprehensive, much still needs to be done to obtain data required to 

calculate the energy demands of athletes in individual and team sports especially 

regarding the use of GPS as an analysis tool. The validity of these tools needs to be 

examined further to ensure their accuracy and improve the sports science support 

provided to athlete and coach. 
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Chapter 3: The validity of GPS to 

determine energy cost in elite soccer: 

general vs. sport-specific 
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3.1: Introduction 

Soccer match play activity is characterised by repeated bouts of high-intensity running 

superimposed upon an aerobic background (Bangsbo et al., 2006). Through the 

application of new technology, it has resulted in the evolution of performance analysis 

which now provides the most appropriate means to track, capture and analyse movement 

characteristics of intermittent team sports players (Tierney et al., 2016). This has been 

done through computer-aided tracking technology such as local position measurement 

technology and global positioning technology (GPS), allowing for assessment of training 

load to determine individual player performance profiles and ultimately design 

personalised and novel training approaches (Buchheit et al., 2014; Carling, 2013; Coutts 

et al., 2015; Hoppe et al., 2015). GPS studies that have been conducted in the literature 

have considered issues around the validity and reliability of GPS systems, performed 

using low-frequency GPS instruments (1-Hz and 5-Hz) and differ in reliability and 

validity compared to higher frequencies (see Table 2.3). 

However, performance in team sports is rarely linear, and the ability to accelerate, 

decelerate and change direction at several ranges of speed and distance is critical to 

performance (Jennings et al., 2010; 2010a). Therefore, the validation of multidirectional 

and soccer-specific activities using high sampling frequency (10-Hz) GPS is crucial to 

obtain accurate representations of on pitch movement activities and to the evolution of 

metabolic power estimations. The use of laser measurement systems with a sampling 

frequency of ~100-Hz, would facilitate the accurate assessment of acceleration and 

deceleration phases of activities. A new low cost 10-Hz high-frequency GPS system (BT-

1000ex, Qstarz, Taiwan) was used to conduct a comparison with a laser speed gun 

sampling at 100-Hz (LAVEG LDM-300c sport, Jenoptik AG, Jena, Germany) to validate 

the use of GPS measurement system. 
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In soccer, the ability to accelerate and/or decelerate during high-speed running with or 

without a change of direction (CoD) is plays a decisive role in the outcome of a game 

(Carling et al., 2008; Hader et al., 2016; Reilly et al., 2000; Taylor et al., 2017). It has 

been found that the capacity of players to repeatedly accelerate and decelerate plays a 

major role in their overall performance with the impact varying as a function playing 

position (Izzo & Lo Castro, 2005; Taylor et al., 2017), while incorporating other actions 

such as jumping, tackling, lateral shuffling and cutting (Bradley et al., 2010; Carling et 

al., 2008; Taylor et al., 2017). Athletes in endurance sports place a greater focus on 

generally linear steady-velocity submaximal and high intensity running (Laursen & 

Jenkins, 2002; Sloth et al., 2013). Both athletic populations express high levels of aerobic 

fitness but different specific metabolic adaptions in movement patterns. 

Therefore, to gain a better understanding about sport specific demands further research 

is required to help quantify this (Taylor et al., 2017). The determination of energy cost 

(C) for human movement has been assessed using numerous different methods within 

the literature (Arellano & Kram, 2014; Margaria et al., 1963), with the metabolic function 

related to any kind of sport locomotion mode at elite level, generally been evaluated in 

terms of maximum oxygen consumption [V̇O2max]. Presently, assessment of sport 

locomotion is done indirectly, through some sort of maximum aerobic power test, which 

has been found to be a relevant indicator in team sports. However, any specific training 

you wish to evaluate in terms of achieved locomotion economy needs a relevant C 

assessment. Colli et al. (2007) and Zadro et al. (2011) have indicated in the assessment 

of the shuttle-running C that the change of direction (CoD) phase plays critical role on 

the final value calculation of C. 

Therefore, previous attempts made to assess the metabolic cost imposed by soccer match 

play and training through estimates of the metabolic load during match play activities 

calculated from energy cost paradigms that have derived from laboratory models of linear 
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running are not relevant (Osgnach et al., 2010). In developing this indirect metabolic 

approach, the influence of playing surface on the metabolic power required during soccer 

has not been directly/empirically considered in the original metabolic equations (Minetti 

et al., 2002). The energy cost of running on grass is assumed to be ~29% higher than that 

required on a treadmill with a coefficient of multiplication term of 1.29 (KT = 1.29) 

(Pinnington and Dawson, 2001). The incorporation of this into the algorithm of Osgnach 

et al. (2010) to account for the differences in energy cost presents a critical issue that 

likely impacts the accurate determination of the instantaneous energy cost of soccer 

specific activities (Stevens et al., 2015). The estimation of workload and energy 

expenditure of soccer training and match play nictitates the development of indirect 

methodologies to determine these parameters, by validation of sport-specific movements 

in soccer players. 

The aim of this study was to first validate a GPS system to compare the speed and 

distance data measured by a gold standard laser technology system with a high-frequency 

10-Hz GPS system and assess acceleration data by comparing the findings to quantify 

the work rate during intermittent linear and a-linear change of direction soccer specific 

tasks (Pilot study 1). Secondly, the next aim was to compare the different C of linear- 

and shuttle-running in elite athletes that possess high level of aerobic fitness but who are 

specifically adapted to either linear or shuttle/multidirectional running in their training 

and competition. Ultimately, these findings provided the basis of the present 

investigation set out to determine the energy cost of running on grass (Cr) in elite soccer 

players, via the incorporation of direct measures of oxygen cost taken on official UEFA 

standard grass playing surfaces. 
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3.2: Methods 

3.2.1 Pilot Study 1 

Participants 

Ten male semi-professional soccer players playing at varsity level with age (mean ± SD) 

21.0 ± 2.0 yrs, body mass 74.0 ± 5.0 kg, height 174.0 ± 6.0 cm were recruited for this 

study.  

Research Design 

Experimental design and protocol [GPS validation] 

All participants were required in a random order to complete 4 different running 

conditions: 1-2) linear (straight)-line sub-maximal run over a marked 30 meters course 

with low-moderate acceleration and deceleration, 3-4) sub-maximal shuttle run over 20 

meters keeping time with a sound signal to regulate running speed and 5) high-intensity 

accelerations and decelerations over 50 meters. Additionally, each participant undertook 

linear and change of direction tasks running several laps (6 laps) of a measured soccer 

specific circuit (Figure 3.1), which was set out on a synthetic sports surface. This was 

designed to simulate the kinematics velocity and changes of direction experienced during 

a soccer game. Seven days prior to the investigation, all participants undertook a 

habituation protocol to ensure familiarity. To facilitate participants adherence to the 

movement velocities and from accelerating/decelerating before a change in designated 

movement zones, cones were placed to designate the initiation and cessation point of the 

movement sequences. All protocol activities commenced from a stationary start position 

and required participants to come to a complete stop at the end of the marked course. 
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Figure 3.1. Displacement, direction and angle of change during the non-linear soccer-

specific circuit. 

 

A metric trundle wheel with a counter was used to measure the exact length of the soccer-

specific circuit and each participant familiarised with a sound signal emitted at set times 

to regulate running speed. During the non-linear circuit, an iPod system (iPod nano, 

Apple, Cupertino, California) was used to produce the pacing signals (a beep sound) 

every 5 seconds. As a spatial reference, multiple markers were positioned at fixed points 

depending on the running speed required. The running speed started at 2.5 m·s-1 and 

increased to 3.3 m·s-1 and 4.1 m·s-1 over two consecutive laps. 

 

Movement of participants were tracked using GPS devices (BT-Q1000eX 10-Hz, Qstarz, 

Taipei, Taiwan; VX LogTM 225, Visuallex Sport, Lower Hutt, New Zealand). During 

straight-line and linear shuttle running simultaneous measurement with a laser speed gun 

sampling at 100-Hz (LAVEG LDM-300c sport, Jenoptik AG, Jena, Germany), 

simultaneously, and performed to act as a gold standard. The measurement error for the 

laser speed gun concerning distance covered has been identified as being 0.10 ± 0.06 m 

over 100 m distance (Arsac & Locatelli, 2002) with a coefficient of variation of up to 
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0.2% over 10, 30, 50 and 70 metres (Harrison et al., 2005). The laser speed gun was 

positioned behind the participants at the starting point of the linear runs and aligned with 

the centre of the participants back to ensure acquisition of laser signal, which is in 

accordance with the guidelines set by the manufacturers. Instantaneous velocity 

measurements were obtained for each trial. The GPS units were placed approximately 20 

cm apart on the upper back in a custom-made vest on all participants. The mean ± SD 

number of satellites during data collection for both the linear (acceleration and 

deceleration) runs and the shuttle run were determined. Laser velocity data (100-Hz) was 

resampled to 10-Hz and 4-Hz for direct comparison with the respective GPS device and 

synchronised at the first movement recorded above 0 m·s-1 to account for processing 

phase delays inherent with GPS system. Data were downloaded and analysed using 

several commercial software related to each respective device (GPS Power, SPINItalia, 

Roma, Italy; LAVEG v3.9, Jenoptik, Jena, Germany; QSports v3.74, Qstarz, Taipei, 

Taiwan; VX ViewTM, VX Sport, Lower Hutt, New Zealand) to determine the time, the 

speed and the distance, which was used for subsequent analysis. 

 

Statistical analysis 

All data were analysed using descriptive statistics. The results are presented as the mean 

± the standard deviation throughout the text unless otherwise stated. The strength of 

association between individual laser (gold standard) and 10-Hz GPS estimates of running 

speed was assessed using Pearson (r) correlation analysis. The least squares regression 

approach was used to determine the validity of the 10-Hz GPS, where the laser estimates 

of running speed were regressed against each 10-Hz GPS calculated separately for each 

running speed (Batterham, 2004; Hopkins et al., 2004; Hopkins, 2010). The potential for 

any fixed bias was assessed by determining whether the intercept for the regression was 

different from zero. To identify the presence of proportional bias, the slope of the 
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regression line was assessed to determine if it was different from 1. The random error 

was quantified using the standard error of the estimate from the regression. As 

recommended by Bland & Altman (2003) and Hopkins et al. (2004), visual inspection of 

the residual plots (standardised residual on standardised predicted) was carried out to 

determine if the random error was uniform along the range of measures taken. 
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3.2.2: Pilot Study 2 

Participants 

Ten professional soccer players belonging to the second team of an Italian SERIE A club 

with age (mean ± SD) 17.6 ± 0.5 yrs, body mass 71.5 ± 6.8 kg, height 174.2 ± 6.1 cm, 

and maximal oxygen uptake (V̇O2max) 55.0 ± 3.6 (mL·kg-1·min-1), were recruited for 

group one of this study. A further seven marathon runners with age (mean ± SD) 33.4 ± 

8.0 yrs, body mass 66.7 ± 7.1 kg, height 174.6 ± 6.2 cm, and (V̇O2max) 69.4 ± 3.7 (mL·kg-

1·min-1), were recruited for group two of this study. Inclusion in the study required that 

the marathon runners had a mean best marathon time 2h30min.  

 

Research design 

Utilising a repeated measure design all participants attended the laboratory on four 

occasions initially to complete familiarisation with the protocols, then subsequently to 

complete a maximal oxygen uptake test, shuttle run test, and linear treadmill run. This 

experimental study was approached through an observational design. Each participant 

first completed a familiarisation session and thereafter each participant completed one 

experimental session (detailed below). 

 

Measuring oxygen consumption and lactate concentration  

Oxygen consumption was evaluated breath-by-breath using a portable gas analyser (K4b2, 

Cosmed, Rome, Italy). The unit was previously calibrated according to manufacturer’s 

instructions by means of a 3-L syringe and a gas mixture with similar values of what the 

subject breathes out (16.00% O2 and 5.00% CO2). During the tests, the gas analyser was 

placed with a harness on the subject’s shoulders. Data were recorded by the unit and 

telemetrically sent to a personal computer. Results were reported as L-min averages and 

used for subsequent analysis. Peak blood lactate concentration ([La-]b) was measured by 
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means of a portable analyser (Lactate Pro TM LT-1710, Arkray Inc., Kyoto, Japan) in a 

blood micro sample taken from the subject’s ear lobe 5 and 7 min after the end of the test. 

Oxygen consumption (V̇O2max [mL∙kg-1∙min-1]) was measured during both straight- and 

shuttle-runs and lactate was measured after each run as well. 

 

Energy cost of running 

Straight-running (Cr) 

For the calculation of Cr at different constant speeds, each participant ran at different 

constant speeds on a motorized treadmill (Excite Run 700i, Technogym, Gambettola, 

Italy) in order to identify anaerobic threshold speed, measure their steady-state V̇O2max 

and run-end [La-]b. Each participant began with a 10-min 8 km∙h-1 warm-up and then 

performed the test. Soccer players ran randomly at 10, 12, and 14 km∙h-1, 5-min at each 

speed, and with 3-min rest between each run and then performed the next set. Marathoner 

runners’ running speeds were 10, 14, and 17 km∙h-1, respectively. The 10 and 14 km∙h-1 

speeds were chosen for subsequent energy cost of running (Cr) analysis. Cr was 

calculated as the above resting V̇O2max – with the resting value assumed to be 3.5 mL∙kg-

1∙min-1 – divided by the speed in m∙min-1 and therefore expressed in J∙kg-1∙m-1 (with the 

assumption of 1 mL O2 = 20.9 J, i.e., considering a respiratory exchange ratio [RER] of 

0.96). 

Shuttle-running (Csh) 

Each subject ran eight times four 22-m legs with three 180° CoDs per leg over 20-s (i.e., 

at 15.84 km∙h-1 speed) with 20-s passive recovery between each run and the next one (i.e., 

5-min total running plus recovery time) in addition to a further post-run 6-min recovery. 

Running speed was set by audio signals emitted by loudspeakers controlled by a personal 

computer. Energy cost of shuttle-running (Csh) was calculated as the energy utilised 

above resting metabolism (E) in J∙kg-1 divided by the distance in meters. E corresponds 
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to the sum of the anaerobic alactic (AnAl), anaerobic lactic (AnL) and aerobic 

contributions (Aer). The anaerobic alactic contribution was calculated by taking into 

account the kinetics during the recovery. The recovery area under the linear interpolation 

from the 4th to 6th min values provides an estimate of the oxygen required to re-pay the 

anaerobic alactic contribution (di Prampero et al., 1973; 1999) (Figure 3.2). The 

anaerobic lactic contribution was calculated by multiplying [La-]b above the resting 

value, assumed to amount to 1 mM, by 3 mL∙kg-1 O2 (di Prampero et al., 1981). The 

aerobic contribution was calculated as the measured over the 5-min total running plus 

recovery time, above the resting value, assumed to amount to 3.5 mL∙kg-1∙min-1. C was 

expressed in J∙kg-1∙m-1 (with the assumption of 1 mL O2 = 20.9 J, i.e., considering a 

respiratory quotient of 0.96). 

 

 

Figure 3.2. Typical oxygen consumption (V̇O2) above-resting value kinetics over a 

hypothetical 6-min exercise plus 6-min recovery (reproduced after di Prampero, 1981). 

 

 

 



63 

 

Statistical analysis 

All data were analysed using Statistical Package for the Social Sciences version 22 for 

Windows (SPSS, Chicago, IL, USA). All data were checked for normality using the 

Shapiro-Wilk test. Differences between groups were evaluated using an independent t-

test. The results are presented as the mean ± the standard deviation throughout the text 

unless otherwise stated. The alpha level of significance was set at 5% (Kinear & Gray, 

1995). 
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3.2.3: Main study 

Participants 

Seventeen male elite, professional soccer players of a national and international level 

(age [mean ± SD] 24.0 ± 2.9 years, stature 175.1 ± 4.9 cm, and body mass 75.9 ± 5.2 kg) 

were recruited for this study. Verbal explanation of the experimental procedure was 

provided to everyone; this included the aims of the study, the possible risks associated 

with participation and the experimental procedures to be utilised. The experimental 

procedures were approved by the local Human Ethics Committee. Participants were 

required to avoid all alcohol 24 h prior to each test. None of the participants presented 

with a history of bone fractures and/or a history of musculoskeletal abnormality; and 

none of the participants were receiving any pharmacological treatment during this study. 

