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The primary objective of this dissertation was to develop valid and reliable monitoring of 

soccer players’ maximal acceleration and speed sprinting ability in an inobtrusive manner. To 

accomplish this goal, we studied methods that used observational data collected with sensors that 

are typically worn in every training and match in international level women’s soccer (i.e., invisible 

monitoring).  

First, to achieve this objective, it was necessary to evaluate the validity and reliability of 

different athlete athlete-worn sensors (global navigation satellite systems [GNSS]) against gold-

standard devices for measurement of instantaneous velocity (radar) and standard time-distance 

sensors (timing gates). These sensors can be used to model and calculate various force-velocity 

(FV) metrics related to horizontal acceleration, velocity, force, power, and efficiency of the 

oriented force throughout linear sprinting protocols. It was demonstrated that GNSS sensors could 

be used to model linear sprints with adequate reliability and validity depending on the GNSS 

sensor used.  

Second, to provide a more comprehensive assessment of the state of GNSS for FV linear 

sprint profiling, a systematic review with quantitative (meta-analysis) and narrative analysis was 

carried out on the literature comparing GNSS to radar and laser. It was found through this process 

that GNSS can be valid and reliable, however, there are several methodological challenges that 
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need to be considered which informed our research designs going forward and allowed for 

improvement of modeling recommendations for future research and application. 

Third, although having the ability to model linear FV sprint capacity in the field using 

GNSS sensors is impactful, it still requires a degree of protocol standardization and requires 

anthropometric and environmental metrics to be collected for effective modelling. Therefore, we 

evaluated a novel athlete monitoring approach that requires no dedicated sprint testing or 

additional metrics to be collected. Acceleration-speed (AS) profiles using regular training and 

game data were compared to FV profiles in an elite women’s soccer cohort to determine whether 

AS profiles could provide practitioners with similar information to FV profiling without the need 

for any isolated sprint testing. It was found that within a 4-week national team camp, it was 

possible to construct valid AS profiles that can inform practitioners on the acceleration and speed 

of the athletes in aggregated data sets of training and games. Since this data can contain outliers, 

multiple outlier techniques to construct AS profiles were also evaluated and shown to be an 

important aspect to consider. 

Fourth, since AS profiling was determined to be valid with 4-weeks of data which may not 

be ecologically valid due to variations in national team camp lengths (typically a week or longer), 

it was then necessary to determine the minimal number of events necessary to construct valid AS 

profiles. Therefore, an optimization approach whereby all possible combinations of 19 training or 

game events were performed, and it was determined that nine events were necessary for a valid 

profile to be constructed, and that the inclusion of maximal sprint efforts can improve the reliability 

and (reduce) the number of events necessary. 

In the fifth and final study, we conducted a larger scale analysis on 3-years of women’s 

national team training camp and international match data. Since the AS profiles represent the 

athletes AS ability during and surrounding the camp, we could use the AS regression as a reference 

to normalize the maximal speed and acceleration points across velocity bands typically used in 

soccer (i.e., low, moderate, high, and very-high speed running). This resulted in the introduction 

of novel invisible monitoring metrics such as normalized acceleration and power, which allowed 

for the quantification of athlete’s relative effort in matches compared to their physiological and 

biomechanical maximal capacity. These data were then used to demonstrate the differences and 
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possible benefits of normalization or non-normalization of acceleration and power and how it 

varies based upon position, goal differential, and match half.  

Altogether, the findings from this thesis suggests that it is possible to reliably generate 

“invisibly” monitored acceleration-speed profiles in international women’s soccer contexts using 

GNSS technology. Further, AS profiling provides a benchmark for physical and tactical staff 

which can be compared to absolute athlete data and may inform rehabilitation, strength & 

conditioning programs, training sessions and match tactics. Further research is necessary to 

determine effective application in other team sports. 
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Chapter 1 – General Introduction 
 

1.1 Invisible monitoring 

The concept of “invisible” in-situ monitoring comes from the potential to ambiently collect 

data from athletes during their regular training and competition to develop a rich data-set from an 

accumulation of each bout of activity (Morin et al., 2021). This rich data set can be subject to 

different analytical approaches to determine biomechanical and physiological profiles. These 

profiles can be used as benchmarks to test training interventions as well as to understand an 

athlete's current physical capacity and readiness. Beyond the valuable insights gained from this 

approach, invisible monitoring requires no specialized testing sessions and therefore can remove 

the time and resource requirements of group testing in elite sport environments. While there  is 

exciting potential for invisible monitoring, each sport possesses unique characteristics resulting in 

the need for the development of a unique analysis with diverse technologies.  

1.2 Wearable sensors for invisible monitoring 

As a starting point to appreciate the potential of invisible monitoring it is important to 

highlight that the use of wearable microtechnology has become an essential part of elite sports for 

monitoring and quantifying movement and effort (Aughey, 2011). For example, it is common 

practice in team sport settings to use motion sensing technologies such as global navigation 

satellite system (GNSS) sensors during training and competition. GNSS sensors are capable of 

providing location and speed information with location accuracy of ~ 1m at  

10-20Hz (Dennison et al., 2025), making these sensors suitable to track athlete movements. 

However, these sensors are limited to an outdoor environment due to the requirement to 

sufficiently connect to GNSS constellations. GNSS sensors form the basis for athlete monitoring 

devices, however these devices may also include inertial measurement units (IMU) which can 
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provide high resolution acceleration and angular velocity. Therefore, in team sports whose primary 

training and competition environment is outdoors, GNSS sensors can provide fundamental 

kinematic information for athlete movement at their extremes of effort  during training and 

competition as well as during specialized testing. Ultimately, the use of wearable micro 

technologies during training, competition and dedicated testing has enabled sport scientists to 

continuously monitor external workload (Cummins et al., 2013), rehabilitation status (Greig et al., 

2019), high speed running efforts (Meylan et al., 2017), and other physiological markers. This use 

of wearable sensors paves the way for invisible monitoring as the amount of data that can be 

accumulated from each athlete, in many states and conditions, can help to build a complete profile 

of capacity, as well as other workload measures and potentially remove the requirement of  

standalone standardized testing.  

1.3 Standalone athlete performance testing  

The purpose of standalone testing in sport is to quantify the athlete's capacity in controlled 

settings. A valuable standalone test is sprint testing, where athletes start from a stationary position 

and then accelerate maximally to obtain a top speed within a predetermined distance. Often, times 

to complete the entire distance as well segments (splits) during the sprint are used to compare 

between athletes and within the same athlete over time (T. Haugen et al., 2020). For example, the 

times at the beginning of the sprint (0-10m) are used to define the ability of an athlete to accelerate 

and the times at the end of the sprint (30-40m) are used to determine the top speed of the athlete 

(Agar-Newman et al., 2017; Poehling et al., 2021). While simple approaches of sprint assessment 

are valuable there has been growing interest in modelling data from the entire sprint to produce 

systematic variables associated with theoretical force, velocity and power of the athlete based on 

sprinting data (Samozino et al., 2016; Volkov & Lapin, 1979). This approach is called horizontal 
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force-velocity (FV) profiling and has received substantial research interest for its ability to provide 

reproducible variables defining an athlete's maximal force and speed expression (Samozino et al., 

2016).  

1.4 Horizontal force-velocity profiling 

As sprinting is crucial in team sports like soccer and rugby (T. A. Haugen et al., 2020; 

Watkins et al., 2021), horizontal FV profiles developed from standalone sprint testing are being 

used to analyze and understand an athlete's capacity related to workload, training, and 

rehabilitation (Morin & Samozino, 2016). Horizontal FV profiles are created by modelling 

velocity or split time data collected from an all-out sprint performed by an athlete from a stationary 

start. The technique uses radar and GNSS velocity data which is fitted using a mono-exponential 

model to estimate the acceleration constant and maximal sprint speed (Figure 1-1. left panel). 

These values are then used to estimate theoretical maximum force (F0), force at zero velocity, and 

theoretical maximum velocity (V0), velocity at zero force; as well as maximal mechanical power. 

There has also been investigation into other metrics to quantify the sprint efficiency such as the 

slope of the FV relationship, the maximum value for the ratio of force, and the decrease in force 

ratio (Bezodis et al., 2021; Morin & Samozino, 2016). Given the detailed metrics that FV profiles 

can provide, their usage enables a more thorough assessment of sprinting data than traditional 

methods. Further, metrics derived from this approach have been valuable to support investigations 

of positional demand and competition level. For example, in a study by Watkins et al. (2021), 

analyzing FV profiles, it was determined that international and professional players possessed 

superior peak horizontal force production ability at the start of the sprint and across a variety of 

sprint FV attributes than club level players. The technique of developing a FV profile, however, 
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requires dedicated sprint testing where athletes are required to perform multiple isolated sprints, 

which can take valuable time away from normal practice sessions. 

1.5 Acceleration-speed profiling 

Similar to FV profiling, acceleration-speed (AS) profiling is another method of 

biomechanically profiling using athlete worn wearable microtechnology (Morin et al., 2021). 

While FV profiles use speed or time/distance data collected during testing an individual sprint, AS 

profiles use data from body worn GNSS sensors to collect speed and acceleration data from every 

sampled time point during sport specific or in-situ training or competition situations. This results 

in a data cloud of all the accelerations mapped to their associated speed, from multiple events, as 

seen in Figure 1-1, right panel. This includes both many maximal efforts, after selecting the 

maximal acceleration values at each speed and the cleaning and removal of any outlier data, the 

profile is generated via a linear regression of the highest positive acceleration at each speed 

achieved by the athlete (Cormier, Tsai, Meylan, & Klimstra, 2023; Morin et al., 2021). Morin et 

al. (2021) defined the important metrics in the AS Profile as: the theoretical maximal acceleration 

at zero velocity-intercept (A0), the theoretical maximal speed at zero acceleration-intercept (S0), 

and the AS slope or overall orientation of the AS profile. There are few investigations into this 

type of profiling. Although there is promise in the ability to determine player maximum AS 

biomechanical capacity without the need for dedicated tests, there are various factors that must be 

investigated.  
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Figure 1-1. Comparison of FV profile (left) using sprint data and AS profile (right) from training session 

data. Figures reproduced from Morin et al. (2019, 2021). 
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1.6 Thesis objectives 

The primary objective of the thesis was to determine the feasibility of constructing valid 

and reliable FV and invisibly monitored AS profiles using typically worn athlete worn sensors. To 

achieve this, it is necessary to: 

i. Determine the validity and reliability of GNSS sensors to generate FV profiles from 

standalone sprints experimentally (Chapter 2). 

ii. Aggregate all studies using GNSS to generate FV profiles in a meta-analysis to determine 

the overall validity and reliability while also examining moderator variables in the analysis 

to inform GNSS sprint modelling in subsequent studies (Chapter 3). 

iii. Determine optimal outlier removal of maximal effort running data points while also 

investigating whether AS profiles are comparable to FV profile metrics (Chapter 4). 

iv. Determine the optimal number of random training session and game data necessary to 

construct a valid AS profile (Chapter 5). 

v. Introduce novel invisible monitoring metrics such as normalized acceleration and power to 

quantify relative effort in matches (Chapter 6).  

a. Demonstrate the differences and possible benefits of normalization or non-

normalization of acceleration and power data to contextualize players’ physical 

performance based upon position, goal differential, and match half.  

Together, this information will help establish this ambient approach to determine athlete 

acceleration-speed ability in soccer as there is the potential ability to use the AS metrics to support 

athlete specific training recommendations as well as a more athlete-centered approach to tactical 

and technical decision making.  
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Chapter 2 – Validity and reliability of GNSS sensors for force-velocity sprint profiling1 

 

2.1 Abstract 

This study evaluated the validity and reliability of common systems to assess sprint-derived 

horizontal force-velocity (FV) profile metrics. Two double constellation athlete monitoring 

systems (STATSports Apex and Catapult Vector S7) and one timing gate system (Brower) were 

compared to a radar gun for the computation of FV metrics. Inter-system validity was assessed 

using Intraclass, Pearson Correlation Coefficients (ICC, and R2), and Bland-Altman plots with 

absolute and percent agreement. Intra-system reliability was assessed with agreement bias and 

ICC. STATSports demonstrated moderate agreement for F0, Pmax, τ, and Drf (8.62, 6.46, -9.81, and 

9.96%, respectively), and good agreement for V0 and MSS (-2.18 and -1.62%). Catapult displayed 

good agreement across all metrics (F0, V0, Pmax, MSS, τ, and Drf: -0.96, -0.89, -1.85, -0.84, 0.38, 

and -0.27% respectively). Timing gates demonstrated good agreement with V0 and MSS (-2.62 

and -1.71%) and poor agreement with F0, Pmax, τ, and Drf (19.17, 16.64, -20.49, and 20.18%). Intra-

system reliability demonstrated good agreement (<2% bias) with very large to near perfect ICC 

(0.84-0.99) for Catapult and STATSports systems. Overall, GNSS 10Hz technology is reliable 

across devices and can provide moderate-to-good accuracy of FV metrics in single maximal effort 

sprints. However, Catapult provided better agreement for more FV metrics than STATSports 

which may be related to differences in proprietary algorithms. Also, modeling timing gate data 

using current FV profiling techniques results in poor bias that requires greater investigation. GNSS 

data can be used for FV profiling which could inform performance and rehabilitation processes. 

 
1 Cormier, P., Tsai, M.-C., Meylan, C., Agar-Newman, D., Epp-Stobbe, A., Kalthoff, Z., & Klimstra, M. (2023). Concurrent 

validity and reliability of different technologies for sprint-derived horizontal force-velocity-power profiling. Journal of Strength 
and Conditioning Research. https://doi.org/10.1519/JSC.0000000000004429 
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2.2 Introduction 

Microtechnology has supported the evolution of team-sport athlete monitoring and the 

development of precise and individualized approaches to physical preparation. A prime example 

is the ability to derive important athlete specific physical metrics from spr inting (Harper et al., 

2021; Peeters et al., 2019) through modelling maximal stand-alone sprint efforts (Furusawa et al., 

1927; Morin et al., 2019; Nagahara, Mizutani, et al., 2017; Samozino et al., 2016; Volkov & Lapin, 

1979). The horizontal force-velocity (FV) profile (Morin et al., 2019; Morin & Samozino, 2016; 

Samozino et al., 2016), is based upon a model applying the laws of motion to the athlete’s center 

of mass (CoM) during maximal sprinting from which various mechanical sprinting outputs can be 

quantified and applied to inform training, match-play and rehabilitation (Mendiguchia et al., 

2016a; Morin & Samozino, 2016). This technique has received extensive support and investigation 

and is becoming a common approach for athlete assessment (Jiménez-Reyes et al., 2020; Lahti et 

al., 2020).  

While this sprint modeling technique is in frequent use by sport science practitioners in 

research and field application, there are methodological considerations that need to be carefully 

adhered to in order to support its reliable use (T. Haugen et al., 2020; Malone et al., 2017; Vescovi 

& Jovanović, 2021). Some challenges concerning the use of this methodology are related to 

protocol and analysis considerations of various devices used to collect and compare athlete data 

(Lacome et al., 2019; Malone et al., 2017). For example, a FV profiling session often requires 

individual athletes to perform maximal sprints using timing gates or radar as a collection modality. 

A limitation is, only one athlete can sprint at a time often requiring a separate testing session which 

is not always practical for professionals in the field. With improvements in field-based wearable 

athlete tracking systems (global navigation satellite systems [GNSS]) to reliably measure athlete 
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movement (Lacome et al., 2019, 2020), these tools have shown great promise in their ability to be 

used to derive FV profile metrics in a time-efficient manner with large groups of players using 

automated processing of data. For example, Clavel et al. (2022) assessed FV profiling from 50m 

sprints with national level rugby union players from GNSS augmented systems (double 

constellation) and showed nearly perfect correlations with radar derived profiles, with minimal 

intra-system variability suggesting that GNSS could be a valid alternative to other field-methods. 

Also, Nagahara et al. (2017) reported concurrent validity of GNSS systems (both 5 and 20Hz units) 

with well-trained rugby and soccer players in 30-50m sprints, with 20Hz units resulting in more 

accurate estimation of FV profile metrics.  

While different systems have been assessed separately for their ability to provide valid and 

reliable FV profile metrics, no studies have compared the concurrent validity of multiple systems. 

Further, few investigations have assessed the validity of different GNSS systems concurrently 

(Lacome et al., 2019, 2020; Nagahara, Botter, et al., 2017) and to the authors knowledge, no studies 

have directly compared FV profile metrics from two of the biggest system manufactures in the 

industry (ie, Catapult and STATSports). Additionally, while considerations for developing FV 

profile using timing gates and radar have been examined separately, few studies have compared 

FV profile outputs between timing gates and radar directly (T. Haugen et al., 2020; van den Tillaar 

et al., 2022). Since many systems are used to develop and compare FV profile metrics within and 

between athlete populations it is important to determine the level of agreement as well as 

methodological considerations and challenges to support applied research with this approach. 

Thus, the aims of this study were to: (a) assess the validity of FV profiles derived from two 

different widely used GNSS systems, and timing gates against the criterion measurement device, 
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radar; and (b) determine the intra-system reliability of GNSS systems for the computation of FV 

profiles. 

2.3 Methods 

2.3.1 Approach to the problem 

A concurrent protocol was conducted to assess the validity and reliability of FV profiles 

derived from double constellation GNSS, timing gates, and radar data whilst maximally sprinting. 

Specifically, the systems STATSports (10Hz, Apex v3.00, STATSports, Newry, UK) and Catapult 

(10Hz, Vector S7 v3.4.0, OpenField Cloud Analytics, Catapult Innovations, Melbourne, Australia) 

were compared due to their use in elite sport. Furthermore, the traditional field method, single-

beam timing gates (Brower Timing Systems, Draper, USA) was also analyzed. The criterion 

measurement device was a radar gun (46.875 Hz, Stalker ATS System, Radar Sales, Minneapolis 

MN, USA).  

2.3.2 Subjects 

Subjects were recruited from university level teams and ranged from recreationally trained 

to trained/national performance caliber (n = 5, were national developmental rugby players) 

(McKay et al., 2022). The teams that participated were women’s rugby (age = 20.41 ± 2.37 yrs, 

mass = 74.84 ± 12.03 kg, height = 1.68 ± 0.06 m, n= 30) and men’s ice hockey (age = 22.27 ± 1.57 

yrs, mass = 87.15 ± 9.58 kg, height = 1.83 ± 0.07 m, n= 25). Ethical approval was obtained from 

the University of Victoria’s Human Research Ethics Board. This study complied with the 

principles outlined in the Declaration of Helsinki. 
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2.3.4 Procedures 

Inter-system validity 

The procedure took place on two separate days on an outdoor rubberized track surface in 

an open field stadium. Subjects wore standard running shoes. On day 1, participants performed a 

warm up consisting of a 20 min general and dynamic movement followed by three progressive 

sprints at increasing intensities as similarly described in previous studies (Samozino et al., 2022). 

Two all-out 40 m sprints were performed with 5 minutes of passive rest in between each trial. 

Subjects were required to position their feet in a staggered stance for all trials with 5s of no 

movement before beginning the sprint. This helped avoid any backwards movement prior to the 

sprint, as well as allowing for automated detection of sprint onsets when processing the data 

(Clavel et al., 2022). If sprint efforts were not maximal (e.g., slip on track surface or other factors), 

the trials were omitted. 63 concurrent trials were kept for analysis on Day 1. Subject height (m) 

and body mass (kg) were collected according to The International Society for the Advancement of 

Kinanthropometry (ISAK) procedures. Also, barometric pressure, wind velocity, and ambient air 

temperature were collected on every testing day from the University of Victoria weather station 

(latitude 48.46, longitude -123.6, elevation 60m) with barometer, anemometer, and thermometers 

readings (Vantage Pro2, Davis Instruments Corporation, California, USA) for the FV  profile 

computation (1,013 hPa, 7°C, measured wind velocity of 2km/h (blowing south to north) on Day 

1, 1,025 hPa, 9°C, wind velocity of 2km/h (south to north) on Day 2). The sprint was ran from 

north to south. Horizontal dilution of precision (HDOP) was 0.68 ± 0.07 for Catapult and 0.40 ± 

0.05 for STATSports. The number of satellites acquired was 16 ± 2 for Catapult and 19 ± 1 for 

STATSports. 
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During each trial, instantaneous velocity data (46.875 Hz) was recorded with the radar gun 

placed on a tripod 5m behind the athlete at a height of 1m adjusted to be pointed directly at the 

middle of the low back (standardized at 0.40m with a measuring tape from the GNSS placement), 

approximately the CoM (di Prampero et al., 2005; Nagahara et al., 2016). Data was then analyzed 

using Stalker Stats II software (Version 5.0.3.0, Applied Concepts, Dallas, TX, USA) provided by 

the manufacturer. The radar velocity data was filtered before export by the software (Dig Medium, 

fourth order, zero lag, Butterworth filter) similar to previous research (di Prampero et al., 2005).  

The GNSS units were turned on 10-15mins before trials began and placed in a modified 

Catapult vest with two pouches stitched on either side of the original pouch placement, 5 cm apart 

(Figure 2-1). This enabled the athletes to sprint with both the STATSports unit and the Catapult 

unit simultaneously.   

 Timing gates were placed at 0.75, 5.75, 10.75, 20.75, 30.75, and 40.75m distances (Figure 

2-1). Studies traditionally use set distance increments (e.g., 0, 5, 10, 20, 30, 40) (T. Haugen et al., 

2020), however in our study, the subjects’ front foot was placed in line (midfoot) with tape 0.75m 

from the first set of timing gates to minimize the risk of the gate being prematurely triggered with 

the arms since a single-beam system was used (T. Haugen et al., 2020). The first gate was set at 

0.5m height while the others were set at 1m height.  
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Intra-system reliability 

On day 2 (day 1 + 48hrs), subjects returned to perform the same procedure. However, rather 

than placing two units from different manufacturers in the modified vest, two system units were 

placed in the same vest assigned to each subject (e.g., athlete 1 – Catapult & Catapult system on 

the same sprint trial). On this day, 41 concurrent trials were analyzed for STATSports and 36 

concurrent trials for the Catapult system. HDOP was 0.68 ± 0.06 for Catapult and 0.40 ± 0.06 for 

STATSports. The number of satellites acquired was 16 ± 1 for Catapult and 19 ± 1 for 

STATSports. 

 

Figure 2-1. Concurrent data collection day set up with example of GNSS placement in vest. 

 

2.3.5 Data processing 

Horizontal force-velocity profiling procedure 

Radar & GNSS 

Data were exported from the respective GNSS and radar software. The GNSS data were 

obtained through the doppler-shift method which provide the most accurate reading (Malone et al., 

2017). For all devices, the mono-exponential equations proposed by Samozino et al. (2016) were 

used to compute the FV profile variables with custom-made R script (R Core Team, 2021, Vienna, 
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Austria). To synchronize the sprint trials, the onset of movement was set as the moment at which 

the acceleration increased above 0.1 m∙s2 at the beginning of the maximal sprint acceleration 

(Lacome et al., 2019). Furthermore, to enable equated comparison to be made between all devices, 

the end of the sprint was identified at distance ≤ 40.75 m. A non-linear least-squares regression 

was used to estimate the maximal sprint speed (MSS) and the acceleration time constant τ with 

Equ. [1], applied to the horizontal velocity-time data that was continuously tracked with radar and 

GNSS. 

