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ABSTRACT
Training load monitoring systems in football do not focus on lower 
extremities and therefore potentially neglect important information 
to optimise performance or reduce injury risk. The current study 
aims to present joint and segment angular accelerations as novel 
indicators to quantify lower extremity biomechanical load mea-
sured by a new inertial sensor setup. Relationships were explored 
with commonly used whole-body training load indicators using 
principal component analysis (PCA). Sixteen male amateur football 
players performed a linear sprint and an agility T-test. An inertial 
sensor setup, and local position measurement system were used to 
collect training load data. Hip Load, Knee Load, Thigh Load and 
Shank Load were introduced to quantify lower extremity biome-
chanical load. Three principal components were identified for both 
tests, explaining 91% and 86% of the variance. The indicators for 
the lower extremities contributed to the second principal compo-
nent for both tests and provide distinct information compared to 
whole-body load indicators. The results show the potential to use 
an inertial sensor setup combined with common monitoring sys-
tems to evaluate training load, which may help optimise future 
performance and reduce injury risk. These relationships should be 
further examined during other football specific activities such as 
shooting or jumping.
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Introduction

To improve physical fitness in football, the overload principle needs to be applied, with 
variation in training volume and intensity (i.e., training load; Smith, 2003). If the 
training load is combined with sufficient recovery, positive adaptations of the player’s 
cardiovascular and musculoskeletal systems are to be expected (Smith, 2003). On the 
other hand, imbalance between training load and recovery leads to maladaptation and 
higher injury risk (Kentta & Hassmen, 1998). Therefore, training load quantification is 
key for accurate training prescription and evaluation leading to optimal performance in 
football.
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Training load is often described as external or internal load (Impellizzeri et al., 2005). 
External load is defined as the activities performed during training, usually prescribed by 
the coach in a training plan. Internal load is defined as the subsequent physical response 
to the external load and depends on intrinsic player characteristics (e.g., training status or 
injury history). Recently, a further distinction of training load was made by identifying 
physiological load and biomechanical load (Vanrenterghem et al., 2017). This theoretical 
model can be perceived as dichotomous, but it can be argued that a continuous repre-
sentation is more appropriate. This means that some load indicators are further on the 
continuum towards physiological load while others are closer to biomechanical load.

Due to developments in sensor technology, the quantification of external training 
loads improved over the past years. The physiological load is defined as the stresses acting 
on a players’ cardiovascular system and is often quantified with global (GPS) or local 
positioning measurement systems (LPM) using metrics such as total distance covered, or 
the distance covered above certain speed thresholds (Frencken et al., 2010; Varley & 
Aughey, 2013). Biomechanical load on the other hand, is defined by mechanical stresses 
acting on the musculoskeletal system because of external forces acting on the body. To 
quantify external biomechanical load it has been proposed to capture the distance 
covered in acceleration and deceleration zones (Varley & Aughey, 2013) or cumulative 
indicators of triaxial accelerations located at the trunk, such as Playerload (Boyd et al., 
2011). However, these systems are based on just one sensor located at the trunk, which 
means that general whole-body load estimations are provided. Football primarily 
involves recruitment of the musculoskeletal tissues of lower extremities, but there are 
currently no tools available that specifically monitor the lower body. Indicators addres-
sing the biomechanical loads of the lower extremities are therefore missing, which seems 
a limitation of the currently used external biomechanical load indicators (Verheul et al., 
2020).

A step towards more specific estimations of biomechanical load could be to measure 
lower extremity kinematics in the field using an inertial sensor setup (Bastiaansen et al., 
2020). Recently, we developed such a sensor set up with inertial measurement units 
(IMU) and assessed its validity for measuring joint kinematics using an optoelectronic 
measurement system in the laboratory (Wilmes et al., 2020). These kinematic measures 
describe player movements, which are the result of forces acting on the player’s body. 
Forces of gravity, contact with other objects (e.g., the ground), interactions between 
segments and muscle contractions provide a net torque around joints causing angular 
accelerations of joints and segments (Zajac & Gordon, 1989). These angular accelerations 
could be used to provide estimations on the biomechanical loads the lower extremities 
are exposed to. This may help optimise training and recovery from a biomechanical 
perspective and prevent overload.