All participants gave their written informed consent. The study was conducted in 

accordance with the ethical standards of the journal and complied with the Declaration 

of Helsinki. 

 

Experimental protocol 

Each participant completed two sessions each attendance separated by at least 3 days. 

The participants first underwent an assessment of oxygen consumption (V̇O2) at rest 

followed by an incremental treadmill run to exhaustion to assess V̇O2max. V̇O2 was 

assessed by means of a portable breath-by-breath Cosmed K4b2 gas analyser (Cosmed, 

Rome, Italy). On a second occasion, each participant performed a run on an UEFA 

standard grass soccer pitch with soccer shoes to evaluate Cr. The participants were free 

to live a ‘normal life’ between sessions, sleeping at home at night and attending lectures 

and doing light office work in the day. They were told to refrain from drinking alcoholic 

or caffeinated beverages and from other training or heavy exertion for the 48 h before the 

experiments or during them. Participants body mass was assessed to the nearest 0.1 kg 
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using a Seca weighing scales (Seca, model 702, Germany), and height, to the nearest 0.1 

m, using the Seca stadiometer (Seca, model 217, Germany) during the initial visit. 

 

Maximum oxygen consumption (V̇O2max) assessment  

The protocol started at a speed of 8 km·h-1, with the speed increasing by 2 km·h-1 every 

2 min up to a maximal speed of 16 km·h-1. Once the maximal speed was achieved, 

thereafter the gradient was increased by 2.5% every 2 min until volitional exhaustion. 

V̇O2 and heart rate were measured continuously on a 5-sec basis. V̇O2max was identified 

as the highest value of each at volitional exhaustion (Beltz et al., 2016). 

 

Straight-running energy cost (Cr) assessment  

Straight-running energy cost assessment was performed on a UEFA standard grass soccer 

pitch (Artemio Franchi stadium, ACF Fiorentina, Florence, Italy) and required all players 

to wear soccer shoes. All participants were asked to perform an aerobic-based 10.29 

km·h-1, 6-min, steady-state, circular run (Figure 3.3). Each run’s path was marked with 

cones every 20 meters with each participant controlling his speed by paying attention to 

a PC-controlled sound signal emitted every 7 sec (i.e., sound every 20 m and 7 sec, that 

means 10.29 km·h-1 speed respected). Each subject was instrumented to wear a wrist 

heart rate monitor (RS800sd, Polar Electro Oy, Kempele, Finland). V̇O2 was measured 

on a breath-by-breath basis using a portable metabograph (K4b2, Cosmed, Rome, Italy). 

In accordance with the manufacturer’s instructions, the portable unit was calibrated for 

flow measures using a 3-L syringe and for gas percentage measures by using a gas 

mixture of known composition (i.e., 16.00% O2 and 5.00% CO2 in N2). During the 

straight-running test, the portable unit was kept in a harness on the participant’s shoulders. 

Data were recorded locally by the portable unit and sent telemetrically to a PC. V̇O2 data 

were averaged over 1-min epochs. Steady-state V̇O2 was defined as the mean of the last 
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three min of the straight-running test. Before the start of the study, all participants were 

fully familiarised with the instruments and procedures. 

 

Figure 3.3. Illustration of the UEFA standard grass soccer pitch; the spatial markers 

show the circular path of the test. 

 

Energy cost of running (Cr) calculation 

Cr was calculated as the ratio between V̇O2 above its resting value (V̇O2n) and the speed 

(v): 

Cr = V̇O2n / v 

assuming an energy equivalent of 20.9 J per mL of O2 (corresponding to a non-protein 

respiratory exchange ratio of 0.96) and v is 10.29 km·h-1 (i.e., 2.86 m·s-1), a speed below 

the anaerobic threshold one. When a steady-state exercise is performed below the 

anaerobic threshold intensity, all the metabolic energy demand is satisfied by means of 

the aerobic energy mechanism. Cr resulted therefore expressed in J∙kg-1∙m-1. 
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3.3: Results 

Pilot Study 1: 

During all completed trials the mean number of satellites (± SD) acquired during data 

collection for the linear task (acceleration and deceleration) and the shuttle run was 10.77 

± 0.85 compared to 10.60 ± 0.90 during the circuit. The mean horizontal dilution of 

position (HDOP) during data collection was 0.89 ± 0.10 for linear acceleration and 

decelerations, and the shuttle run and 0.88 ± 0.08 for the soccer-specific circuit. 

Figure 3.4 presents the typical response to a linear acceleration and deceleration task 

across all GPS systems (n = 4). It was established that the trend of speed was acceptable 

in both the 4-Hz and 10-Hz GPS systems. However, the ability to track changes in 

acceleration and deceleration of the 4-Hz GPS was poorer than the 10-Hz device which 

showed a greater accuracy. Furthermore, the 4-Hz GPS device showed a loss of accuracy 

even when speed remained constant. 

 

 

 

 

 

 

 

Figure 3.4. Comparison of the typical running speed response curve for 10-Hz GPS vs. 

4-Hz GPS vs. laser during linear acceleration and decelerations over 30-m at moderate 

intensity. The red line indicates the 10-Hz GPS, the green line highlights the 4 Hz-GPS 

and the blue line the laser speed gun. 
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During each linear run consisting of 20, 30 and 50-m of acceleration and deceleration it 

was found that mean ± the standard deviation of the laser system derived relative in 

relation to 10-Hz GPS derived distance covered respectively for the different running 

speeds was: 30.33 ± 0.77 m vs. 29.50 ± 0.87 m (-0.027%) at 2.5 m·s-1; 30.22 ± 0.91 m 

vs. 29.45 ± 0.98 m (-0.025%) at 3.3 m·s-1; 50.47 ± 0.40 m vs. 49.27 ± 0.84 m (-0.024%) 

at 4.38 m·s-1 and 39.26 ± 0.52 m vs. 38.55 ± 0.46 m (0.018%) during shuttle running. 

The GPS system underestimated the distance covered for all activities. The 

measurements collected from the soccer-specific circuit (non-linear) showed that total 

distance covered, as measured by the 10-Hz GPS, compared to the actual measured 

distance was 140.84 ± 2.27 m, (-2.25%) at a speed of 2.5 m·s-1, 136.01 ± 3.69 (-5.6%) at 

a speed of 3.33 m·s-1 and 138.8 ± 2.38 m (-3.67%) at a speed of 4.16 m·s-1. As displayed 

by Figure 3.5, the 10-Hz GPS clearly underestimates the criterion of distance during the 

soccer-specific circuit.  

 

 

 

 

 

 

 

 

 

Figure 3.5. Comparison of the actual distance covered, and the estimation of distance 

covered through the 10-Hz GPS through comparison of the transit path during the linear 

and non-linear soccer-specific circuit at a speed of 3.33 m·s-1. 



69 

 

The slopes, intercepts and the standard error of estimates (SEE) are presented in Table 

3.1. It was found that the random error was relatively similar across the different 

movement tasks with the smallest value being 0.018 m·s-1 for the low-intensity run and 

further augmented to 0.070 m·s-1 when the speeds increased a change of direction was 

incorporated. Through assessment by visual inspection of the regression line (Figure 3.6), 

a potential for bias was assessed. 
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Table 3.1. Least squares regression analysis (R) of the slopes, intercepts, standard error of estimate (SEE) and 95% confidence interval (95% CI) between 

the laser gun and 10-Hz GPS for various running speeds (m·s-1) and metabolic power (W·kg-1) in varsity soccer player.
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Figure 3.6. Least Squares regression analysis plot (R) of the slopes, intercepts, standard 

error of estimate (SEE) and 95% confidence interval (95% CI) between the laser gun and 

the 10-Hz GPS for low intensity running speeds (m·s-1) in varsity soccer players. (Note 

the underestimation of speed as indicated by the points lying above the line of unity 

[broken line] indicate a fixed bias. The example illustrated suggests that relative to the 

laser gun it underestimates speed by a margin of -0.06 m·s-1, in conjunction with a small 

SEE 0.018 m·s-1). 
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Pilot Study 2: 

Linear-running [La-]b values are shown in Table 3.2. Conversely to walking, it is widely 

accepted that the metabolic rate during running increases linearly as a function of the 

speed. Thus, it has been proposed that Cr is independent from the running speed (di 

Prampero et al., 1986; 2009; Giovanelli et al., 2015; Margaria et al., 1963). Compared 

with marathoners, soccer players Cr was approximately 7.2% higher (P = 0.046), whereas 

their Csh was 10.9% lower (P = 0.002, Table 3.3). 

 

Table 3.2. Mean (± SD) values for peak blood lactate concentrations (mmol·L-1) over 

different speeds in soccer players and marathon runners. 

Speed (km·h-1) Soccer players Marathoners 

10 1.3 ± 0.1 1.0 ± 0.1 

12 2.1 ± 0.2 - 

14 3.7 ± 0.3 1.9 ± 0.2 

17 n/a 4.8 ± 0.1 

 

 

Table 3.3. Mean (± SD) values for energy cost (J·kg-1·m-1) in linear (Cr)- and shuttle-

running (Csh) for soccer players and marathon runners. Statistical significance (P < 0.05) 

is indicated in bold. *Different than soccer players. 

 

Running type Soccer players Marathoners Δ% P value 

Linear-running 4.3 ± 0.4 4.0 ± 0.2* +7.2 0.046 

Shuttle-running 7.4 ± 0.2 8.3 ± 0.4* -10.9 0.002 
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Main Study: 

V̇O2max and Cr resulted in 55.7 ± 3.4 mL∙min-1∙kg-1 and 4.66 J∙kg-1∙m-1, respectively. All 

the relevant bioenergetics values are showed in Table 3.4. 

 

Table 3.4. Mean (± SD) values for the bioenergetics variables in 17 elite soccer players. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Bioenergetics variables Mean ± SD 

V̇O2max (mL·kg-1·min-1) 55.7 ± 3.4 

Rest V̇O2 (mL·min-1) 266.0 ± 18.0 

Steady-state running V̇O2 (L·min-1) 2.9 ± 0.3 

Steady-state running V̇O2 (mL·kg-1·min-1) 40.8 ± 3.0 

Cr (J·kg-1·m-1) 4.66 ± 0.4 
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3.4: Discussion 

The first pilot study found that both 10-Hz and 4-Hz GPS devices are valid tools for 

measuring distances covered, running speed and accelerations during intermittent 

running activity consistent with that reported using 5-Hz GPS in simulated intermittent 

activity protocols (Coutts and Duffield, 2010; Petersen et al., 2009). The findings indicate 

that the current 10-Hz GPS system is like other commercially available systems and 

offers acceptable accuracy in multidirectional movements. As with similar systems when 

running speed increases accuracy seems to decline although the magnitude of this decline 

is attenuated with higher 10-Hz GPS frequency. The use of a higher sampling rate of 5-

Hz allows for more accurate data representing short high-speed movements (Jennings et 

al., 2010; Portas et al., 2010). The findings from this research further support the general 

notion that doubling sampling rate from 5-Hz to 10-Hz improved the accuracy of running 

speed and distance travelled measurements and is in line with previous observations 

(Castellano et al., 2011a; Varley et al., 2012), with 4-Hz GPS proving impractical in this 

setting.  

There was a disassociation between the 4-Hz GPS and both the laser system and the 10-

Hz GPS in its ability to track acceleration, constant velocity and deceleration over short 

distances. Figure 3.7 shows the typical responses of the 10-Hz GPS during the 

acceleration and declaration phases. The 10-Hz GPS and the laser system can track 

accelerations and decelerations accurately. Further, the small error rates of less than 4% 

between both systems as derived for the criterion of speed values, would most likely not 

be enough to affect the assessment and/or classification of movement or metabolic cost 

during game activities, when translating these findings to a game specific context. 

However, it is important to note that the presence of fixed bias indicates that the 10-Hz 

GPS slightly underestimates running speed when compared to the laser system for all 
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tested velocities. This finding is consistent with other reports sampling GPS at a lower 

frequency and may reflect the satellite offsets pre-built into the systems. 

 

 

 

 

 

 

 

 

 

 

Figure 3.7. A comparison of typical running speed and distance measures derived from 

a 10-Hz GPS relative to laser during linear acceleration and decelerations at low intensity 

over 30-m (Panel-A), moderate intensity over 30-m (Panel-B), and high intensity over 

50-m (Panel-C). Panel D and E show a shuttle-run over 40-m (20+20 m) at two different 

intensities.  

A B 

E 

C D 
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The present data showed that when speed increased, the accuracy of the measure was 

maintained during both linear and change of direction tasks with the 10-Hz system.  The 

maintenance of tracking accuracy with 10-Hz GPS during shuttle running tasks with a 

180º change of direction disagrees with the findings of Portas et al. (2010). They 

suggested that 5-Hz systems are not accurate in measuring data from a soccer-specific 

task, such as movements with a broad range of change of direction. Nevertheless, the 

data acquired during the first pilot study indicated that a 10-Hz sampling frequency 

provides an underestimation of running speed and distance of more than 4% in shuttle-

run tasks at various speeds with 180º change of direction. 

The quality and accuracy of the GPS signal, we reported the satellite lock and the 

Horizontal Dilution of Precision (HDOP) which can be considered the sum of all the 

errors that may impact upon GPS signal quality (Witte and Wilson, 2004). The main 

factors influencing HDOP are the number of visible satellites and their position around 

the receiver unit (Williams and Morgan, 2009).  Values range from 1-50 with 1 indicating 

ideal scenarios where a satellite is locked directly overhead with others providing a 

systematic array spread equidistant around the horizon. Variation from this suggests 

increasing unreliability (Witte and Wilson, 2004). Satellite lock and HDOP are critical 

aspects of information and should be reported during the data collection process for all 

future work. Any data collected with less than five satellites lock and an HDOP of greater 

than 2.5 should be considered inaccurate and should be avoided (Hewitt et al., 2012; 

unpublished data LJMU Soccer Exchange). The current work indicated that during linear 

accelerations/decelerations and non-linear soccer-specific circuits there was an average 

satellite lock of 10.77 ± 0.85 and 10.60 ± 0.90 with an average HDOP of 0.89 ± 0.10 and 

0.88 ± 0.08, respectively. These findings are within the recommended requirements 

regarding satellite lock and HDOP and can therefore be considered acceptable. 
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The main findings in the second pilot study established that the determination of energy 

cost derives from a purely physiological component and specific technique. Improving 

C and thinking that efficiency is the same in any type of movement during training is a 

methodological error. All athletes, like the marathon runners and soccer players used in 

this study, have different goals and objectives of training which are based on energy 

demands related to their competition considering all the specificities that are needed to 

excel. If the aim of a marathon runner is to improve his running economy, through 

increasing his V̇O2max, only small improvements can be made if he is an advanced athlete 

and this will not be improved beyond the normal circannual oscillations. However, for a 

soccer player to become more efficient in the straight-line running it would mean 

spending a lot of time training a technique that has nothing to do with the biomechanics 

of ball control or the need to accelerate and decelerate suddenly and intermittently as 

required to do so in soccer. Therefore, the importance of considering the nature and needs 

of the sport is vital and influences the energy cost of movement. 

The main finding of this main study was that in elite professional soccer players, the 

energy cost of linear-running (Cr) on a UEFA standard grass soccer pitch is 4.66 J∙kg-

1∙m-1. Constant-speed linear-running measured oxygen consumption amounted to 73% 

of maximum oxygen consumption, confirming the aerobic nature of the metabolic 

demand due to the set Cr assessment speed. Pinnington and Dawson (2001), and Rodio 

et al. (2004) have reported values of 4.64 and 5.7 J·kg-1∙m-1 when running on natural 

grass in a group of recreational runners and sedentary males, respectively. In a group of 

amateur soccer players, Sassi et al. (2011) reported a Cr value of 4.2 J∙kg-1∙m-1, which is 

lower than the present value. More recently, Stevens et al. (2015) in a group of non-elite 

players determined Cr to be approximately 4.6 J∙kg-1∙m-1 at a running speed of 10 km·h-

1 on artificial turf. It can be thus be established that on grass and turf, Cr assessment 

provide different estimates of Cr, which seem to vary as a function of the surface type as 
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well as the assessed population. Present results are clearly different from Sassi et al. 