Equ. [1]    vH(t) = MSS ∙ (1 − e−
t

τ) 

Where t  is time. Then, the horizontal acceleration was computed as: 

Equ. [2]    aH(t) = (MSS/τ) ∙  e−
t

τ 

Position of the athlete as a function of time throughout the sprint: 

Equ. [3]    x(t) = MSS ∙ (t + τ ∙ e−
t

τ) − MSS ∙ τ 

The net horizontal antero-posterior ground reaction force FH applied to the CoM over time: 

Equ. [4]    FH(t) = m ∙ aH(t) + Faero(t) 

Where Faero is the aerodynamic air resistance (Arsac & Locatelli, 2002) and m is the athlete’s body 

mass (kg). To determine the mechanical effectiveness of force application of the athlete, the ratio 

of force (RF) percentage, was computed as the step-averaged horizontal component of the ground 

reaction force to the corresponding resultant force (Morin & Samozino, 2016; Samozino et al., 

2016).  
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Equ. [5]    RF =
FH

√FH
2+ FV

2
 ∙ 100 

And Drf is the rate of decrease in RF with increasing velocity throughout the sprint acceleration 

and is computed as the slope of the linear RF ~ vH relationship when t > 0.3 s. Finally, computing 

the main components of the FV profile, F0 is the horizontal force at zero velocity, y-intercept of 

the linear F-V relationship, and V0 is velocity at zero force production, x-intercept of the F-V 

relationship. Pmax is the maximal mechanical power expressed in the horizontal direction and is 

computed as:  F0 ∙ V0 /4 (Morin & Samozino, 2016).  

Timing gates 

Equ. [6] was used to determine the parameters τ and MSS (shorts package) with an 

estimated time correction (Vescovi & Jovanović, 2021) to provide a more accurate modeling of 

the sprint using split times. 

Equ. [6]       t(d) = τ ∙ W (−e−
−d

MSS ∙ τ − 1) −
d

MSS
+  τ − time correction 

Where W is Lambert’s W function (Goerg, 2022) and d is the timing gate distance. The 

mean of estimated time corrections applied was 0.46s (± 0.12). This is similar to the fixed 0.5s 

time correction employed at a similar fly in start distance of 0.60 m as reported in previous research 

(T. A. Haugen et al., 2019, 2020; Vescovi & Jovanović, 2021). Once the parameters τ and MSS 

were estimated, the same procedure was applied with equations [1-5] to determine the FV profile. 
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2.3.6 Statistical analysis 

Normality (Shapiro-Wilk test) was checked for all data (p<.05). To assess the validity of 

the devices to the criterion measurement, the level of agreement of measurement was assessed 

using a Bland-Altman plot analysis including limits of agreement (LOA) defined as the mean 

difference ± 1.96*SD of the difference reported in mean absolute values and percent difference 

(Bland & Altman, 1986). The mean percent bias was interpreted as poor (>10%), moderate (5–

10%), or good (<5%) as priori based on percent bias thresholds reported in previous research 

(Beato, Coratella, et al., 2018; Beato, Devereux, et al., 2018). Intraclass correlation coefficient 

(ICC, A, 1, two-way random, absolute agreement) are also reported. Furthermore, for systematic 

bias, the slope of the data’s linear regression (Figure 2-2) was tested against the line of identity 

(slope = 1), using a one-sample t-test. Also, proportional bias was assessed by linear regression of 

the difference and the mean difference for each metric, where a significant parameter estimate 

coefficient (i.e., different from zero) indicates bias was present. The intra-system reliability was 

assessed using Bland-Altman analysis and the ICC. ICC`s were interpreted using the following 

thresholds: small 0-0.30, moderate (0.31-0.49), large 0.50-0.69, very large 0.70-0.89, and near 

perfect 0.90-1.00 (Hopkins et al., 2009).  

2.5 Results 

For F0, Pmax, and τ, STATSports and timing Gates showed poor to moderate agreement 

with a significant systematic deviation from the identity line (Table 2-1, Figures 2-3). With respect 

to mechanical efficiency (Drf), STATSports and timing Gates presented moderate to poor 

agreement regarding the difference to the criterion with a significant systematic deviation from the 

identity line (Table 2-1, Figures 2-3). Catapult demonstrated good agreement for all metrics, 

however there was a significant systematic deviation for:  F0, Pmax, τ, and Drf (Table 2-1, Figures 
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2-2 and 2-3). Estimated V0 and MSS displayed good biases for all devices (Table 2-1, Figures 2-2 

and 2-3). However, it is important to note that the inter-system metrics LOA’s were poor (LOA > 

10%) for F0, Pmax, τ, and Drf  (Table 2-1 and Figure 2-3) with all systems. Furthermore, proportional 

bias was present with F0 and Pmax for STATSports, τ for Catapult, and Drf for timing Gates (Figure 

2-3). Both GNSS devices reported very large to near perfect agreement (ICC) and good bias results 

regarding intra-system reliability (Table 2-2).  
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Figure 2-2. Linear regression for each metric with the relationship to the radar gun (full line) and 

identity line (dotted line, y=x) for systematic bias. 
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Figure 2-3. Percent bias for each metric with LOA comparing GNSS and timing gates to the criterion 

measure (radar gun).
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Table 2-1. Day 1 inter-system validity between radar gun and field measure. 

SEM Standard Error of Measurement, LOA Limits of Agreement, ICC Intraclass Correlation Coefficient, % percent, SD Standard De viation 

 

 Measurement Device 
Absolute Bias 

(lower-upper LOA) 
SEM 

%Bias (lower-upper 

LOA) 

Bias 

Interpretatio

n 

Mean (SD) ICC 
ICC 

interpretation 

 Radar - - - - 429.25 (88.55) - - 

F0 (N) STATSports 
42.23 (-67.19, 

151.64) 
7.03 8.62 (-13.18, 30.42) moderate 471.47 (113.89) 0.78 very large 

 Catapult -2.00 (-93.49, 89.50) 5.88 -0.96 (-23.87, 21.95) good 427.25 (94.74) 0.87 very large 

 Timing Gates 
94.09 (-72.07, 

260.25) 
10.68 19.17 (-14.27, 52.61) poor 523.34 (119.60) 0.48 moderate 

 Radar - - - - 8.24 (0.87) - - 

V0 (m∙s-1) STATSports -0.18 (-0.60, 0.23) 0.03 -2.18 (-7.02, 2.67) good 8.06 (0.82) 0.95 near perfect 

 Catapult -0.07 (-0.53, 0.39) 0.03 -0.89 (-6.52, 4.74) good 8.17 (0.89) 0.96 near perfect 

 Timing Gates -0.21 (-0.81, 0.39) 0.04 -2.62 (-9.70, 4.46) good 8.02 (0.85) 0.91 near perfect 

 Radar - - - - 886.51 (216.72) - - 

Pmax (W) STATSports 
66.82 (-125.63, 

259.28) 
12.37 6.46 (-11.64, 24.56) moderate 953.33 (262.17) 0.88 very large 

 Catapult 
-11.06 (-163.66, 

141.54) 
9.81 -1.85 (-20.60, 16.89) good 875.45 (230.71) 0.94 near perfect 

 Timing Gates 
163.33 (-115.32, 

441.98) 
17.91 16.64 (-10.64, 43.91) poor 1049.84 (265.93) 0.68 large 

 Radar - - - - 7.84 (0.76) - - 

MSS 

(m∙s-1) 
STATSports -0.13 (-0.42, 0.17) 0.02 -1.62 (-5.30, 2.07) good 7.72 (0.74) 0.97 near perfect 

 Catapult -0.06 (-0.40, 0.28) 0.02 -0.84 (-5.23, 3.55) good 7.78 (0.79) 0.97 near perfect 

 Timing Gates -0.13 (-0.55, 0.29) 0.03 -1.71 (-6.91, 3.50) good 7.71 (0.75) 0.95 near perfect 

 Radar - - - - 1.50 (0.2) - - 

τ (s) STATSports -0.14 (-0.49, 0.21) 0.02 -9.81 (-34.06, 14.45) moderate 1.36 (0.21) 0.51 large 

 Catapult 0.01 (-0.41, 0.43) 0.03 0.38 (-25.40, 26.16) good 1.51 (0.27) 0.60 large 

 Timing Gates -0.27 (-0.80, 0.25) 0.03 -20.49 (-57.99, 17.02) poor 1.23 (0.23) 0.13 small 

 Radar - - - - -6.05 (0.81) - - 

Drf (%) STATSports -0.65 (-2.22, 0.92) 0.10 9.96 (-14.38, 34.30) moderate -6.70 (1.01) 0.49 moderate 

 Catapult -0.01 (-1.53, 1.51) 0.10 -0.27 (-26.64, 26.11) good -6.06 (0.95) 0.62 large 

 Timing Gates -1.43 (-4.09, 1.23) 0.17 20.18 (-17.35, 57.70) poor -7.48 (1.37) 0.13 small 
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Table 2-2. Day 2 intra-system reliability between the units from same manufacturer (eg, Catapult vs 

Catapult on same sprint). 

SEM Standard Error of Measurement, LOA Limits of Agreement, ICC Intraclass Correlation Coefficient, % percent, 

SD Standard Deviation 

 

2.6 Discussion 

This study demonstrated that GNSS 10Hz technology may provide a valid and reliable 

alternative to the criterion measure for calculation of FV profiles in single maximal effort sprinting. 

However, while ICC’s support good to moderate agreement between these devices and the 

criterion, poor LOA ranges (Table 2-1 and Figure 2-3) for specific FV profile metrics justify more 

inquiry into the differences in proprietary technology and modeling that may affect their accuracy 

and precision. Additionally, while timing gates are often used to calculate FV profiles, modeling 

timing gate data using current FV profiling techniques results in poor bias and LOA, especially for 

F0 (Table 2-1). Therefore, important considerations are warranted when comparing FV profile 

outputs between devices and more investigation carried out to ensure appropriate evaluation and 

comparison of FV profile metrics between cohorts, as well as improvement of the accuracy and 

precision based on the measurement error found in this study.  

 Measurment 

Device 

Absolute Bias (lower-upper 

LOA) 
SEM 

% Bias (lower-

upper LOA) 

Bias 

Interpretation 
ICC 

Interpretat

ion 

F0 (N) STATSports -4.31 (-56.09, 47.46) 4.13 -1.01 (-11.33, 9.31) good 0.98 near perfect 

 Catapult -1.48 (-49.49, 46.54) 4.08 -0.65 (-11.93, 10.64) good 0.96 near perfect 

V0 (m∙s-1) STATSports -0.03 (-0.34, 0.29) 0.02 -0.37 (-4.39, 3.65) good 0.98 near perfect 

 Catapult 0.03 (-0.31, 0.36) 0.03 0.31 (-3.52, 4.15) good 0.97 near perfect 

Pmax (W) STATSports -14.02 (-84.93, 56.90) 5.65 -1.37 (-8.85, 6.10) good 0.99 near perfect 

 Catapult -2.09 (-82.25, 78.06) 6.82 -0.34 (-8.95, 8.27) good 0.98 near perfect 

MSS 

(m∙s-1) 
STATSports -0.03 (-0.28, 0.23) 0.02 -0.39 (-3.87, 3.09) good 0.98 near perfect 

 Catapult 0.02 (-0.23, 0.27) 0.02 0.23 (-2.80, 3.26) good 0.98 near perfect 

τ (s) STATSports 0.01 (-0.15, 0.17) 0.01 0.62 (-12.39, 13.62) good 0.84 very large 

 Catapult 0.02 (-0.20, 0.24) 0.02 0.86 (-12.59, 14.31) good 0.92 near perfect 

Drf  (%) STATSports 0.02 (-0.99, 1.03) 0.08 -0.57 (-13.77, 12.64) good 0.85 very large 

 Catapult 0.04 (-0.77, 0.85) 0.07 -0.93 (-14.81, 12.94) good 0.90 near perfect 
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There are very few studies investigating the use of GNSS systems for the computation of 

FV profiles. Nagahara et al. (2017) reported the concurrent validity of GNSS devices (both 5 and 

20Hz units) with radar derived FV profiles. In their study, 20Hz GNSS units overestimated V0, 

MSS, τ, and 20 m sprint time (0.5, 0.1, 9.7, 2.1%, respectively), and underestimated F0 and Pmax (-

7.9 and 6.9%). 5Hz units overestimated F0 and 20 m sprint time (4.1 and 2.9%), and underestimated 

V0, MSS, Pmax, and τ (-5.1, -4.8, -2.1, -3.2%, respectively). Our results for 10Hz Catapult slightly 

underestimated F0, Pmax, V0, MSS, and Drf  and slightly overestimated τ. Clavel et al. (2022) 

recently reported nearly identical findings using the same Catapult system (F0 -0.19, Pmax -0.56, V0 

-0.27, MSS -0.28, and τ 0.28%), confirming that validity of such system for FV profiling. 

Regarding STATSports, the MSS and τ values are underestimated which explains the 

overestimations in F0, Pmax, and Drf metrics. Accordingly, lower τ values represent the ability to 

achieve greater percentages of MSS earlier in the sprint (Clark et al., 2019; Healy et al., 2022), 

hence large variations in this parameter can affect the FV profile significantly. As such, Catapult 

showed the lowest underestimation of MSS and τ. When considering the two GNSS systems 

assessed in this study, Catapult had better agreement across all FV profile metrics to the criterion, 

however it is important to consider that regardless of the manufacturer, there were still 

considerably poor LOA ranges which demonstrate a variability of accuracy of FV profile metrics 

outputs from these systems using current analysis and modeling practices. This may suggest a 

necessary improvement in the system measurement output or a modification to the current FV 

profile modelling practices or both. It is important to note that both GNSS systems tested 

demonstrated good intra-system reliability from the same manufacturer (e.g., unit 1 STATSports 

vs unit 2 STATSports paired on the same sprint) with less than 2% bias, and very large to near 

perfect ICC values. Overall, these results show the variability of findings in this and previous 
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studies that may be due to differences between the systems hardware, sampling rate and proprietary 

analysis techniques. 

When comparing different GNSS manufactures it is important to consider the proprietary 

differences between the technologies, including on-board sensors and filtering techniques to 

understand the capabilities and limitations of each system (Delves et al., 2021). First, both systems 

tested in this study included GPS and GNSS supporting consistent sensors usage. Conversely, 

Beato et al. (2018) compared two STATSports models (one with GPS/GNSS [10Hz] and one with 

GPS alone [18Hz]) and found good agreement, supporting the potential interchangeable use of 

these sensor combinations. However, they did not compare FV profile outputs from these sensors. 

Recent advances in sensor technology have improved the accuracy and precision of player 

movement tracking through sensor fusion techniques which involves combining GPS/GNSS with 

inertial sensors (Apte et al., 2020; Aughey, 2011). These new innovations may help mitigate issues 

of accuracy and precision observed in this study. In terms of filtering, neither manufacture has 

disclosed their proprietary techniques, similar to other GNSS technology manufacturers where the 

details of such techniques are not specified making it difficult to make comparisons between 

devices and studies (Malone et al., 2017). Other systems have implemented filtering techniques to 

smooth the data or attempt to improve the signal-to-noise ratio. Namely, moving averages (0.2s-

0.5s moving average) (Lacome et al., 2019; Reports, 2022), local polynomial regression fitting 

(loess) (Lacome et al., 2020), and filtering similar to those traditionally used with radar technology 

(i.e., radar, Butterworth) (di Prampero et al., 2005). Lacome et al. (2019) reported a bias percentage 

underestimation of -3% for MSS with raw 16Hz GPS data, and better MSS -1.61% with smoothed 

data (0.5s moving average). Similarly, in this study, STATSports data resulted in an MSS 

underestimation of -1.62% whereas the filtering applied by Catapult was -0.84% which was more 
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analogous to the criterion, radar. We did not apply any filtering of the GPS/GNSS systems data in 

our comparison which may modify the results. Standardization and comparison of different 

filtering techniques may assist in improving accuracy and precision of athlete tracking systems for 

FV profile metric outputs. 

Timing gates have been used as a cost-effective solution to speed profiling, however there 

are methodological shortcomings of this technique for determining FV profile metrics. Firstly, the 

timing and start procedure (e.g., staggered, 3-point, fly-in, etc.) has a great impact on the sprint 

models. To avoid the premature triggering of the first timing gate (onset of sprint) with the upper 

limbs, a fly-in distance is often incorporated (e.g., 0.3, 0.6, or 0.75 m), however the lag time 

between the actual first instance of force application and the triggering of the first gate results in 

overestimation of several FV profile metrics (Vescovi & Jovanović, 2021). Thus, in this study an 

‘estimated time correction’ was applied to the timing gates data to provide more accurate sprint 

acceleration modeling (Vescovi & Jovanović, 2021). A time correction was favored since fixed 

and estimated time corrections provide a better FV profile than with no correction (Jovanović & 

Vescovi, 2021; Vescovi & Jovanović, 2021). Furthermore, our study employed a 0.75 m fly-in 

which is different from the 0.60 m employed in previous research, thus we could not apply the 

same recommended +0.5s correction. Although, it is interesting to note that the mean of estimated 

time corrections was similarly 0.46s (± 0.12) in this report despite our 0.15 m larger fly-in distance. 

This may be due to the caliber, better acceleration ability, and age of the athlete (T. A. Haugen et 

al., 2019, 2020; Vescovi & Jovanović, 2021). Accordingly, the timing gates percentage bias was 

overestimated for relative F0 and Pmax. It is important to note that timing gates are good for 

measuring split times and MSS in linear sprinting, however, probably due to the low sampling rate 

and start initiation limitations, the FV profile may not be valid using the data processing techniques 
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based on current practices. Since the short acceleration at the beginning of a sprint will have a 

large impact on the estimation of τ, a greater amount of timing gates placed towards the beginning 

of the sprint could offer another solution by increasing the sampling rate, thus improving the 

modeling of FV profiles. Furthermore, using dual-beam systems would minimize the possibility 

of the beam being triggered with the arm rather than the CoM whilst also requiring a shorter fly-

in distance, likely resulting in better sprint modeling. 

There are some limitations to this study that should be addressed in future research. Firstly, 

to make comparisons between all devices, a set distance was used to indicate the end of a sprint, 

which may have affected the FV model fit as an athlete’s speed may fluctuate during the later 

portion of the sprint, after the MSS is achieved and a plateau may not be sustained. Secondly, as 

mentioned, the distance from the start-line to the first set of timing gate for the sprint was longer 

than in previous research which may have negatively impacted the timing gate metrics (T. A. 

Haugen et al., 2020; Vescovi & Jovanović, 2021). Another limitation is that GPS/GNSS 

manufacturers do not disclose data filtering techniques or onboard sensor fusion techniques 

employed which makes it difficult to compare findings across studies. Accordingly, the major 

limitation in our study and others on this topic, is the “black box” nature of available GPS/GNSS 

technologies (Malone et al., 2017). More research is needed in the area with less ambiguous 

reporting of data processing techniques to compare results between studies. 

There are challenges to consider in the use of the different devices, specific FV profile 

modeling parameters in this study. First, the equations used to determine the FV profile metrics for 

radar and GPS/GNSS imply modeling with a velocity over time equation whereas the timing gate 

data is modeled with a time over distance equation which isn’t a direct model comparison in this 

study. Further, timing gate data in other research has been modeled with different variations of 
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velocity/time and time/distance equations (Samozino et al., 2016; Stenroth et al., 2020). These 

modeling differences could be the reason why timing gate data results in a large bias in F0, thus 

further research is required to improve the accuracy and precision of the timing gates for FV profile 

outputs potentially through investigating alternative modelling techniques. We have provided 

regression-based corrections for all field measurement systems against radar which may improve 

the agreement with the criterion. The equations displayed in Figure 2-2 can be used to predict 

(correct) the criterion values for each metric with the values from the practical field measure (ie, 

criterion measure = intercept + slope * (practical field measure) or eg., radar V0 = intercept + slope 

* (timing gate V0 value). Although helpful, it is important to keep in mind that they will not remove 

the random errors present when using this technology. 

Despite these limitations, this study provides practitioners with information relevant for 

the use of GNSS systems for FV profiling. While there are limitations in timing gates for the FV 

profile modeling, they are still recommended for top speed metrics from split times and may be 

cost effective. Given the promise of GPS/GNSS technology for FV sprint profiling, there is diverse 

potential for application. Sport scientists could potentially assess changes in FV qualities of each 

individual player throughout a yearly training plan (Jiménez-Reyes et al., 2020) or assess 

adaptations to training stimuli (Buchheit et al., 2014; Cross et al., 2018; Lahti et al., 2020) with 

minimal time demands. Furthermore, accumulated FV profile data could be used to inform 

decisions on player selection, injury-prevention, and return to performance protocols (Lahti et al., 

2021). Practitioners could test players’ maximal acceleration speed qualities without separate 

testing sessions which can be challenging. For example, in short international windows where 

training camps and matches take place. Accordingly, for the FV profiling assessment, integration 
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of only a few maximal 40m sprints at the end of a training session warm-up could provide FV 

profiling metrics (Lacome et al., 2020).  

2.7 Practical applications 

This study provides practical insights regarding the use of GNSS and timing gate systems. 

Specifically, practitioners should be aware that the inter-system validity of both Catapult and 

STATSports devices appear to be good to moderate for specific FV profile metrics, and the intra-

system reliability appear to be good for both GNSS systems assessed, thus practitioners can attain 

“consistent” profiles across a large team of players. However, caution should be taken since poor 

LOA ranges were still present for all devices concerning some of the metrics assessed. Notably, 

the Catapult system demonstrated the best validity. It is possible that with more robust data 

processing procedures practitioners could provide more analogous and valid FV profiles across 

systems. Regression-based metric corrections are also presented as part of the results of this paper. 

Finally, despite these results, practitioners should still consider the radar gun or gold standard track 

embedded force plates as the criterion measure for FV research and testing purposes due to the 

measurement error still present using this technology. 
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Chapter 3 – A systematic review and meta-analysis on GNSS for linear sprint profiling2 

3.1 Abstract 

An emerging and promising practice is the use of global navigation satellite system (GNSS) 

technology to profile team-sports athletes in training and competition. Therefore, the purpose of 

this narrative systematic review with meta-analysis was to evaluate the literature regarding satellite 

system sensor usage for sprint modelling and to consolidate the findings to evaluate its validity 

and reliability. Following the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) guidelines, an electronic search of the databases, Pubmed and SPORTDiscus 

(EBSCO) was conducted. Concurrent validity and reliability studies were considered, and sixteen 

studies were retained for review from the initial 1485 studies identified. The effects on outcomes 

were expressed as standardized mean differences (SMDs, Cohens d) for each outcome (i.e., 

maximal sprint speed [MSS], the acceleration constant [τ], maximal theoretical velocity [V0], 

relative force [F0] and relative power [Pmax]). Effect magnitudes represented the SMD between 

GNSS-derived and criterion-derived (i.e., radar and laser) and resulted in the following estimates: 

small for MSS (d = 0.22, 95% CI 0.01 to 0.42), τ (d = -0.18, 95% CI -0.60 to 0.23), V0 (d = 0.14, 

95% CI -0.08 to 0.36), relative F0 (d = 0.15, 95% CI -0.25 to 0.55), and relative Pmax (d = 0.21, 

95% CI -0.16 to 0.58). No publication bias was identified in meta-analyzed studies and moderator 

analysis revealed that several factors (sampling rate and sensor manufacturer) influenced the 

results. Heterogeneity between studies were considered moderate to high. This highlighted the 

differences between studies in sensor technology differences (i.e., sampling rate, sensor fusion, 

satellite network acquisition), processing techniques, criterion technology used, sprint protocols, 

 
2Cormier, P., Meylan, C., Agar-Newman, D., Geneau, D., Epp-Stobbe, A., Lenetsky, S., & Klimstra, M. (2022). A Systematic 

Review and Meta-Analysis of Wearable Satellite System Technology for Linear Sprint Profiling: Technological Innovations and 
Practical Applications. The Journal of Strength & Conditioning Research, 10-1519. 
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outcome reporting, and athlete characteristics. These findings may be useful in guiding 

improvements in sprint modelling using GNSS technology and enable more direct comparisons in 

future research. Implementation of all-out linear sprint efforts with GNSS technology can be 

integrated into sport-specific sessions for sprint modelling when robust and consistent data 

processing protocols are performed, which has important implications for fatigue monitoring, 

program design, systematic testing, and rehabilitation in individual and team-sports.  
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3.2 Introduction 

The integration of wearable microsensor technology has become commonplace within elite 

sports teams to monitor and quantify athlete movement and inform sport science and medicine 

disciplines (Aughey, 2011; Cummins et al., 2013; Greig et al., 2019; Mendiguchia et al., 2016a; 

Morin & Samozino, 2016; Torres-Ronda et al., 2022). Global Navigation Satellite Systems 

(GNSS) and Global Positioning Systems (GPS), collectively referred to as GNSS for the purposes 

of this paper, are some of the most commonly used tracking sensors in sport. These sensors provide 

measurements of athlete acceleration, velocity and displacement which are often the basis for 

training and competition load monitoring metrics (Aughey, 2011; Halson, 2014). Alongside 

training and match metrics, GNSS sensors can be used to assess sprint acceleration capabilities. 