To the best of our knowledge, no data is available about how angular accelerations 
derived from an inertial sensor setup relate to established whole-body load indicators 
derived from a single inertial sensor attached to the body, and LPM in football. This 
information is important to assess if load indicators derived from angular accelerations 
are of added value to whole-body Playerload and LPM derived metrics. To establish this, 
football-specific activities such as accelerations, decelerations, and changes of direction 
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should be quantified with the use of different load indicators. As a first study we chose to 
do this within the well-controlled context of two established valid field-tests (Altmann 
et al., 2019; Pauole et al., 2000).

Therefore, the aim of this study is to introduce new indicators derived from an inertial 
sensor setup to quantify lower extremity biomechanical load and to consequently explore 
the relationships with commonly used training load indicators derived from one inertial 
sensor, and LPM during a 30-metre linear sprint test (Altmann et al., 2019) and an agility 
T-test (Pauole et al., 2000). Because the new indicators provide specific information on 
the joint and segment angular accelerations of the lower extremities, it is expected that 
indicators from the inertial sensor setup provide distinct information to current whole- 
body training load indicators. This means that stronger relations are expected between 
the new indicators from the inertial sensor set up, compared to relations between whole- 
body external biomechanical load indicators derived from a single inertial sensor, and 
LPM. It is therefore hypothesised that the newly introduced biomechanical training load 
indicators reflect a separate source of information.

Materials and methods

Subjects

Sixteen male amateur football players (22.4 ± 1.7 y, 1.83 ± 5.9 m, 76.5 ± 5.4 kg, 
13.9 ± 4.6 years of experience) participated in the study. All subjects were free of injury 
at the time of testing and provided their written consent after they were informed about 
the study protocol. The study was approved by the local ethical committee of the 
University Medical Center Groningen (Register number: 201800904).

Design

A cohort observational study design was used to collect training load indicators mea-
sured by an inertial sensor setup, and local position measurement system during two 
football-specific field tests.

Equipment

Inertial Sensor Setup: Participants were instrumented with a validated inertial sensor 
setup to obtain lower extremity kinematics (Wilmes et al., 2020). The inertial sensor 
setup consisted of five inertial sensors (MPU-9150, InvenSense, San Jose, California, 
United States), placed on the pelvis, both thighs, and both shanks (Bastiaansen et al., 
2020). Adhesive spray (Mueller Tuffner, Mueller Sports Medicine, Inc., Wisconsin, 
United States) and double-sided adhesive tape (Begasoft-Airband, Bergmann GmbH & 
Co. KG, Laupheim, Germany) were used to attach the sensors to the participant’s body. 
Stretching tape (Fixomull, BSN Medical, Zeist, The Netherlands) was placed on top of 
each IMU to ensure fixation. Each IMU measured 3D linear acceleration, 3D angular 
velocity, and 3D earth magnetic field strength at a sample frequency of 500 Hz. Data were 
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stored on a SD-card internally, enabling offline data analysis after measurements. Before 
measurements, sensors were placed in a small box and tapped on a table causing a peak in 
the accelerometer data used for time-synchronisation (De Ruiter & Van Dieën, 2019).

Local Position Measurement System: A LPM system (version 5.1, Inmotiotec GmbH, 
Regau, Austria) was used to obtain positional data. LPM is a valid system to register 
football specific movements with a sample frequency of 1000 Hz divided by the number 
of transponders on the field (Frencken et al., 2010; Stevens et al., 2014). Players wore 
a LPM vest containing a transponder located between the scapulae, and antennas on both 
shoulders. The antennas received radio-frequency signals that were send by a main base 
station. The transponder sent individual information to ten base stations located around 
an artificial-turf football field. Dependent on the number of transponders on the field 
during data collection, data were collected at a sample-frequency ranging between 111 
and 250 Hz.

Procedures

Participants wore football shoes and clothes and were equipped with the inertial sensor 
setup and LPM vest. Thereafter, participants performed a calibration procedure to ensure 
accurate data registration of the inertial sensor setup (Bastiaansen et al., 2020; Wilmes 
et al., 2020). The calibration procedure consisted of a static calibration procedure, where 
participants were instructed to stand still in an upright pose for a period of five seconds. 
Subsequently, a dynamic calibration procedure was performed where participants flexed 
their right hip, followed by flexing their left hip and a bowing movement of the upper 
body.