(2011) i.e., Cr does not exceed 4.5 J∙kg-1∙m-1. It is believed this difference may be due to 

the study surface type and the assessed population, in addition to the fact that our 

participants wore soccer shoes. The integration of these factors together may affect 

running kinematics and in doing so increasing the metabolic demand (Dolci et al., 2018). 

It should also be remembered that the Cr presented herein reflect a non-fatigued player 

with replete muscle glycogen concentrations. It remains to be determined if the Cr 

changes as a function of fatigue related changes in metabolic, cardiorespiratory, 

biomechanical, and neuromuscular efficiency fluctuations during a match-play and 

training thus current measures should be considered with this caveat in mind. 
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3.5: Conclusion 

In conclusion, it can be established that through comparison between different measuring 

systems an increased GPS sample frequency (rate) provides a valid means of assessing 

running speed during rapid acceleration and deceleration that occur during linear runs 

and runs with tight changes of direction relative to a 100-Hz laser system. Further, the 

determination of energy cost derives from a purely physiological component and specific 

technique and is dependent on the nature of the sport of the athlete. Most importantly, 

assessment of the Cr profile over the season has shown that such a bioenergetics variable 

increases from the start to the end of the soccer matches’ calendar (Buglione & di 

Prampero, 2012). Such a finding, yet to be confirmed, prompts further research towards 

the study of both straight- and shuttle-running on natural grass pitches Cr in elite soccer 

players. Given that these players might have developed a high-level specialization in 

running with frequent accelerations, decelerations, and changes of direction, coaches and 

players need to pay special attention to the monitoring and possibly conditioning of this 

kind of Cr, as well. This study provided an up-to-date measure of on-pitch Cr. Such a 

value is only slightly higher (+0.4%) than the one proposed by Pinnington and Dawson, 

(2001) commonly used as equation constant term (Minetti et al., 2002) within the so-

called “metabolic power” approach (Osgnach et al., 2010). Yet, it is based on present 

data advisable to start using the new estimate presented here in given that – differently 

from the current one – it is a result from an investigation on elite soccer players rather 

than an extrapolation from a recreational non-elite population undertaking activity on a 

non-elite soccer standard surface. 
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Link between Chapter 3 to Chapter 4: 

Taking advantage of the help of technology in modern sports, allows practitioners to 

better evaluate and plan workouts according to a performance model. The application of 

validated tools can support the measurement of physical and physiological parameters. 

Studying the energy cost of running in its sport-specific variants helps us to better 

understand the fundamental value of the technique, and the variables that emphasise the 

qualities of an athlete. The possibility of calculating this parameter of movement 

efficiency in soccer can offer an important starting point for improving the energetic 

equations currently used in the concept of metabolic power. 
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Chapter 4: Validity of a new metabolic 

power algorithm based upon di Prampero’s 

theoretical model of energy cost 
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4.1: Introduction 

To monitor Cr, it is important to understand several factors that influence the accuracy of 

Cr determination. The original concepts (di Prampero et al., 2005; Minetti et al., 2002) 

were based on running on compact terrain (like treadmills) and recent findings have 

established that running on a grass surface elevates Cr by ~30% when compared to 

running on dense terrain (Pinnigton & Dawson, 2001). Further, fitness level influences 

Cr as running economy can easily be improved through training (Beneke & Hütler, 2005; 

Iaia et al., 2009), with research on professional soccer players showing that Cr of running 

increased by 14% from pre-season to in-season (Buglione & di Prampero, 2012). As a 

result, Osgnach et al. (2010) based their equation on the work conducted by Minetti et 

al. (2002) and added the Pinnington and Dawson (2001) correction, which consists of a 

multiplication term of 1.29 (KT = 1.29) to consider the difference between running on a 

treadmill and on a grass pitch. However, the incorporation of this multiplication term into 

Osgnach’s model presents a critical issue that impacts the accurate determination of the 

energy cost of soccer-specific activities. Pinnington and Dawson (2001) developed KT 

through analysis of recreational runners which does not present a suitable kinematic 

model of running that is representative of elite soccer players. Therefore, there is a need 

to re-establish the coefficient of multiplication as this may not provide an accurate 

representation of the metabolic constant in soccer players. In addition, Osgnach et al. 

(2010), failed to reflect the accurate energy cost imposed by running on a grass surface 

and did not use a population of elite athletes, meaning the estimation of the metabolic 

power could be impaired and inaccurate.  

 

Buchheit & Simpson (2016) have discussed the difference between the direct measure of 

metabolic power (PV̇O2) and the approach derived and proposed by Osgnach et al. (2010). 

Arising from those considerations, several limitations that may contribute to the 
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underestimation of PGPS noted, including the sampling frequency of GPS and the 

mathematical treatment of speed data (Stevens et al., 2014), the method used for the 

calculation of the MP in an intermittent submaximal exercise (Buchheit et al., 2015a). In 

addition, the experimental design of the work protocol failed to population specificity 

(e.g. elite soccer players) and variances in C across different playing surfaces (e.g. natural 

grass). Further, the performance assessment model undertaken work:rest ratio and 

different movements-activities (e.g. sprint, running, jogging, walking etc.) as well as the 

presence of the ball corrected from the temporal point of view in the chosen exercise 

(Buchheit et al., 2015a; Brown et al., 2016) need to be considered. Active and passive 

pause/recoveries play a central role, together with the choice of the analysed sport in 

determination of PGPS (Highton et al., 2016). 

 

Following di Prampero’s approach and the concept of metabolic power in soccer, the 

goal is to determine - by developing specific runs in a non-linear test - the difference 

between the direct measurement of oxygen consumption through a portable metabolic 

device (PV̇O2) and the indirect measurement through GPS (PGPS, metabolic power from 

GPS), to validate this procedure deemed useful for analysing soccer activities during 

match-play and training sessions.  

 

It has been found that: the statistical approach for comparing two methods of 

measurement is contentious. Bland and Altman’s 95% limits of agreement is the most 

commonly adopted approach for method comparison. The differences between the two 

methods of measurements taken on the same participants are determined by the mean of 

these differences. However, this approach has been criticised by Ludbrook (1997; 2010) 

and Hopkins (2004) about how potential bias between the two methods is determined. 

Ludbrook (1997; 2002) illustrated that the 95% limits of agreement did not always 
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appropriately distinguish between fixed and proportional bias. Fixed bias occurs when 

the values of one method of measurement are either higher or lower than the other method 

of measurement by a constant amount, whereas proportional bias is when the size of the 

difference between the values for the two methods of measurement is related to the size 

of the value being measured (Ludbrook, 1997; 2002). Therefore, it is important to 

understand that there can be different goals in method comparison and that Bland and 

Altman’s approach was initially designed to determine if two methods can be used 

interchangeably. Bland and Altman (1986) state that their approach is not for situations 

where the values of a new method are compared to the values of a highly accurate 

measure (i.e., calibration). Instead, it is for use in situations where the goal is to determine 

if a new method of measurement has enough agreement with an old method of 

measurement such that the old method could be replaced.  

 

Both Hopkins (2004) and Ludbrook (1997; 2010) have argued that using the limits of 

agreement is inappropriate for situations of calibration, where a new method is to be 

compared to a gold standard (i.e., criterion validity). In the Bland and Altman approach 

the differences between each participants’ scores on the two methods of measurement 

are plotted against the averages of the participants’ two scores. Therefore, Ludbrook 

(1997; 2002; 2010a) recommends the use least products regression in calibration studies 

as it appropriately identifies whether fixed and/or proportional bias is present between a 

potential new method of measurement and an established gold standard. Fixed bias would 

occur when the values of a new method of measurement are either higher or lower than 

the gold standard’s values by a constant amount, whereas proportional bias occurs when 

the size of the new method value that is over or under the gold standard is proportional 

to the size of the value being measured (Ludbrook, 1997; 2002). All measurement 

tools/processes contain error. Therefore, a gold standard measurement tool and the 
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potential new method will both contain random error in their values. Least squares 

regression assumes that whichever method of measurement is the independent variable. 

 

The aim of this study was to validate a new equation that considers these factors on the 

energy cost of running on UEFA standard grass playing surfaces (Cr) in elite soccer 

players, during a soccer specific intermittent movement protocol relative to directly 

determined physiological data using a new statistical approach. This will be done through 

the information determined from previous chapters and incorporating these into a new 

metabolic power algorithm that includes specific energy cost terms developed in elite 

players population, developed upon a normal playing surface, with soccer-appropriate 

footwear to best replicate factors important in the determination of movement economy 

and thus energy cost. 
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4.2: Methods  

Participants 

Thirteen male elite, professional Serie A soccer players of a national and international 

level with age (mean ± SD) 22.1 ± 5.9 yr, height 181.8 ± 5.4 cm and body mass 76.5 ± 

6.2 kg took part in this study. All players had at least ten years of experience playing in 

national championships from a junior age. Verbal explanation of the experimental 

procedure was provided; this included the aims of the study, the possible risks associated 

with participation and the experimental procedures to be utilised. The experimental 

procedures were approved by the local Human Ethics Committee of Liverpool John 

Moores University. The study complied with the Declaration of Helsinki. 

 

Research Design 

Prior to the main experiment, all players underwent a soccer-specific intermittent 

exercise protocol on several occasions to familiarise and facilitate subsequent 

physiological data collection. During each trial, participants were fitted with a 10-Hz 

GPS unit (BT-Q1000eX 10-Hz, Qstarz, Taipei, Taiwan), and a portable gas analyser 

(K4b2 Cosmed, Rome, Italy), to assess the oxygen uptake directly. At the start and end 

of each testing session, blood lactate was collected via a portable lactate analyser (Lactate 

Pro TM LT-1710, Arkray Inc., Kyoto, Japan).  

 

New energy cost equation (Minetti modified) calculation 

The new energy cost equation modified according to Minetti (2002), was derived from 

findings in Chapter 3, using the Pearson correlation coefficient modelling of energy cost 

directly measured on a UEFA standard natural grass soccer surface while wearing soccer 

boots. An Cr value of 4.66 J·kg-1·min-1 was established using several curves fit models 

from a 2nd to a 4th order polynomial fit (Figure 4.1). The determination of this new energy 
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cost as the constant term is central to the identification of ‘Metabolic Power' in soccer 

and further enhances previous models by providing both a surface specific and 

population specific energy constant. The previous constant of 3.6 J·kg-1·min-1 was altered 

to reflect the true energy cost of running on UEFA standard natural grass pitch in elite 

players. The new constant modifies and disrupts the essential mathematical slope and 

shape of the Minetti et al. (2002) model ranging from -45% to 45% and impairs the 

calculation of metabolic power. To maintain the integrity of the equation in this range (-

45% to 45%) while correcting for the underestimation of energy cost that it is created 

during decelerations (gradients) greater than -45% modification of the slope (% 

gradient)/energy cost data with a different model was used. Following the mathematical 

model of di Prampero et al. (2005), fitting acquired data (in Chapter 3) with a 4th order 

polynomial (Figure 4.1) meets the requirements of the equation. The constant term of the 

energy cost is held at 4.66 J∙kg-1∙m-1, and the error term is minimised (0.12 J∙kg-1∙m-1) 

more efficiently than either a cubic or parabolic model. Decreasing the order of the 

polynomial fit for the equation to both a 2nd and 3rd order (2°-3° degree) translates the 

trend line, shifting it upwards on the y-axis, in effect overestimating the directly 

determined constant term from 4.66 to 4.79 J∙kg-1∙m-1. The new ‘Energy Cost equation' 

was thus raised to the fourth-degree polynomial. In doing so it does the following: a) 

remove the negative inflexion point associated with deceleration activity over a -45% 

gradient apparent in the original Minetti et al. (2002) model; b) the energy cost of the 

constant speed running remains comparable to that directly measured in the 17 elite 

soccer players (in Chapter 3) on a UEFA standard natural grass pitch (Artemio Franchi 

Stadium, Florence, Italy). The new equation value of 4.66 J∙kg-1∙m-1 was used for 

subsequent analysis. 
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Figure 4.1. New energy cost paradigm (4th order polynomial fit) relating to the C of 

running over grass in elite soccer as a function of the gradient with initial Cr constant at 

0% equivalent to 4.66 J∙kg-1∙m-1. Where y = energy cost; x = gradient (%): y = 30.4x4 - 

5.0975x3 + 46.3x2 + 17.696x + 4.66 [new energy cost equation]. 

 

Maximal Oxygen Consumption (V̇O2max mL·kg-1·min-1) 

The treadmill test started at 8 km·h-1 and increased in 2 km·h-1 increments every two 

minutes until 16 km·h-1 after which the gradient was elevated by 2.5% every 2-min until 

volitional exhaustion. The continuous V̇O2 and HR in each 5 seconds period was 

measured. V̇O2max and HRmax were identified as the highest value of each at volitional 

exhaustion when an RER ≥ 1.15 and/or a whole [La-]b concentration ≥8.0 mmol·L-1 was 

reached (Edvardsen et al., 2014). Immediately before and after the treadmill test, whole 

[La-]b concentration was measured from fingertip by portable lactate analyser (Lactate 

Pro TM LT-1710; Arkray Inc., Kyoto, Japan). 
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Determination of C on grass: soccer specific high-intensity protocol  

Field tests to determine C of running on UEFA standard grass surface were undertaken 

with soccer boots at the Artemio Franchi stadium (ACF Fiorentina, Florence, Italy). All 

participants were required to perform a soccer specific run for 8-min at varying speeds 

on a UEFA standard grass soccer field (Figure 4.2). Each subject was given a heart rate 

monitor (RS800sd, Polar Electro Oy, Kempele, Finland). Oxygen consumption (V̇O2) 

was determined on a breath-by-breath basis using a K4b2 expired gas fraction analyser 

(Cosmed, Rome, Italy). The metabolic unit was calibrated using a 3-L syringe and a gas 

of known composition (16.00% O2, 5.00% CO2), respectively. During the steady state 

run, the K4b2 analyser was placed in the harness around the shoulders of the participants. 

Before the start of the study, all subjects were familiarised with the equipment and the 

procedures. The data were recorded by the central unit located in the harness and sent 

telemetrically to a personal computer. V̇O2 data were averaged over 1-min. Blood lactate 

concentration [La-]b was determined using a portable lactate analyser (Lactate Pro TM 

LT-1710; Arkray Inc., Kyoto, Japan) on a blood sample obtained from fingertip at upon 

completion of the test. Steady state oxygen uptake was defined as the mean of the last 

three minutes of the constant speed run. 

 

Soccer-specific movement circuit 

All participants were required to complete a combination of different running conditions 

on a UEFA standard grass pitch which was incorporated into a soccer-specific circuit 

based on previously collected data from a soccer database (Savoia et al., unpublished 

data; Figure 4.2): 
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Figure 4.2. Displacement, direction and angle of change during non-linear soccer-

specific circuit. Numeral relate to different activity tasks performed sequentially (see 

Table 4.1). 

 

The soccer-specific protocol used in this validation study was based on data previously 

collected and stored in a soccer database (Savoia et al., unpublished data). Following 

further analysis of the data takes central features of soccer were taken into consideration 

in relation to specific patterns of movement; replicating its intermittent nature by 

introducing various actions, from maximal to the sub-maximal sprints, shuttles with 

changes of direction of varying angles. It includes slaloms around cones; including short 

passive pauses and longer recovery from the maximal sprints. The protocol was divided 

into 4 phases and repeated for 8 laps to give a total duration of activity of approximately 

eight minutes (Table 4.1). All activities commenced from a stationary start position and 

required participants to come to a complete stop at the end of the marked phase. A trundle 

wheel was used to measure the exact length of the soccer-specific circuit and each 

participant was familiarised with a sound dictation emitted at set times to regulate 

running speed. In addition, the angle of movement was measured and set at ± 60 degrees 

during the set-up. During the circuit, an iPod system (iPod nano, Apple, Cupertino, 
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California) was used to emit the pacing beep every 5 seconds. As a spatial reference, 

multiple markers were positioned at fixed points depending on the running speed 

required. 

Table 4.1. Soccer-specific protocol activities, distances, duration and recovery profiles. 

*Exercise intensity expressed as metabolic power (W∙kg-1) is defined in brackets. 