Accordingly, all-out sprint protocols are commonly performed, from which measures of distance, 

time, peak velocity, and acceleration are quantified (T. Haugen et al., 2020; Morin & Samozino, 

2016). An example of which, is horizontal force-velocity (FV) profiling, an approach which 

models athlete speed or distance over time from an all-out sprint allowing for the estimation of an 

athlete’s theoretical horizontal maximal force and velocity capability (Samozino et al., 2016). 

While FV profiling is becoming a well-established technique, various field and lab technology 

(e.g., radar, timing gates, treadmill, and force plates) have been preferred to collect force, speed, 

or timing data to model with the FV approach (T. Haugen et al., 2020; Samozino et al., 2016). 

Since GNSS technology is commonplace in daily training environments and is a technology 

capable of measuring athlete acceleration and velocity (Goodale et al., 2016; McLaren et al., 2018), 

there is great potential for the use of this tool to measure sprints and model GNSS velocity data 

using the FV approach. However, there is uncertainty as to the validity and reliability of GNSS 
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technology with respect to sprint modeling due to the lack of consistency in its application with 

no reviews consolidating the findings from available studies thus far. 

While practitioners have been applying sprint modeling techniques using GNSS data in the 

field, and wearable sensor manufacturers have begun to incorporate sprint profiling into their user 

outputs, there is a need to determine the current state of GNSS technology for FV profiling (Barr 

et al., 2019; Clavel et al., 2022; Cormier, Tsai, Meylan, Agar-Newman, et al., 2023; Lacome et al., 

2019). To confidently use GNSS technology for sprint modeling, an assessment of the validity and 

reliability of this technology must be carried out, since the metrics outputted may be affected by 

the technical specifications of the devices, sprint protocols, and data processing approaches 

(Malone et al., 2017). As there are many GNSS sensors available from manufacturers, studies 

continually validate sensors using different methodologies and protocols with various cohorts of 

individual and team-sport athletes (Crang et al., 2021a, 2021b). Additionally, while there has been 

a focus on the validation and potential application of GNSS technology for FV profiling, there are 

inconsistent findings. For example, early attempts to construct sprint profiles with GNSS have 

been subject to measurement error impacting the validity and reliability of systems due to low 

sampling rates (e.g. ≤ 5Hz) and limited satellite network capacity (Malone et al., 2017). As GNSS 

technology evolves, with increased sampling rates (≥10Hz) and multiple sensor usage (e.g., fusion 

of inertial measurement units [IMU] with GNSS) to improve accuracy and precision, the potential 

for its effective use for the purposes of sprint modeling is improving (Clavel et al., 2022; Fornasier-

Santos et al., 2022).  

Given the discrepancies in study methodology, changes in this technology over recent 

years, and lack of recommendations on sprint modeling protocols using GNSS. The purpose of 

this review was to systematically assess the current literature available, exploring satellite 
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positioning system sensor usage for sprint modeling, consolidate and summarize the findings as 

well as identify gaps in the literature to guide future research. Therefore, a systematic review and 

meta-analysis with narrative review was performed to provide a comprehensive and contextualized 

understanding of this subject for researchers and practitioners in the field.  

3.3 Methods 

3.3.1 Experimental approach to the problem 

A systematic-narrative hybrid review with meta-analysis approach was taken where a 

comprehensive systematic search linked to the research question was carried out.  Articles were 

selected based on uniform criteria, each selected critically and evaluated wi th elements of 

qualitative and quantitative synthesis with evidence-based inferences (Turnbull et al., 2023). 

Further, moderating analyses were performed to determine if methodological factors impacted the 

effect estimates. 

3.3.2 Data sources and search strategy 

This review was guided by a systematic search of the literature following the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines (Page et al., 

2021). An electronic search of the databases Pubmed and SPORTDiscus (EBSCO) was carried out 

including papers published up until July 1st, 2023, using the following Boolean search phrase: 

(“GPS” OR “GNSS” OR “global positioning system” OR “global navigation satellite system” 

OR “accelerometer” OR “inertial measurement unit” OR “sensor fusion”) AND (“sprinting” OR 

“team-sports” OR “athletes”). A search of reference lists from relevant literature was also 

performed to identify papers that fit the criteria.  
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3.3.3 Inclusion and exclusion criteria 

Inclusion criteria included: (a) usage of GNSS/GPS system for maximal linear sprint 

acceleration assessment; (b) validity and reliability estimates reported; (b) studies published in 

English; (c) over ground sprint mechanical characteristics (eg, horizontal acceleration, force, 

velocity, or power) derived from continuous velocity-time GNSS data reported as an outcome 

measure; and (d) peer-reviewed literature. Exclusion criteria were the following: (a) participants 

had any musculoskeletal disorders; (b) caliber of participants fell below the classification of 

“recreationally active” as defined by recently proposed frameworks (McKay et al., 2022); (c) other 

positioning systems such as local positioning systems or optical tracking systems were used and 

(d) surveys/reviews. This protocol was registered with the Open Science Framework (osf.io/tsg6r).  

3.3.4 Study selection 

 Databases were searched by one author (PC). After removal of duplicates, abstracts and 

titles were screened independently by two authors (PC, DG) based on the inclusion and exclusion 

criteria. A third party settled any disagreements on study inclusions (MK). After this initial 

screening, all article pdfs were sourced and evaluated by two authors (PC and DG) and data 

extracted by one author (PC). 

3.3.5 Study quality assessment 

The quality of the included studies was assessed with a modified Downs & Black (1998) 

checklist, similar to previous validity study quality assessment reviews (Crang et al., 2021b; 

Johnston et al., 2018). The items 1, 2, 3, 6, 7, 10, 16, 18, and 20 were selected. Items were scored 

as 1 yes, 0 no, and 0 unable to determine. Item 20 was only applied if the study assessed validity. 

The study bias and quality were assessed by two authors (PC and DG) with any disagreements 

https://osf.io/tsg6r
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resolved by a third author (MK). Description of items can be found online in the supplemental 

digital content (see Table 1, http://links.lww.com/JSCR/A453). 

3.3.6 Data extraction   

The FV metrics extracted were the maximal sprint speed (MSS), acceleration constant (τ), 

theoretical maximal horizontal force at zero velocity (F0), theoretical maximum velocity at zero 

force (V0), theoretical maximal power (Pmax), and decrease in ratio of force (Drf %). These were 

reported in absolute and/or normalized to body mass. See Morin and Samozino (Morin & 

Samozino, 2016) for more details as well as further explanations and interpretations of FV metrics. 

Studies that included peak velocity estimates from all-out linear sprint validity and reliability 

studies outside of the FV profiling approach were also included and reported as MSS, so long as 

the data was derived from continuously collected instantaneous GNSS data (ie, not obtained from 

speed “zones”).  

The data extracted regarding the agreement of measurement were mean bias from Bland 

Altman plots with confidence intervals (CI) with limits of agreement (LOA) and correlation 

coefficients. Bias was computed from mean differences between averages from the f ield measure 

being assessed against a criterion measure. Intraclass correlation coefficient (ICC), typical error of 

measurement (TEM), and typical error (TE) (sometimes expressed as the coefficient of variation 

CV) were also extracted from studies. For the sake of clarity, the reliability (precision) was termed 

“inter-system” when comparing between manufacture units, “intra-system” when assessing 

reliability between units from the same manufacturer, “inter-trial” when determining between-trial 

reliability, “inter-model” when assessing different models from the same manufacturer. Attempts 

were made to contact study authors in cases where information was missing relevant to the review. 

 

http://links.lww.com/JSCR/A453
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3.3.7 Statistical analyses 

Meta-analysis 

Analyses were carried out in R statistical software (Version 4.2.2; R Core Team, 2020). 

Only studies using valid FV profiling criterions capable of accurately measuring speed (i.e., radar 

and laser) (T. Haugen & Buchheit, 2016) were eligible for the analysis. Outcomes were only 

included if more than one study reported the metrics, therefore Drf, absolute F0 and Pmax were left 

out of the analysis. Retained data were analyzed using a mixed-effects meta-analysis (metafor 

package (Viechtbauer, 2010)) to determine the overall difference of effect on outcomes (i.e., MSS, 

τ, V0, relative F0, and relative Pmax) between the criterion and the GNSS-derived FV metrics. The 

effect sizes were quantified and expressed as standardized mean differences (SMD, Cohens d) with 

95% confidence intervals (CI). The weighted average effect size estimate was calculated, and a 

significant z-statistic test (p <0.05) determined whether the summary estimate was significantly 

different from zero, where a significant difference indicated overall poor agreement between the 

outcomes (GNSS) compared to the criterion. Threshold values for effect sizes (SMD) were 0.2 – 

0.49 (small), 0.5 – 0.79 (medium), and ≥ 0.8 (large) (Cohen, 1988). A moderator analysis was then 

performed to determine whether sampling rate (≥10 Hz vs < 10Hz) or sensor manufacturer affected 

the outcomes of the model (Computing Adjusted Effects Based on Meta-Regression Models [The 

Metafor Package], n.d.).  

Heterogeneity (I2) between studies and between study variance (τ2) was evaluated. 

Heterogeneity was interpreted on a scale of magnitude of low < 25 %, medium 25-75 %, and high 

> 75% (Higgins, 2008; Higgins et al., 2003). A p-value of < 0.1 for the chi2 indicated the presence 

of heterogeneity and a τ2 > 1 suggests substantial heterogeneity (Higgins et al., 2003). Publication 
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bias was evaluated through an asymmetry test as estimated from a funnel plot and egger test (Egger 

et al., 1997) and p < 0.05 was considered statistically significant. 

Narrative analysis 

Using the entire dataset, a narrative and quantitative summary was used to identify trends 

in the agreement (validity), and reliability studies. This approach was chosen due to the 

heterogeneity in types of reported outcomes for validity and reliability. As a priori, we interpreted 

the extracted percent agreements as good < 5%, moderate 5-10%, and poor > 10% based on 

thresholds from prior GNSS validation research (Beato, Coratella, et al., 2018; Beato & de Keijzer, 

2019; Cormier, Tsai, Meylan, Agar-Newman, et al., 2023). Extracted FV profile metrics means 

and standard deviations for the criterion and the GNSS measurement are displayed if reported in 

the included studies (Table 3-2, Figures 3-2 to 3-6). 

To determine whether changes in performance were meaningful, some studies in this 

review have reported TE/CV (i.e., noise) as well as group mean and standard deviation results to 

calculate the smallest worthwhile change (SWC), calculated as the between-subject SD∙0.2 and 

have further assessed the signal-to-noise ratio of the collected metric data (e.g., SWC/TE) (Roe et 

al., 2016) (Table 3-3). This was extracted from the studies if reported with signal-to-noise 

calculated or if TE and SWC were both reported. Signal-to-noise ratio was classified as < 0.80 = 

poor, 0.80 – 1.00 = okay, and > 1.00 = good and CVs < 5 % considered good (Portney & Watkins, 

2009; Roe et al., 2016). ICCs were classified as < 0.50 = poor, 0.50 to 0.75 = moderate, 0.75 to 

0.90 = good, and > 0.90 = excellent (Koo & Li, 2016).  
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3.4 Results 

3.4.1 Study inclusion 

The search strategy yielded 1458 results after removal of duplicates. After initial removal 

of articles by title and abstract inspection, based on the exclusion criteria, only studies assessing 

linear sprinting with GNSS were retained (n=42). After this initial screen, all article pdfs were 

sourced and evaluated. Following this final screen, 16 studies were retained for the review (Figure 

3-1). 

 

Figure 3-1. Study selection flow chart (PRISMA 2020). 
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3.4.2 Participant & study characteristics 

Out of the 16 studies included, all studies were concurrent validity and/or reliability studies 

assessing the accuracy of a GNSS field system to a criterion measurement device or assessing 

various types of reliability. Namely, the criterions were a radar gun (Apte et al., 2020; Clavel et 

al., 2022; Cormier, Tsai, Meylan, Agar-Newman, et al., 2023; Lacome et al., 2019; Nagahara, 

Botter, et al., 2017), laser (Huggins et al., 2020; Nagahara, Botter, et al., 2017; Varley et al., 2012), 

video kinematic analysis (Beato et al., 2016), sliding platform (Akenhead et al., 2014), and timing 

gates (Alphin et al., 2020; Apte et al., 2020; Barr et al., 2019; Hoppe et al., 2018; Reinhardt et al., 

2019; Waldron et al., 2011). Two studies utilized inertial measurement units (IMU) to correct or 

improve their GNSS velocity and acceleration estimates (Apte et al., 2020; Reinhardt et al., 2019). 

Trial numbers ranged from 2-3, with subjects performing 20-100 m sprints depending on the aims 

of the study. Trials were performed on different surfaces such as rubberized tracks (Cormier, Tsai, 

Meylan, Agar-Newman, et al., 2023), artificial grass (Akenhead et al., 2014; Hoppe et al., 2018; 

Lacome et al., 2019), grass (Clavel et al., 2022; Lacome et al., 2020; Nagahara, Botter, et al., 

2017), or unspecified track surfaces (Apte et al., 2020; Barr et al., 2019; Beato et al., 2016; Beato 

& de Keijzer, 2019). All protocols were performed outdoors. 
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Table 3-1. Summary of participant characteristics and study quality 

Reference Subjects 

(n) 

f 

(%) 

Caliber Sport Age (yr) Height 

(m) 

Body 

mass (kg) 

Study Quality 

(%) 

(Fornasier-Santos 

et al., 2022) 

18 28 Trained to Elite Sprinters 27 ± 6.7 1.79 ± 

0.1 

72.0 ± 

12.6 

89 

(Cormier, Tsai, 

Meylan, Agar-

Newman, et al., 

2023) 

55 55 Trained to Highly 

Trained/National 

(University) 

Rugby, Ice Hockey 20.4 ± 2.4  

& 22.3 ± 1.6 

1.68 ± 

0.06 & 

1.83 ± 

0.07 

74.8 ± 

12.0 & 

87.2 ± 9.6 

100 

(Cormier, Tsai, 

Meylan, & 

Klimstra, 2023) 

15 100 Elite/International Soccer 26.23 ± 5.19 1.68 ± 

0.07 

63.1 ± 4.8 100 

(Clavel et al., 2022) 16 0 Elite/International Rugby NI 1.78 ± 

0.08 

78.3 ± 

13.2 

100 

(Apte et al., 2020) 9 22 Trained to Elite Sprinters NI NI NI 100 

(Alphin et al., 

2020) 

24 100 Highly Trained 

(University) 

Lacrosse 19.7 ± 1.2 1.66 ± 

0.06 

64.8 ± 6.5 100 

(Huggins et al., 

2020) 

15 0 Highly Trained 

(University) 

Soccer 20.0  ± 1.0 1.77  ± 

0.08 

71.6  ± 7.2 100 

(Beato & de 

Keijzer, 2019) 

10 0 Recreationally 

Trained 

Team-sport 22.0 ± 1.0 1.75 ± 

0.06 

71.8 ± 5.0 89 

(Barr et al., 2019) 28 0 Highly Trained 

(University) 

Football 19.0 – 24.0 NI 81.0 -

141.0 

100 

(Lacome et al., 

2019) 

15 NI Elite/International Rugby 7s 26.0 ± 5.0 1.81 ± 

0.08 

90.0 ± 

12.0 

100 

(Reinhardt et al., 

2019) 

34 0 Highly Trained Soccer 20.0 ± 4.0 1.80 ± 

0.06 

74.0 ± 7.0 89 

(Hoppe et al., 

2018) 

6 0 Trained Team-sport 27.0 ± 2.0 1.77 ± 

0.04 

80.0 ± 2.8 89 

(Nagahara, Botter, 

et al., 2017) 

32 0 Trained to Highly 

Trained 

Rugby, Soccer 20.0 ± 2.2 1.76 ± 

0.07 

73.7 ± 9.7 89 

(Beato et al., 2016) 10 0 Trained Soccer 24.0 ± 1.5 1.84 ± 

0.06 

80.0 ± 8.6 88 

(Akenhead et al., 

2014) 

1 0 Highly Trained Soccer 21.0 1.79 85.0 89 

(Waldron et al., 

2011) 

19 0 Highly Trained Rugby League 14.7 ±  0.5 1.88 ± 

0.07 

72.8 ± 

10.7 

100 

NI No information available, f (%) percentage of sample that was female.  

 

3.4.3 Quality assessment 

Overall, all identified studies were deemed of good quality (89-100%), therefore no studies 

were omitted after the inclusion and exclusion criteria omissions (Table 1). Criteria from items 18 

(appropriate statistical test reporting) and 20 (appropriate criterion) were most often violated. See 

supplementary materials for scoring details (http://links.lww.com/JSCR/A453). 

3.5.4 Meta-Analysis and moderator analysis 

For pooled effect estimates, representing differences between GNSS-derived values 

compared to criterion-derived, effect magnitudes were small for MSS (d = 0.22, 95% CI 0.01 to 

http://links.lww.com/JSCR/A453
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0.42, I2 = 55%), τ (d = -0.18, 95% CI -0.60 to 0.23, I2 = 87%), V0 (d = 0.14, 95% CI -0.08 to 0.36, 

I2 = 56%), F0 (d = 0.15, 95% CI -0.25 to 0.55, I2 = 87%), and Pmax (d = 0.21, 95% CI -0.16 to 0.58, 

I2 = 80%) (Figures 3-6). It must be noted that heterogeneity was considered high for τ, F0, and Pmax 

and moderate for V0 and MSS. Visual inspection of the funnel plots and egger tests did not suggest 

publication bias. 

Moderator analysis (Table 3-5) revealed a moderate overestimation of MSS for 

SensorEverywhere (d = 0.59, 95% CI 0.18 to 0.99) and SPI (d = 0.75, 95% CI 0.38 to 1.11) with 

a moderate overestimation in systems with sampling rates < 10 (d = 0.75, 95% CI 0.38 to 1.11). τ 

was overestimated moderately with StatSports (d = 0.68, 95% CI 0.32 to 1.04) and largely 

underestimated using GPEXE (d = -0.86, 95% CI -1.18 to -0.53). V0 was overestimated with SPI 

(d = 0.73, 95% CI 0.37 to 1.10) with a moderate overestimation in systems with sampling rates < 

10 (d = 0.73, 95% CI 0.37 to 1.10). F0 was largely overestimated with GPEXE (d = 0.95, 95% CI 

0.62 to 1.27), and moderately underestimated by StatSports (d = -0.64, 95% CI -0.99 to -0.28). 

Pmax was moderately overestimated with GPEXE (d = 0.69, 95% CI 0.38 to 1.01). 
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Figure 3-2. Forest plot with summary effect for MSS. 

 

Figure 3-3. Forest plot with summary effect for τ. 
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Figure 3-4. Forest plot with summary effect for V0. 

 

Figure 3-5. Forest plot with summary effect for relative F0. 
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Figure 3-6. Forest plot with summary effect for relative Pmax. 
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Table 3-2. FV profiling metric comparison between field measure and criterion for each validity study. 

Data in Mean (SD) or solely Mean due to SD not reported or only % difference reported, *unpublished results.

 τ (s) V0 (m∙s-1) F0 (N) F0 (N∙kg-1) Pmax (W) Pmax (W∙kg-1) Drf (%) 

Reference (Hz) 
Criter

ion 
Field 

Criter

ion 
Field 

Criteri

on 
Field 

Criteri

on 
Field 

Criterio

n 
Field 

Criterio

n 
Field 

Criter

ion 
Field 

(Fornasier-Santos et al., 2022) (10Hz) 
1.24 

(0.12) 

1.29 

(0.16) 

8.30 

(1.24) 

8.33 

(1.28) 
- - 

6.40 

(0.78) 

6.18 

(0.96) 
- - - - - - 

(Cormier, Tsai, Meylan, Agar-

Newman, et al., 2023) (10Hz) 

1.50 

(0.2) 

1.51 

(0.27) 

8.24 

(0.87) 

8.17 

(0.89) 

429.3 

(88.6) 

427.3 

(94.7) 

5.21 

(0.63)* 

5.18 

(0.77)* 

886.5 

(216.7) 

875.5 

(230.7) 

10.77 

(1.96)* 

10.62 

(2.20)* 

-6.05 

(0.81 

-6.06 

(0.95) 

(Clavel et al., 2022) (10Hz) 
1.24 

(1.14) 

1.25 

(1.08) 

9.26 

(1.06) 

9.23 

(1.06) 
- - 

6.98 

(1.11) 

6.96 

(1.07) 
- - 

16.7 

(1.12) 

16.08 

(1.10) 
- - 

(Hoppe et al., 2018) (10Hz) 
1.1 

(0.0) 
1.38 

8.2 

(0.1) 
8.2 - - 

7.7 

(0.1) 
6.42 - - 

16.1 

(0.4) 
13.48 - - 

(Hoppe et al., 2018) (18Hz) 
1.1 

(0.0) 
1.38 

8.2 

(0.1) 
8.04 - - 

7.7 

(0.1) 
6.39 - - 

16.1 

(0.4) 
13.38 - - 

(Nagahara, Botter, et al., 2017) (20Hz) 
1.29 

(0.10) 

1.41 

(0.17) 

8.92 

(0.44) 

8.96 

(0.56) 
- - 

6.63 

(0.51) 

6.10 

(0.60) 
- - 

14.68 

(1.41) 

13.66 

(1.51) 
- - 

(Nagahara, Botter, et al., 2017) (5Hz) 
1.13 

(0.08) 

1.10 

(0.30) 

8.93 

(0.43) 

8.46 

(0.79) 
- - 

7.63 

(0.41) 

7.96 

(2.17) 
- - 

17.02 

(1.23) 

16.69 

(4.13) 
- - 

(Cormier, Tsai, Meylan, Agar-

Newman, et al., 2023) (10Hz) 

1.50 

(0.2) 

1.36 

(0.21) 

8.24 

(0.87) 

8.06 

(0.82) 

429.3 

(88.6) 

471.5 

(113.9) 

5.21 

(0.63)* 

5.71 

(0.91)* 

886.5 

(216.7) 

953.3 

(262.2) 

10.77 

(1.96)* 

11.55 

(2.48)* 

-6.05 

(0.81 

-6.70 

(1.01) 
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3.4.5 Narrative assessment 

All outcomes (including all possible criterions) were extracted and reported in Table 3-3 

and percent agreement displayed in Figure 3-7. It was found that the highest bias for acceleration-

based outcomes was demonstrated when timing gates were used as a criterion. System sensors 

sampling at 5Hz showed larger bias than sensors sampling at 10Hz and above when compared to 

radar/laser. Two studies used sensor fusion which resulted in a minimal mean bias of -0.01 m∙s-1 

for MSS, -0.17 m∙s-1 for V0, -0.02 N∙kg-1 for relative F0, and -0.31 W ∙kg-1 for relative Pmax 

compared to radar or timing gates (Apte et al., 2020; Reinhardt et al., 2019). Filtering or smoothing 

the GNSS velocity signal resulted in better estimates than the use of raw data (Akenhead et al., 

2014; Lacome et al., 2019). Modelling metrics such as measures of peak velocity/speed were 

considered in good agreement, and measures of acceleration, force were considered in moderate 

agreement compared to a criterion measure (e.g., radar/laser). Poor percent agreement was 

observed for acceleration, force and power metrics when timing gates or a laser were used as the 

criterion (Figure 3-6). 
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Figure 3-7. Range [min to max] percent mean difference values for GNSS-radar/laser agreement 

reported with priori percent agreement thresholds with interpretations. 