After calibration, participants performed a 30-metre linear sprint test (Altmann et al., 
2019) and an agility T-test (Altmann et al., 2019; Pauole et al., 2000) on an artificial turf 
football field (Figure 1). Each participant performed a 10-minute warm-up consisting of 
jogging, mobility exercises and stretching prior to testing. For the sprint test, participants 
were instructed to sprint 30 metres as fast as possible from a standstill position, followed 
by a fast deceleration.
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Figure 1. Positional data measured during the linear sprint test (left) and agility T-test (right). Each 
blue dot represents a 10th sample.
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Thereafter, participants performed an agility T-test (Pauole et al., 2000). Four cones 
were placed in a T-shape with one cone 9.14 metre from the start, and two cones placed 
4.57 metre on each side of the second cone. Participants started with their feet behind 
a marked line on the ground and accelerated forward, then shuffled to the left, followed 
by a lateral shuffle to the right, and back to the middle. Lastly, participants ran backwards 
as fast as possible to the start-finish-line until standstill.

Data processing

Three-dimensional linear acceleration, angular velocity and magnetometer data from 
each IMU were exported to MATLAB (version 2020b, The MathWorks, Inc., Natick, 
MA, USA). Sensor orientations were obtained with a Madgwick algorithm according to 
procedures described in Wilmes et al., 2020. Angular velocities measured by the gyro-
scope of each inertial sensor were low-pass filtered using a fourth-order zero-lag 
Butterworth filter with a cut-off frequency of 8 Hz. The cut-off frequency was chosen 
by the researcher based on Fast Fourier Transform and visual inspection of the data. Hip 
and knee joint angular velocities were expressed as the difference in measured angular 
velocity between the distal and proximal segment. A joint angle below 180 degrees, which 
corresponded to neutral position, and positive angular velocity defined flexion 
(Bastiaansen et al., 2020). Extension was defined by angles above 180 degrees or negative 
angular velocity (Bastiaansen et al., 2020).

Four new indicators are introduced in the current paper to quantify lower 
extremity biomechanical load. Net joint torques are mainly the result of torques 
acting on muscles, ligaments and other tissues crossing the joint (Zajac & Gordon, 
1989). The net joint torque results in an angular acceleration that can be measured 
with the inertial sensor setup. This information may help sport practitioners to gain 
better insights into the biomechanical loads of the lower extremities during training 
or match play. Thus, angular accelerations around the hip and knee joint were used 
to quantify joint-specific load. Hip and knee joint angular accelerations were 
obtained by differentiation of the angular velocities. Hip joint angular acceleration 
was derived from the pelvic and thigh sensors and knee joint angular acceleration 
from the thigh and shanks sensors. The cumulative joint angular accelerations were 
defined as Hip Load (HL) and Knee Load (KL), expressed as the squared magnitude 
of the 3D joint angular accelerations divided by the scale factor 108. The scale factor 
is chosen by the researchers to lower the outcome in order to communicate the 
results more easily. Combined with intrinsic and extrinsic risk factors, training load 
monitoring plays an important role in the multifactorial and complex aetiology of 
injury (Windt & Gabbett, 2017). Excessive loading, or under preparedness for high- 
intensity demands may increase the risk of injury. Therefore, the outcome was 
squared to give high intensity accelerations and decelerations more weight to the 
estimate. As using less sensors could lead to better user experience and reduces 
costs, load was also quantified from the thigh and shank sensor to assess whether 
this provided sufficient information. Thus, Thigh Load (TL) and Shank Load (SL) 
were quantified using angular accelerations from the thigh or shank sensor only, 
following the same procedures as Hip Load and Knee Load. 
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Hip;Knee;Thigh; and Shank Load ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

αxð Þ
2
þ αyð Þ

2
þ αzð Þ

2
� �q� �2

108

With αx, αy and αz representing joint or segment angular accelerations in x, y and z axis 
of the global coordinate system.

Playerload was obtained from the inertial sensor attached to the pelvis. Linear accel-
eration data was filtered using a fourth-order zero-lag Butterworth filter with a cut-off 
frequency of 10 Hz (Wundersitz et al., 2013). Playerload was then calculated as the square 
root of the sum of squared instantaneous rate of change in linear x, y and z accelerations 
divided by the scale factor 100, according to the formula (Boyd et al., 2011): 

Playerload ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ay;t � ay;t� 1
� �2

þ ax;t � ax;t� 1
� �2

þ az;t � az;t� 1
� �2

100

s

:

With ay,t—ay,t-1, axe,t—axe,t-1 and az,t—az,t-1 representing the change in linear y, x and 
z accelerations also known as jerk.