 

 

Calculation of energy cost (C) and metabolic power through gas analyser (PV̇O2)  

The energy costs of soccer-specific exercise (C) was determined 24 hrs after the last 

training bout and ~2-4 h after the last meal; it was evaluated during soccer-specific 

protocol performance. The energy cost of the soccer-specific activity protocol was 

calculated from the ratio of the total metabolic energy expenditure utilised above resting 

(E in joules) to the distance covered (d in meters). Energy cost above resting was 

calculated from the sum of the aerobic (Aer), anaerobic alactic (AnAl), and anaerobic 

lactic (AnL) energy expenditure. Briefly, energy expenditure derived from aerobic 

sources was obtained from the integral from the onset of exercise to the end of the soccer-

specific protocol; the net V̇O2 values (averaged over 60-s), as obtained directly during 

the test minus the pre-exercise resting V̇O2 values (~3.5 mL∙kg-1∙min-1). Furthermore, the 

contribution from anaerobic alactic (AnAl) energy expenditure was determined by 

assessment of the V̇O2 uptake determined during the first 6 minutes of recovery upon 

Activity 

 

Distance 

(m) 

Intensity 

(km·h-1) 

Duration 

(s) 

1 Sprint: triangle (change of direction > 60°) 21.18 Max (> 26) * ~4-6” 

2 Linear Striding 40 14.4 (23) * ~10” 

3 Slalom Run 28.22 10.1 (20) * ~10” 

4 Shuttle Run 20+20 (40) 14.4 (24) * ~10” 
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completion of the protocol (fast replenishment). The net V̇O2 values obtained from the 

4th to 6th minute of recovery were used to estimate the fast alactic O2 debt, (AnAl) 

estimates. Finally, the lactic contribution to the overall energy expenditure (AnL) was 

estimated after exercise from the net blood lactate [La-]b accumulation above resting, by 

an energy equivalent of [La-]b accumulation in blood equating to ~3 mL·kg O2 per mM 

(di Prampero, 1981; di Prampero and Ferretti 1999). The overall energy expenditure (EE 

= Aer + AnAl + AnL) for the duration of the test (8 minutes) was determined. This value 

of V̇O2 was multiplied by 20.9 based on the assumption that 1-mL O2 yields 20.9 J, 

divided by the mass of the subject (kg) and distance covered (m) to generate an estimate 

of soccer-specific protocol C in J∙kg-1∙m-1. Data was converted to W∙kg-1 using the 

formula: 

Metabolic Power (W∙kg-1) = C·v 

where C is energy cost and v are running velocity. Directly determined estimates were 

derived and compared with the C (and W∙kg-1) calculated from the new energy cost 

equation. 

 

Indirect calculation of metabolic power through GPS (PGPS) 

Participants were tracked over the linear-sprints and the soccer-specific circuit using a 

GPS device (BT-Q1000eX 10-Hz, Qstarz, Taipei, Taiwan). Instantaneous velocity 

measurements were obtained for each trial. The GPS unit was placed on the upper back 

between the shoulder blades in a custom-made vest on all participants. According to 

Witte & Wilson (2004), the mean (± standard deviation) number of satellites ‘used’ 

during data collection was 9 ± 0.5 (satellites ‘tracked’: 11 ± 0.4). The mean HDOP during 

data collection was 1.0 ± 0.1. GPS velocity data (10-Hz) was sampled and synchronised 

at the first movement recorded above 0 m·s-1 to account for processing phase delays 

within the breath-by-breath output on the Cosmed K4b2. Data were downloaded and 



93 

 

analysed using (GPS Metabolic Power LagalaColli v9.076d, SPINItalia, Roma, Italy) to 

establish the time, speed, and distance; metabolic power, according to each player’s 

individual body mass, was determined through the methodology of energy cost 

modelling as previously described and modified according to the new energy cost 

equation (Minetti et al., 2002; di Prampero et al., 2005).  

 

Statistical analysis 

All data were analysed using Statistical Package for the Social Sciences version 22 for 

Windows (SPSS, Chicago, IL, USA). All data were checked for normality using the 

Kolmogorov-Smirnov test. The validity of measurement of metabolic power between the 

new equation and the direct measurement was examined using a Wilcoxon test as data 

did not show normal distribution. Differences between methods were compared in 

accordance with the recommendations of Ludbrook (2010a) for the calibration of one 

method against another. The Pearson correlation coefficient was assessed to establish 

whether linear relationships between both methods were present. In accordance with 

Ludbrook’s (2010a) recommendations, to gain estimates of fixed (intercept) and 

proportional (slope) bias the coefficients of the ordinary least products regression were 

determined via the LOSS function in SPSS version 25 (see Ludbrook [2012] for SPSS 

LOSS function commands). The SPSS LOSS function also provided the 95% CIs (via 

bootstrapping) for the intercept and slope along with the predicted and residual values 

for the raw data. The 95% prediction intervals were then calculated in the manner 

described by Altman et al. (2000). The results are presented as the mean ± the standard 

deviation throughout the text unless otherwise stated. Metabolic power estimates were 

represented by median ± IQR (interquartile range). The alpha level of significance was 

set at 5% (Kinear & Gray, 1995). 
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4.3: Results 

Method comparison PGPS and PV̇O2 

Table 4.2 shows the estimates of fixed (intercept) and proportional (slope) bias for both 

PGPS new and PGPS (Minetti et al., 2002). The Pearson correlation coefficient between 

PGPS new and PV̇O2 (Cosmed K4b2) was 0.66 (95% CI = 0.19 to 0.88) and for PGPS and 

PV̇O2 was 0.63 (95% CI = 0.16 to 0.87). Along with the scatterplots, these r values were 

considered as being enough evidence for the presence of a linear association for both new 

methods with the PV̇O2 (gold standard). The scatterplots for PGPS new on PV̇O2 and PGPS 

on PV̇O2 showed no evidence of heteroscedasticity (Figure 4.3 and Figure 4.4). The new 

PGPS model indicates that all variables are distributed around the line of unity indicating 

that it will both under and overestimate metabolic power relative to the PGPS of Minetti 

et al. (2002), which routinely underestimates metabolic power across all ranges.   

 

Table 4.2. Estimates of fixed and proportional bias from ordinary least products 

regression and their 95% CIs.  
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Figure 4.3. Ordinary least products regression of PGPS new (Minetti et al., 2002 modified) 

values on PV̇O2 (Cosmed K4b2) with the 95% prediction intervals. 

 

 

 

 

 

 

 

 

 

 

Figure 4.4. Ordinary least products regression of PGPS (Minetti et al., 2002) values on 

PV̇O2 (Cosmed K4b2) with the 95% prediction intervals. 
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Physiological response, locomotor and metabolic demands of the soccer-specific 

circuit. 

The mean ± SD for V̇O2max and HRmax values attained during the laboratory treadmill 

tests were 61.1 ± 4.3 mL·kg-1·min-1 and 194.2 ± 6.1 b∙min-1, respectively. Mean ± SD 

V̇O2 and HRmax values elicited during the soccer-specific circuit performance were ~44.5 

± 2.3 mL·kg-1·min-1 (~73% V̇O2max), and 182 ± 8 b∙min-1 (~94% of HRmax). Mean ± SD 

[La-]b values were 7.2 ± 1.6 mmol·L-1 post soccer-specific protocol performance, with a 

net increase of 6.2 ± 1.6 mmol·L-1 compared to resting values (Table 4.3). 

 

Table 4.3. Physiological and metabolic responses to soccer-specific circuit (K4b2 gas 

analysis). N = 13 players x 8 laps (8-min). *Treadmill incremental exercise test to V̇O2max. 

 

 

 

 

 

 

 

 

 

 

For illustrative purposes, only the soccer-specific circuit data, relative to 60-s or one 

complete lap, with exclusion of the other three laps, is displayed to highlight the raise in 

V̇O2 present and show the four locomotor activity phases (Table 4.1). To obtain the V̇O2 

Bioenergetic variables Mean ± SD 

 V̇O2max (mL·kg-1·min-1) * 61.1 ± 4.3 

 Rest V̇O2 (mL·min-1) 268 ± 21.6 

 HRmax last 2-min (%) 94.0 ± 2.0 

 [La-]b (mmol·L-1) 7.2 ± 1.6 

 V̇O2 exercise (O2 debt included) [L·min-1] 3.4 ± 0.4 

 V̇O2 exercise (O2 debt included) [mL·kg·min-1] 44.5 ± 2.3 

 Energy cost (J·kg-1·m-1) 6.41 ± 0.31 

 PV̇O2 (W·kg-1) 15.6 ± 0.8 
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data related to body weight, the mL·min-1 for the kg of each subject were divided 

accordingly (Figure 4.5).  

 

Figure 4.5. Oxygen uptake (V̇O2), speed and metabolic power estimated from locomotor 

demands (PGPS new) during one lap (1-min) of the soccer-specific circuit in one of the 

representative players. 

 

The results of the locomotor response of the players during the soccer-specific circuit can 

be found in Table 4.4. The other seven parameters evaluated in relation to the external 

load are displayed in Table 4.5. 
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Table 4.4. Time (s) and Distance (m) during the entire soccer-specific circuit in each 

speed and power categories (10-Hz GPS). N = 13 players x 8 laps (8-min). Data are mean 

± SD. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4.5. Locomotor and metabolic demands of the soccer-specific circuit (10-Hz GPS). 

N = 13 players x 8 laps (8-min). v, speed; MAV, maximal aerobic velocity; CoD, change 

of direction. 

 

 

 

 

 

 

 

 

Speed (v) and Power 

Categories 

 

D (m)                            T (s) 

 

 v > 6 km∙h-1 1060 ± 42 286 ± 11 

 v > 11 km∙h-1 902 ± 65 220 ± 10 

 v > 16 km∙h-1 277 ± 143 57 ± 29 

 v > 20 km∙h-1 12 ± 14 2 ± 2 

 PGPS 0-10 W∙kg-1 171 ± 35 210 ± 9 

 PGPS 10-20 W∙kg-1 469 ± 33 123 ± 15 

 PGPS > 20 W∙kg-1 531 ± 71 143 ± 13 

 PGPS 20-35 W∙kg-1 373 ± 52 97 ± 11 

 PGPS > 55 W∙kg-1 37 ± 12 11 ± 4 
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Metabolic Power: PGPS vs PV̇O2 

The metabolic power of the soccer-specific circuit was estimated through two energy 

cost equations (Minetti et al., 2002; Minetti et al., 2002 modified), and through direct 

measurement during the soccer-specific protocol in 13 elite players. Figure 4.6 illustrates 

the MP determined from GPS (W∙kg-1) using all equations. There was no significant 

difference (P > 0.05) in the median MP derived from the new C equation by GPS during 

the soccer-specific protocol (15.3 ± 0.8 W∙kg-1, IQR = 1.08 W∙kg-1) which was found to 

be 2.2% lower than the median MP estimated by direct measurement with Cosmed K4b2 

(15.6 ± 0.8 W·kg-1, IQR = 1.14 W∙kg-1). The prediction interval range from GPS 

displacement data expressed a lower prediction interval 13.7 ± 0.7 W∙kg-1 relative to 

upper prediction interval 16.8 ± 0.8 W∙kg-1. In general, under predicting metabolic power 

across all tasks. PGPS using the original Minetti et al., (2002) equation shows mean ± SD 

values of 13.9 ± 0.8 W∙kg-1 (IQR = 1.06 W∙kg-1), which are found to be lower than the 

average PV̇O2 values established. The prediction interval range from GPS displacement 

data expressed a lower prediction interval 12.3 ± 0.71 W∙kg-1 relative to upper prediction 

interval 15.4 ± 0.80 W∙kg-1. In general, underpredicting metabolic power across all tasks 

demonstrating a high fixed bias. It should be noted that while the slopes of both equation 

lines are very close, large confidence intervals are expressed across both models. 

Metabolic power determined by GPS (PGPS new) correlated highly with MP from direct 

measurement with the Cosmed K4b2 (r = 0.66, P < 0.05). 
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Figure 4.6. Metabolic power (W∙kg-1) derived from direct measurement by Cosmed 

K4b2 (PV̇O2) and indirect assessment using two energy cost equations: PGPS new (see 

Method section for further details) and PGPS (Minetti et al., 2002). Data are presented as 

median ± IQR. 

 

Figure 4.7 compares the trend of PV̇O2 and PGPS new during the 8 laps of soccer-specific 

circuit. Unlike the study performed by Buchheit et al. (2015a), it was not possible to 

separate metabolic power during the recovery phases within the soccer-specific circuit 

as these occurred intermittently within each minute (lap), and not at the end of each lap. 

In addition, the duration of recovery periods was shorter and more frequent, compared to 

recoveries of longer duration as was the case in their study. This is therefore detectable 

with independent histograms only (see Table 4.1). Only the bars relating to the integral 

minutes of work are shown, including the short passive recovery. PV̇O2 respects the 

physiology of physical exercise (di Prampero et al., 1981) by adding in the calculation 

of the estimated energy expenditure (EEE), the energy obtained from the O2 debt 

(anaerobic alactic [AnAl] and lactic [AnL] system). 
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Figure 4.7. Average estimated metabolic power (expressed as W∙kg-1, mean ± SD) using 

either traditional calorimetry with oxygen uptake (ṖVO2, white bars) or locomotor-related 

metabolic power (PGPS new, black bars) during the 8 laps of soccer-specific circuits 

(L1÷L8) with recovery included. 
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4.4: Discussion 

The main finding of the study was that a new energy cost equation was determined which 

introduced a new constant term of 4.66 J·kg-1∙min-1 and a regression prediction equation 

for the assessment of the C of running on grass in elite soccer players. This was 

established by investigating the average MP on a soccer-specific test through direct and 

indirect measurements of oxygen consumption using di Prampero’s et al. (2005) 

approach while modifying Minetti’s et al. (2002) equation of energy cost. As previously 

described in the introduction (section 4.1), the validation which takes into consideration 

locomotor kinematic data for the PGPS calculation, must be applied to a context which is 

as soccer specific as possible. The method developed progressively through the intuitions 

of di Prampero et al. (2005) and Osgnach et al. (2010), together with the calculation of 

the energy cost (Minetti et al., 2002), cannot be applied to all sports, but only to those 

with a ‘prevalently horizontal’ mode, where the running on flat terrain represents the 

largest portion of the energetic performance model. 

 

Stevens et al. (2015) described that it is currently not clear to what extent it is possible 

to compare metabolic power and energy cost between varying running activities. 

Therefore, validation of the different running activities is the goal of this research. There 

are some criticisms and limitations present within the current research studies available 

in the literature because of the protocols proposed and utilised. Present findings 

established that shuttle running using low speeds only, negating maximal actions, 

negatively affects the PGPS; the underestimation observed is lower than the values found 

in other studies (e.g. Buchheit et al., 2015a), due to the reduction in error using 10-Hz 

sampling frequencies thus preventing a drastic decrease. Further, that type of running is 

not ideal for amateur soccer players; the proposed speeds will have minor influence and 

cost when establishing values of PGPS (due to the absence of sub-maximal bouts) and is 
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very much in direct relation with direct expenditure (PV̇O2), therefore amplifying the 

difference between the indirect measure and gold standard (Stevens et al., 2015). 

 

Highton et al. (2016), observed that during a rugby-specific protocol incorporating 

contacts (collisions) and extensive passive rest (standing recovery) these were directly 

responsible for the underestimation of the EE estimated from the GPS data. The lack of 

coincidence between direct and estimated values were deemed to be a result of the 

inability of GPS to detect energy expenditure associated with non-locomotor exertion. 

Brown et al. (2016), examined the validity of a global positioning system (GPS) tracking 

system to estimate EE during exercise and field-sport locomotor movements in healthy 

adults. The findings related this study are difficult to be compared to our findings as the 

energy costs observed are for a different population sample. In addition, a GPS system 

that interpolates (via accelerometers) 5-Hz data, is deemed insufficient for the speed 

variations present in a soccer game and cannot be related to our results. Finally, the 

absence of blood lactate measurements is another limitation, and most importantly, the 

extensive recoveries incorporated in their exercises and then used for the calculation of 

EEE, result in an increase in the differences between PV̇O2 and PGPS, and ultimately 

underestimating the latter. 