 

Regarding intertrial reliability outcomes, altogether, studies reported CVs < 5% for MSS, 

V0, and relative Pmax, while F0 and τ were > 5% (Table 3-3). Intra-system CV comparing raw 

versus smoothed velocity 10 Hz signal was 15.6 and 3.1%, respectively. Sixteen Hz raw and 

smoothed velocity resulted in a CV of 0.5% for both raw and smooth (filtered) velocity (ICC = 

0.99 for both). ICCs demonstrated good to excellent reliability, however acceleration-based 

metrics (ie, τ, F0, Drf) displayed good reliability. One study assessed inter-model reliability for 

MSS which resulted in a CV of 0.15 %, and an ICC of 0.98 (Beato & de Keijzer, 2019). The signal-

to-noise ratio was considered “good” for MSS, V0, and Pmax, but “poor” for F0 and τ (Barr et al., 

2019; Lacome et al., 2019) (Table 3-4, Figures 3-7 to 3-8). 
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Table 3-3. Concurrent validity of each metric using absolute (A) and/or mean differences (%) between field measurements with criterion by 

system. 

    MSS (m∙s-1) τ (s) V0 (m∙s-1) F0 (N) F0 (N∙kg-1) Pmax (W) Pmax (W∙kg-1) Drf (%) 

Reference System 

(filter) 

Hz Criterion 

(filter) 

A % A % A % A % A % A % A % A % 

Fornasier-

Santos 

(2022) 

Catapult 

(S) 

10 Radar/La

ser (NI/S) 

-

0.01/0.

03
e 

0.97/1.06* 0.05/0.

13 

9.51/12.8

9* 

0.03/0.

06 

1.27/1.1

8* 

  -0.21/-

0.59 

8.63/11.5

4* 

      

Cormier 

(2023) 

Catapult 

(S) 

10 Radar 

(4o0B) 

-0.06
e 

-0.84
e 

0.01 0.38 -0.07 -0.89 -2 -

0.9

6 

-0.03** -0.96** -

11.1 

-

1.8

5 

-

0.14*

* 

-

1.85*

* 

-

0.0

1 

-

0.2

7 

Clavel 

(2022) 

Catapult 

(S) 

10 Radar 

(4o0B) 

-0.05
e 

-0.28
e 

0.04 0.51 -0.04 -0.27 
  

-0.02 -0.19 
  

-0.05 -0.56 
  

Hoppe 

(2018) 

Catapult 

(1HzcoB) 

10 TG (NA) 
   

24.7 
 

0 
   

-16.6 
   

-16.3 
  

Akenhead 

(2014) 

Catapult 

(R, S) 

10 SP (NA) 
 

0.2raw, 

0.03smooth 

              

Apte 

(2020) 

Fieldwizf 

(KM) 

10 Radar, 

TG (KM, 

NA) 

    
-0.17 

   
-0.02 

   
-0.31 

   

Hoppe 

(2018) 

GPEXE 

(1HzcoB) 

18 TG (NA) 
   

25.4 
 

-0.2 
   

-17 
   

-16.9 
  

Nagahara 

(2017) 

GPEXE 

(NI) 

20 Radar, 

Laser 

(NI) 

0.01c 0.2
e 

0.12c 9.7 0.04c 0.5 
  

-0.53 -7.9 
  

-1.02 -7.9 
  

Huggins 

(2020) 

Polar 

Team Pro 

(R) 

10 TG & 

Laser 

(NA, NI) 

0.1 
               

Reinhardt 

(2019) 

Polar 

Team Prof 

(K) 

10 TG -0.01 
               

Lacome 

(2019) 

Sensoreve

rywhere 

(R, MA) 

16 Radar 

(MA) 

 
-3.0raw, -

1.6smooth 

              

Barr 

(2019) 

SPI (NI) 5 TG (NA) 0.09 
               

Waldron 

(2011) 

SPI (NI) 5 TG (NA) 0.56 
               

Nagahara 

(2017) 

SPI Pro 

(NI) 

5 Radar, 

Laser 

(NI) 

-0.42 -4.8
e 

-0.03 -3.2 -0.47 -5.1 
  

0.33 4.1 
  

-0.33 -2.1 
  

Cormier 

(2023) 

STATSpo

rts (R) 

10 Radar 

(4o0B) 

-0.13
e 

1.62
e 

-0.14 -9.81 -0.18 -2.18 42.2

3 

8.6

2 

0.5** 8.62** 66.8

2 

6.4

6 

0.79*

* 

6.46*

* 

-

0.6

5 

9.9

6 

Beato 

(2016) 

STATSpo

rts (R) 

10 Video 

(NA) 

 
3 to 9 

              

Alphin 

(2020) 

VX Sport 

(MS) 

10 TG (NA) 
 

0.09 
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Sorted by GPS/GNSS systems and sampling rate. *difference with laser, raw raw velocity export, smooth specific filtering or smoothing technique used, e estimated, 

f reported sensor fusion approach with IMU **unpublished results c calculated after the fact, S smooth manufacturer filter, R raw data , SP sliding platform, TG 

timing gates, NI no information, 4o0B digital fourth-order zero lag Butterworth, 1HzcoB digital low-pass two-passes 1Hz cut-off Butterworth, NA not applicable, 

K Kalman, M Madgwick, MA 0.5s moving average, MS software from manufacturer 

 

Table 3-4. Reported reliability estimates from each study. 

Refs System, Hz Reliabilit

y type 

MSS (m∙s-1) τ (s) V0 (m∙s-1) F0 (N) F0 (N∙kg-1) Pmax (W) Pmax 

(W∙kg-1) 

Drf (%) 

(Fornasier-Santos et 

al., 2022) 

Catapult, 10 inter-trial CV 1.47, % ∆ 0.9, TEM 

-0.18 

CV 5.74, % ∆ 2.0, 

TEM 0.09 

CV 1.63, % ∆ 1.0, 

TEM 0.20 

 CV 5.64, % 

∆ -1.1, TEM 

-0.40 

   

(Cormier, Tsai, 

Meylan, & Klimstra, 

2023) 

Catapult inter-trial   CV % 1.29, % ∆ 

0.15, TE 0.33, ICC 

0.92 

 CV % 3.74, 

% ∆ -0.77, 

TE 0.51, 

ICC 0.76 

 CV % 3.68, 

% ∆ -0.66, 

TE 0.52, 

ICC 0.83 

 

(Cormier, Tsai, 

Meylan, Agar-

Newman, et al., 

2023) 

Catapult, 10 intra-

system 

% Bias 0.23, TEM 0.02, 

ICC 0.98 

% Bias 0.62, TEM 

0.02 ICC 0.92 

% Bias 0.31, TEM 

0.03, ICC 0.97 

%Bias -0.65, 

TEM 4.08, ICC 

0.96 

 % Bias -0.31, 

TEM 6.82, ICC 

0.98 

 % Bias -

0.93, TEM 

0.07, ICC 

0.9  
STATSports, 

10 

intra-

system 

% Bias -0.39, TEM 

0.02, ICC 0.98 

% Bias 0.86, TEM 

0.01, ICC 0.84 

% Bias -0.37, TEM 

0.02, ICC 0.97 

% Bias -1.01, 

TEM 4.13, ICC 

0.98 

 % Bias -1.37, 

TEM 5.65, ICC 

0.99 

 % Bias -

0.57, TEM 

0.08, ICC 

0.85 

(Clavel et al., 2022) Catapult, 10 intra-

system 

CV % 0.5, TE 0.1, ICC 

0.99, SWC 1.0 % 

CV % 2.0, TE 

0.28, ICC 0.93, 

SWC 1.5 % 

CV % 0.6, TE 

0.12, ICC 0.99, 

SWC 1.1 % 

 
CV % 1.8, 

TE 0.28, 

ICC 0.93, 

SWC 1.4 % 

 
CV % 1.4, 

TE 0.15, 

ICC 0.98, 

SWC 2.0 % 

 

(Huggins et al., 2020) Polar Team 

Pro, 10 

inter-trial CV % 2.43, TE 0.18, 

SWC 0.06 m∙s-1 

   
 

 
 

 

(Beato & de Keijzer, 

2019) 

STATSports, 

10 (Apex vs 

Apex) 

intra-

system 

CV % 0.12, ICC 0.99 
   

 
 

 
 

 
STATSports, 

10 (Viper vs 

Viper) 

inter-

system 

CV % 0.20, ICC 0.97 
   

 
 

 
 

 
STATSports, 

10 (Apex vs 

Viper) 

inter-

model 

CV % 0.15, ICC 0.98 
   

 
 

 
 

(Barr et al., 2019) SPI, 5 inter-

system 

CV % 0.11, ∆ 0.1, TEM 

0.11, SWC 1.21 %, r = 

0.55 
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(Lacome et al., 2019) V2 

SensorEveryw

here, 16 

intra-

system - 

raw 

CV % 0.5, TE 0.09, 

ICC 0.99, SWC 0.9 % 

   
 

 
 

 

 
intra-

system - 

smooth 

CV % 0.5, TE 0.09, 

ICC 0.99, SWC 0.9% 

   
 

 
 

 

(Hoppe et al., 2018) GPEXE, 18 intra-

system 

  
CV % 3.1 

 
CV % 7.5 

 
CV % 7.4 

 

 
Catapult, 10 intra-

system 

  
CV % 3.3 

 
CV % 20.9 

 
CV % 18.8 

 

(Nagahara, Botter, et 

al., 2017) 

GPEXE, 20 inter-trial CV % 2.3 CV % 8.3 CV % 2.5 
 

CV % 5.6 
 

CV % 2.5 
 

 
SPI, 5 inter-trial CV % 5.1 CV % 17.5, CV % 6.0, 

 
CV % 19.2 

 
CV % 15.8 

 

(Akenhead et al., 

2014) 

Catapult, 10 intra-

system - 

raw 

CV % 15.6, TE 0.21, 

r=0.98 

   
 

 
 

 

 
intra-

system - 

smooth 

CV % 3.1, TE 0.08, 

r=0.99 

   
 

 
 

 

(Waldron et al., 

2011) 

SPI, 5 inter-trial CV % 0.78 
   

 
 

 
 

Sorted by year, CV coefficient of variation, ICC intraclass correlation coefficient, TE typical error, TEM typical error of measurement, SWC smallest worthwhile 

change (reported from study), % ∆ percent change between units (from same manufacturer), r = Pearson’s correlation coefficient.  
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Figure 3-8. Intermodel, intertrial, and intrasystem reliability for each metric/study categorized by 

sampling rate (Hz). 

 

3.5 Discussion 

This review evaluated the state of wearable satellite technology for athlete sprint 

modeling applications. There are currently sixteen studies assessing aspects of validity and 

reliability of different GNSS sensors for sprint modeling. Quantitative analysis revealed 

that pooled effects showed good agreement between GNSS-derived outcomes with 

criterion measurements. Moderator analysis further revealed influences of sampling rates 
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(≥ 10 Hz vs < 10 Hz) and sensor manufacturers. Common evaluated outcomes point to 

agreement of modelling metrics such that measures of peak velocity/speed are considered 

in good agreement, and measures of acceleration, force are considered in moderate 

agreement compared to a criterion measure (e.g., radar). Most studies shared good inter-

trial, inter-model, and intra-system reliability. However, the CVs reported show potential 

inconsistency either within athlete variation or random error rooted within the technology 

itself. While the consolidated studies in this review provide normative values and ranges 

for sprint modeling using GNSS there are major identified differences that highlight gaps 

and opportunities for improvement of this technology. Important differences between 

studies relate to sensor technology differences (e.g., sampling rate, sensor fusion, satellite 

network acquisition), processing techniques, criterion technology used, sprint protocols, 

outcome reporting, and athlete characteristics (Malone et al., 2017; Varley et al., 2017). 

These identified considerations may be useful to guide the improvement of the state of this 

technology and enable more direct comparison of results. 

 

Table 3-5. Moderator analysis results. 

Outcome   Subgroup random-effects model 

  k SMD 95%-CI tau^2 I^2 pvalue Effect Size p-diff 

MSS (m·s-1) Sampling rate          

 ≥ 10 8 0.11 -0.04 0.26 <0.0001 9.40% 0.14 Small 
0.001 

 < 10 1 0.75 0.38 1.11 -- -- <.0001 Moderate 

 System          

 
Catapult 4 0.02 -0.19 0.24 0 0.00% 0.83 Small 

0.002 

 
StatSports 1 0.15 -0.20 0.50 -- -- 0.40 Small 

 
SensorEverywhere 2 0.59 0.18 0.99 0 0.00% 0.00 Moderate 

 
GPEXE 1 -0.02 -0.33 0.29 -- -- 0.88 Small 

 
SPI 1 0.75 0.38 1.11 -- -- <.0001 Large 

τ (s) Sampling rate          

 ≥ 10 6 -0.24 -0.71 0.24 0.311 89.50% 0.33 Small 0.219 
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 < 10 1 0.14 -0.22 0.49 -- -- 0.82 Small 

 System          

 
Catapult 4 -0.30 -0.68 0.08 0.098 65.40% 0.12 Small 

< 0.001 

 
StatSports 1 0.68 0.32 1.04 -- -- 0.06 Moderate 

 
GPEXE 1 -0.86 -1.18 -0.53 -- -- 0.02 Large 

 
SPI 1 0.14 -0.22 0.49 -- -- 0.71 Small 

V0 (m·s-1) Sampling rate          

 ≥ 10 6 0.03 -0.12 0.19 0 0.00% <.0001 Small 
0.001 

 < 10 1 0.73 0.37 1.10 -- -- 0.68 Moderate 

 System          

 
Catapult 4 0.02 -0.19 0.23 0 0.00% 0.86 Small 

0.004 

 
StatSports 1 0.21 -0.14 0.56 -- -- 0.24 Small 

 
GPEXE 1 -0.08 -0.39 0.23 -- -- 0.62 Small 

 
SPI 1 0.73 0.37 1.10 -- -- <.0001 Moderate 

F0 (N·kg-1) Sampling rate          

 ≥ 10 6 0.21 -0.24 0.67 0.281 89.10% 0.36 Small 
0.150 

 < 10 1 -0.21 -0.56 0.14 -- -- 0.71 Small 

 System          

 
Catapult 4 0.23 -0.06 0.51 0.035 41.40% 0.12 Small 

<.0001 

 
StatSports 1 -0.64 -0.99 -0.28 -- -- 0.01 Moderate 

 
GPEXE 1 0.95 0.62 1.27 -- -- 0.00 Large 

 
SPI 1 -0.21 -0.56 0.14 -- -- 0.42 Small 

Pmax (W·kg-1) Sampling rate          

 ≥ 10 4 0.24 -0.24 0.71 0.195 85.60% 0.33 Small 
0.670 

 < 10 1 0.11 -0.24 0.46 -- -- 0.82 Small 

 System          

 
Catapult 2 0.28 -0.19 0.74 0.067 58.10% 0.24 Small 

<.001 

 
StatSports 1 -0.35 -0.70 0.01 -- -- 0.27 Small 

 
GPEXE 1 0.69 0.38 1.01 -- -- 0.02 Moderate 

  
SPI 1 0.11 -0.24 0.46 -- -- 

0.73 Small 

p-diff = test for Subgroup differences. SMD = standardized mean differences (d). k = number of studies. CI 

= confidence interval.  

 

3.5.1 Technological innovations  

Based on the consolidated outcomes in this review, it has been shown that small 

SMDs were found for all meta-analyzed outcomes. When considering the entire dataset, 

there are favorable results with regards to GNSS-criterion agreement for maximum 

velocity (MSS and V0) whereas acceleration-derived metrics such as τ, F0, Pmax, and Drf, 
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achieve good to moderate agreement for percentage differences. These results may be 

closely tied to the current limitations of sensor technology. For example, sampling rates 

are an important factor in sprint profiling with GNSS sensors. Nagahara et al. (2017) 

identified that lower sampling rates (<10Hz) resulted in poor agreement with some 

profiling metrics with sampling rates ≥10Hz providing superior agreement and reliability. 

More recent studies have since shown improvements in agreement outcomes (CVs <5%) 

across metrics with improved intra-system and inter-system reliability using 10Hz GNSS 

(Clavel et al., 2022; Cormier, Tsai, Meylan, Agar-Newman, et al., 2023; Fornasier-Santos 

et al., 2022). While measures of speed are achieving good agreement with higher sampling 

rates, present results suggest that GNSS is still suboptimal for quantifying acceleration 

metrics (Ellens et al., 2022; Varley et al., 2017). It has been suggested that low sampling 

rates limit the ability to determine changes in velocity during the initial portions of the 

sprint where acceleration is likely the highest. As acceleration is the rate of change in 

velocity, limitations in adequate sample rate will have implications for calculation of 

accurate acceleration. This can be observed in technology such as timing gates where low 

temporal resolution during the initial portion of the sprint will tend to overestimate F0 in 

sprint modeling studies (Cormier, Tsai, Meylan, Agar-Newman, et al., 2023). As shown in 

Figure 3-3, both inter-trial and intra-system values for all metrics improve with increased 

sampling rates. These results suggest that optimal sampling rates for GNSS (and other 

sensors) derived sprint modelling still need to be determined. As current systems range 

between 10-20Hz, systems with greater sampling rates may need to be developed or 

enhanced.     
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Most GNSS systems include IMUs which consist of an accelerometer, gyroscope 

and magnetometer. IMUs can provide accurate and useful measurement of sensor 

orientation and motion within a short distance and time range and are considered assistive 

to GNSS technology. However, IMUs, as opposed to GNSS technology, are not yet suitable 

to determine absolute changes in distance and speed over large ranges and each sensor 

technology can play useful and complementary roles in athlete monitoring (Cummins et 

al., 2013). Recently, the outputs of GNSS and IMU sensors systems have been combined 

(“sensor fusion”) and used to correct the GNSS signal output, increase the sampling rate, 

and provide additional kinematic information for output variables. For example, Apte et al.  

(2020) and Reinhardt et al. (2019) both used a sensor fusion approach for signal correction 

in their study with a 200Hz IMU and 10Hz GNSS unit using Madgwick and Kalman 

filtering which resulted in very high agreement between the metrics derived from the GNSS 

system and the criterion selected. Although more research is warranted to implement sensor 

fusion for sprint modeling, its application could resolve many sprint modeling limitations 

of GNSS technology. 

3.5.2 Data processing considerations 

There are many considerations with respect to the GNSS data used and how it is 

processed before sprint modeling outputs are derived. First it is important to consider what 

kinematic variables are used as sprint modeling input parameters. Current sprint modelling 

practices require continuous acceleration/velocity or distance/time data. Acceleration 

values exported from GNSS manufacturer software may be derived either from embedded 

accelerometers or velocity and time samples (Wu & Swartz, 2022). Velocity is estimated 

via two methods, positional differentiation (distance/time) or Doppler-shift, with the latter 
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preferred due to superior accuracy (Townshend et al., 2008). It is important to differentiate 

between these two methods since some studies report them interchangeably or concurrently 

which should influence the methodology, interpretation of findings and study comparisons. 

Furthermore, acceleration and velocity outputs from manufacturer software are subject to 

proprietary filtering and algorithms as well as post processing techniques used by 

researchers, as such the specific processing and cleaning methods may be unknown and 

may change with different software updates (Malone et al., 2017).  

Another aspect that could impact sprint modeling outcomes is data filtering (Malone et 

al., 2017). Most GNSS system manufacturers employ undisclosed or proprietary filtering 

techniques, resulting in differently processed signals from sensors. Therefore, some 

sensors may output raw GNSS calculations while others have onboard pre-processing 

before the user is given the data. These preprocessing steps are often undisclosed, 

potentially hindering post export applications conducted by sport scientists. While the level 

of pre-processing is usually unknown, it is still common practice for sport scientists to use 

signal post-processing to further condition the data for sprint modelling. There were a 

variety of approaches identified in this review with unclear methodology being reported. 

Of note, Butterworth filters (Hoppe et al., 2018), rolling averages (e.g., 0.5 s) (Lacome et 

al., 2019), and locally weighted regression smoothing (loess) (Clavel et al., 2022) were 

used in the signal processing protocols. Otherwise, manufacturers’ “smooth” export, or raw 

data were used (Table 3-2). Studies in this review demonstrate that filtered data improves 

agreement with criterion measurement. For example, Lacome et al. (2019) and Akenhead 

et al. (2014) observed that maximal sprint speed and maximum acceleration biases were 

larger with raw data versus smoothed (moving average) data during linear sprinting tasks. 
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In accordance with previous literature (Ellens et al., 2022), a low-pass Butterworth filter 

was the most frequently reported filtering technique with both radar and GNSS data in this 

review. However, as mentioned, and important to note, only two GNSS studies reported 

all specific filtering specifications (e.g., digital, low-pass, dual-pass, 1Hz cut-off 

Butterworth) (Table 3-3). Other studies exported the raw data or “smoothed” data from the 

manufacturers. Additionally, regarding the criterion systems (e.g., radar), important 

information such as cut-off frequency, filter order, and number of passes were also 

frequently left out, which makes comparison of study findings difficult. Similar to 

sampling rate considerations, the choice of filter and filter frequency is of utmost 

importance in ensuring that the true signal is not attenuated, and accurate sprint modeling 

metrics can be developed (Robertson & Dowling, 2003). However, based on this review it 

is not yet evident which filtering techniques are optimal for GNSS processing, and more 

research needs to be performed to ensure consistency between comparisons. 