LPM data were filtered with a weighted Gaussian average filter set at 85% using 
Inmotio software (version v6.2.0.383, Inmotio, Zeist, The Netherlands) according to 
procedures described earlier Stevens et al., 2014). The filtered signal was then resampled 
to 50 Hz. Distance, velocity, and acceleration data were imported to MATLAB (version 
2020b, The MathWorks, Inc., Natick, MA, USA). Whole-body biomechanical load 
indicators derived from the LPM system were high intensity acceleration distance 
(HIAD, � 2.78 m/s2), and high intensity deceleration distance (HIDD, � � 2.78 m/ 
s2). Additionally, commonly used indicators such as maximal speed and high intensity 
running distance were calculated (HIRD, � 4.17 m/s). The thresholds set for speed and 
acceleration are in line with previous research (Varley & Aughey, 2013).

A custom written MATLAB algorithm was used to process and synchronise the LPM 
and IMU datasets. First, start and end points of each test were manually selected within 
the complete LPM and IMU dataset to cut the data into subsets, which were used for 
further analysis. Then, the start of the test of each test was defined per measurement 
system. The starting point was defined as the moment at which participants travelled 
more than a 0.01 m horizontal difference in distance measured by the LPM system. The 
end of the sprint test was defined as the moment when participants covered a 30-metre 
distance, whereas the end of the agility T-test was defined as the moment participants 
crossed the starting position. The start of the IMU inertial sensor setup was defined as the 
moment at which angular velocity of the thighs crossed a 50 degrees per second threshold 
for both tests. Test time derived from the LPM system was then added to the start time of 
the IMU data to determine the end of the test in IMU data. An example of the data is 
displayed in figure 2.

Statistical analysis

Inertial sensor setup data of the right leg, LPM data and pelvis sensor of the fastest sprint 
and agility trial were included for the analysis. Descriptive statistics (means and standard 
deviations) of training load indicators derived from the inertial sensor setup, LPM and 
Playerload were calculated for both tests. The Shapiro-Wilks test (p > 0.05), skewness and 
kurtosis were used to assess normal distribution of training load indicators. A paired 
sample T-test was used to assess statistical difference of training load indicators between 
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tests to determine if both tests capture distinct load characteristics. Additionally, Cohen’s 
d effect size was used to assess the magnitude of the differences between sprint and agility 
T-test. Effect sizes (ES) were considered as trivial (< 0.2), small (0.2–0.6), moderate (0.6– 
1.2), large (1.2–2) and very large (2.0–4.0; Hopkins et al., 2009).

To assess the underlying relationships between training load indicators, a principal 
component analysis (PCA) was conducted. PCA is a statistical procedure to reduce the 
dimensionality of the dataset, while retaining as much variation as possible. This proce-
dure provides unrelated principal components (PC) that contain a set of correlated 
variables. The first principal component contains the most information, with each sub-
sequent PC explaining a smaller amount of variance. PCs themselves do not correlate with 
each other and therefore each PC provides a unique source of information of the dataset. 
Before conducting the PCA, the Pearson correlation matrix was visually inspected to 
determine the factorability of the data for PCA (Tabachnick & Fidell, 2013). The Kaiser- 
Meyer-Olkin (KMO) measure of sampling adequacy (i.e., KMO > 0.5), and a significant 
Bartlett’s sphericity test were used to assess suitability of data for executing a PCA (Kaiser, 
1960). The training load indicators were mean centred and scaled before conducting the 
PCA. PCs were retained based on eigenvalues > 119, and visual inspection of the ‘elbow’ of 
the scree plot (Tabachnick & Fidell, 2013). A varimax rotation was used to prevent 
correlation between PCs, thereby improving interpretability of components. The total 
amount of explained variance and the factor loadings of the selected training load 
indicators on the PCs were used to assess the PCA outcomes. Factor loadings higher 
than 0.7 were considered meaningful (Hair, 1995). Significance level for statistical analysis 
was set at p � :05. Statistical analysis was performed using R Studio (Version 3.0.3), and 
the PCA was performed with the prcomp function from the stats package.

Figure 2. Illustrative example of Agility T-test, the vertical lines indicate turning points. Data 
represents joint angle/position (top), angular velocity/velocity (middle), and angular acceleration/ 
acceleration (bottom). The level of detail provided by the inertial sensor setup shows the potential to 
add information to local positioning measurement (LPM).
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Results

All training load indicators followed a normal distribution. Descriptive statistics and 
results of the paired samples T-test are displayed in Table 1. Except for Thigh Load, 
significant differences with moderate to very large effect sizes between the linear 
sprint test and agility T-test were observed. All mean differences, except for 
Playerload and high intensity acceleration distance, were positive, meaning that 
the values of these indicators were lower for the agility T-test when compared to 
the linear sprint test.