 

Buchheit et al. (2015a), used a test incorporating a ball within their protocol, increasing 

the specificity related to soccer. However, they do so without considering the proportion 

of time a player continuously has the ball during a game, therefore making this a key 

factor as one of the causes of the PGPS underestimation. Findings show that soccer players 

are in possession of the ball for less than 1% of the total time, and less than 2% compared 

to the total distance travelled during a match (Carling, 2010; Di Salvo et al., 2007). The 

energy cost of running with the ball is higher than without the ball, meaning the V̇O2 will 
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rise during the technical parts and other activities with the ball (Buchheit et al., 2015a). 

Therefore, the PGPS will always be underestimated since the kinematic data will be for 

most of the exercise and not significant in terms of high speed, acceleration and 

deceleration movement patterns. Potentially, the decelerations will be further 

emphasized (e.g. stop and kick, ball control during a slalom, passing and reception with 

a rebound wall etc.) which from a metabolic point of view (PGPS) has a low energy cost. 

Additional limits are present as a 4-Hz GPS sampling frequency was used, the intensity 

percentage of the V̇O2max was found to be up to 64% despite the “low” mechanical 

demands, and there was an absence of high speed (> 14.4 km·h-1) movement patterns as 

has already previously been observed in detail by Osgnach et al. (2016). 

 

Considering previous research, it is important to consider previous limitations observed 

and create/develop a test that can validate PGPS in soccer and be compared to a direct 

measurement (PV̇O2). It has been found that the three fundamental macro-aspects required 

to ensure that the energy estimation method proposed by di Prampero et al. (2005) and 

Osgnach et al. (2010) best represents the soccer game are: i) using a GPS system with a 

minimum sampling frequency of 10-Hz and a mathematical reduction (or smoothing, e.g. 

moving mean) of the speed data at 5-Hz to reduce noise in GPS elevation data, which 

has been found to be a methodologically verifiable value from a study performed by 

Gaudino et al. (2013), through performing calculations on contact and flight times in 

players on natural grass; ii) using an appropriate method to calculate the metabolic power 

in an intermittent submaximal exercise, including the anaerobic amount (di Prampero, 

1981; Buglione & di Prampero, 2013); iii) using an appropriate experimental design by 

ensuring the work protocol includes an adequate population (e.g. elite soccer players) 

and a specific terrain for the C (i.e., natural grass). Further, the performance model [e.g. 

work:rest ratio and different locomotor activities (e.g. sprint, walking, jogging, high 
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speed, CoD etc.)] must be suitable as the duration of pauses/recoveries play a decisive 

role on the metabolic response. 

 

Regarding creating a test, other precautions related to the relationship between total high 

speed (TS) and total high power (TP), found to be between 55% and 32% in favour of 

TP in a study Gaudino et al. (2013a; 2014a) and the dimension changes as we move from 

SSG (small-sided games) scenario to the whole field (105x68 m) must also be considered 

according to Castagna et al. (2017). Therefore, choosing a soccer-specific circuit with an 

average metabolic power greater than the 11-12 W·kg-1 game intensity (Castagna et al., 

2017), is necessary to respect the methodological criterion of power-time relationship on 

intermittent exercises (Jones & Vanhatalo, 2017). Furthermore, the high intensity actions 

(> 20 W·kg-1) are found to be around 4.7 actions per minute (see Table 4.5), a value that 

is higher than previous findings where only 2 intense actions per minute have been 

described in studies that only considered speed thresholds (O'Donoghue, 2002; Reilly & 

Williams, 2013). In addition, O’Donoghue (2002) shows that the most frequent 

recoveries are < 30-s, and about 57% of those < 20-s. It is important to note resting 

periods are never are never cumulative (pause of 30-s consecutive), but fractionated in 

the game and therefore, they must also be incorporated in this way when establishing a 

specific test. Further, Bradley et al. (2013) showed that recovery time, defined as the 

time that elapsed between high-intensity running actions, is about 52 ± 18 s. For this 

reason, in our soccer-specific circuit a maximal action (triangle) is repeated every single 

lap (1-min). If you compare this to Buchheit et al. (2015a), where the passive recovery 

of 30-s entirely spent at the end of the work minute, our proposed model of the soccer-

specific circuit respects the intermittent nature of soccer by dividing the ~25-s of total 

recovery fractioned into shorter breaks (< 10-s). 
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According to Buchheit & Simpson (2017), Varley et al. (2017) and Malone et al. (2017), 

acceleration is measured from GPS data often derived from doppler-shift velocity. The 

time interval over which acceleration is calculated can significantly alter the data with a 

wider interval resulting in a smoothing effect on the data. Typically, acceleration is 

calculated over 0.2-s or 0.3-s when using 10-Hz GPS, although the most appropriate 

interval will depend on the brand and model of the device (Malone et al., 2017; Cardinale 

& Varley, 2017). In our soccer-specific circuit we preferred to export raw data from 

commercial software and process it independently. The method used to calculate the high 

accelerations, using the kinematic data of official Serie A matches (Savoia et al., 

unpublished data) as a reference database, is based on the equation by Sonderegger et al. 

(2016) and modified accordingly: 

 

amax (max acceleration): -0.18 (-0.17 to -0.19) ∙ vinit + 5.91 (5.80 to 6.02) 

where amax is expressed in m·s-2 and the vinit in km·h-1 (see Table 4.5). 

 

The conceptual basis of the new metabolic power approach to soccer as initially 

described by Osgnach et al. (2010) was predicated upon a formula that was based on a 

population non-specific to soccer. In this experiment we report data which assesses the 

Cr of running on grass and a new version of the ‘energy cost equation’ (Minetti et al., 

2002 modified) and apply it to soccer-specific high-intensity movement scenarios for the 

first time. The principal finding of this study which directly determined physiological 

demands concurrently with GPS derived modelling of the metabolic power; indicate that 

in an elite soccer population the GPS metabolic power paradigm is a valid means of 

determining work rate during activities. No significant differences in MP expressed as 

W∙kg-1 were evident between direct and indirect methods. Specifically, data indicates that 

where there are periods of repeated accelerations and deceleration superimposed on an 

aerobic background metabolic power estimates did not differ significantly from directly 

calculated estimates (Figure 4.6). Interestingly, metabolic power during the first phase 
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of the soccer-specific protocol was higher possibly due to the higher metabolic demand 

associated with the acceleration phase of running. It has previously been determined that 

a very low metabolic demand is associated with phases of deceleration phase during non-

linear runs and that acceleration or re-acceleration phases display an increased 

requirement (Hader et al., 2016). 

 

Further, we show that with a high frequency GPS system sampling at 10-Hz movement 

patterns are subject to a rapid change of directions and that the energy cost paradigm still 

provides a representative metabolic formula which is better suited to elite soccer match 

play and training. The accuracy of the GPS is based upon higher sampling frequency and 

accuracy for both acceleration and deceleration. Present data is also indicative of the 

essentially aerobic nature of soccer-specific movement patterns. The protocol as applied 

in this study elicited a physiological strain approximating just over 70% of V̇O2max and 

90% of HRmax which is in line with that reported during match play (Reilly et al., 1997; 

Di Salvo et al., 2007). Such observations provide support for the validation model 

utilised in the present study to compare directly and indirectly measured metabolic power 

and reflect its specificity to soccer match play. 
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4.5: Conclusion 

In the present study a new energy cost equation was determined which introduced a new 

constant term of 4.66 J·kg-1∙min-1 and a regression prediction equation for the assessment 

of the C of running on grass in elite soccer players. Estimates of energy expenditure (EEE) 

using this new equation were derived and compared to metabolic power measured 

directly using portable indirect calorimetry (Cosmed K4b2) during soccer-specific 

movement patterns. The new equation (PGPS new) on average slightly underestimates in 

elite players their metabolic power. Considering the new GPS example if a player has a 

directly measured metabolic power 15.5 of W∙kg-1 then the estimated value will be 

predicted as 15.2 W∙kg-1 but the prediction range could be as low as 13.64 W∙kg-1 or as 

high as 16.8 of W∙kg-1 with a range of ± 1.57 W∙kg-1. Conversely, the old equation will 

under predict metabolic power, however, both equations should be viewed in the context 

of the width of the confidence intervals expressed.  
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Link between Chapter 4 to Chapter 5: 

Metabolic power, taken together with kinematic acceleration and deceleration data, are 

central factors to gaining an understanding in relation to the performance model 

associated with match analysis which does not take into consideration solely speed 

variables. Validation of a test that can reflect the intensity of metabolic power in a sport-

specific scenario is the key to compare the indirect calculation with direct energetic 

measurement. All this can be applied to soccer databases that store physical data in the 

matches, expanding the analysis to technical-tactical interpretations. 
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Chapter 5: Metabolic power approach in 

soccer: a new longitudinal match-

performance analysis with a tactical key 
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5.1: Introduction 

The modern game of soccer requires increasingly high-intensity psychophysical 

performances (Gregson et al., 2010). Physical performance is only one factor that plays 

a role in achieving success. Therefore, the focus over recent years has meant that sport 

scientists have moved from player management using a physiological approach to an 

integrated/systematic approach considering more complex and in-depth game issues, 

related to technical and tactical match-play (Bradley & Ade, 2018). 

 

Previous research has used a soccer performance model to asses match play with a focus 

on variables related to volume, such as total distance (TDC) and average speed (v, m·min-

1) as well as total energy expenditure (EE, kJ) spent over a 90-min match. Over time such 

an approach has resulted in a more in-depth analysis of running performance (Akenhead 

& Nassis, 2016). For example, there is a greater focus on high-intensity efforts to gain a 

better understanding of these short but very relevant match phases (Bourdon et al., 2017). 

Even though these phases might look quantitatively negligible, they have been found to 

be the most demanding in terms of cost (Cr) and therefore have a relevant impact on the 

whole match energy expenditure and specific fatigue of a soccer player (Osgnach et al., 

2010).  

 

Due to the intermittent nature of soccer, there is a high demand to develop an accurate 

analysis of the dynamics of play. These dynamics have been shown to frequently switch 

between very short (< 3 s) sprints and quick decelerations (Whitehead et al., 2018). 

Repeated accelerations and decelerations are only occasionally found to be linear as the 

presence of frequent changes of direction functional for dribbling, getting away from 

your opponent, and all the tactic-related runs highly influence the observation of linear 

runs (Sarmento et al., 2014). The need to change speeds on a regular basis means the 
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required muscular effort during soccer is highly variable. Because of these 

aforementioned factors, analysing physical performance in soccer is complex as it is 

important to take into account specific variables and an overall view of how this is 

represented, in terms of metabolic demand, using a metabolic power (W·kg-1) variable 

(di Prampero et al., 2015). 

 

Therefore, the modern analysis of game performance must focus on both the physical 

variables of the player and the match-related decisions made by the soccer 

manager/coach, which influences and plays a major role in the performance of the player. 

Position-specific performance model studies have shown some limitations over time. 

Studies must examine the different game formations in addition to the different player 

positions (e.g. goalkeeper, defenders, midfielders, and attackers). The choice of 

formation made by the manager or coach (e.g., 4-3-3 or 3-5-2) influences a players 

required tactical effort as a function of the pitch area they must manage (Bradley et al., 

2011; Carling, 2011). In addition, this will also influence the relationship within the same 

player (e.g., different game by a central defender with 4-3-3 compared with 3-5-2) as to 

what formation he adopts. These are factors which have previously not been considered 

although they play a massive role in soccer performance and the outcome of a game. 

 

Therefore, the aim of this study is to investigate main volume and intensity of specific 

physical variables in soccer and its relation to different formations, to establish whether 

there is a more effective formation and/or a formation more that minimises the between-

halves performance decrease. Furthermore, we want to study team behaviour over the 

course of a whole home season (19 matches) to find out which variables influence the 

outcome of the first half and final match results and look at the relation to wins, draws, 

and losses. 
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5.2: Methods  

Participants 

One hundred and eighty-seven Serie A professional soccer players with age (mean ± SD) 

27.3 ± 3.5 yrs, height 181.6 ± 6.1 cm and body mass 77.2 ± 8.9 kg took part of this study. 

A total of twenty Italian Serie A teams were involved in the 2012/2013 season. All 

players had at least ten years of experience playing in the National championships from 

a junior age. The experimental procedures were approved by the local Human Ethics 

Committee of Liverpool John Moores University. The study complied with the 

Declaration of Helsinki. 

 

Research Design 

All assessments were carried out in-season from August 2012 until May 2013. Only the 

nineteen official home league matches, which included the home team and their opponent, 

were used for further video match analysis. A total of ten players for each team were 

considered for the analysis. The initial formations adopted by the managers at the start 

of each half were used for analysis and changes made within halves were excluded. Three 

players which were dismissed during one of the matches by the official match-day referee 

were excluded from the analysis. Away matches were also not included in the analysis 

as cameras utilised to assess data for these matches had not been validated by 

Prozone/Amisco and not all stadiums had the appropriate facilities to facilitate analysis. 

 

Video Match Analysis 

Matches were analysed using STATS SportVU ® (STATS LLC, Chicago (IL), U.S.A.) 

software. The system tracks at a rate of up to 25-Hz and has been validated by the 

Technical University of Munich (TUM), with raw data being provided via cartesian 

coordinates by K-Sport (primary data has been smoothed at 5-Hz) (Linke et al., 2018). 
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The STATS SportVU tracking system transports the data of performance by extracting 

and processing coordinates of players (X, Y) and the ball (X, Y, Z) through HD cameras 

as well as sophisticated software and statistical algorithms. These cameras are located at 

roof level and capture the players’ movements during matches. Subsequently, the data is 

analysed using proprietary software to create a dataset on each player’s physical and 

technical performance. The new equations related to metabolic power were factored in 

post-match with the raw data files and used for subsequent analysis. The % high 

deceleration values are based on speed thresholds related to the time spent over -2 m·s-2 

of all-time spent decelerating. 

 

Statistical analysis 

All data were analysed using Statistical Package for the Social Sciences version 22 for 

Windows (SPSS, Chicago, IL, USA). All data were checked for normality using the 

Kolmogorov-Smirnov test. Differences between groups for distance covered (m), 

distance covered at a speed > 16 km·h-1, high decelerations (%), high accelerations (%) 

and metabolic power (W·kg-1) were evaluated using a t-test to compare first and second 

half: for all players and formation. Univariate ANOVA (Bonferroni post-hoc) was 

performed to compare each variable of win, lose and draw considering first and second 

half. The results are presented as the mean ± the standard deviation throughout the text 

unless otherwise stated. The alpha level of significance was set at 5% and values of 

‘0.000’ given by the statistics package are shown here as P < 0.0005 (Kinear & Gray, 

1995). 
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5.3: Results 

Halves  

Performance variables showed a main effect for half in distance covered and metabolic 

power (Table 5.1). Players covered shorter distances of 5138.0 ± 543.8 m in the 2nd half 

compared to 5339.8 ± 543.2 m in the first half (P < 0.0005). Significant changes for 

metabolic power were also observed with higher values in the 1st half of 11.4 ± 1.3 W·kg-

1 compared to 11.0 ± 1.3 W·kg-1 during the 2nd half (P < 0.0005; Figure 5.1). It was also 

established that formations of 3-4-3, 4-3-3, 4-5-1, were significantly lower in the 2nd half 

for distance covered and metabolic power (P < 0.05). Overall distance covered at speed 

over 16 km·h-1 was also significantly lower in the first half compared to the second half 

distances covered of 890.9 ± 291.7 m compared to 854.0 ± 279.4 m, (Figure 5.2) 

respectively (P = 0.009). There was no main effect for half in % high acceleration and 

deceleration (P > 0.05; Figure 5.3 and Figure 5.4). Table 5.1 displays all the variables 

related to the play mode for the first and second half.  

 

Formations 

Performance variables showed a main effect for formation in distance covered and 

metabolic power (Table 5.1). The % of high accelerations did show a significant 

difference for style of play revealing that a 4-5-1 produced significantly lower % of high 

accelerations compared to 4-4-2 and 4-3-3. Figures show the longitudinal analysis of the 

comparisons between distance covered, distance covered at speed over 16 km·h-1, % of 

high acceleration/deceleration and metabolic power related to the Win, Lose or Draw for 

the first and second half. 
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Table 5.1. A comparison of the different game formations in performance variables between first half and second half in Serie A professional soccer 

players. *Significant difference between 1st and 2nd half (P < 0.05). 
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Figure 5.1. Metabolic power (W·kg-1) by a Serie A team during different result 

conditions (W, L, D) comparing the first (0’-45’) and the second half (45’-90’). 