Once appropriate data filtering is performed, other methodological decisions are 

required to prepare the data for sprint modeling such as determining the onset and end of 

sprint identification. When examining the reported onset of sprint detection and end of 

sprint detection, there were various methodologies employed. These thresholds are often 

selected to avoid “noise” of the signal before the onset or inflection point of the sprint. In 

this review, onsets reported where: when derived acceleration > 0.1 m∙s-2, accelerometer 

acceleration > 0 m∙s-2, synchronization with timing gates (Apte et al., 2020; Huggins et al., 

2020), velocity rising above a threshold deviation (e.g., +2 SDs) (Lacome et al., 2019), 

velocity > 0.3 m∙s-1 (Clavel et al., 2022), and velocity > 0.5 m∙s-1 with video correction 

(Fornasier-Santos et al., 2022). Concerning the onset, with current modeling practices, it is 
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recommended that the lowest velocity or acceleration threshold be used based on the 

sampling rate of the system, although more robust techniques must be developed (to avoid 

signal noise and over or under-estimations of profile metrics) and used consistently 

between studies to allow for result comparisons and to apply in the field. When detecting 

the end of the sprint: set distance or integrated distance (Cormier, Tsai, Meylan, Agar-

Newman, et al., 2023), velocity drop thresholds after peak velocity was achieved (e.g., -

0.4 m∙s-1) (Clavel et al., 2022; Fornasier-Santos et al., 2022), visually trimmed data, and 

synchronization with other technology (e.g., timing gates or software) (Apte et al., 2020; 

Huggins et al., 2020) were used to identify the onset and end of the sprint. The velocity 

modelling techniques of the studies included in this review were mostly mono-exponential 

models (with or without time delay) (Morin et al., 2019; Samozino et al., 2016). 

Considering that sprints are performed over short distances (up to 50m), and knowing this 

model implies a maximum asymptotic value where the highest point of the model should 

be near or at peak velocity of the athlete, using a cut off shortly after peak velocity is 

achieved is the rationale choice when using this model with shorter distances (40-50 m). 

Accordingly, future research should assess how the different data processing procedures 

affect sprint modeling metric outcomes with GNSS technology. 

3.5.3 Criterion 

Various criterion devices were used in these studies (Table 3-3). However, not all 

studies used appropriate criterion devices for sprint profiling. For example, the use of 

timing gates for horizontal FV sprint profiling overestimates certain FV metrics associated 

with the acceleration phase of the sprint (i.e., τ, F0, and Pmax) (Cormier, Tsai, Meylan, Agar-

Newman, et al., 2023; Fornasier-Santos et al., 2022). This is due to methodological 
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considerations related to low sampling rates, sprint start limitations (e.g., fly-in distance to 

avoid the arm breaking the beam), beam system type (single vs dual), as well as velocity 

modelling technique limitations (T. Haugen et al., 2020). Therefore, using current sprint 

modeling practices, timing gates may not be suitable for use as a criterion measurement in 

validity studies, although highly practical as a tool in the field. These limitations may have 

caused the high percentage differences observed in some of the studies included in this 

review (Table 3-3). Recent evidence shows that using video to mitigate some sprint onset 

limitations can improve the agreement with radar (Fornasier-Santos et al., 2022), however 

this still resulted in an overestimation in F0 and as well this may not be an accessible 

approach to many sport science practitioners due to logistical considerations. Concerning 

other criterion technologies reported in this review, Fornasier-Santos et al. (2022) showed 

that lasers and linear encoders have good agreement with radar for maximum velocity 

metrics, whereas force/acceleration metrics tend to display moderate to poor agreement. 

Radar provides practitioners with criterion reference that has been validated in previous 

research and may be superior due to the higher sampling rates and the ability to directly 

measure instantaneous velocity. 

3.5.4 Reporting in GNSS research 

Distinction must be made between GPS and GNSS networks when reporting in 

sprint modeling studies due to differences in the sensors’ (i.e., receiver) ability to acquire 

satellites.  To accurately track position a minimum of four satellites is required, thus GNSS 

compatible systems allow for higher satellite network acquisition with some having the 

ability to acquire > 10 satellites (Castellano et al., 2011; Clavel et al., 2022; Cormier, Tsai, 

Meylan, Agar-Newman, et al., 2023; Varley et al., 2012). Horizontal dilution of precision 
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(hdop) shows the relationship between the organization of the satellites in relation to the 

receiver and positional measurement precision, where values can fall between 0 and 50, 

with values below 1 deemed beneficial (Malone et al., 2017). In this study, values from 5 

Hz devices (older models) tended to exhibit hdop values > 1 and newer (≥ 10Hz) models 

tend to report values < 1 (Beato & de Keijzer, 2019; Clavel et al., 2022; Cormier, Tsai, 

Meylan, Agar-Newman, et al., 2023; Varley et al., 2012; Waldron et al., 2011). It is 

important to report the sensor networks, satellite acquisition and positional precision values 

in GNSS/GPS sprint modeling research as sprint profiles may be sensitive to nuances in 

the quality of the signal due to environmental or location limitations (i.e., stadium 

structures, cloud cover, etc.).  

3.5.5 Recommendations and future research 

There are existing recommendations that sports scientists should evaluate when 

planning studies and disseminating findings from GNSS-derived outcomes (see Malone et 

al. (2017) and Ellen et al. (2022)). This review adds to these recommendations by 

highlighting the need for standardization and transparent reporting of data processing to 

support best practice of sprint modelling. The first consideration is from the post-

manufacturer processed data. Practitioners should evaluate whether the data is filtered or 

raw, and whether the acceleration data is derived or obtained from IMUs. It is 

recommended that the raw data is filtered or that sport scientists compare their own signal 

processing to that of the manufacturers to allow for replication of findings. As stated in 

previous research, the Doppler method is preferred over positional differentiation and 

information on signal acquisition and quality must be considered since this could impact 

the accuracy of the GNSS or GPS signal and consequently the sprint profiling. Secondly, 
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when applying a sprint model to the data, it is important to consider that lower sampling 

rates or poor data processing procedures will lead to poor estimation of acceleration-based 

metrics; thus, it is recommended that GNSS with higher sampling rates are used and that 

the lowest possible thresholds for sprint onset be implemented. Data processing techniques 

such as sensor fusion may provide a solution to improve sampling and data fidelity, having 

already been proven in some studies (Reinhardt et al., 2019). In addition, when modelling 

the sprint, the determination of sprint end needs to be considered in relation to the 

mathematical equation used for modeling. For example, data inputted into the mono-

exponential model should be trimmed at or shortly after the peak velocity is achieved. 

Other models (e.g., biexponential (Morin et al., 2012) or including fly-in velocities (Volkov 

& Lapin, 1979)) may necessitate different protocols concerning the onset and end of sprint 

detection. Therefore, studies to determine optimal sprint trimming parameters for differing 

collection protocols and techniques are required. Finally, it is important to report enough 

information for researchers and practitioners to replicate the methodology and compare 

findings across studies. Validity estimates (ie, Bland-Altman, regression, etc.) with 

variability estimates (eg, LOA, SD, TE) as well as reliability statistics (eg, CV, ICC, etc.) 

should be reported. Further, information on athlete characteristics, sprint protocols, and 

specifications of the technology used (i.e., GNSS model, firmware and software) and signal 

quality should be reported. Researchers are encouraged to share data processing procedures 

through journal supplementary materials, online repositories, or have extremely detailed 

methodology outlined in their research. For example, two studies included in this review 

shared their coding protocols through supplementary materials or detailed protocols in their 

methodology (Clavel et al., 2022; Cormier, Tsai, Meylan, Agar-Newman, et al., 2023). The 
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application of the recommendations made in this review in future research will allow for 

accelerated improvement of current sprint modeling practices. 

3.5.6 Practical applications 

As it has been shown that it is possible to derive valid and reliable FV profiles from 

GNSS data given that appropriate methodology is carried out by sport science practitioners, 

potential for application in the field is promising. Studies have suggested the possibility to 

integrate multiple standardized maximal sprint efforts (e.g., 2 x 40-50 m sprints) to provide 

systematic information on athlete sprint acceleration capabilities (Clavel et al., 2022; 

Lacome et al., 2019). These studies have included coding scripts to efficiently process the 

data included in supplementary materials. Hicks et al. (2020) have provided practical 

recommendations to improve mechanical effectiveness of force application and has 

recently introduced a framework to profile and individualize programs to address force and 

velocity components. For example, an approach that could be taken is plotting athletes’ V0 

on the x-axis and F0 on the y-axis with a scatterplot divided into four quadrants by the 

medians of each variable, then identifying deficits to target with different training 

modalities (e.g., resisted sprinting or resistance training) (Hicks et al., 2022) or identify 

strengths to maximize. In team-sports with large rosters, it may be beneficial to group 

athletes based on their FV characteristics to inform training programs. These methods 

could especially be beneficial for sports in which long linear or semi-linear sprints are 

frequently performed in training and competition such as soccer, rugby codes (e.g., Sevens 

rugby), football (American and Australian rules), and so on. The actual integration of 

sprints into normal training has now been demonstrated in two cases, both displaying valid 

and reliable results (Clavel et al., 2023; Cormier, Tsai, Meylan, & Klimstra, 2023).  
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3.6 Conclusions 

  This review outlines the currently available literature on linear sprint modeling with 

GPS/GNSS systems, identifying gaps and opportunities for improvement. Primarily, sport 

science practitioners are encouraged to open dialogue with sport technology companies to 

better understand GNSS units’ proprietary signal processing algorithms. If this information 

cannot be shared, sports scientists should consider the post-manufacturer processing, sprint 

model processing and reporting of sprint protocol and specification of the GNSS 

technology used (Ellens et al., 2022; Malone et al., 2017). This will allow for better 

comparisons of the findings across studies and improvements in future research. 

3.7 Practical applications 

 While there are some methodological challenges to sprint modeling using GNSS 

technology, validity and reliability studies suggest that sprint modelling can be carried out 

and show promise for sprint monitoring in the field. The key consideration is that the most 

up-to-date modeling practices should be used consistently with similar sprint protocols, 

since the methodology will affect sprint profiling outcomes. As suggested in previous 

research (Clavel et al., 2022; Cormier, Tsai, Meylan, Agar-Newman, et al., 2023; Lacome 

et al., 2019, 2020), the integration of maximal standardized linear sprint efforts can be 

integrated into training sessions with team-sport and individual sport athletes. Systematic 

sprint modeling could allow performance teams to monitor fatigue and readiness, better-

informing periodization and training stimulus prescription. This has important implications 

for concepts like “invisible monitoring” (i.e., testing without testing) (Cormier, Tsai, 

Meylan, & Klimstra, 2023; Morin et al., 2021), systematic testing, fatigue monitoring, 

rehabilitation, performance, and training design. 
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Chapter 4 – Comparison of force-velocity and acceleration-speed profiles in elite 

women’s soccer3 

4.1 Abstract 

This study aimed to (1) compare “in-situ” monitored acceleration-speed (ASin-situ) 

profile metrics from training/competition data in elite female soccer players to similar 

metrics from profiles developed from isolated maximal sprint efforts (ASsprint) and; (2) 

compare the confidence interval (CI) and a Tukey boxplot (BP) outlier removal technique 

on the training/competition data to derive ASin-situ profiles. Fifteen national team soccer 

players participated in a 4-week camp while wearing 10 Hz GNSS units. Towards the 

middle of the camp, 2 x 40 m isolated maximal sprints were performed. AS in-situ profiles 

(theoretical maximum acceleration A0 in m∙s-2 and speed S0 in m∙s-1) were computed using 

the CI and BP techniques with training/competition data. The sprint data were modelled 

separately to construct horizontal force-velocity (FV) profiles, from which ASsprint profiles 

were derived. Bland-Altman analysis was used to assess agreement between the CI- and 

BP-derived ASin-situ profiles to the ASsprint profiles, as well as regression analysis for 

systematic and proportional bias. Additionally, 1-way ANOVAs with Tukey posthoc 

compared the metrics between each method of analysis. Using the BP method, good 

agreement of the ASin-situ with ASsprint profile metrics A0/S0 was displayed, whereas good 

to moderate agreement was shown for the CI. The CI technique showed a proportional bias 

for A0/S0. Good to excellent intertrial reliability was demonstrated for isolated sprint 

metrics. Both BP and CI techniques provided comparable ASin-situ profiles to ASsprint 

 
3Cormier, P., Tsai, M. C., Meylan, C., & Klimstra, M. (2023). Comparison of acceleration-speed profiles from training 

and competition to individual maximal sprint efforts. Journal of Biomechanics, 157, 111724.  
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profiles. This current research demonstrates that ASin-situ profiling is applicable in elite 

women’s soccer and will have further application in many team sports.  
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4.2 Introduction 

The quantification of external training and competition load metrics through the 

use of athlete tracking devices with global navigation satellite system (GNSS) technology 

is now commonplace in many team sports (Torres-Ronda et al., 2022). As the conditions 

in training and competition often require the athlete to reach maximum levels of speed and 

acceleration, and this data can be captured with GNSS athlete tracking devices, there may 

be a diminished need to perform isolated tests to assess these physical characteristics. For 

example, an ambient assessment technique called “invisible” and “in-situ” monitoring, or 

specifically, acceleration-speed (ASin-situ) profiling can be constructed by determining the 

highest acceleration efforts across a range of speeds from GNSS-derived competition or 

training data (Morin et al., 2021). Plotting the accelerations and speeds on the y and x axes 

results in a cloud of points, which allows for a linear regression through the maximal points 

(Figure 4-1). The main components of ASin-situ profiling are: y-intercept (vertical axis), 

maximum acceleration at zero speed (A0 in m∙s-2); x-intercept (horizontal axis), speed at 

zero acceleration (S0 in m∙s-1); and the slope of the relationship (Morin et al., 2021). 

The evaluation of these player performance metrics is conceptually comparable to 

horizontal force-velocity (FV) assessments (Morin et al., 2019; Samozino et al., 2016). FV 

profiling traditionally requires dedicated speed testing sessions where sprint velocity-time 

data is modeled using a mono-exponential function, from which the model parameters peak 

speed and the acceleration constant are calculated. Then using these parameters, the metrics 

of speed, acceleration, force, and power are derived (Samozino et al., 2016). While this has 

become a valuable standard testing and analysis method, it involves substantial time and 

effort to collect consistently over time. With the large amount of data collected in training 
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and competition, across a great range of athlete efforts, the potential to extract players' 

physical characteristics using invisible monitoring is advancing. For AS in-situ monitoring to 

be used in a comparable manner to isolated sprint testing methods, there is a need to 

compare the outcomes from these two similar yet unique techniques. If comparable 

profiling outcomes can be derived using only training and competition data without the 

need for dedicated sprint testing, it could be possible to use these profiles to longitudinally 

track players' physical condition which can inform rehabilitation protocols, injury-

prevention strategies, training design, and optimization of the maximal acceleration and 

velocity for each player (Lahti et al., 2021; Mendiguchia et al., 2016b). This has 

implications for invisible monitoring across many team sports where frequent maximal 

sprint efforts are performed such as rugby sevens.  

With the potential to efficiently collect and process AS in-situ profiles from games 

and training (Morin et al., 2021), great caution is required as there are few studies on ASin-

situ profiling  (Alonso-Callejo et al., 2022; Clavel et al., 2023; Imbach et al., 2022; López-

Sagarra et al., 2022; Morin et al., 2021) without a confirmed method for analysis (eg, data 

cleaning, outlier removal, and signal processing). It is common for GNSS velocity and 

acceleration data to contain outliers (Malone et al., 2017); therefore, it is the best practice 

to eliminate (or remove) such data to derive accurate profiles from isolated sprints or 

training/competition data (Delves et al., 2021). For example, a proposed method of data 

cleaning and processing is the confidence interval (CI) outlier technique to produce an AS 

profile from soccer training data (Morin et al., 2021). However, there are common outlier 

removal techniques, such as the Tukey box plot (BP) technique (Tukey, 1977) that may 

also be viable and present some unique benefits. The BP method is a standard technique 
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where interquartile ranges (IQR) and upper and lower fences are used to detect outliers. 

The BP technique may have benefits in robustness (ie, ability to detect the AS profile data 

points in noisier data) and greater weighting of acceleration points (occurring at a higher 

frequency in soccer) (Trewin, Meylan, Varley, & Cronin, 2018). More robust analysis may 

allow for more repeatable methodology between AS profiling studies using technologies 

from different companies with different levels of quality. While the CI outlier removal 

technique proposed by Morin et al. (2021) for AS profiling sets an important standard, it is 

not known how this technique compares to the Tukey BP technique.  

Therefore, the aims of this study were two-fold: 1) to compare AS profile metrics 

developed using GNSS data collected during training and competition (ASin-situ) in elite 

soccer players to similar metrics outputs from AS profiles developed from isolated 

maximal sprint efforts (ASsprint), and 2) compare the CI technique and a common Tukey 

BP technique for AS profiling, as the analysis methods for the development of an AS 

profile has not been standardized. The suitability of each outlier removal technique will be 

based on the level of agreement between the isolated sprint effort AS profile and the 

training/competition data derived AS profile. The results of this research may permit the 

elimination of isolated sprinting trials and confirm the efficacy of GNSS data to create AS 

profiles. 

4.3 Methodology 

4.3.1 Participants 

 Data were analyzed from fifteen soccer players on the Canadian Senior Womens 

National Team (age = 26.23 ± 5.19 years, height = 1.68 ± 0.07 m, body mass = 63.05 ± 

4.80 kg) ranked 6th in the world (FIFA, 2023). Ethical approval was obtained from the 
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University of Victoria Human Research Ethics Board and complied with the Declaration 

of Helsinki.  

4.3.2 Design 

 Concerning the AS monitoring using GNSS technology, the data acquired from 19 

aggregated training and competition events (ASin-situ) throughout a 29-day camp and were 

compared to maximal sprint efforts performed in a separate sprint testing session (ie, 

ASsprint). It must be noted that the ASsprint data were analyzed separately from the ASin-situ 

data. Throughout the camp the players participated in a minimum of 15 and a maximum of 

19 events (5 international matches and 14 training sessions). 

4.3.3 Data collection 

Throughout the camp, Catapult GNSS units (Vector S7, firmware 8.1.0, Catapult 

Innovations, Melbourne, Australia) sampling at 10 Hz were worn by the participants in 

tightly fit vests between the scapulae. The filtered velocity data (Doppler method, 

calculated via the change in frequency of the satellite signal) (Malone et al., 2017; Varley 

et al., 2017) were exported and the derivative of the velocity data with respect to time was 

used to calculate acceleration (Figure 4-1). Horizontal dilution of precision (HDOP) and 

number of satellites throughout the training camp were 0.85 ± 0.14 and 13.8 ± 3.5, 

respectively (atmospheric pressure = 758-766 torr, wind = 0-3 m∙s-1, temperature = 29-33 

°C).  

On the morning of the ASsprint protocol which took place on day 11 of the 29-day 

camp, height, and body mass were collected. The warm-up consisted of a 20 min general 

and dynamic movement followed by three progressive sprints at increasing intensities over 

30 m with 3 min rest. Players stood in two lines 5 m apart and performed 2 x 40 m maximal 
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all-out sprints with their feet positioned in a staggered stance with 3-5 min of rest between 

trials, and players were encouraged to sprint as fast as possible. The protocol was carried 

out on an open grass field (atmospheric pressure = 765 torr, wind = 0 m∙s-1, temperature = 

30 °C, HDOP = 0.61 ± 0.04, and number of satellites = 18.02 ± 1.30). 

4.3.4 Data analysis 

The CI analysis (Figure 4-1B) consisted of grouping positive acceleration velocity 

data into 0.1 m∙s-1 subintervals and taking the maximum two values in each group. 

Subintervals were adapted due to the low sampling rate in this study (from 0.2 in the 

original concept) (Morin et al., 2021). Then, a linear regression of the speed-acceleration 

points was performed. Residual points, from the regression, outside of the 95 % CI upper 

and lower limits were removed. The Tukey BP technique (Figure 4-1A) consisted of taking 

the top two percent of positive acceleration and velocity data points. This data were then 

divided into 0.1 m∙s-1 subintervals. The BP requires a minimum sample of 5 data points 

(Krzywinski & Altman, 2014), hence why these initial parameters were chosen to allow 

for retention of enough maximal points. Then, within the subintervals, points outside the 

upper and lower limits of accelerations were removed (ie, IQR [Q3-Q1]; upper fence = Q3 

+ 1.5 ∙ IQR, lower fence = Q1 – 1.5 ∙ IQR) (Tukey, 1977). The maximum values in the 

subintervals were kept. Data above a velocity of 3 m ∙s-1 were retained for the ASin-situ 

analysis (Morin et al., 2021). After the outlier removal methods were applied to the 

aggregated training and match data, a linear regression between retained acceleration and 

velocity points were performed to construct the ASin-situ profiles. Examples of the AS 

profiles using each approach are shown in Figure 4-1. 
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The isolated sprint velocity data (Figure 4-1C) were modelled through a nonlinear 

least-squares regression (including a time delay) (Morin et al., 2019), whereby the 

estimated parameters maximal sprint speed (MSS m∙s-1) and the acceleration constant (τ s) 

were used to calculate the horizontal FV sprint variables as well as the ASsprint metrics: 

maximum acceleration at zero velocity (A0 m∙s-2); horizontal force at zero velocity (F0 

N∙kg-1); velocity/speed at zero force [or acceleration] (V0 m∙s-1, S0 m∙s-1); and horizontal 

maximal power (Pmax W∙kg-1). The average of both isolated sprint trials were retained to 

reduce measurement variability in profiled metrics (Simperingham et al., 2019) and results 

reported normalized relative to body mass. 
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Figure 4-1. Example of AS profiles from one midfield player over the camp period: A. ASin-situ 

using the BP method; B. ASin-situ using the CI method; C. ASsprint and full sprint from the player 

(red points); and D. comparing all AS profiles together. Grey points are retained points after 

outlier removal (R2 for CI = 0.97, ~ 80 points; and BP = 0.97, ~50 points in this example). A 

subset of the Catapult smoothed velocity data was compared to the data before smoothing (raw) 

using a low-pass, 4th order, 1Hz cut-off, dual-pass Butterworth filter (ICC, 2,1 of 0.99) showing 

the level of filtering to allow for reproducibility. All data processing procedures were conducted 

using customized R scripts (Version 4.2.2, R Core Team, Vienna, Austria, 2022). Scripts for both 

outlier removal techniques are in the Supplementary materials 

(https://doi.org/10.1016/j.jbiomech.2023.111724). 
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4.3.5 Statistical analysis 

 

To evaluate the agreement between the CI- and BP-derived ASin-situ with the ASsprint, 

Bland-Altman plot analysis was performed (ie, mean differences with limits of agreement, 

90% confidence LOA) (Bland & Altman, 1986). Percent bias was interpreted as good, 

moderate, and poor (<5, 5-10, and >10%, respectively). Systematic bias was calculated 

through a 1-sample t-test whereby the linear regression slope was tested against a slope of 

1. Proportional bias was also assessed for each metric in the linear regression model where 

a significant parameter estimate coefficient (ie, different from zero) indicated bias was 

present. A 1-way ANOVA was performed for each AS variable between profiling methods 

(CI-, BP-derived ASin-situ, and ASsprint) and a Tukey posthoc procedure was used to control 

for type I error in making multiple comparisons, to determine the significant difference 

between the parameter estimates. The level of statistical significance was taken to be 

[alpha] = 0.05 for all tests. The inter-trial reliability of the ASsprint profile metrics were 

evaluated with the typical error (TE), TE (expressed as the coefficient of variation [CV]), 

and ICCs (3, 1) (Hopkins et al., 2009). CVs <5% were interpreted as good. ICCs were 

classified as <0.5 poor, 0.5-0.75 moderate, 0.75-0.9 good, and >0.9 excellent (Koo & Li, 

2016).  