The KMO values were 0.69 and 0.74 and Bartlett’s sphericity test was significant for 
both tests (p < 0.001), indicating that the dataset was suitable for conducting a PCA. 
Based on eigenvalues and visual inspection of the ‘elbow’ in the scree plots (Figure 3), 
three PCs were identified for the sprint (PC1ev = 5.50, PC2ev = 1.90, PC3ev = 0.80) and 
agility T-test (PC1ev = 5.40, PC2ev = 1.50, PC3ev = 0.80). The PCs were uncorrelated with 
each other for both sprint and agility T-test, and therefore each PC provided separate 
information.

The first three principal components (Figure 4) in the sprint dataset explained 
91% of the total variance in the dataset (Table 2). The first PC, represented by 
maximal velocity, high intensity acceleration distance, and high intensity decelera-
tion distance derived from LPM, described 61% of the variance. Hip Load, Knee 
Load, Thigh Load and Shank Load, described 21% of the variance. Load indicators 
for the hip and knee contributed equally to the principal component. Furthermore, 
indicators based on two sensors contributed more to the principal component, when 
compared to a single sensor. The third PC explained 8% of variance and contained 
high intensity running distance derived from LPM, and Playerload derived from the 
pelvis inertial sensor.

For the agility T-test, the first three principal components explained 86% of the total 
variance in the dataset (Table 2). Indicators contributing to the first principal compo-
nent, which explained 60% of variance, were high intensity running distance, maximal 
velocity, high-intensity acceleration distance and high intensity deceleration distance 
derived from LPM. Hip Load, Knee Load and Thigh Load contributed to the second 

Table 1. Descriptive statistics (Mean ± SD) and differences of training load indicators during sprint and 
agility T-test (N = 16).

Indicators

Sprint test Agility T-test

Mean difference (95% CI) p-value ES EffectMean SD Mean SD

Inertial sensor setup
HL (A.U.) 5.7 ± 1.7 4.8 ± 1.0 0.89 (0.30 1.49) <0.01 0.80 Moderate
KL (A.U.) 10.1 ± 1.6 9.0 ± 1.3 1.04 (0.36 1.71) <0.01 0.82 Moderate
TL (A.U.) 4.4 ± 1.0 4.2 ± 1.0 0.22 (−0.21 0.66) 0.29 0.27 Small
SL (A.U.) 7.1 ± 1.5 5.9 ± 0.9 1.19 (0.57 1.80) <0.001 1.03 Moderate
PL (A.U.) 3.9 ± 0.6 4.3 ± 0.7 −0.39 (−0.60 −0.18) <0.001 −1.00 Moderate

LPM
HIRD (m) 32.1 ± 3.0 13.1 ± 7.5 19.05 (15.97 22.12) <0.001 3.30 Very large
VELmax (m/s) 7.8 ± 0.5 5.5 ± 0.3 2.26 (2.06 2.46) <0.001 6.08 Very large
HIAD (m) 4.6 ± 0.9 5.3 ± 1.3 −0.70 (−1.17 −0.23) <0.01 −0.80 Moderate
HIDD (m) 5.1 ± 0.7 3.0 ± 0.9 2.08 (1.64 2.52) <0.001 2.53 Very large

SD: standard deviation; ES: effect size; CI: 95% confidence interval; A.U.: arbitrary unit; HL: Hip Load; KL: Knee Load; TL: 
Thigh Load; SL: Shank Load; PL: Playerload; HIRD: High intensity running distance (>4.17 m/s); VELmax maximal velocity; 
HIAD: High-intensity acceleration distance (>2.78 m/s2); HIDD: High-intensity deceleration distance (<-2.78 m/s2)
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principal component, explaining 17% of the total variance. Contributions to this princi-
pal component were stronger for hip indicators, when compared to indicators for the 
knee. Contributions were higher for indicators based on two sensors, when compared to 
indicators derived from a single sensor. The third principal component explained 9% of 
the variance and was represented by Playerload derived from the pelvis inertial sensor.