 

 

Figure 5.2. Distances covered over 16 km·h-1 by a Serie A team during different result 

conditions (W, L, D) comparing the first (0’-45’) and the second half (45’-90’). 
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Figure 5.3. High deceleration (%) by a Serie A team during different result conditions 

(W, L, D) comparing the first (0’-45’) and the second half (45’-90’). 

 

 

Figure 5.4. High acceleration (%) by a Serie A team during different result conditions 

(W, L, D) comparing the first (0’-45’) and the second half (45’-90’). 
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Figure 5.5. Average distance covered by a Serie A team (longitudinal analysis of 19 

home matches) during different result conditions (W, L, D) comparing the first (0’-45’) 

and the second half (45’-90’). 
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5.4: Discussion 

The aim of the study was to investigate main volume and intensity of specific physical 

variables in soccer and its relation to different formations, to establish whether there is a 

more effective formation and/or a formation more that minimises the between-halves 

performance decrease. Soccer teams will approach matches by using different formations 

depending on their opponent. They can vary by being more defensive, more attacking, or 

balanced in both. Therefore, the metabolic cost of a soccer player is not only influenced 

by their position on the pitch but also by the formation chosen by the manager together 

with the consequent technical-tactical movements undergone during a match. Soccer 

performance is influenced by several variables that display different levels of reliability 

and validity (Mackenzie & Cushion, 2013).  

 

Our study showed a significant decrease in both physical performance (TDC) and 

metabolic power (MP) variables with almost all formations in the second half (Table 5.1).  

The mean MP data enables the data to be analysed and transferred into each player-

specific metabolic profile by taking into account recovery during the game. The 

recoveries vary in action type and incorporate moments of standing still, walking or 

jogging and the intensity of actions affect the mean MP of each player. Therefore, TDC 

does affect mean MP, but other factors also need to be considered. In addition, without 

considering the first half or outcome of the match it is not possible to state that such 

decreases are due to only physiological fatigue. The slowing down of play is often a 

wanted metabolic energy-saving strategy operated by the team in control of the game, be 

it to maintain a draw or a win as the outcome. The tactics used (time wasting, “tactical” 

fouls, etc.) very often increase match inactive phases (together with an increase 

concomitant with referee whistles) and thus influence both physical performance and 

energy expenditure showing decreases that are clearly biased by the specific match 
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situation (Carling, 2013; Lago-Peñas, 2012). Tactics evaluation is very relevant, because 

most successful teams showed a total, high-intensity, and very high-intensity running 

distances which was lower than the less successful teams. However, most of the 

successful teams showed better technical skills variables values (e.g. passes, percentage 

of successful short passes, crosses, etc.) than the less successful ones (Rampinini et al., 

2009). 

 

When analysing physical performance and metabolic expenditure variable decreases in 

second halves, it is interesting to highlight that 3-5-2 and 4-4-2 formations are not 

characterised by such changes and therefore they could be an energy-saving or 

performance-preserving formation (Table 5.1). When winning and drawing a significant 

decrease was found in the covered distances in the second half compared to previous 

studies was found (Rampinini et al., 2009). When winning, shorter distances higher than 

16 km·h-1 were covered in the second half. However, while losing there was no 

significant differences in distances and distance covered by speeds higher than 16 km·h-

1 in second half.  

 

High (< -2 m·s-2) decelerations (less energy-demanding) do not change significantly over 

halves or in relation to match outcome (Figure 5.3). However, the winning team performs 

more (> 2 m·s-2) accelerations (a more energy-demanding behaviour) than teams which 

are drawing in the first half and in turn, teams which are drawing accelerate more than 

losing counterparts in both the first and second halves (Figure 5.4). More significant 

changes in speed over time take place during winning situations with the initiation of the 

acceleration playing a key role in the estimation of high acceleration actions 

(Sonderegger et al., 2016). Limited to the longitudinally considered home team, losses 

come together with less accelerations. Metabolic power analysis report results like 
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distances covered, demonstrate that winning teams have higher power compared to the 

losing teams in the first half and teams, whereas winning and drawing teams show power 

decreases during the second half (Figure 5.1). However, losing teams do not show 

significant power values in the second half. 
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5.5: Conclusion 

In conclusion, it appears that future investigations on soccer should also focus on 

variables other than physical performance and metabolic cost. Tactics are influenced by 

many factors: historical data (previous results against opponent and others) and external 

factors (match location, competition, table-rank, referees, weather, etc.) in addition to 

individual and team tactics, physiological, and technical skills factors (Rein et al., 2016; 

Kyprianou & Farioli, 2018). Therefore, tactical investigations could effectively take 

advantage of big data and modern machine learning technologies, by collecting specific 

match data variables and transforming this through artificial intelligence, providing 

coaches and support staff with more in-depth insights into team-performance through the 

combination of physical and tactical data. 
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Link between Chapter 5 to Chapter 6: 

The study of high intensity physical parameters in soccer is useful for describing 

performance. To improve the training methodology, match information must be 

compared with the daily scenario, by applying the calculations and observations to these 

training sessions. The quality of the exercises/drills with the ball must simulate the 

specific situations of the matches as much as possible. The only way to do this effectively 

is through the application of similar technological systems that monitor players. 
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Chapter 6: Training load analysis and 

physical match performance variables in 

elite soccer: is there any correlation? 
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6.1: Introduction 

Soccer is a complex sport which garners great interest from the entire world. It is 

characterised by the unpredictable movement patterns during matches and training 

sessions (Wallace & Norton et al., 2014; Di Mascio et al., 2015). The most frequent 

movements during matches can be classified as short multi-directional high-intensity 

efforts in combination with more extended periods of low-intensity activity (Bangsbo et 

al., 2006). In the past, before any of the currently utilised physiological and mechanical 

measures were available, sport scientists aimed to solely evaluate the distance covered 

or the time spent at different running speeds (Castellano et al., 2014). With the increase 

in scientific and technical knowledge, it is now possible to measure advanced parameters 

such as the energy expenditure using continuous heart rate recordings along with 

metabolic power, and acceleration/deceleration patterns (Osgnach et al., 2010). To assess 

these traditional and advanced parameters, scientists and researchers have evaluated 

major competitions such as the Italian Serie A (Vigne et al., 2010; Mohr et al., 2003), 

German Bundesliga (Hoppe et al., 2015; Bradley et al., 2014; Di Salvo et al., 2010), 

Spanish La Liga (Castellano et al., 2011), English Premier League (Bradley et al., 2009; 

Di Salvo et al., 2009), French Ligue 1 (Carling & Dupont, 2011), UEFA Champions 

League and numerous international tournaments (da Mota et al., 2016; Schimpchen et 

al., 2016).  

 

Over the last four decades, many researchers have turned their efforts to evaluate the 

physical and mechanical performance of soccer players. To do this, practitioners depend 

on some advanced tools called 'Sophisticated Systems' such as local position 

measurement (LPM) (Ogris et al., 2012), semi-automated computerized tracking systems 

(Di Salvo et al., 2006) and global positioning systems (GPS) (Carling et al., 2008; Lago-

Ballesteros et al., 2012). All of these systems/technologies record, process and estimate 
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the quick responses of the body and the substantial contributions of all players during the 

matches and/or training sessions (Harley et al., 2011). Moreover, they demonstrate a high 

ability to examine these findings with high accuracy (Ogris et al., 2012; Di Salvo et al., 

2006; 2009). However, some of these systems/technologies show greater value than 

others. For example, the semi-automated computerized tracking system tends to report 

slight to moderate distances covered during high intensity while the GPS technology 

shows moderate to significant findings (Harley et al., 2011; Randers et al., 2010). Due 

to these differences, many researchers have conducted several studies to compare these 

systems/technologies. 

 

Because of this technological revolution, it has provided practitioners with the 

opportunity to combine and compare aspects of physical performance parameters in 

match-play with the load proposed in training. This information has placed a high 

emphasis on coaches, performance analysts and exercise physiologists to utilise this 

model as a performance reference (Mackenzie & Cushion, 2013; Filetti et al., 2017). 

Over the last few years, the technical-tactical evolution in soccer, primarily based on the 

aspect of ball possession during matches, has resulted in training provision to focus on 

increasingly smaller playing fields (i.e., SSG). It is believed that this constrains players 

to find solutions in scenarios where less space and time are available for “passing”, one 

of the major aspects of tactical nuclei within the dynamics of the game. Furthermore, 

using technical-tactical (technical efficiency index; TEI) and physical (physical 

efficiency index; PEI) indices provides means to gather a greater understanding of 

training and competition aspects related to match-play (Filetti et al., 2017). 

 

The use of SSG is widely employed in soccer training to develop skills and to improve 

performance and has become a popular training method for all ages independent of skill 
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level (Hill-Haas et al., 2011). Training drills incorporating SSG provide players with 

situations related to match-play instances and enable them to reproduce aspects linked 

with physical, physiological and technical demands of competitive soccer (Little, 2009). 

It is believed that training game play (e.g., SSG), which manipulates parameters of space 

and time, while adding and incorporating tactical constraints, remains one of the most 

important ways of training to help develop physical qualities in an intermittent and 

specific scenario for soccer players (Gaudino et al., 2013a; 2014). 

 

The speed category approach has been found to only provide a partial figure of actual 

game physiological demands as it does not take into account aspects related to match 

acceleration and deceleration (Osgnach et al., 2010). Therefore, in recent years, 

kinematic values (e.g. acceleration, deceleration, speed etc.) are some of the most 

commonly used parameters in soccer. Metabolic power, which represents a synthetic 

index of the intensity containing both the active part of the work and the recovery period, 

has also been used to provide more information. The metabolic power approach 

constitutes of an integrated method potentially useful to track the game and training 

demands of players (Osgnach et al., 2010). According to Manzi et al. (2014) further 

studies should be carried out to further examine the metabolic power responsiveness to 

training in professional soccer. 

 

Assessment of SSG performed by Dalen et al. (2019) found that high intensity running, 

and sprinting performance of official matches were not met by 4 vs. 4 nor 6 vs. 6 SSGs. 

However, they suggested that the use 4 vs. 4 games are a good method of training 

acceleration and player load tolerance. The ability of coaches to adjust training sessions 

according to the physical factors they wish to prioritize plays a vital role on the 

effectiveness of physical training the coach is focusing on. Other findings related to SSG 
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found that as pitch size decreased (10 vs. 10 > 7 vs. 7 > 5 vs. 5), the total distance, 

distances run at high speed (>14.4 km·h-1) as well as absolute maximum velocity, 

maximum acceleration and maximum deceleration also decreased. However, the number 

of moderate accelerations and decelerations as well as the total number of changes in 

velocity were greater as the pitch dimensions decreased (5 vs. 5 > 7 vs. 7 > 10 vs. 10). 

Further detailed analysis of these drills is pivotal in contemporary soccer. It will enable 

provision of an in-depth understanding of the workload imposed on each player which 

consequently has practical implications for the prescription of the adequate type and 

amount of stimulus during exercise training (Gaudino et al., 2014). To our knowledge no 

studies have previously compared the number of accelerations made in SSG and friendly 

matches in a soccer context and this Chapter (study) will be the first to do so. It was 

established that the number of accelerations was higher during SSG used as part of 

training than it was during match-play (Castellano & Casamichana, 2013). This finding 

could be related to greater neuromuscular fatigue and increased metabolic cost during 

matches (Osgnach et al., 2010). Findings demonstrate that a 6-a-side SSG can replicate 

the high-intensity demands of 11-a-side full-sized pitch in youth soccer players when the 

area per player of the SSGs is approximately half of the full-sized pitch. However, 

although SSGs can replicate the high-intensity demands of 11-a-side, the speed approach 

underestimates the high-intensity demands of SSGs and 11-a-side compared with the 

metabolic power approach (Goto & King, 2019). 

 

The main aims of all these studies is to improve the physical and mechanical performance 

of the players in addition to providing a clear vision of the what the most appropriate 

tactics are for the team to win the match and be successful. Tactics can be defined as "the 

action or strategy carefully planned to achieve a specific end", therefore, the selection of 

the appropriate tactic plays an essential role during every pre-game preparation phase, to 
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ultimately win the game (Kannekens et al., 2011; Sampaio & Maçãs, 2012). Nevertheless, 

we observe that little progress has been made regarding optimising the array of metrics 

used by applied staff within clubs. Therefore, in this study, we aim to investigate the 

correlation between the parameters analysed during training sessions and during official 

matches of elite soccer, as well as investigating the ‘functional model’ proposed in 

training. 
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6.2: Methods 

Participants 

Eighteen highly trained male soccer players (4 central defenders, 4 wide defenders, 3 

central midfielders, 3 box-to-box midfielders, 2 wingers and 2 strikers) from a 

professional team from Italy with age (mean ± SD) 26.7 ± 2.8 yrs, height 180.2 ± 5.1 cm 

and body mass 78.5 ± 7.9 kg took part in this study. Players were monitored during four 

months of full training (including pre-season and in-season) and over 26 matches (14 

Serie A matches, 9 UEFA Europa League matches, and 3 friendly matches), which took 

place from July 2017 until November 2017. All players had at least ten years of 

experience playing in national championships from a junior age. Verbal explanation of 

the experimental procedure was provided; this included the aims of the study, the 

possible risks associated with participation and the experimental procedures to be utilised. 

The experimental procedures were approved by the local Human Ethics Committee of 

Liverpool John Moores University. The study complied with the Declaration of Helsinki. 

 

Research Design 

This is a prospective, single-centre study. All players underwent the same type of training 

session: game play with different sized pitches (40x20m to 105x68m) and number of 

players (5 to 10 a-side) at the same time periods. All demographic data was collected 

during the allocation stage; before the beginning of the training prescription. The physical 

and intensity parameters during the training sessions were evaluated using high-

frequency GPS: STATS GPS ® K-Live at 50-Hz, [K-Sport Universal, Montelabbate 

(PU), Italy]. During the matches, the intensity parameters were evaluated using Video 

Match Analysis: STATS SportVU ® [STATS LLC, Chicago (IL), U.S.A.], tracking at 

rates of up to 25-Hz validated by Technical University of Munich (TUM), raw data were 

provided via cartesian coordinates by K-Sport (primary data has been smoothed at 5-Hz, 
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see Chapter 4). The players analysed and used for subsequent analysis either ended the 

game or were substituted no more than 5 minutes from the final whistle (≥ 85-min of 

match-play). 

 

GPS technology 

A high-frequency STATS GPS ® K-Live at 50-Hz, [K-Sport Universal, Montelabbate 

(PU), Italy] was used to assess GPS. This technology allows the trainer to monitor the 

training performance of players and objectively make live decisions according to actual 

data. The system can calculate over 300 metrics in real-time. Data are always precisely 

transferred live during training and partially analysed post-session. To ensure precision 

of data analysis, the raw data file post-session is downloaded and subsequently analysed 

to reduce possible error. In addition, this technology enables us to follow the three-

dimensional movement of an individual player or team to be tracked over time. Besides, 

it assesses different positional workloads, establishes training intensities, and monitors 

changes in the physiologic demands of the players. To achieve high signal quality and 

allow for satellite lock, we activated all GPS devices 15 minutes before data collection. 

The signal quality was evaluated through the number of connected satellites (11 ± 1.4) 

and the horizontal dilution of precision (0.9 ± 0.1) according to Witte and Wilson (2004). 

 

Video Match Analysis  

For video match analysis the STATS SportVU ® [STATS LLC, Chicago (IL), U.S.A.] 

was used which tracks at a rate of up to 25-Hz and is validated by Technical University 

of Munich (TUM), raw data were provided via cartesian coordinates by K-Sport (primary 

data has been smoothed at 5-Hz). K-Sport and STATS SportVU ® are linked and use the 

same technology through a joint-venture, increasing the reliability of the data collected. 

The STATS SportVU tracking system transports the data of performance by extracting 
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and processing coordinates of players (X, Y) and the ball (X, Y, Z) through HD cameras 

as well as sophisticated software and statistical algorithms (Linke et al., 2018). Through 

cameras located at roof level, player movements were captured during matches and the 

data analysed by proprietary software to create a dataset on each player’s physical and 

technical performance. 