4.4 Results 

 Using the BP method, good agreement between ASin-situ and ASsprint was found for 

A0/V0, and using the CI method, good to moderate agreement was found (Table 4-1 and 

Figure 4-2).  

One-sample t-tests demonstrated no systematic bias for all metrics when comparing 

the CI and BP derived ASin-situ to the isolated ASsprint profiles (Table 4-1). However, 
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according to the linear regression models, the CI technique displayed proportional bias for 

A0 (p = .021) and S0 (p = .009) (Table 4-1 and Figure 4-2).  

The 1-way ANOVA demonstrated a main effect for profiling method for A0 only 

(p = .034), with the posthoc identifying that the CI techniques derived significantly higher 

values than BP (p = .048). No statistically significant differences were found between the 

CI and BP method-derived ASin-situ with the isolated ASsprint profiles (Table 4-1).  

Intertrial reliability results showed good to excellent ICCs, and good CVs across all 

isolated sprint metrics (Table 4-2).  
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Figure 4-2. Bland-Altman plots of each metric displaying mean and percent differences for each 

athlete (averaged trials, n =15), dashed lines = ± 90% Confidence LOA. Dotted lines to visually 

illustrate the line of best fit and proportional bias. 

 

4.5 Discussion 

 This study demonstrated that GNSS-derived ASin-situ profiles generated from 

training/matches are comparable to isolated ASsprint profiles. Additionally, in this 

investigation, the standard Tukey BP outlier removal technique provided a slightly more 

robust analysis to the CI technique, although no significant differences were found between 

each outlier removal method with the isolated ASsprint method (Table 4-1). Therefore, it is 

possible to derive ASin-situ profiles, permitting the elimination of the need for isolated 

standardized sprint testing.  
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Table 4-1. Bland-Altman analysis and regression results show the differences between each 

outlier removal technique and the isolated ASsprint reference. 

 A0 Sprint 

m∙s-2 
A0 CI m∙s-2 A0 BP m∙s-2 

S0 Sprint 

m∙s-1 
S0 CI m∙s-1 S0 BP m∙s-1 

Mean (SD) 6.47 (0.41) 6.95 (0.72) *‡ 6.42 (0.59) ‡ 8.11 (0.30) 7.99 (0.64) * 8.29 (0.51) 

Mean ∆ (90 CI LOA) - 
0.48 (-0.48, 

1.44) 

-0.05 (-1.15, 

1.05) 
- 

-0.12 (-1.28, 

1.04) 

0.19 (-0.7, 

1.08) 

TE (90 CI) - 
0.15 (0.06, 

0.24) 

0.17 (0.06, 

0.28) 
- 

0.18 (0.06, 

0.30) 

0.14 (0.11, 

0.17) 

Percent mean ∆ (90 CI 

LOA) 
- 

6.79 (-6.88, 

20.46) 

-0.98 (-18.46, 

16.5) 
- 

-1.65 (-15.86, 

12.56) 

2.17 (-8.68, 

13.02) 

Interpretation - Moderate Good - Good Good 

SD standard deviation, LOA limits of agreement, TE typical error, ∆ difference, CI confidence interval. 

Proportional bias from the linear regression model *p less than .05. Tukey posthoc significance ‡ p less than 

.05 between BP and CI techniques. 

 There were some commonalities and differences for AS profiling outcomes 

between outlier removal techniques. Where CI profiles overestimated A0 and 

underestimated S0; the BP profiles contrarily underestimated A0 and overestimated S0 

(Table 4-1 and Figure 4-2). However, the magnitude of the differences was less for the BP 

method. Additionally, the CI technique displayed a proportional bias for both A0 and S0 

(Table 4-1). This finding may be explained by the following: the CI technique is dependent 

on the initial two maximal acceleration points retained for the linear regression function, 

thus resulting in an overestimated profile if outliers exist, impacting the initial regression 

and consequently diminishing the effectiveness of the technique. Alternatively, the BP 

method uses an outlier removal technique where extreme outliers in the subinterval points 

will not influence ASin-situ profiling because the IQR includes the majority of clustered data. 

To mitigate the limitation of extreme outliers with the CI technique, the velocity data must 

be carefully filtered and screened for outliers, based on GNSS recommendations (Delves 

et al., 2021; Malone et al., 2017), prior to applying the ASin-situ profiling method. In 

summary, if the aim is to replicate or derive similar metrics outputs to the isolated sprint 
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ASsprint method through ASin-situ monitoring, the BP outlier removal technique provides a 

slightly superior alternative for a more precise profile. 

 With respect to the maximal isolated sprint modeling using GNSS, the inter-trial 

reliability showed excellent ICCs for velocity and good for acceleration metrics (Table 4-

2), and previous studies have demonstrated its validity (bias <1 %) when compared to 

standard field criterion measurements (ie, radar gun) (Clavel et al., 2022; Cormier, Tsai, 

Meylan, Agar-Newman, et al., 2023; Fornasier-Santos et al., 2022), thus supporting the use 

of this modeling method as a reference for comparison.  

Table 4-2. Intertrial reliability statistics concerning sprint data with normative ASsprint and FV 

relationship metric values. 

 
ASsprint FV 

 
A0 m∙s-2 S0 m∙s-1 F0 N∙kg-1 V0 m∙s-1 Pmax W∙kg-1 

Mean (SD) 6.47 (0.41) 8.11 (0.30) 6.41 (0.41) 8.41 (0.33) 13.49 (0.97) 

Mean trial 1 (SD) 6.48 (0.39) 8.10 (0.32) 6.42 (0.39) 8.41 (0.34) 13.50 (0.95) 

Mean trial 2 (SD) 6.43 (0.51) 8.11 (0.32) 6.37 (0.51) 8.42 (0.34) 13.41 (1.21) 

% ∆ in mean (90 CI) -0.78 (-3.04, 1.58) 0.11 (-0.66, 0.89) -0.77 (-3.09, 1.61) 0.15 (-0.67, 0.98) -0.66 (-2.94, 1.68) 

ICC (90 CI) 0.76 (0.48, 0.90) 0.91 (0.80, 0.96) 0.76 (0.49, 0.89) 0.92 (0.81, 0.97) 0.83 (0.61, 0.93) 

TE as CV % (90 CI) 3.73 (2.85, 5.48) 1.2 (0.90, 1.80) 3.74 (2.87, 5.51) 1.29 (0.99, 1.89) 3.68 (2.82, 5.42) 

TE (90 CI) 0.61 (0.47, 0.90) 0.34 (0.26, 0.49) 0.61 (0.47, 0.89) 0.33 (0.25, 0.48) 0.52 (0.40, 0.76) 

SD standard deviation, ICC Intraclass correlation coefficient, TE typical error, ∆ difference, CI confidence 

interval, CV coefficient of variation 

 

4.5.1 Limitations 

 While the results of this study are promising, some limitations can be improved in 

future research. First, it is not yet known how much data is necessary to construct reliable 

profiles. Clavel et al. (2023) have shown effective week-to-week reliability of ASin-situ  

profiling using the CI technique; however only training sessions were used limiting 

ecological validity. The present study employed a conservative method, using 15-19 events 
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including both training and matches, however, it is likely and more practical to necessitate 

a smaller number of events utilizing a moving window of monitoring and accounting for 

session intensity. For example, it was shown that the reliability of week-to-week ASin-situ 

profiling was improved when a dedicated maximal sprint effort was included weekly 

(Clavel et al., 2023). Secondly, there are some important characteristics of the data output 

from the players during AS monitoring that need to be considered such as the greater 

frequency of acceleration data and fewer data points nearing maximal velocity in soccer 

(Trewin, Meylan, Varley, & Cronin, 2018). Therefore, it may be necessary to add more 

weighting to these points using modified ASin-situ profiling models.  

4.6 Conclusions 

 This study confirmed that GNSS data from isolated prescribed sprints can be 

reliably used to create AS profiles. Though, to limit the need for standardized sprinting 

protocols and equipment set-up, the current study demonstrated the promise of ASin-situ 

profiling with training and match data, using two different outlier removal techniques. 

Practitioners now can establish baseline and continuous tracking of player AS capabilities, 

monitor training interventions, and return to performance without formal testing. Although 

this study provides important information concerning normative AS data for world-class 

female soccer players, this monitoring tool will have applications across many team sports.  
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Chapter 5 – Minimal number of events necessary for acceleration-speed profiling in 

elite women’s soccer4 

5.1 Abstract 

Purpose: Determine the minimum number of events (training or matches) for 

producing valid acceleration-speed (AS) profiles from GNSS data. Methods: Nine elite 

female soccer players participated in a 4-week training camp consisting of 19 events. AS 

profile metrics calculated from different combinations of athlete events were compared to 

force velocity (FV) profile metrics from 2⨯40-m stand-alone sprint effort trials, using the 

same GNSS 10 Hz technology. FV profiles were calculated, from which AS profiles were 

obtained. AS profiles from training and matches were generated by plotting acceleration 

and speed points and performing a regression through the maximal points to obtain the AS 

metrics (theoretical maximal speed, x-intercept (S0 m·s-1), theoretical maximal 

acceleration, y-intercept (A0 m·s-2), and slope s-1). A linear mixed model was performed 

with the AS metrics as the outcome variables, and the number of events as a fixed effect, 

and the participant identifier as a mixed effect. Dunnett’s post hoc multiple comparisons 

were used to compare the means of each number of event grouping (1-19 events) to those 

estimated from the dedicated sprint test. Results: S0 and A0 means were no longer 

significantly different from the isolated sprint reference with 9-19 (small to trivial 

differences =-0.31 to -0.04 m·s-1, p=.12 to .99) and 6-19 (small differences =-0.4 to -0.28 

m·s-2, p=.06 to .79) events, respectively, and the slopes were no longer different with 1-19 

events (trivial differences=0.06 to 0.03 s-1, p=.35 to .99). Conclusions: AS profiles can be 

 
4Cormier, P., Tsai, M. C., Meylan, C., Soares, V. H., Clarke, D. C., & Klimstra, M. (2023). Minimal Number of Events 

Required for Acceleration–Speed Profiling in Elite Women’s Soccer. International Journal of Sports Physiology and 
Performance, 18(12), 1457-1460. 
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estimated from a minimum of nine days of tracking data. Future research should investigate 

methodology resulting in AS profiles estimated from fewer events. 
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5.2 Introduction 

Acceleration-speed (AS) profiling is an emerging approach to player monitoring 

using global navigation satellite system (GNSS) technology, in which the highest 

acceleration values observed across a range of speeds are used to assess player maximal 

effort (Morin et al., 2021). Presently, a popular method of player assessment is force-

velocity (FV) profiling, achieved by modeling isolated sprints (Samozino et al., 2016). 

These techniques estimate horizontal force, velocity, acceleration, and power production 

by fitting velocity- or time-displacement data (Morin et al., 2019; Samozino et al., 2016). 

However, this approach requires standardized protocols and separate testing sessions.  

Wearable technologies like GNSS enable ambient athlete monitoring, known as 

invisible or in-situ monitoring (Morin et al., 2021). AS profiles derived from GNSS data 

provide insights similar to FV profiles obtained through isolated sprint testing as supported 

by recent findings (Cormier, Tsai, Meylan, & Klimstra, 2023), suggesting agreement 

between single sprint FV and AS profiles with four weeks of training/competition data. 

Several gaps in knowledge still exist with regard to AS profiling in soccer players. As such, 

uncertainty persists regarding the minimum number and content of events needed for 

accurate AS profiles. Clavel et al. (2023) demonstrated the development of AS profiles 

from weekly soccer training sessions and found that session content influenced AS metrics, 

particularly S0. They recommended the purposeful inclusion of maximal standardized 

linear sprint efforts within the weekly training sessions for optimal reliability. However, 

prescribing and testing isolated sprinting protocols (ie, all-out 40-50m linear sprint 

accelerations) may lack ecological validity during short international match/training 

windows where time outside of technical and tactical preparation is limited. These short 
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camp windows also have other logistical challenges such as players arriving in different 

physical states (eg, fitness or injury) and traveling through multiple time zones (eg, jet lag 

and poor sleep) impacting readiness and ability to perform testing protocols on the first 

days of the camp. 

The minimum number of events needed for AS profiling remains unknown. 

Additionally, few AS profiling studies have been assessed in world-class female soccer 

cohorts (Cormier, Tsai, Meylan, & Klimstra, 2023). Previous studies have applied AS 

profiling throughout long seasons (Imbach et al., 2022; López-Sagarra et al., 2022) and 

evaluated positional differences (Alonso-Callejo et al., 2022) with elite male soccer 

cohorts, however, inconsistent AS data processing methodologies were applied without 

prior validation. As such, further investigations are necessary to establish the validity and 

reliability of AS profiling across different athlete cohorts, ensuring robust and reproducible 

analysis. 

The purpose of this study was to determine the minimal number of sessions needed 

to generate valid AS profiles. Specifically, we compared AS profiles generated from 

different numbers of events from a training camp with AS profiles generated through 

dedicated sprint testing. The findings from this approach may allow for the application of 

AS profiling when it is not possible to perform standardized sprint FV protocols and will 

have the ability to inform training design (Hicks et al., 2022), rehabilitation programs 

(Mendiguchia et al., 2016b), and facilitate longitudinal physical monitoring (López-

Sagarra et al., 2022) of players throughout their careers. 
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5.3 Methodology 

5.3.1 Subjects 

Nine female soccer players selected for the Senior Canadian Women's National 

Team (age = 26.2 ± 5.2 years, height = 1.68 ± 0.1 m, body mass = 63.1 ± 4.8 kg) ranked 

6th in the world participated in a 4-week camp (14 training events and 5 match events). The 

players included were categorized as center backs (n = 2), fullbacks (n = 3), midfielders (n 

= 2), and forwards (n = 2). Ethical approval was obtained from the University of Victoria 

and Simon Fraser University Research Ethics Boards and complied with the 

recommendations of the Declaration of Helsinki. 

5.3.2 Design 

 Throughout the 4-week camp, data were collected with Catapult GNSS units (10 

Hz, Vector S7, firmware 8.1.0, Catapult Innovations, Melbourne, Australia) worn by the 

players between the scapulae. To derive the players' FV profiles, on day 11 of the camp, 2 

× 40-m linear maximal sprints were performed (Clavel et al., 2022). The players were 

positioned in two lines and were instructed to perform an “all-out” effort throughout the 

40-m distance from a stationary start. The data from this FV event were analyzed separately 

from the continuously monitored AS data. 

5.3.3 Data processing 

The velocity data from the Catapult GNSS software were exported and filtered 

using a 1-Hz dual-pass second-order Butterworth filter (Clavel et al., 2023). The derivatives 

of the filtered velocity with respect to time were used to calculate acceleration (Wu & 

Swartz, 2022). The GNSS signal quality is reflected with the horizontal dilution of 

precision (HDOP) of 0.85 ± 0.14 and 13.8 ± 3.5 satellites acquired. The isolated sprints 
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were performed on an outdoor grass field in clear weather conditions (765 Torr, wind = 0 

m.s-1, no clouds, temperature = 30°C, HDOP = 0.61 ± 0.04, number of satellites = 18.02 ± 

1.30). 

5.3.4 Isolated sprint data FV profiling 

 Data from the isolated sprint trials were modeled using the FV mono-exponential 

function (Morin et al., 2019). The parameters of maximal sprint speed (MSS m·s-1) and the 

acceleration time constant (τ) were estimated from the velocity data using nonlinear least -

squares regression. From these parameters, theoretical maximal speed/velocity (S0 m·s-1), 

theoretical maximal acceleration (A0 m·s-2), and the slope s-1 of the AS relationship were 

calculated. The average of the two trials was used (Simperingham et al., 2019). Trials were 

retained if the players’ MSS was ≥ 95% of previously recorded best MSS observed through 

GNSS monitoring throughout the players Senior career (Clavel et al., 2023). 

5.3.5 Training and competition data AS optimization approach 

 An optimization approach was employed by generating AS profiles from all 

possible combinations of 1 to 19 events for each player (corresponds to 524,287 

combinations per player and ~ 4.7 million total combinations). Player acceleration and 

speed data sets were aggregated from the selected events to form a cloud of points. 

Maximum positive acceleration points within a speed range of 3 m·s-1 to the player's peak 

speed were retained for each player. After removing outliers using the Tukey boxplot 

method (Cormier, Tsai, Meylan, & Klimstra, 2023), a linear regression was performed on 

the maximum remaining points, from which AS metrics were calculated (theoretical 

maximal speed, x-intercept (S0 m·s-1), theoretical maximal acceleration, y-intercept (A0 

m·s-2), and the slope s-1 of the AS relationship) (Morin et al., 2021). 
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5.3.6 Statistical analysis 

 

 Statistical procedures were performed using R software (Version 4.2.2; R Core 

Team, 2022). Linear mixed models were specified for each outcome variable (A0, S0, and 

slope) with the number of event groupings as the fixed effect and subject as the mixed 

effect, and the isolated sprint reference set to the intercept. Dunnett’s posthoc multiple 

comparisons procedure was used to compare the metric means from each group to the 

dedicated FV sprint (significance set at p <.05). Effect sizes with Hedge’s g correction 

were also calculated for each comparison and the differences were interpreted as: <0.2 

trivial, 0.2-0.6 small, 0.6-1.2 moderate, 1.2-2.0 large, 2.0-4.0 very large, and >4.0 and 

extremely large (Hopkins et al., 2009). 

5.4 Results 

 The mean (SD) isolated sprint reference values for S0, A0, and slope were: 8.31 m·s-

1 (0.24), 6.07 m·s-2 (0.50), and -0.73 s-1 (0.05), respectively. The between-trial coefficient 

of variations ranged from 1.2 to 3.73% and the intraclass correlation coefficients ranged 

from 0.76 to 0.91. The statistical tests (Figure 5-1) revealed that AS-profile means were 

not statistically different from the dedicated sprint reference when S0 was computed from 

9-19 events (differences = -0.31 to -0.04, SE = 0.12 to 0.17, p = 0.12 to .99, effect size (g) 

= small to trivial, respectively), and A0 from 6 to 19 events (differences = -0.4 to -0.28, SE 

= 0.14 to 0.2, p = 0.06 to .79, g = small, respectively), and the slopes for 1-19 events 

(differences = 0.06 to 0.03, SE = 0.04, p = 0.35 to .99, g = trivial, respectively). The fixed 

effect estimates and detailed posthoc test results are reported in the supplementary 

materials (available online).  
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Figure 5-1. AS metrics (a)-(c) as a function of the number of sessions compared to the isolated 

sprint FV. The values were obtained from the mixed-model effect estimates: the data points are 

the means of the invisible monitoring combination data; the black solid lines are the mean values 

from the isolated sprint testing; dotted lines and error bars represent the ± 95% confidence 

intervals for their corresponding means. Statistically significant differences from the reference: 

*** <.0001, **<.01,* <.05. 

 

5.5 Discussion 

This study demonstrated that data from a minimum of nine training/competition 

events are required to establish valid AS profiles at the group level in elite female soccer 

players. Accuracy improved with more events from small to trivial differences, requiring 
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a minimum of nine for S0 and six for A0. The slope required fewer events for consistent 

estimates. A reduced number of events resulted in underestimated AS profile metrics 

compared to FV profiles.   

Morin et al. (2021) introduced the "in-situ" AS profile, utilizing a minimum of five 

training sessions in male professional soccer with 18 Hz GNSS units, and suggested the 

possibility of only needed one event. Our study supports the notion that an AS profile could 

be derived from one event data; however, this approach may introduce high variance 

depending on the selected event data. It has been suggested (Clavel et al., 2023) that the 

inclusion of isolated sprint efforts in the analysis; however, ecological validity may be 

limited if standardized 40-50 m sprints are used in international soccer contexts. 

Conversely, caution should be taken when comparing findings from different studies as 

there are some technical differences between them (data processing, sampling rates, GNSS 

units, etc.) (Malone et al., 2017). 

Including more events resulted in improved estimates (Figure 5-1), reflecting the 

movement demands. Players typically do not reach maximum acceleration and velocities 

in every session or match, requiring more events to observe multiple instances of maximal 

sprinting to estimate S0. Conversely, A0 can be determined with fewer sessions due to 

frequent short accelerations. This observation aligns with previous findings that S0 

reliability depends on session content while A0 is less affected (Clavel et al., 2023). Soccer 

training events vary in characteristics, including short accelerations (e.g., small -sided 

games) and longer accelerations leading to peak-velocity running (e.g., moderate- and 

large-sided games), with intensity and duration variations. This observation may highlight 

the value of developing training criteria to support an optimal range of velocities and 
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maximum accelerations to develop reliable AS profiles with fewer sessions. Additionally, 

match exposure to maximum efforts is influenced by factors like opposition difficulty, 

seasonal variations, and positional differences (Alonso-Callejo et al., 2022; López-Sagarra 

et al., 2022). Therefore, it may be challenging to develop AS profiles from single match 

data alone.  

The slopes of the AS relationship did not differ significantly from the FV reference 

across all event groupings, while S0 and A0 did exhibit differences. Minor changes in the 

slope can lead to substantial variations in S0 and A0, explaining the observed differences. 

Therefore, considering the entire profile components is advisable rather than focusing 

solely on the slope. 

There are limitations that can be improved in future research. Firstly, it was not 

possible to control the conditions throughout the camp and changes in venues (eg, weather 

and matches in stadiums), however acceptable GNSS signal quality was reported in this 

study (Malone et al., 2017). Secondly, players' positions were not accounted for in our 

model, therefore it is possible that the minimum number of events necessary will vary 

across positions (López-Sagarra et al., 2022). Thirdly, a separate analysis was not carried 

out on the minimal number of games or training sessions separately. Finally, only nine 

players could be included in the analysis since it was a requisite for each player to have 

had the opportunity to participate in each event for an appropriate mixed model. Further 

research is necessary to ensure the practical application of this promising athlete 

monitoring tool which may be useful across many team sports (eg, rugby codes). 
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5.6 Practical applications 

● The possibility of generating valid AS profiles through invisible monitoring with 

GNSS technology was demonstrated in the present study which can inform future 

research and practice. 

● Nine sessions achieved a comparable AS profile to FV. However, the required 

events can vary based on content. 

● Practitioners should consider all metrics for informed decisions on training and 

competition. 

5.7 Conclusions 

 The present study demonstrated that AS profiles with elite women's soccer players 

could be generated with a minimum of nine training sessions/game events. Future research 

should quantify session acceleration and speed, optimize data processing, and explore 

training interventions. These findings suggest monitoring athletes' physical state during 

training camps or international windows can be done without standardized testing. 
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Chapter 6 – Normalizing acceleration and power in elite soccer using acceleration-

speed profiles: A case study of game segment, position, and goal differential5 

6.1 Abstract 

Purpose: Acceleration-speed (AS) profiling provides a novel and effective way to 

quantify team sport players’ maximum running ability without requiring dedicated sprint 

tests. This study explored how normalizing player effort with AS profiles could enable an 

estimation of effort compared to non-normalized values during goal differential conditions 

throughout matches and across positions. Methods: AS profiles were developed from 

GNSS sensor data from 3 years of match play from a women’s national soccer team. 

Acceleration and power data were then grouped into low, moderate, high and very high-

speed domains using either non-normalized maximum values or using normalized values 

based on individualized AS profiles (i.e., ratio between the observed acceleration and the 

maximum interpolated AS profile value). Normalized and non-normalized acceleration and 

power data were compared across speed domains, positions and goal differential between 

first to second match halves. Separate linear mixed model analyses were carried out for 

normalized and non-normalized data. Results: The analysis revealed that while there were 

common trends between normalized and non-normalized acceleration efforts, 

normalization may impact the alignment of data which could result in unique differences. 