In both tests the biomechanical load indicators specific for the lower extremities 
contribute to the second principal component and the other components were repre-
sented by indicators from the LPM, and Playerload. Hip Load contributed more for the 
agility T-test, when compared to the sprint test while contributions of Knee Load, and 
Thigh Load remained relatively similar. Shank Load did not contribute to any of the 
components for the agility T-test.

Discussion and implications

Discussion

The study aim was to introduce new indicators to quantify lower extremity biomecha-
nical load and explore their relationships with commonly used whole-body training load 
indicators derived from an inertial sensor attached to the pelvis, and LPM during a linear 
sprint and agility T-test. Net joint torques are mainly generated by muscle torques, 
ligaments and other tissues crossing the joint (Zajac & Gordon, 1989). The net joint 
torque provides an angular acceleration that can be measured with the inertial sensor 
setup, which may help to gain more insights into the biomechanical loads of the lower 
extremities during training or match play. Thus, angular accelerations of the hip and 
knee joint were used to quantify joint specific load, whereas angular accelerations of the 
thigh and shank sensors were used to quantify segment specific load. All training load 
indicators, except for Playerload and high intensity acceleration distance, were statisti-
cally higher for the sprint when compared to the agility T-test, confirming the expected 
difference in nature between the two tests. The new biomechanical load indicators (Hip 
Load, Knee Load, Thigh Load) contributed to the second principal component for both 
tests, thereby explaining a unique source of variance in the dataset. This means that these 

Table 2. Results principal component analysis for both tests. Factor loadings greater than 0.7 are 
presented in bold.

Sprint test PC1 PC2 PC3 Agility T-test PC1 PC2 PC3

Eigenvalues 5.52 1.92 0.76 Eigenvalues 5.42 1.54 0.78
% Variance 61.34 21.34 8.41 % Variance 60.25 17.13 8.66
Cumulative variance % 61.34 82.68 91.09 Cumulative variance % 60.25 77.38 86.03
Rotated component loadings
Hip load (HL) −0.31 0.86 0.19 Hip load (HL) 0.02 0.94 0.11
Knee load (KL) 0.33 0.86 0.20 Knee load (KL) 0.45 0.84 0.09
Thigh load (TL) 0.12 0.75 0.58 Thigh load (TL) 0.26 0.72 0.45
Shank load (SL) 0.46 0.77 0.18 Shank load (SL) 0.49 0.60 0.14
Playerload (PL) 0.26 0.35 0.89 Playerload (PL) 0.18 0.21 0.94
HIRD 0.57 0.17 0.77 HIRD 0.94 0.20 0.18
VELmax 0.87 0.23 0.38 VELmax 0.93 0.16 0.14
HIAD 0.76 0.55 0.15 HIAD 0.96 0.17 0.11
HIDD 0.93 −0.13 0.24 HIDD 0.75 0.37 0.11

PC: Principal component; HIRD: High-intensity running distance (>4.17 m/s); VELmax: maximal velocity; HIAD: High- 
intensity acceleration distance (>2.78 m/s2); HIDD: High-intensity deceleration distance (<-2.78 m/s2)
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indicators give additional information to whole-body training load indicators. For the 
sprint test, hip and knee related load indicators contributed equally to the principal 
component. Contributions to the principal component were higher when data of two 
sensors were combined (i.e., joint angular accelerations), instead of one sensor. Lower 
extremity biomechanical load indicators from the new inertial sensor set up contributed 
to the second principal component for both tests, complementary to indicators derived 
from LPM and Playerload. Hence, our hypotheses were confirmed, and the newly 
developed indicators seem useful additions next to the conventional whole-body training 
load indicators.

All training load indicators, except for Playerload and high intensity acceleration 
distance, were statistically higher which confirms that both tests assess different physical 
qualities (Young et al., 2001). Thigh load did not significantly differ between tests. 
A potential explanation may be that the short sprint activity is performed at high 
intensity, whereas more steps at lower intensity are needed to accomplish the agility 
T-test leading to similar cumulative thigh accelerations.

The new biomechanical load indicators for the hip and knee contributed to a single 
principal component in both tests, thereby supporting our hypothesis that the biome-
chanical load indicators are strongly interrelated and provide distinct information 
specific for the lower extremities, when compared with commonly used whole-body 
load indicators. The new indicators provide information on the joint and segment 
angular accelerations of the lower extremities. Following the specificity principle of 
training, adaptations only occur in the cardiovascular and musculoskeletal systems that 
have been recruited during training or match play (Smith, 2003). From a biomechanical 
perspective, the musculoskeletal tissues of the lower extremities are primarily the tissues 
that are recruited during football. The main advantage of the new indicators is that they 
relate more to these tissues, when compared to LPM or whole-body Playerload. The new 
indicators may therefore help to better quantify training load from a biomechanical 
perspective, which could help to prevent overload, although the latter remains to be 
established.