 

Measurement Outcomes 

Primary Endpoint: To assess the correlation between the physical performance variables 

during training game play and the same parameters observed over the course of a full 

match. Secondary Endpoints: To assess the following physical performance parameters: 

average metabolic power (MP, W·kg-1), distance at high speed (> 16 km·h-1), distance at 

high acceleration (> 2 m·s-2), distance at high deceleration (< -2 m·s-2) and distance at 

high metabolic power (> 20 W·kg-1) in comparison to the functional model of the same 

between training and matches. 

 

Statistical Analysis 

All data were analysed using Statistical Package for the Social Sciences version 22 for 

Windows (SPSS, Chicago, IL, USA). For correlation the method of Bland and Altman 

(1986; 1995) was used, which takes into account multiple values being obtained from 

each participant. The Bland and Altman plot method (95% limits of agreement) was used 

to compare all physiological and kinematic variables (metabolic power, distance at high 

metabolic power, high acceleration and high speed) between official match and training 

game play (measurement agreement). Linearity was assumed after visual inspection of 

variable-associated scatter plots. Variables association was assessed using Pearson’s 

product moment correlation coefficients (i.e., r) and provided with the corresponding 

confidence interval at 95%. The magnitude of correlation was classified as trivial (≤ 0.2), 
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small (> 0.2–0.6), moderate (> 0.6–1.2), large (> 1.2–2.0) and very large (> 2.0) based 

on guidelines from Hopkins (2002) and Batterham & Hopkins (2006). The results are 

presented as the mean ± the standard deviation throughout the text unless otherwise stated. 

Also, 95% confidence intervals (CIs) are presented where appropriate. The alpha level 

of significance was set at 5% (Kinear & Gray, 1995). 
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6.3: Results 

There was a significant difference in distance at HI speed (>16 km·h-1) with values 38.9% 

in official matches compared to training game play (P = 0.0011, CI = 0.36 to 0.88). 

Distance at HI acceleration (> 2 m·s-2) were also found to be significantly different 

between official matches and training game play (P = 0.0013, CI = 0.34 to 0.88) with 

lower distances of 12.4% during official matches. Results for distance at HI MP (> 20 

W·kg-1) also found significant differences between official matches and training game 

play (P = 0.0001, CI = 0.64 to 0.94) with observed values 17.7% higher during match 

play. Measures of metabolic power also found significant differences between official 

matches and game play (P = 0.0001, CI = 0.54 to 0.92) with values 7.5% higher during 

official match play. Only distance at HI deceleration (< -2 m·s-2) found no differences 

between game play and official matches. 

 

Bland Altman plots for all physical performance variables can be found in Figure 6.1. 

All variables showed a positive correlation ranging from r = 0.71 to r = 0.85 (see Table 

6.1) except for distance at HI deceleration (< -2 m·s-2) which showed a negative 

correlation (r = -0.21). Scatter plot of the resulting relationship between distance covered 

at high speed (> 16 km·h-1) among official match and training game play can be found 

in Figure 6.2. 
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Table 6.1. Person correlation (r), its magnitude (d) and 95% confidence interval (LoA) 

between the same physical performance variables among Game play and Official match. 

Statistical significance is shown as P values.    

 

 

 

Figure 6.1. Bland-Altman plots for all physical performance variables studied. The solid 

lines correspond to the mean differences as % (d) between the Official match and 

Training game play for Metabolic Power (A), HI MP (B), HI acceleration (C) and speed 

(D); the upper and lower dashed lines represent the 95% LoA (limits of agreement). 
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Figure 6.2. Scatter plot of the resulting relationship between distance covered at high 

speed (> 16 km·h-1) among Official match and Training game play; r = 0.71 (95% 

confidence interval, 0.35–0.88); P < 0.01. 
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6.4: Discussion 

The aim of the study was to investigate the correlation between the essential parameters 

related to high intensity actions and metabolic power analysed during training game play 

and official match play of elite soccer, as well as investigating the ‘functional model’ 

proposed in training. Table 6.1 shows the existence of positive correlations between the 

performance data analysed during the games played in training and locomotor data 

obtained through video match analysis. The presence of these correlations affects the 

methodological choices and set-up to follow during training session provision by the 

coaches. The relationship established between physical data of exercises incorporating a 

ball are similar and more relevant to competition. The analysis of game play requires us 

to gain an understanding and reflect on the transfer that exists between sport specific 

training and competition and how these can be related. However, the most important 

aspect to account for is associated to the “functional model” of matches and observing 

the % differences as displayed in Figure 6.1. Considering that the average metabolic 

power observed in official matches is about 8.1% higher and the high metabolic power 

(m·min-1) 21.4% compared to training game play, it is important to take these parameters 

into account. These variables, taking into consideration also the recovery phases cannot 

be superimposed to match values, since the recovery/pause in training sessions are very 

important. 

 

The most important methodological reflection must be made on accelerations where this 

ratio reverses in favor of training with values 11.1% lower during official matches. The 

reason for this can be explained by the tendency to play on smaller and shallower fields 

during SSG, with previous findings establishing differences (Fradua et al., 2013; Olthof 

et al., 2018). The size of the playing areas implemented in SSG highly influence the 

resultant physical performance of players. Therefore, it is important to maintain 
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principles that respect the averages of the functional model by taking into account the 

observations made between the essential parameters related to high intensity actions and 

metabolic power, otherwise even the technical and tactical aspects undertaken in the 

proposed exercises could create functional overloads in players. The neuromuscular 

aspect derived from continuous braking and acceleration must be considered as a specific 

force load, resulting in wider recovery times being required. Interestingly, movements 

related to high speed, distances covered on average above 16 km·h-1, display a 63.5% 

difference between official games and game play. This highlights that during this specific 

fundamental part of training this type of run does not occur as commonly as during 

match-play. 

 

Therefore, the game of soccer needs to careful review and evaluation of the current 

methods implemented during training. Training exercises are moving towards protocols 

that are too neuromuscular to the disadvantage of longer runs (in a situational 

regime/scenario) maybe due to the tactical aspects becoming such an ‘obsession’. These 

changes could compensate for the aspect of high speed, a fundamental factor in open 

spaces and tactical counter-attack situations and would raise the average metabolic power 

with the right doses. Further, this is closely linked to accelerations, and needs a minimum 

speed between 8-12 km·h-1 to stimulate the expression, which does not happen in sprints 

with standstill starts, but more typical of dribbling and technical actions as performed in 

the SSG. 

 

It has been found that technical performance is maintained despite substantial declines 

in physical performance during SSG in elite youth players. This finding may have 

implications for the design of SSG’s in elite youth players to ensure physical, technical 

and tactical capabilities are fully optimised. Modifications in player number, pitch 
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dimensions, rules and coach encouragement, for instance, should all be included by 

taking into account the main aim of a given session and then have a clear focus on 

overloading physical or technical elements (Moreira et al., 2016). In addition, coaches 

could anticipate the load resulting from the SSGs and adjust the field size to the player 

number. By taking into account the field size during SSGs it enables coaches to target 

the most favourable density for developing expected physical qualities. Calibrating 

intensity during SSGs would allow coaches to assess each athletic skill in the same 

conditions of intensity as in the competition (Sangnier et al., 2018). 
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6.5: Conclusion 

It is concluded that the high-intensity demands of soccer training are underestimated 

when assessing the traditional measurements of running speed alone, especially in 

training sessions or playing positions which are associated with less high-intensity 

activity. Therefore, estimations of metabolic power better inform the coach of the true 

demands of a training session (Gaudino et al., 2013a). High-intensity demands of SSGs 

in elite soccer players are systematically underestimated by running speed alone 

particularly during “small” SSGs and especially for central defenders. Estimations of 

metabolic power provide a more valid estimation as to the true demands of SSGs 

(Gaudino et al., 2013a). 

 

Many studies have looked at aerobic training and its influence on physical parameters in 

the game (Helgerud et al., 2001; Dupont et al., 2004). Considering these new parameters 

(i.e., metabolic power) it would be interesting to investigate this further by correlating 

training exercises without the ball to match play, to gain an understanding as to how 

much a different functional model can influence the intensity/physical performance of 

the competition expressed in a technical-tactical context. In this research, the small 

amount of exercises without ball and the identical stimulus for all players, did not allow 

us to perform such analysis. In the technical-tactical drills such as training game play, 

the role/position in the specific field has affected performance. A limitation of this study 

is precisely the absence of analysis on correlations with respect to roles, which could 

show lower coefficients (r) compared to the whole team. The small number of players 

analysed in each subgroup did not allow us to deepen the role discourse-specific. Still, a 

mixture of ball and non-ball training is considered the best formula for any aspect related 

to neuromuscular recovery, which is mainly stimulated in exercises with SSG type ball.  



142 

 

It would be interesting to further investigate predictive tests of some physiological 

parameters (e.g. V̇O2max, maximal aerobic speed, the energy cost etc.) and assess the 

influence they (in-season) have on the player's ability to express higher metabolic power 

in the official matches. It must be understood and noted that high intensity in soccer 

matches is also the result of a technical-tactical strategy of teams. Players who play in 

roles where running is a fundamental factor almost always manage to express high 

physical performance values. This discriminates the physiological factor from the effect 

of performance because of the specific role/system of play, and establishing more 

information related to players would help us to identify the potential of the required squad 

formation. Observed differences between generic-running drills and SSG highlight that 

the specificity of training causes different physiological responses together with time-

motion responses due to high speed and accelerations/decelerations which are based on 

the protocols used (Ade et al., 2014). Therefore, when studying player behaviour and 

performance it is important to consider aspects such as acceleration, as sprints and 

associated variables (such as mean sprint distance and duration) are less relevant in small 

areas such as SSG (Casamichana et al., 2012), and understanding that accelerations are 

common. Therefore, the failure to quantify them could lead us to underestimate the 

amount of high-intensity activity engaged in by players (Varley & Aughey, 2013).  

 

Finally, strength and conditioning professionals ought to consider aerobic fitness in their 

training program when dealing with professional soccer players. The MP method resulted 

an interesting approach for tracking external load in male professional soccer players 

(Manzi et al., 2014). Previous findings showed that match activities of a different nature, 

as per instantaneous interplay between acceleration and speed, are associated with either 

maximal or submaximal aerobic fitness variables (Stølen et al., 2005; Manzi et al., 2014). 

Interindividual aerobic fitness profiles are associated with high MP match categories 
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mainly anaerobic in nature (Osgnach et al., 2010) and suggest that successful training at 

high intensity (sprinting) developing maximal and submaximal aerobic fitness is crucial. 

Taking this into account is of great interest to practitioners and coaches involved with 

training prescription in soccer and can help guide them to provide more specific training 

(Ferrari Bravo et al., 2008; Impellizzeri et al., 2006). For example, the ability to 

repeatedly undertake maximal sprints with limited recovery is crucial to expert 

performance in football (Pullinger et al., 2019) and developing an understanding of 

repeated sprint ability, through a test (Dawson et al., 1998; Ferrari Bravo et al., 2008; 

Girard et al., 2011; Pullinger et al., 2019), which can then be incorporated into concurrent 

training methods in male professional soccer players will further help with soccer-

specific training provision. 

 

 

 

 

 

 

 

 

 

 



144 

 

Chapter 7: Synthesis of findings 
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7.1: Fulfilment of aims 

The aim of this chapter is to summarise each of the experimental chapters within this 

thesis and further identify how the main aims of this thesis were met and to ultimately 

provide recommendations for future research based upon this body of work (Figure 7.1). 

The specific aims of this thesis were: 

1. To assess the accuracy of the measurements calculated through different GPS 

sampling frequencies and compare them to the gold standard system to determine 

how much the speed variations are affected (the main aspect of soccer 

performance). After this, we determined the energy cost (C) to help summarise 

the physiological variable related to the technical-coordinative component. Two 

different sets of populations training in different ways were used for analysis to 

emphasise how the specific training of the soccer player has more important 

requirements than V̇O2max solely. 

 

2. To calculate the energy cost (C) of running at a constant speed on grass in elite 

soccer players by applying the average value to the constant term of the ‘Minetti 

equation’, which is a central function of the scientific approach proposed by di 

Prampero for the calculation of metabolic power (W·kg-1) in soccer. 

 

3. Applying the constant term of the Minetti’s equation on the energy cost (C) that 

considers the variations in speed. Validating a GPS for the indirect measurement 

of metabolic power (PGPS) compared with an indirect calorimetry (PV̇O2), which 

is deemed the gold standard. A specific test will be proposed that respects the 

types of running and intensity present in soccer by applying the ‘energetic 

approach’ devised by di Prampero et al., (2005). 
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4. To investigate the effects of different systems of play in soccer by studying some 

specific physical parameters and their potential changes between the first and 

second half. Furthermore, the longitudinal evaluation of a team during a full 

competitive home season, to observe the relationship between intensity and 

success (result) through physical match analysis data. 

 

5. To assess possible connections through mathematical correlations of physical 

data related to training sessions and matches; with the aim of identifying whether 

the external load, or some information on physical intensity, influences the 

homologous parameters. The focus was to look at the correlative differences 

between training without the ball compared to the ball one, to understand where 

to orientate volumes and intensity from a methodological point of view.  

 

The validity of GPS to determine energy cost in elite soccer: general vs. sport-

specific 

Aim 1 was addressed in Chapter 3 and looked at the validity of GPS data during active 

movements. The first intention of Chapter 3 was to establish whether the use of laser 

measurement systems with a sampling frequency of ~100-Hz, would facilitate the 

accurate assessment of acceleration and deceleration and compare this to a new low cost 

10-Hz high-frequency GPS system. The acceleration data obtained by the laser 

measurement system and GPS was then compared and assessed to establish validity. 

 

Ten male semi-professional soccer players playing at varsity level completed the 

experimental procedures consisting of 4 different running trials: i) a linear sub-maximal 

run over a marked 30-m track with low-moderate acceleration and deceleration; ii) a sub-

maximal 20-m shuttle run (time and speed were regulated by a sound signal); iii) high-
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intensity accelerations and decelerations over 50-m; iv) six laps of a measured soccer-

specific circuit performed on a synthetic sports surface, where linear run and change of 

direction were combined. 

The main findings of this pilot study were that using a measuring system with an 

increased 10-Hz GPS sample frequency (rate) provides a valid means of assessing 

running speed during rapid acceleration and deceleration that occur during linear runs 

and runs with tight changes of direction compared to a 100-Hz laser system. However, 

although the 10-Hz GPS is associated with some errors of running speed which are 

apparent on the linear circuits and equate to about 2 to 4%, it accurately tracks the path 

of movement and the angular changes occurring during a variety of tasks related to 

change of direction. 

 

Aim 2 was also addressed in Chapter 3 and compared the different C of straight- and 

shuttle-running in soccer players vs. marathoner runners. The main intention was to 

assess the differences in training provisions between runners and soccer players, where 

the focus in soccer players is accelerating and decelerating vs. constant-speed straight-

running in marathoners and assess this.  

The test which was chosen to assess this featured continuous speed changes preventing 

a truly metabolic steady-state achievement and ensured the investigation of C by 

applying di Prampero’s approach for such purpose. 

 

Ten young professional soccer players playing for the reserve team in the Serie A 

completed the experimental procedure as part of Group 1. Seven marathon runners 

completed the experimental procedure as part of Group 2. The experimental study was 

approached through an observational design and all participants completed one 

experimental session. Oxygen consumption was evaluated breath-by-breath using a 



148 

 

portable gas analyser along with lactate concentration values during both straight- and 

shuttle-runs. For the calculation of Cr at different constant speeds, each subject ran at 

different constant speeds on a motorized treadmill to identify the anaerobic threshold 

speed, steady-state V̇O2max and run-end lactate. 

 

The main findings of this pilot study were that the straight-running energy cost (Cr) of 

soccer players is significantly greater than runners. Further, soccer players’ straight-

running C even increases over the sport season but is significantly lower than runners. 

Shuttle-running economy (Csh) seems to be independent from maximum oxygen 

consumption (V̇O2max). The findings from this study indicate that C highly depends on 

the practiced sport and its relative training. 