When examining changes in acceleration effort based on goal differential, both normalized 

and non-normalized values showed a general increase in effort when either in a draw or 

winning in the first half. In addition, they displayed a trend of sustained effort when losing 

in the first half or losing/drawn throughout the match. The differences were mostly 

 
5Submitted and Under Review in the International Journal of Physiology and Performance (IJSPP) in January of 2025. 
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displayed at high to very high running speed domains for normalized and moderate to low-

speed zones for non-normalized metrics. For normalized power, there were similar patterns 

to normalized acceleration, however changes in effort in low-speed zones may be related 

to the resolution of observation of AS metrics in addition to the calculation of power as a 

comprehensive secondary metric. Conclusions: Overall, these findings highlight the value 

of using individual AS profiles to normalize effort to facilitate investigation of relative 

players and position specific differences. Further this study demonstrated important tactical 

and positional behaviors displayed when in draw, losing, or winning states from first to 

second half. 
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6.2 Introduction 

 

Acceleration-speed (AS) profiling is an approach that uses an athletes aggregated 

velocity data from multiple distinct running efforts collected during training and/or 

competition, to determine their maximum acceleration ability across different speeds 

(Morin et al., 2021). This approach results in outputs similar to those of standalone sprint-

based horizontal force-velocity (FV) profiles, yet it does not require dedicated testing, as 

the data can be collected through the use of athlete-worn sensors (Cormier, Tsai, Meylan, 

& Klimstra, 2023; Cormier, Tsai, Meylan, Soares, et al., 2023). Due to the unobtrusive 

nature of this measurement, use of this approach has grown considerably with respect to 

performance tracking in team sports such as rugby and soccer (Maviel et al., 2024; Miguens 

et al., 2024). As this technique is gaining interest as an athlete performance analysis tool, 

there are now many investigations attempting to refine its methodology and extend its use 

within different contexts  (Alonso-Callejo et al., 2022, 2024; Cardoso et al., 2023; Clavel 

et al., 2023; Cormier, Tsai, Meylan, & Klimstra, 2023; Cormier, Tsai, Meylan, Soares, et 

al., 2023, 2023; López-Sagarra et al., 2022; Maviel et al., 2024; Miguens et al., 2024; Morin 

et al., 2021).  

A unique application of the AS profile, that has yet to be explicitly examined, is the 

potential to use its output for the normalization of athlete acceleration speed data. In this 

context, normalization refers to the representation of data as a percentage of some 

maximum value and is common in many research and sport settings. For example, 

normalizing training load to individual-specific training zones can reveal greater context 

for understanding an athlete’s training state and is also critical for prescribing training 

intensity and duration (K. S. Seiler & Kjerland, 2006; S. Seiler, 2010). Normalization of 
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athlete-worn global navigation satellite system (GNSS) sensor data to the corresponding 

maximal acceleration within the same speed zones would enable relative performances of 

different players to be directly compared (Phatak et al., 2022). Sonderegger et al. (2016)  

demonstrated that initial running speeds must be accounted for the quantification of 

acceleration alongside the promise of using maximal accelerations in relation to initial 

running speeds. They further introduced the classification of high-intensity accelerations 

as a percentage of maximal accelerations across speed zones. However, theoretical AS 

profiles were not used but represent a similar concept and methodology. 

In soccer, it is critical to understand how physical and tactical factors of the game 

modulate an individual’s or position-specific effort (Abbott et al., 2018; T. A. Haugen et 

al., 2020). For example, in elite male soccer, AS profiles differ across positions during 

training and games (Alonso-Callejo et al., 2022). Specifically, players in wide positions 

such as fullbacks and wide midfielders exhibit the highest theoretical speeds, and central 

defenders exhibit the highest theoretical acceleration values.  In elite women’s soccer, 

Trewin et al. (2018) has shown that whole-game goal differential (GD) is associated with 

running demands, as a draw was associated with increased high-speed running and 

acceleration counts, whereas a loss or a win were associated with decreased total distance. 

Redwood-Brown et al. (2018) demonstrated that in the English Premier League, , more 

high-speed running is done by midfielders and defenders when losing and more by 

attackers when winning when the GD is high in the second half against more challenging 

opposition. Each of the results were expressed in absolute non-normalized terms. While 

insightful, it would be valuable to also consider the impact of these changes relative to each 

athletes' individual AS profiles (Morgans et al., 2024; Redwood-Brown et al., 2018).  
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As opposed to submaximal efforts, near maximal efforts will have a greater 

physiological consequence and may also represent a potentially important area of focus 

related to the relationship between the demands of the game and athlete capacity.  

Therefore, athlete specific normalization of acceleration may have a substantial impact on 

the interpretation of data and action outcomes related to current and future performance. 

While previous research provides an invaluable insight into the impact of GD on running 

demands on whole team, as well as positions specific cohort absolute values, without the 

appropriate context of each athlete’s maximal capacity those findings alone make it 

difficult to identify the changes in relative effort. This critical context could assist coach 

led planning and real-time decision making on match strategy, substitutions, player lineups, 

team selection as well as important considerations for athlete specific and positional 

strength and conditioning programming.  

Therefore, in this study we investigated AS normalization of athlete acceleration speed 

data across several match contextual factors known to impact running demands in soccer. 

Differences between non-normalized and normalized AS data analysis were compared 

between player position, goal differential (GD) and game segment (i.e., first and second 

half). Each individual athletes' maximal AS profile, across predefined individualized speed 

domains (ie, low-speed, moderate-speed, high-speed, and very-high speed) (Park et al., 

2019) were used to normalize accelerations from matches and compared in relative speed 

zones. While statistical models already account for within and between individual and 

group differences, normalization by AS profiles may assist in determining changes in effort 

that highlight important performance trends not observed in non-normalized data.  

Therefore, we hypothesized that normalized acceleration values will reveal greater effort 
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from midfielders and defenders when GD is negative or neutral (eg, draw or losing) from 

the first to second half, and greater effort from attackers when the GD is positive (eg, 

winning) (Redwood-Brown et al., 2018). We further hypothesized that the greatest 

differences in acceleration effort will be observed in higher speed domains (eg, high-speed 

or very-high-speed) which would be the most strenuous efforts contributing to player load 

(Trewin, Meylan, Varley, Cronin, et al., 2018). Overall, the use of AS profile metrics to 

normalize athlete acceleration speed data may present a unique application of AS profiles 

as well as an important approach to the evaluation of relative effort.  

6.3 Methods 

6.3.1 Design 

We employed an observational research design in which training and match data from 

a women’s national soccer team were retrospectively analyzed. Specifically, 3 years of 

GNSS data collected from elite women’s soccer players in every training and game played 

within international team camps were used for analysis. The data were collected through 

Catapult GNSS sampling at 10 Hz (Vector S7, Catapult Innovations, Melbourne, Australia) 

worn in tightly fitted vests between the scapulae. AS profiles were generated for each 

player for each training camp by fitting a regression line to their acceleration-speed 

relationship. Power was computed as the product of the AS components and the athlete 

mass. The maximum accelerations and power values from each match were normalized to 

the players individual AS regression lines to obtain normalized AS profile metrics within 

predefined speed domains.  



110 

 

6.3.2 Subjects 

Thirty-six female soccer players from the Senior Canadian Women’s National 

Team (age = 27.73 ± 3.15, height= 1.69 ± 0.05 m, body mass = 68.60 ± 3.87 kg) 

participated in the study. Ethical approval was obtained from the University of Victoria’s 

Human Research Ethics Board. 

6.3.3 Data analysis 

All statistical analyses and data processing procedures were carried out using R 

Statistical Package (v4.2.3, “Shortstop Beagle”, Vienna, Austria). Data were extracted via 

the Catapult API system (CatapultR package, version 0.0.0.52). The threshold for the 

horizontal dilution of precision (hdop) was <1 and the number of satellites acquired > 10 

for a training session or game to be retained for analysis (Varley et al., 2017). For all 

analyses, the velocity data were filtered (2nd order, dual-pass, 1 Hz cut-off Butterworth) 

and acceleration was calculated as the first time- derivative of velocity, as done previously 

(Cormier, Tsai, Meylan, & Klimstra, 2023; Cormier, Tsai, Meylan, Soares, et al., 2023).  

6.3.3.1 Camp AS profiles 

Since it was established that valid AS profiles can be obtained from individual 

training camps (Cormier, Tsai, Meylan, Soares, et al., 2023), the following procedure was 

performed  (Clavel et al., 2023; Cormier, Tsai, Meylan, Soares, et al., 2023). Within each 

unique international team camp during the period of 3-years (2020 - 2023), the top 1% of 

each player’s acceleration and speed data points within 0.1 m·s-1 speed intervals were 

aggregated from training and game events to form a cloud of points for each player. 

Maximum positive acceleration points for speeds above 3 m·s-1 were retained for each 

player (Morin et al., 2021). After removing outliers using the Tukey boxplot method 
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(Cormier, Tsai, Meylan, & Klimstra, 2023), a linear regression was performed on the 

remaining data points of highest magnitude. This represented the AS profile for each player 

where theoretical maximal speed is the x-intercept (S0 m·s-1) and theoretical maximal 

acceleration is the y-intercept (A0 m·s-2) (Morin et al., 2021), and the slope of the AS 

relationship regression was also calculated (Table 6-1). From the values of the AS line of 

best fit, power (W) was calculated by multiplying the acceleration by player mass (force), 

then multiplying by the corresponding velocity (Table 6-1). The peak power value 

represented the theoretical maximal power (P0 W). Note that these power values do not 

fully represent power because the aerodynamic forces are not considered, in contrast to the 

FV profiling method in which these forces are modelled (Cormier, Tsai, Meylan, & 

Klimstra, 2023; Morin et al., 2019; Samozino et al., 2016). The player mass was measured 

every morning as part daily wellness testing. The AS profile represents each player’s 

theoretical maximum capacity during each camp. Typically, in the days leading up to 

matches, “speed exposure” sessions with a target of maximum speed > 90% were often 

carried out within this cohort which contributes to the reliability of the AS profiles  (Clavel 

et al., 2022, 2023; Cormier et al., 2024). Normative data for each position can be found in 

Table 6-1. 

 

Table 6-1. AS profile metric by position for this player cohort generated from camp-to-camp. 

Position A0 (m·s-2) Slope (s-1) S0 (m·s-1) P0 (W·kg-1) P0 (W) 

CB 7.71 ± 0.91 -0.93 ± 0.13 8.30 ± 0.45 14.35 ± 2.51 971.8 ± 184.9 

FB 8.17 ± 1.29 -0.97 ± 0.18 8.49 ± 0.54 15.68 ± 3.1 936.0 ± 177.3 

FWD 7.84 ± 0.79 -0.92 ± 0.12 8.56 ± 0.54 15.54 ± 2.26 991.9 ± 142.9 

MF 7.83 ± 1.26 -0.96 ± 0.17 8.21 ± 0.52 14.68 ± 3.17 899.0 ± 184.9 

CB = Center Backs, FB = Full Backs, FWD = Forwards, MF = Midfielders. 
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6.3.3.2 Speed intervals 

 The speed interval thresholds cut-offs were individualized to each unique athlete in 

our cohort whereby speed intervals were defined by each player’s speed distribution > 3 

m·s-1. As such, individual velocity quartiles (Q1 = 25th percentile, Q2 = 50th percentile, 

Q3 = 75th percentile, and Q4 = 95th percentile) were calculated for each player to account 

for individual variability. The four levels of speed were categorized as <Q2 as low-speed 

(LSR), Q2-3 as moderate-speed (MSR), Q3-4 as high-speed running (HSR), and >Q4 as 

very high-speed running (VHSR) (Table 6-2) (Vigne et al., 2013). These relative individual 

speed thresholds were applied to categorize speeds for both normalized and non-

normalized profiles. 

Table 6-2. The percentile means and standard deviations for 25, 50, 75, and 95% (Q1-4) used as 

speed cut-offs in this study. 

Quartile Percentile 
Mean m·s-1 

(SD) 

Q1 25 3.33 (0.03) 

Q2 50 3.78 (0.09) 

Q3 75 4.46 (0.16) 

Q4 95 5.77 (0.31) 

 

6.3.4 Normalization of acceleration and power 

 With the AS profiles for each player and camp in hand (Section 6.3.3.1), we then 

analyzed the players’ game data. A total of 58 games over the 3-year period (22 camps 

total) were included in the analysis. Games were matched to the closest respective AS 

profile generated from the camp. Within each game, positive acceleration points were 

aggregated and grouped into speed intervals (same as Section 6.3.3.2). Power values were 

also calculated from product of player mass and acceleration with speed. Then, the unique 
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maximal acceleration (Amax) and power (Pmax) point within each speed interval was 

identified and retained. The camp-to-camp derived AS profiles regression values were then 

used to normalize acceleration (NA = Amax ÷ Amaxregression × 100) and power (NP = Pmax 

÷ Pmaxregression × 100), respectively for each speed interval threshold, whereby a percentage 

to the maximal theoretical regression line was calculated for each speed interval, where a 

higher value represents an expression closer to their AS or power capacity.   

 

 

Figure 6-1. All data from our dataset plotted: a) non-normalized player efforts expressed as 

maximum acceleration (Amax) and power (Pmax) from games across individual speed zones with 

regression lines representing the maximal AS profile [theoretical maximal acceleration (A0) and 

power (P0)]; and b) Normalized to maximal AS profiles generated from camp-to-camp 

aggregated data. Data presented as Mean and 95% confidence intervals with raw points 
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wrapped in violin to show distribution. LSR = low-speed running; MSR = moderate-speed 

running; HSR = high-speed running; VHSR = very-high speed running. 

 

6.3.5 Position and tactical data 

 The players’ tactical position data were continuously collected and stored in a 

database throughout the years by a dedicated data scientist. The positions were categorized 

in a standard way into forwards, midfielders, center backs, and fullbacks (ie, FWD, MF, 

CB, and FB) based on the categories established by the Canadian Soccer Federation. The 

halves were determined as first (45min + extra time), second (45-90min + extra time), and 

third (overtime and shoot-outs). The goal data were extracted from an online video analysis 

database (Wyscout, Hudl, 2024) and the GD calculated as Canada Score – Opponent Score 

within each half. The GD was coded as Losing if GD ≤ -1, Draw if GD = 0, and Winning 

is GD ≥ 1. Goalkeepers were omitted from the analysis due to little GNSS data availability 

and the overtime was removed as well since there were very few cases occurred. 

6.4 Statistical analysis 

Linear mixed models were generated for both normalized and non-normalized 

acceleration and power values as outcome variables and the positions, halves, GD, and 

speed interval as fixed effects, and the subjects as random effects. Pairwise post hoc 

comparisons of factor levels were conducted, and p-values were adjusted using the Tukey 

method. Significance was set to an alpha of 0.05. 

6.5. Results 

Main interaction effects and the post-hoc results are presented herein. The estimated 

marginal means and standard error intervals are shown in Figures 6-2 to 6-3 and results are 
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summarized in Table 6-3. Tables with normalized and non-normalized normative data can 

be found in the Appendix section. 

6.5.1 Acceleration 

 Significant interactions between half, position, and GD within speed intervals were 

observed for both normalized (F=3.12, p=0.004) and non-normalized data (F=4.63, 

p=0.0001).   

Normalized - Between Halves, Within Position 

In the Draw - Winning condition, MFs in MSR (p = .018), CBs in HSR (p = .011), 

FWDs in HSR (p < .001), and FWDs in VHSR (p = .007) demonstrated significant 

increases. In the Winning - Winning condition, MFs in MSR (p = .003), CBs in VHSR (p 

= .008), FWDs in HSR (p < .001), and FWDs in VHSR (p = .020) all showed significant 

increases. MFs in HSR (p = .019) also showed a significant increase. Lastly, under the 

Draw - Losing condition, FWDs in HSR experienced a significant increase (p = .003). 

Non-Normalized - Between Halves, Within Position 

In the Winning - Winning condition, CBs in LSR (p = .002), FWDs in LSR (p = 

.002), and MFs in MSR (p < .001) demonstrated significant increases. FWDs in HSR (p < 

.001) also showed a significant increase. In the Draw - Winning condition, FBs in LSR (p 

= .043), CBs in MSR (p = .032), CBs in HSR (p = .009), and FWDs in HSR (p = .011) 

exhibited significant increases. Lastly, under the Draw - Draw condition, FWDs in VHSR 

experienced a significant increase (p = .042). 
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Figure 6-2. a) Normalized acceleration contrasts by position across GD, speed intervals, and 

halves, and b) Max non-normalized acceleration contrasts by half, across GD, speed intervals, 

within position. *<.05, **<.001, and ***<0.001. Data presented as mean differences with 

standard error bars.  

 

6.5.2 Power 

 Significant interactions between half, position, and GD within speed intervals were 

observed for both normalized (F=3.61, p=0.001) and non-normalized data (F=4.63, 

p=0.0001).  
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Normalized - Between Halves, Within Position 

In the Draw - Winning condition, CBs in LSR (p = .016), MFs in MSR (p = .028), 

and FWDs in HSR (p < .001) demonstrated significant increases. In the Winning - Winning 

condition, CBs in LSR (p = .003), MFs in MSR (p < .001), and FWDs in HSR (p < .001) 

also showed significant increases. Under the Losing - Winning conditions, FBs in LSR 

experienced a significant decline (p = .006). Lastly, in the Draw - Losing condition, FWDs 

in HSR exhibited a significant increase (p = .006). 

Non-Normalized - Between Halves, Within Position 

In the Draw - Winning condition, MFs in MSR (p = .031) and FWDs in HSR (p = 

.005) demonstrated significant declines. In the Losing - Losing condition, MFs in HSR 

showed a significant increase (p = .027). Under the Draw - Draw condition, FWDs in 

VHSR exhibited a significant increase (p = .028), while MFs in VHSR experienced a 

significant decline (p = .004). 
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Figure 6-3. a) Normalized power contrasts by position across GD, speed intervals, and halves, 

and b) Max non-normalized power contrasts by half, across GD, speed intervals, within position. 

*<.05, **<.001, and ***<0.001. Data presented as mean differences with standard error bars. 
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Table 6-3. Interpretation table of the results and summary of differences from non-normalized to 

normalized data. * 

 

*Only significantly different results reported. W = Winning GD, L = Losing GD, D = Draw GD. L = LSR, 

M = MSR, H = HSR, V = VHSR. N = Normalized. NonN = non-normalized. Red is a decrease from the 

first to second half, and green is an increase from first to second half. 

 

6.6. Discussion 

In this study, the use of theoretical AS profiles to normalize match-specific data 

demonstrated unique findings compared to non-normalized data with respect to GD, player 

position, and match half.  While normalized and non-normalized data displayed common 

trends, normalization better represented individualized athlete effort and may improve 

player and position specific comparisons (Phatak et al., 2022). Further, when examining 

power, changes in normalized values mimicked trends observed for normalized 
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acceleration. However, non-normalized power and acceleration values were dissimilar 

which may suggest that greater variability in player relative effort, not accounted for in 

non-normalized data (Carling et al., 2016; Oliva-Lozano et al., 2021) may also result in 

greater variability in calculated values. When examining changes in acceleration effort 

based on GD, both normalized and non-normalized values showed a general increase in 

effort when either in a draw or winning in the first half and a general trend in sustained 

effort when losing in the first half or losing/drawn throughout the match. Further, it was 

found that normalized data differences were mostly displayed at high to very high running 

speed domains for normalized and moderate to low-speed zones for non-normalized.  

The first finding of this study was that AS normalization of athlete effort displayed 

similar yet unique and more homogeneous trends when compared to non-normalized data.  

When AS data is normalized, there appears to be more consistent trends across acceleration 

and power, which results in common interpretation across metrics and potentially negates 

the influence of the player and positional variance (Phatak et al., 2022). This approach 

resembles common normalization techniques in sport science like the use of mass 

normalization (eg, momentum) or using scaling factors for tactical analysis (Phatak et al., 

2022). Additionally, our normalization approach reflects common practices in physical 

preparation and physiology where absolute values are often expressed as a percentage of a 

reference obtained from a maximal test or physiological capacity/ability (eg, percentage of 

maximum heart rate to prescribe running intensity). The inconsistencies between absolute 

acceleration and power metrics observed in the present study may also be because power 

is a secondary metric which is the product of speed, acceleration and mass. It may be that 

variability in both primary measures of speed and acceleration could contribute to greater 
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variability in power. Some of the differences between non-normalized and normalized 

acceleration and power may also be due to the relative speed bands used. In the present 

analysis, the intervals may be dissimilar between players. Additionally, only four speed 

zones were compared to align with standard practices. As different speeds influence the 

ability to express acceleration, without sufficient speed resolution this may result in 

comparisons without proper speed context. As both speed and acceleration are included in 

the calculation of power, power values assist in contextualizing the effort in both the speed 

and power domains. For example, FWDs in the Winning – Winning condition displayed 

differences at low and high speed non-normalized acceleration shifted to high and very-

high speed when normalized and only HSR differences were found in normalized power 

(Table 6-3, Figure 6-4). This also suggests that a greater number of speed domains may 

help to reveal a more detailed assessment of relative effort with respect to acceleration. 

Although this may produce too many metrics which could be deleterious in a practical 

setting where decisions must be made based on a concise number of metrics. 
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Figure 6-4. Data from FWDs only in Winning – Winning conditions a) Normalized acceleration 

and power across first and second halves, and b) non-normalized acceleration and power across 

first and second halves. Data presented as violin plots as well as mean and 95% confidence 

intervals. Black * = sig. difference between halves for power metrics. Blue * = sig. differences 

between halves for acceleration metrics. 

 

In our study, it was found that both non-normalized and normalized acceleration 

uncovered differences in player effort between halves of soccer matches. Morgans et al. 

(2024) reported significant alterations in physical outputs from first to second halves 

depending on the GD condition. However, the authors analyzed more common GNSS 

running metrics (eg, meterage per min, high metabolic load distance, and so on) and found 

reductions in output from the first to second half in winning to draw, draw to win, losing 

to win, and losing/winning/drawing the whole game. This contrasts with our findings 
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showing that most GD conditions resulted in increased or sustained effort. The present 

finding can be rationalized given that losing would imply tough opposition which would 

require greater effort. It may be that our additional position and normalization analysis 

could have uncovered nuanced differences in athlete effort. However, this study (Morgans 

et al., 2024) was conducted with subjects of different sex and level to this current cohort 

(male premier league vs female international). Redwood-Brown et al. (2018) found that 

narrow GDs resulted in elevated running outputs, and large GDs resulted in lower outputs 

which was further emphasized when losing. This coincides with our findings, where 

sustained effort was produced when losing in the first half, however contrasts our findings 

when in a draw conditions, as we saw sustained effort when in a draw throughout matches 

and an increase in effort from FWDs when going from a Draw – Losing conditions. This 

highlights the importance and influence of the first half difficulty and score on the 

behaviors and tactics exhibited in the second half. Additionally, our hypothesis that greater 

effort would be expressed by midfielders and defenders when GD is negative or neutral 

(eg, draw or losing) from the first to second half, and greater normalized effort from 

attackers when the GD is positive (eg, winning) is partially supported by our findings. In 

fact, significant increases in effort were found for attacking players like FWDs and MFs, 

and CBs when in Winning or Draw – Winning conditions, but not when losing in the first 

half. This could be due to tactical and behavioral shifts where less effort is given by the 

players since they or the team are already losing. Alternately the opposing team may be 

allowing territorial advantage resulting in reduced running as most of the game is being 

played in the opposition's half.  
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Another important finding of this study, which justified a hypothesis, was that 

alterations in player normalized efforts were mostly distributed at high to very high-speed 

domains.  As low speed efforts may be more variable, due to frequency and dispersion of 

data, less significant differences to normalized efforts were observed. Further, at high 

speeds, where there is less dispersion of data around the mean in normalized values, more 

prominent differences were found. Interestingly, when considering the speed domains used 

in the present study, the individual speed percentile cut-offs  for  HSR (> 75%, ~ 4.46 m·s-

1  or ~ 16 kph) and VHSR (> 95%, 5.77 m·s-1  or ~ 20.8 kph), resemble that of the relative 

thresholds used previously for HSR and sprinting (VHSR) in female cohorts (Bradley & 

Vescovi, 2015). The HSR zone threshold in this study is also consistent with maximal 

aerobic speeds exhibited in similar female cohorts (~ mean of 4.58 m·s-1 ) reported in prior 

studies with Canadian National Team players (Bradley & Vescovi, 2015; Meylan et al., 

2017; Trewin, Meylan, Varley, & Cronin, 2018). Given most of the significant differences 

in normalized match performance and effort in this study, are at speeds above HSR, it 

would be reasonable to speculate that anaerobic energy contributing to explosive high 

velocity actions are important and contribute to a great deal of the variance in matches 

when opposition is challenging (Redwood-Brown et al., 2018; Trewin, Meylan, Varley, & 

Cronin, 2018). Since these efforts are undertaken in high-speed scenarios, it could be an 

important quality to train in elite women’s soccer to best prepare for games.  