The presence of multiple components to describe both datasets indicates that the 
new biomechanical load indicators can be used alongside commonly used whole-body 
load indicators. Reflecting on the physiological and biomechanical load theoretical 
model, one could consider that some training load indicators address more physiolo-
gical load while others address more biomechanical load (Vanrenterghem et al., 2017). 
Therefore, a single indicator might not be sufficient to describe training or match load. 
This is in line with previous studies that assessed relationships between training load 
indicators during football training and match play (Casamichana et al., 2019; Maughan 
et al., 2021; Maughan et al., 2020; Scantlebury et al., 2020). According to these studies, 
Playerload could for example, be used in addition to high intensity running distance to 
describe demands of training or match play. Our results add to these studies and 
indicate that training load can be described by using one of the lower extremity 
biomechanical load indicators, combined with whole-body biomechanical load indi-
cators quantified by positional data, and Playerload. Based on this observation, we 
speculate that the introduced indicators represent more the biomechanical load side of 
the theoretical model, whereas positional data or Playerload lay more towards the 
physiological load side. Combining the detailed information from the inertial sensor 
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setup alongside LPM and Playerload provides a more holistic view on the player’s 
training and match loads. This may help coaches to better understand the training load 
players are exposed to (Brink & Frencken, 2018; Brink et al., 2017). In this way, 
training schedules can be tailored to the individual and changed so that the optimal 
load is prescribed to achieve high player performance and injury risk may be reduced.

Hip Load and Knee Load contributed equally to the principal component for the 
sprint test. The development of running velocity can be accomplished by pushing the 
ground more forcefully, more frequently or using a combination of these two strategies 
(Schache et al., 2014). At lower velocities, the lower limbs push the ground more 
forcefully, but at higher velocities it is the stride frequency that increases. The increase 
in stride frequency expose the lower limbs to more anterior posterior ground reaction 
forces (Schache et al., 2014). Consequently, there is an increase in biomechanical loads of 
muscles located around the hip and knee. During the early stance phase, ground reaction 
forces cause hip flexion and knee extension torques. Hip extension and knee flexion 
torques are generated by the muscles to counteract these forces (Huygaerts et al., 2020). 
During the late swing phase, large hip extension and knee flexor torques are generated to 
counteract the forward movement of the thigh and shank. In both situations the hip and 
knee muscles produce a high amount of force, and therefore are exposed to high 
biomechanical loads, which might be the reason that both indicators for hip and knee 
contributed equally to the principal component.

Using fewer sensors reduces costs and improves user experience in a daily sport setting 
but can be at cost in providing accurate load estimations. All indicators derived from the 
inertial sensor setup contribute to the same component and provide information about 
lower extremity biomechanical load. Indicators can therefore be estimated with either 
one or two sensors. Load indicators based on two sensors (i.e., Knee Load and Hip Load) 
contributed more to the principal component, when compared to estimations based on 
one sensor (i.e., Thigh Load and Shank Load). Furthermore, Hip Load contributed more 
to the agility test when compared to the sprint test, whereas contributions of Thigh Load 
remained relatively similar between tests, and Shank Load did not contribute to any of 
the components for the agility T-test. Combining multiple sensors to quantify biome-
chanical loads is therefore recommended instead of using a single sensor. This is also 
reported in previous studies, which reported better biomechanical load estimations when 
multiple sensors were used during high dynamical team sport specific activities 
(Nedergaard et al., 2017; Verheul et al., 2019).

This is the first study that quantified lower extremity biomechanical load using an 
inertial sensor setup in an outdoor football setting. Both straight line sprinting and agility 
were assessed to mimic the game demands of football. The inertial sensor setup has the 
potential to be integrated in sensor tights, which can be worn during training. New 
biomechanical load indicators such as Hip Load and Knee Load were calculated and 
compared with commonly used whole-body external biomechanical load indicators 
using PCA. The results indicate that the new load indicators add distinct information, 
specifically for the lower extremities, and could be used in combination with whole-body 
load indicators to monitor training load. Using these indicators, more detailed insights 
can be obtained about the activities performed during training and match play. For 
example, asymmetry in lower extremity biomechanical load could be assessed 
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(Glassbrook et al., 2020), which may occur when a lot of passing and shooting actions are 
made. The results in this study show the potential of using the inertial sensor setup for 
quantifying biomechanical loads for future training optimisation purposes.