 

Aim 3 was the main aim of Chapter 3 was to an provide up-to-date assessment of Cr in 

elite soccer players in their ecological setting, a grass soccer pitch, to further determine 

whether changes in Cr can be established in this population. There is a need to monitor 

and condition the Cr in elite soccer players, with little research available. 

 

Seventeen male elite, professional soccer players of a national and international level 

completed the experimental procedure of this study. Each player completed two sessions 

and underwent an assessment of oxygen consumption (V̇O2) at rest followed by an 

incremental treadmill run to exhaustion to assess V̇O2max. Assessment for Cr was 

performed on a UEFA standard-size grass soccer pitch. All participants performed an 

aerobic steady-state, circular run at a speed of 10.29 km·h-1 and 6-min in duration. Cr 

was calculated as the ratio between V̇O2 above its resting value (V̇O2n) and the speed (v). 

The main findings of Chapter 3 were that in elite professional soccer players, the energy 

cost of straight-running (Cr) on a UEFA standard grass soccer pitch is 4.66 J∙kg-1∙m-1. It 
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can be established that on grass, Cr assessment provided different estimates of Cr 

compared to previous findings in the literature, which seem to vary as a function of the 

surface type as well as the assessed population. 

 

Validity of a new metabolic power algorithm based upon di Prampero’s theoretical 

model of energy cost 

Aim 4 was addressed in Chapter 4, using semi-automatic cameras, the global positioning 

systems (GPS) to collect data related to soccer player performance during match-play 

and training. With GPS helping to generate information regarding physical differences 

in players and playing a role in devising more specific training programmes for each 

playing position, to gain an understanding of the effort required to successfully perform 

these actions, it is important to understand and incorporate the concept of di Prampero 

and Osgnach in relation to energy cost (C) and metabolic power (MP). The aim of the 

study was to investigate the average MP on a soccer-specific test through direct and 

indirect measurements of oxygen consumption using di Prampero’s approach while 

modifying Minetti’s equation of energy cost, while taking into account the statistical 

approach required to do so. 

 

Thirteen male elite, professional Serie A soccer players of a national and international 

level completed the experimental procedure of this study. During each trial, participants 

were fitted with a 10-Hz GPS unit and a portable gas analyser to assess the oxygen uptake 

directly. At the start and end of each testing session, blood lactate was collected. The 

maximal oxygen consumption (V̇O2max, mL·kg-1·min-1) was measured along with 

determination of C on grass using a soccer-specific high-intensity protocol. The energy 

costs of soccer-specific exercise (C) and the indirect calculation of metabolic power 

through GPS (PGPS). 
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The main findings of Chapter 4 were that shuttle running using low speeds only 

negatively affects the PGPS by underestimating observed values. Further, this study 

directly determined physiological demands through GPS derived modelling of the 

metabolic power; and indicated that in an elite soccer population the GPS metabolic 

power paradigm is a valid means of determining work rate during activities. Differences 

in MP expressed as W∙kg-1 were evident between direct and indirect measurement 

methods. Data indicated that where there are periods of repeated accelerations and 

deceleration superimposed on an aerobic background, metabolic power estimates did not 

differ significantly from directly calculated estimates. The new equation underestimates 

the metabolic power in elite players by approximately 2.2%. 

 

Metabolic power approach in soccer: a new longitudinal match-performance 

analysis with a tactical key 

Aim 5 was addressed in Chapter 5, with the aim of investigate main volume and intensity 

of specific physical variables in soccer and its relation to different formations, to establish 

whether there is a more effective formation and/or a formation more that minimises the 

between-halves performance decrease. Previous findings related to position-specific 

performance model studies have shown some limitations over time by not taking into 

account the different game formations in addition to the different player positions. 

Additionally, this chapter also wanted to assess whether variables influence the outcome 

of the first half and final match results and look at the relation to wins, draws, and losses 

in a professional team over the course of a season. 

One hundred and eighty-seven Serie A professional soccer players completed the 

experimental procedure of this study. Video match analysis was conducted capturing 

players’ movements during matches and was then analysed to create a dataset on each 

player’s physical and technical performance. 
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The main findings of Chapter 5 were that tactics are influenced by many factors: 

historical data (previous results against opponent and others) and external factors (e.g. 

match location, competition, table-rank, referees, weather, etc.) in addition to individual 

and team tactics, physiological, and technical skills factors. Decreases in physical 

performance (i.e., TDC) and metabolic power (MP) variables were present irrespective 

of formation in the 2nd half and are not only due to fatigue. A 3-5-2 and 4-4-2 formations 

are not characterised by such changes and therefore looks like an energy-saving but even 

performance-preserving formation when analysing physical performance and metabolic 

expenditure variables. 

 

Training load analysis and physical match performance variables in elite soccer: is 

there any correlation?   

Aim 6 was addressed in Chapter 6, to investigate the correlation between the essential 

parameters analysed during training sessions and during official matches of elite soccer, 

while also investigating the ‘functional model’ proposed in training. With the 

advancement of technology, a great opportunity is present to combine and compare 

aspects of physical performance parameters in match-play with the load proposed in 

training. There is a need to carry out research looking at the metabolic power approach 

which constitutes of an integrated method potentially useful to track the game and 

training demands of and further examine the metabolic power responsiveness to training 

in professional soccer. 

Eighteen highly trained male soccer players completed the experimental procedure of 

this study. All players underwent the same type of training session: game play with 

different sized pitches, a 5 vs. 5 (SSG) and a 10 vs. 10 (full-sized) game. The physical 

and intensity parameters during the training sessions were evaluated using high-

frequency GPS. The primary endpoint was to assess the correlation between the physical 
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performance variables during training game play (SSG) and the same parameters 

observed over the course of a full match. The secondary endpoint was to assess the 

following physical performance parameters: average metabolic power (MP, W·kg-1), 

distance at high speed (> 16 km·h-1), distance at high acceleration (> 2 m·s-2), distance 

at high deceleration (< -2 m·s-2) and distance at high metabolic power (> 20 W·kg-1) in 

comparison to the functional model of the same between training and matches. 

 

The main finding of Chapter 6 was that a positive correlation was established between 

the performance data analysed during the games played in training and locomotor data 

obtained through video match analysis. High-intensity demands of soccer training are 

underestimated when assessing the traditional measurements of running speed alone, 

especially in training sessions or playing positions which are associated with less high-

intensity activity. Estimations of metabolic power provide a more valid estimation as to 

the true demands of SSGs. 
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Figure 7.1. Infographic on aims, synthesis of findings and practical applications. 
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7.2: Conclusions and recommendations for future research 

 

The objective of this thesis was to further determine the concept of training load in soccer. 

To achieve this, the starting point must be the soccer-specific study of movement and its 

peculiarities. The technology that is available nowadays offers us the possibility to 

indirectly measure the basic physiological magnitudes to help guide training and provide 

a more in-depth understanding about the physical aspects required during a game. Energy 

cost (C) is an index that sums up physiology and technique requirements by explaining 

how sport specific training can modify some parameters closely related to efficiency in 

players. The study of this in soccer players is a fundamental way to apply a value to 

mathematical models and equations that consider the daily activity carried out, such as 

accelerations, decelerations and changes of direction. This further leads to the economy 

of running at constant speeds in the opposite direction.  

 

Applying a model that evaluates matches and incorporates training variables through 

biomechanical and energy intuition is easy to apply when the kinematic data is available. 

Through the study of direct measurement of oxygen consumption (PV̇O2) and the 

calculated metabolic power (PGPS) and its differences, it has been possible to widen the 

vision of the external training load by rationally integrating the information derived from 

speed alone with those related to its variations over time. V̇O2max explains only 24% of 

PGPS (r = 0.49); that is if we expected players with a higher maximal oxygen consumption 

to have a consequent higher metabolic power, and therefore make an assessment error, 

given that there are subjects capable of expressing PGPS of ~15.7 W∙kg-1 with both 70 and 

57 mL·kg-1∙min-1, therefore with 23% reduction in aerobic power (maximal oxygen 

uptake). A high PV̇O2 does not necessarily imply a high PGPS, which represents the 
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external load: the effect on the speed data calculated through the movements tracked by 

the GPS. 

Ultimately there are three issues to be methodologically expanded: 

 

i) the extra energy, reasoning on the use of 100-Hz tri-axial accelerometers together with 

the correct mathematical filters. Buchheit & Simpson (2017) address this discourse by 

arguing that accelerometers are practical assessment methods to quantify stride variables 

when used indoors (i.e., no GPS signal is required), therefore allowing the use for 

intermittent team-sports (e.g., basketball, handball). All of this could improve the 

assessment of eventual muscle strength deficits in players, leading to progress in the field 

of injury recovery (Buchheit & Simpson 2017; Buchheit et al., 2015). Furthermore 

Osgnach et al. (unpublished data) are focusing on a study related to 'Muscle Power' 

(GPEXE ©, Exelio Srl, Udine, Italy), with the aim of considering the greater muscular 

load of the braking activities (decelerations) compared to those in observed acceleration. 

All that could reduce the underestimation of PGPS compared to PV̇O2, evaluating the 

addition of a small energy surplus deriving from neuromuscular fatigue. Technologies 

such as surface electromyographs in correlation with current estimates of metabolic 

power could be decisive for developing new energy cost equations (with more attention 

to e.g. decelerations, CoD etc.) according to Buchheit et al. (2015) and Hader et al. 

(2016). 

 

The reason why it was chosen not to implement the update to the concept of equivalent 

slope (Minetti et al., 2018), in addition to the changes proposed by di Prampero and 

Osgnach (2018) on the inclusion of a lower energy cost for the walking phases (Cw), is 

dictated by the fact that the original equation (Minetti et al., 2002), with small 

adjustments as presented Chapter 4, is already able to estimate the EE of an intermittent 



156 

 

exercise (Bangsbo, 1994b). These changes, if applied, would make the metabolic power 

of soccer matches lower by at least ~14% (di Prampero and Osgnach, 2018), giving 

rationale to the limitations on the metabolic power concept raised by opponents of the 

concept (Buchheit & Simpson, 2017). 

 

ii) The performance model in the choice of tests that we want to validate together with 

calculations on energetics of muscular exercise (Chapter 4). In support of this, Brown et 

al. (2016) mentioned that using other criterion procedures which can measure both 

anaerobic and aerobic EE directly can help the assessment of validating the approach. 

This concept has been found to work positively in this study. 

If we wanted to recommend improvements to our study, we would opt for: 1) the 

insertion of the ball in the soccer-specific circuit for a maximum of 5-10s per lap (e.g. 

sprint with ball conduction or 5-s of ball control and passing/or shooting etc.); 2) the 

inclusion of at least a couple of walking/slow running phases given the active nature of 

the recovery (5-10 W·kg-1) in soccer; 3) the increase of the sample to be studied in order 

to statistically understand what the relation of the PGPS is when calculated compared to 

the PV̇O2 measurement; 4) adding a camera at the start to record the time during the 

maximum triangle performed at each lap, in order to obtain a series of times to assess the 

minute-by-minute performance decrement (Fitzsimmons et al., 1993; Bishop & Spencer, 

2004). This test could be an alternative to the various repeated sprint ability (RSA) tests 

proposals found in the literature (Bishop et al., 2001; Haugen et al., 2014; Haugen & 

Buchheit, 2016), to study more specifically the ‘true’ RSA, by alternating the maximal 

bouts with runs and recoveries of various kinds, to simulate the intermittent scenario of 

the game. 

These are closely linked to the decisive role of the energy cost (C) which obviously in 

the soccer-specific circuit proposed by us is ~38% higher than Cr on the grass at constant 
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speed (6.41 > 4.66 J·kg-1·m-1, see Chapter 4). It is essential to train with specificity and 

look for the economy of the game's movements ‘throughout the game’ and not obtaining 

a greater efficiency of the running technique (i.e., athletics), which would lead to an 

improvement of the Cr, which as seen by Buglione & di Prampero (2012) gets worse 

during the soccerer's competitive season. The biomechanics of running is sport-specific 

as training and tests must be. 

 

iii) The application of the 'metabolic power' approach to video match- and time-motion 

analysis with the same equations and algorithms used by the GPS software for training 

load analysis, represents the future of soccer, with the possibility of assessing metabolic 

performance of the player every game, studying the trend with respect to the loads 

incurred in training. The uniformity and homologation of the algorithms would really 

represent a turning point to compare training methods/philosophies (i.e., traditional, 

tactical periodization) and different championship competitions (similarities and 

differences with respect to the presence or absence of cup tournaments). Extending the 

discussion, the utility would also fall on the choice of the players during the transfer 

window updating database useful for soccer scouting, match analysis and transfer 

dynamic (such as e.g. Wyscout, InStat, STATS, trasfermarkt etc.), integrating over the 

technical-tactical information, the physical performance and the history injuries, looking 

for the keystones for understanding his official performance parameters together with 

training loads carried out in the belonging club, through the same 'integrated soccer 

language' (Azzone & Lorenzon, 2019). 

 

However, despite its some of the limitations, the information can better describe the 

activity currently present in the game of soccer and its concept of intensity and provides 

a further opening to the scenario of analysis and observation. Player practice on the field 
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imposes the application of these models to the daily activity of analysis of training 

sessions both, with and without the ball. In the last few years, with games having almost 

total coverage of video tracking systems in the stadiums and the possibility of applying 

high-frequency GPS to the players during their weekly microcycles, the comparison and 

the periodization of training has become a great interest among the professionals working 

within this sector.  

 

A modern-day data scientist who wants to get closer and closer to fully understanding 

the game, cannot untie the purely physical data (response) from the technical-tactical 

aspect (cause) during match-play. Considering soccer is a situational sport, its 

performance is mainly influenced by the need for strategical and tactical developments 

in the field, which could also impose moments of pause/rest between repeated high 

intensity actions. The final aim of this thesis was to precisely verify how the system of 

play could affect performance and how the latter was not necessarily linked to the result. 

Furthermore, having training session data available, it was necessary to study how the 

intensity of the exercises with the ball were more correlated than the ‘dry activity’ (no 

ball) with some of the physical parameters analysed during competition. A demonstration 

that the specificity has a much stronger correlation to game play compared to the physical 

activity with displays more general characteristics.  

 

In the future it would be desirable to use large data sets through machine learning and 

data mining systems so that the spectrum of analysis can be further expanded. This will 

help with the association of not only “static information” to the physical data, such as: 

role, system of play, result, percentage of ball possession etc., but also “dynamic 

information”, such as the flow of tactical attitudes tagged through video match analysis. 

This would further lead to the understanding and explanation of observed physical data 
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according to the specific moment/action in the game and help summarize the information 

that is useful for choosing a winning game strategy for the manager. 

 

Some of the outcomes of this research are important in relation to the following soccer 

performance issues: 

a. A new energy cost constant for running on UEFA standard grass pitch in elite 

soccer players has been quantified for the first time. 

 

b. A metabolic power paradigm (C equation, Minetti et al., 2002 modified) with 

direct specificity to elite soccer players is now available and validated. 

 

c. Application of this new metabolic power paradigm to match play data derived 

from both video match-analysis and integrated GPS technology has highlighted 

limitations in the use of current speed and distance match-analysis paradigms 

applied to objectively quantified soccer performance (Castagna et al., 2014; 

Gaudino et al., 2014a; Martínez-Cabrera & Núñez-Sánchez, 2018; Beato et al., 

2018b). These limitations fail to reflect the quantity and intensity of the metabolic 

load applied during match play by up to at least ~30%. 

 

d. Furthermore, we propose to establish metabolic power requirements during 

competitive match play for different positional roles, tactical system of play, how 

metabolic changes over the course of a season, and opposition style of play, 

providing a normative reference ranges for metabolic power and energy 

expenditure estimates. These estimates may be (are been) utilised to consider 

general/specific thresholds of effort required for the regulation of training 

intensity, and importantly training load particularly where training may be 
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orchestrated and assessed via GPS monitoring (Manzi et al., 2014; Castagna et 

al., 2017; Hoppe et al., 2017; Martínez-Cabrera & Núñez-Sánchez, 2018). 

 

e. These normative ranges may be particularly useful in assessing the efficacy of 

current training regimen i.e., the small sided game which is a mainstay of physical 

and technical preparation in soccer (Gaudino et al., 2014). 
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