6.7. Limitations 

 There are some limitations to this study. First, although the AS approach is a proxy 

to FV qualities in this cohort, it cannot be known for certain whether the AS profile is the 

true maximum of the player. However it provides a better alternative to current 
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methodologies using only one timepoint to assess maximal capacity (Cormier, Tsai, 

Meylan, & Klimstra, 2023). Second, we did not analyze situational factors (eg, home or 

away) on the outcomes, nor could we quantify changes in tactics within and throughout the 

game (eg, position or formation changes from the opposition), although we did try to 

control for this by accounting for halves and position. Finaly, we did not include 

deceleration efforts in our analysis, which is a notable component that would impact the 

total work performed (Harper et al., 2019). However, deceleration-speed profiles have yet 

to be validated, therefore we could not do this analysis in this study (deceleration 

normalization). Another observation is that not all first to second half conditions were 

available in the player cohort. For example, there were no situations where this team was 

winning and then transitioned to a losing or draw condition, nor losing to draw condition. 

Therefore, a further analysis on multiple cohorts or a longer collection period may allow 

for the inclusion of more match contexts. 

6.8. Perspectives and practical applications 

This study found that AS profiles can be used to normalize athlete specific speed and 

acceleration data during training and competition which supports comparisons of athlete 

relative effort across speeds. While this study has presented a valuable approach to athlete 

data normalization, it is also important to highlight the complimentary use and 

interpretation of both normalized and non-normalized data since both offer different, yet 

relevant information into physical performance in soccer. For example, the normalized data 

offers a measure of relative effort to each player’s maximal capacity, whereas in some 

cases it would be beneficial to compare players from the same team or to opposition using 

absolute measures as the absolute expression will be most relevant for important game 
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moments (eg, two opposing team players sprinting to the ball at a same distance or one on 

one duels). Ultimately each has benefits and limitations which need to be considered 

thoroughly before being implemented and interpreted.  

6.9. Conclusions 

This study highlights the efficacy of using AS profiles to normalize match data. 

These profiles have proven valuable for assessing normalized acceleration and power 

across various speed domains that represent the individual player effort. It has been 

demonstrated that normalization to athlete capacity has an influence on differences 

observed and the interpretation of soccer tracking data. This could have an impact on how 

practitioners use data to inform training and match decisions.  
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Chapter 7 – Thesis conclusions 

 

7.1 Summary of main findings 

 Altogether, the findings arising from this thesis demonstrated the promise of sprint 

force-velocity (FV) and acceleration-speed (AS) profiling as an invisible monitoring 

approach using athlete worn sensors that are valid and reliable whether computed using 

dedicated sprint testing data or solely invisibly monitored training and game data (Chapters 

2-5). Since the AS profile provides insights into the upper level of performance for each 

player across speeds, any player’s performance can be normalized to this profile. This was 

demonstrated in this thesis (Chapter 6), whereby normalization of acceleration and power 

data uncovered interpretable differences when contextualized to tactical factors such as 

position, goal differential, and game segment in elite women’s soccer matches. 

7.2 Practical applications 

Arising from the investigations are several practical applications which are 

summarized below: 

i. GNSS athlete worn sensors can be used to model athlete velocity to produce FV 

profiles in a valid and reliable manner. However, appropriate methodology must 

be carried out. 

ii. FV profiling was carried out in a national team setting from across several camps 

which demonstrates that FV profiling can be carried out with GNSS sensors in an 

integrated way without taking away from technical and tactical time in sessions. 
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iii. The development of parameters surrounding the construction of valid AS profiles 

allows us to monitor FV qualities without the need for any sprinting protocols and 

allows for true “invisible monitoring” of athlete AS capacity. 

iv. Although there is great potential of application of AS profiling across many 

domains of external load monitoring research, AS profiles can be used as a 

benchmark to normalize effort in elite soccer cohorts.  

 

The methods developed through this thesis have led to innovative applications in the 

elite women’s sport. We have developed a Shiny application (Web Application Framework 

for R, version 1.10.0.9000) which has allowed us to extract 10 Hz GNSS data directly from 

Catapult API storage using their open-source package (catapultR, version 0.0.0.52). From 

there, we were able to generate AS profiles across several camps which has led to the 

invisible monitoring of this cohort without the need for any standardized testing as 

demonstrated in Chapter 6. 

From an applied perspective, there is a great potential of AS profiling to inform the 

training process. Given the ability to conveniently extract high resolution data rapidly by 

sport science practitioners from open-source packages, there is an ability to generate both 

FV and AS profiles efficiently. This data can be used to inform tactical and physical 

analyses as well as training interventions. Using weekly or camp monitored AS profiles, 

deficiencies in either maximal theoretical acceleration or speed abilities could aid in 

identifying injury mitigation strategies or strength interventions in the gym (Hicks et al., 

2022). For example, deficits in A0 could expose an athlete to heightened injury risk 

(Edouard et al., 2021, 2024; Lahti et al., 2021; Mendiguchia et al., 2016b) and this variable 
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could be targeted in training through individualized interventions emphasizing running 

mechanics in the initial acceleration of sprinting (e.g., drills or resisted sprinting) (Wild et 

al., 2023b, 2023a), and resistance training in the gym (Hicks et al., 2022). Now that the 

ability to monitor AS profiles have been validated, future research should investigate the 

influence of training interventions on AS abilities. 

The findings from Chapter 6 also uncovered that normalized match data in soccer was 

most influenced at high to very high speed across positions from the first to the second half 

in different game states. Since accelerations (changes in velocity) at already high velocities 

appear to contribute to a great deal of variance throughout matches. It would be wise to 

emphasise this quality in training to best prepare for games. This could be achieved by 

performing moderate to high “fly-in” runs into quick bursts of accelerations in an isolated 

way or integrated in soccer training sessions by designing drills where the players must run 

at high speeds and quickly accelerate to finish an action or score a goal. 

7.3 Statistical considerations 

This thesis adopts frequentist statistics as the primary analytical framework due to 

its well-established theoretical foundation and widespread acceptance in scientific 

research. Frequentist methods, including hypothesis testing, confidence intervals, and 

linear modeling, provide a consistent approach to evaluating the likelihood of observed 

outcomes under a null hypothesis. On the other hand, in applied sport science, magnitude-

based inference (MBI) has been proposed as an alternative, aiming to address the 

limitations of traditional null hypothesis testing, particularly its perceived disregard for 

practical or clinical significance. MBI emphasizes effect sizes and the magnitude of effect. 

While MBI can aid interpretation in small-sample or applied contexts, it lacks the statistical 
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rigor of frequentist or Bayesian methods. In this thesis, MBI is acknowledged for its role 

in communicating practical relevance but is not used for inferential conclusions. Instead, 

effect sizes and confidence intervals are reported alongside traditional analyses to provide 

context in some studies. 

 

7.4 Limitations and future directions 

 These findings present several potential practical applications in athlete monitoring 

and performance analysis in team sports. The feasibility and implementation of athlete 

worn sensors for FV and AS profiling, and the potential benefits of data normalization 

opens the door to several future directions. First, a common theme in Chapters 2-3 was the 

accuracy and precision of GNSS sensors to develop FV profiles, yet throughout the 

investigations, the resolution and random errors present in these technologies are still a 

limitation that should be investigated. Continued queries into data collection and 

processing are necessary to allow for accurate modeling of maximal effort running in 

soccer and other team sports. Second, while the minimum number of random training and 

game events necessary to construct a valid AS profile is now known, it is not known how 

many training sessions alone or games alone are necessary, and there is uncertainty to how 

the AS profile is influenced by the specific content or theme of the training session. 

Recently, Maviel et al. (2024) found that while using a similar optimization approach to 

us, only 160mins from game data were necessary to obtain a reliable AS profile in men’s 

rugby union and in some preliminary findings from this research group, it was found that 

only three matches could be necessary in elite women’s sevens rugby. Therefore, since the 

characteristics of the sport and session content will influence reliability of the AS profile, 
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investigation into optimal data parameters necessary to construct reliable AS profiles by 

level, sport, and sex could be an interesting direction for future research. Third, although 

we have shown the promise of FV and AS profiling using GNSS technology, there is 

growing scrutiny of these methods that must be acknowledged. Most recently, there have 

been critique of the FV profiling concept (Bobbert et al., 2023; Ettema, 2024). The models 

applied and introduced in this thesis are based on simple modeling of sprint running that 

have been validated on track embedded force plates (Morin et al., 2019) and provide 

practitioners with relevant information that can aid in profiling, monitoring, and training 

prescription (Morin & Samozino, 2016). It is, however, acknowledged that sprinting 

involves complex neuromuscular and technical factors that may not be captured in a simple 

model. Accordingly, practitioners should not fixate on one metric (e.g., power), but should 

take this information as a piece of a greater puzzle. Finaly, while we displayed potential of 

AS profiling normalization, an interesting avenue of investigation would be in the 

periodization of training sessions leading into games whereby all events (training or games) 

could be normalized to a theoretical maximal capacity. While this thesis focused on 

quantification of maximal capacities of acceleration, speed and power in running, it cannot 

be ignored that duration is a crucial component that must be studied and quantified in 

relation to maximal metrics (eg, acceleration-speed-power-duration profiles) to provide 

greater contexts into the physiology and biomechanics of running in soccer (similar to 

velocity-duration profiles) (Clarke et al., 2014; Mizelman et al., 2024). We believe that 

adding this last component in addition to AS normalization could provide sport scientists 

with a comprehensive assessment of athlete physical running effort in soccer and many 

other team-sports. 
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Appendix 

 

Table 0-1. Descriptive statistics denoting the means (SE) for normalized acceleration (%) across 

match and position contexts. 

Half GD Speed CB FB FWD MF 

First Draw LSR 39.24 (2.88) 45.85 (2.23) 44.18 (2.12) 37.74 (2.15) 

First Draw MSR 76.34 (2.87) 84.56 (2.13) 82.12 (1.96) 71.33 (2.03) 

First Draw HSR 79.81 (3.02) 88.81 (2.46) 81.57 (2.00) 78.86 (2.04) 

First Draw VHSR 86.07 (3.15) 84.87 (2.16) 78.14 (2.15) 74.48 (2.32) 

First Losing LSR 42.04 (4.78) 51.41 (3.29) 48.40 (2.06) 38.91 (2.73) 

First Losing MSR 78.21 (3.31) 84.79 (2.64) 85.09 (2.22) 75.42 (2.16) 

First Losing HSR 88.86 (4.78) 92.36 (3.00) 94.34 (1.94) 85.81 (2.42) 

First Losing VHSR 80.17 (3.16) 88.64 (3.09) 87.36 (2.21) 83.59 (2.57) 

First Winning LSR 37.70 (2.85) 44.48 (2.06) 43.33 (1.82) 38.69 (1.88) 

First Winning MSR 77.48 (2.94) 85.74 (2.20) 81.39 (1.85) 69.29 (2.35) 

First Winning HSR 85.55 (3.26) 87.40 (1.98) 83.85 (1.90) 77.71 (2.17) 

First Winning VHSR 76.30 (2.94) 88.67 (2.20) 78.46 (2.27) 74.84 (2.90) 

Second Draw LSR 36.97 (3.70) 45.55 (2.35) 40.94 (2.17) 37.98 (1.91) 

Second Draw MSR 77.28 (3.05) 83.54 (2.64) 81.00 (2.01) 75.38 (2.03) 

Second Draw HSR 80.20 (4.78) 94.13 (2.33) 81.14 (2.25) 73.98 (2.00) 

Second Draw VHSR 82.35 (3.04) 87.71 (2.32) 84.89 (2.24) 80.04 (2.22) 

Second Losing LSR 30.92 (4.85) 50.43 (3.72) 45.67 (3.37) 40.01 (3.89) 

Second Losing MSR 79.13 (4.51) 81.05 (3.57) 83.18 (6.17) 70.14 (3.56) 

Second Losing HSR 71.69 (4.85) 77.41 (4.90) 97.61 (4.15) 75.21 (3.39) 

Second Losing VHSR 75.51 (5.21) 86.30 (3.57) 86.15 (3.52) 76.72 (3.56) 

Second Winning LSR 43.10 (2.67) 45.94 (2.00) 47.05 (1.63) 37.90 (1.94) 

Second Winning MSR 80.74 (2.68) 85.07 (1.90) 86.48 (1.62) 78.47 (1.93) 

Second Winning HSR 89.99 (2.81) 87.35 (2.01) 94.49 (1.61) 85.05 (1.94) 

Second Winning VHSR 85.38 (2.75) 85.12 (2.04) 85.58 (1.61) 77.89 (2.02) 
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Table 0-2. Descriptive statistics denoting the means (SE) for acceleration (m·s-2) across match 

and position contexts. 

Half GD Speed CB FB FWD MF 

First Draw LSR 3.30 (0.12) 3.26 (0.09) 3.28 (0.09) 3.20 (0.09) 

First Draw MSR 3.29 (0.12) 3.51 (0.09) 3.37 (0.08) 3.28 (0.09) 

First Draw HSR 3.02 (0.13) 3.11 (0.10) 2.92 (0.09) 2.98 (0.09) 

First Draw VHSR 2.17 (0.14) 1.79 (0.09) 1.70 (0.09) 1.93 (0.10) 

First Losing LSR 3.44 (0.20) 3.73 (0.14) 3.58 (0.09) 3.26 (0.12) 

First Losing MSR 3.57 (0.14) 3.49 (0.11) 3.45 (0.09) 3.23 (0.09) 

First Losing HSR 3.31 (0.20) 3.29 (0.13) 3.20 (0.08) 3.08 (0.10) 

First Losing VHSR 1.94 (0.14) 1.94 (0.13) 2.01 (0.09) 2.01 (0.11) 

First Winning LSR 3.14 (0.12) 3.46 (0.09) 3.08 (0.08) 3.26 (0.08) 

First Winning MSR 3.58 (0.13) 3.67 (0.09) 3.26 (0.08) 2.86 (0.10) 

First Winning HSR 3.37 (0.14) 3.28 (0.08) 2.78 (0.08) 2.86 (0.09) 

First Winning VHSR 2.01 (0.13) 1.97 (0.09) 1.74 (0.10) 1.62 (0.12) 

Second Draw LSR 3.09 (0.16) 3.11 (0.10) 2.99 (0.09) 3.14 (0.08) 

Second Draw MSR 3.54 (0.13) 3.44 (0.11) 3.38 (0.09) 3.28 (0.09) 

Second Draw HSR 3.19 (0.20) 3.22 (0.10) 2.84 (0.10) 2.76 (0.09) 

Second Draw VHSR 2.18 (0.13) 2.03 (0.10) 2.02 (0.10) 1.85 (0.09) 

Second Losing LSR 2.77 (0.20) 3.67 (0.16) 3.39 (0.14) 3.65 (0.16) 

Second Losing MSR 3.30 (0.19) 3.67 (0.15) 3.77 (0.26) 3.37 (0.15) 

Second Losing HSR 2.99 (0.20) 2.85 (0.21) 3.32 (0.17) 3.17 (0.14) 

Second Losing VHSR 1.72 (0.22) 1.83 (0.15) 1.91 (0.15) 2.04 (0.15) 

Second Winning LSR 3.53 (0.12) 3.54 (0.09) 3.37 (0.07) 3.23 (0.08) 

Second Winning MSR 3.61 (0.12) 3.57 (0.08) 3.43 (0.07) 3.35 (0.08) 

Second Winning HSR 3.45 (0.12) 3.22 (0.09) 3.19 (0.07) 3.12 (0.08) 

Second Winning VHSR 2.16 (0.12) 1.89 (0.09) 1.80 (0.07) 1.90 (0.09) 
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Table 0-3. Descriptive statistics denoting the means (SE) for normalized power (%) across match 

and position contexts. 

Half GD Speed CB FB FWD MF 

First Draw LSR 64.49 (3.35) 76.51 (2.59) 75.48 (2.46) 68.01 (2.50) 

First Draw MSR 79.48 (3.34) 92.84 (2.47) 89.46 (2.28) 77.22 (2.35) 

First Draw HSR 82.60 (3.51) 93.80 (2.85) 85.32 (2.32) 81.67 (2.37) 

First Draw VHSR 84.58 (3.67) 87.75 (2.51) 79.46 (2.49) 76.16 (2.69) 

First Losing LSR 73.37 (5.54) 87.39 (3.81) 80.88 (2.39) 72.76 (3.16) 

First Losing MSR 84.20 (3.85) 90.03 (3.06) 89.78 (2.58) 82.80 (2.51) 

First Losing HSR 88.21 (5.54) 98.19 (3.47) 96.80 (2.25) 89.77 (2.81) 

First Losing VHSR 79.47 (3.68) 92.19 (3.58) 88.65 (2.57) 86.87 (2.98) 

First Winning LSR 63.87 (3.32) 73.47 (2.39) 72.82 (2.12) 69.98 (2.18) 

First Winning MSR 81.08 (3.43) 94.00 (2.56) 86.97 (2.16) 73.18 (2.72) 

First Winning HSR 89.90 (3.79) 92.50 (2.31) 86.84 (2.21) 80.70 (2.52) 

First Winning VHSR 76.39 (3.43) 91.07 (2.55) 79.45 (2.63) 77.80 (3.37) 

Second Draw LSR 60.33 (4.30) 73.55 (2.73) 67.24 (2.52) 66.70 (2.22) 

Second Draw MSR 81.13 (3.56) 90.75 (3.06) 89.05 (2.34) 79.97 (2.36) 

Second Draw HSR 85.69 (5.54) 100.32 (2.71) 85.00 (2.61) 77.94 (2.32) 

Second Draw VHSR 81.33 (3.54) 90.99 (2.70) 87.59 (2.60) 82.67 (2.58) 

Second Losing LSR 54.42 (5.61) 85.49 (4.30) 79.80 (3.90) 67.73 (4.50) 

Second Losing MSR 83.22 (5.23) 90.84 (4.13) 90.12 (7.14) 76.75 (4.12) 

Second Losing HSR 74.28 (5.61) 82.70 (5.67) 102.69 (4.80) 79.72 (3.92) 

Second Losing VHSR 75.25 (6.03) 87.54 (4.13) 89.35 (4.08) 81.24 (4.12) 

Second Winning LSR 74.62 (3.11) 73.60 (2.33) 76.97 (1.90) 69.96 (2.26) 

Second Winning MSR 86.49 (3.13) 92.38 (2.22) 92.47 (1.89) 85.10 (2.24) 

Second Winning HSR 90.30 (3.28) 91.42 (2.33) 97.49 (1.87) 88.09 (2.26) 

Second Winning VHSR 84.46 (3.21) 87.45 (2.37) 86.50 (1.88) 79.68 (2.35) 

 

 

 

 

 

 

 



158 

 

Table 0-4. Descriptive statistics denoting the means (SE) for max power (W) across match and 

position contexts. 

Half GD Speed CB FB FWD MF 

First Draw LSR 1141.64 (37.80) 925.56 (28.40) 983.05 (27.17) 1071.99 (27.35) 

First Draw MSR 1093.73 (38.84) 950.75 (27.34) 984.94 (25.65) 1130.69 (26.17) 

First Draw HSR 1135.45 (38.89) 935.80 (30.61) 1015.37 (26.02) 1082.25 (26.27) 

First Draw VHSR 983.27 (41.50) 743.06 (27.68) 803.46 (27.37) 976.98 (28.96) 

First Losing LSR 1099.22 (57.53) 932.31 (38.96) 973.44 (26.62) 1061.41 (33.20) 

First Losing MSR 1152.43 (42.85) 931.83 (32.30) 996.90 (28.20) 1048.35 (27.48) 

First Losing HSR 1097.97 (57.53) 940.54 (35.98) 954.53 (25.46) 1032.17 (30.08) 

First Losing VHSR 949.48 (41.45) 750.88 (36.90) 829.70 (28.08) 914.75 (31.50) 

First Winning LSR 1063.27 (38.66) 1024.55 (26.71) 940.11 (24.39) 1080.85 (24.79) 

First Winning MSR 1164.40 (39.44) 992.72 (28.07) 962.68 (24.69) 1029.03 (29.36) 

First Winning HSR 1144.92 (42.40) 1019.56 (26.00) 938.43 (25.10) 1080.13 (27.64) 

First Winning VHSR 995.56 (39.44) 792.27 (28.00) 831.15 (28.60) 848.45 (34.95) 

Second Draw LSR 1052.21 (46.76) 846.31 (29.54) 956.50 (27.66) 1062.42 (25.11) 

Second Draw MSR 1163.73 (40.58) 941.55 (32.32) 1014.78 (26.14) 1073.32 (26.22) 

Second Draw HSR 1165.35 (57.55) 901.09 (29.33) 1007.89 (28.40) 1057.33 (25.90) 

Second Draw VHSR 1020.65 (40.43) 811.63 (29.22) 893.60 (28.24) 865.48 (28.08) 

Second Losing LSR 1157.25 (55.75) 917.55 (43.45) 961.72 (39.79) 1129.47 (45.18) 

Second Losing MSR 1055.31 (54.80) 992.26 (41.91) 1108.70 (69.79) 1150.82 (41.84) 

Second Losing HSR 1168.06 (55.75) 952.73 (56.10) 929.70 (48.00) 1165.39 (40.05) 

Second Losing VHSR 920.02 (61.96) 723.50 (41.93) 816.72 (41.39) 972.95 (41.84) 

Second Winning LSR 1119.28 (37.01) 995.73 (26.22) 925.26 (22.63) 1069.10 (25.45) 

Second Winning MSR 1134.22 (37.09) 975.20 (25.24) 950.60 (22.57) 1055.84 (25.25) 

Second Winning HSR 1129.91 (38.33) 1012.18 (26.24) 938.52 (22.42) 1062.06 (25.39) 

Second Winning VHSR 980.80 (37.75) 793.31 (26.52) 773.34 (22.45) 927.01 (26.19) 

 

 