This study has some limitations that need to be considered. Although the present 
inertial sensor setup provides data that are more directly linked to the forces to which the 
lower extremities are subjected, it probably even would be better if actual forces could be 
measured. However, with the current technology this still is not feasible in everyday 
training practice (Verheul et al., 2020). A second limitation of the study is that only 
straight-line sprinting and 90 degrees’ changes of direction were included in the research 
design. Although these activities are performed regularly during training and match-play, 
other football specific activities such as shooting and jumping should be included in 
future research designs. Moreover, this study included amateur football players and it 
may be that relationships are different for football players playing at higher divisions. 
Furthermore, we chose to include joint and segmental angular accelerations to quantify 
biomechanical load for the lower extremities. It could be that the combining information 
of multiple joints, instead of one, might improve insights in lower extremity biomecha-
nical loads. For example, inter segmental coordination may be indicative for optimal 
performance and injury risk (Hamill et al., 2012). Finally, since high dynamic tasks were 
performed, soft tissue artefacts (Camomilla et al., 2017) caused by high impacts and 
muscle contraction cannot be excluded. Absolute values could thus be higher or lower 
then presented but given the standardised methods, including applied filtering techni-
ques, it is unlikely that it influenced the main findings. Future studies could, however, 
specifically identify the optimal smoothing technique for joint and segmental angular 
accelerations measured by inertial sensors in high dynamical tasks.

Practical implications

Training load indicators provide important information on the training process and can 
be used to ensure optimal training load is prescribed to enhance performance and 
mitigate injury risk. This study explored the use of a new inertial sensor setup to quantify 
biomechanical load specifically for the lower extremities. The results showed that joint or 
segment angular accelerations of the lower extremities can be used in combination with 
LPM or Playerload to evaluate training load during sprinting or change of direction 
activities. Trainers and coaches should be aware of the physiological and biomechanical 
load-adaptation mechanisms. These mechanisms can be evaluated using a combination 
of multiple indicators to evaluate training load. This holistic view could help to adjust 
training schedules to the individual so that optimal player performance is achieved. In 
future, the inertial sensor setup could be integrated in smart garments which can be worn 
during training or match play.

Conclusions

This study introduced new indicators to quantify biomechanical load for the lower 
extremities using an inertial sensor set up and explored the relationships with com-
monly used whole-body training load indicators during a linear sprint and change of 
direction test in football players using PCA. The results of this study show that joint 
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and segment angular accelerations of the lower extremities are unrelated to whole-body 
indicators derived from LPM or Playerload in both tests, meaning they provide 
different information. The angular accelerations are more closely related to the mus-
culoskeletal tissues involved in football when compared to LPM or whole-body 
Playerload, which might help improve biomechanical load estimations. Estimations 
based on two sensors contributed more to the principal components, which suggests 
that estimations should be based on multiple sensors, instead of one. The results show 
the potential to use an inertial sensor setup to quantify training load for the lower 
extremities. The inertial sensor setup can be used together with commonly available 
monitoring systems to evaluate and individualise training schedules so that players 
achieve optimal performance and injury risk is reduced.

Acknowledgments

The authors would like to thankfully acknowledge Thijs Wiggers and Cor-Pieter Pander for 
contributing to this research. We also thank The Netherlands Royal Football Association 
(KNVB) for providing access to their research facilities.

Disclosure statement

No potential conflict of interest was reported by the author(s).

Funding

This study is part of the “Citius Altius Sanius” research programme (project number P16-28), 
which is funded by the Dutch Research Council (NWO).

ORCID

Bram J.C. Bastiaansen http://orcid.org/0000-0003-2599-557X
Riemer J.K. Vegter http://orcid.org/0000-0002-4294-6086
Cornelis J. de Ruiter http://orcid.org/0000-0003-0278-4235
Koen A.P.M. Lemmink http://orcid.org/0000-0002-7403-8082
Michel S. Brink http://orcid.org/0000-0002-0730-1979

References

Altmann, S., Ringhof, S., Neumann, R., Woll, A., Rumpf, M. C. (2019). Validity and reliability of 
speed tests used in soccer: A systematic review. PloS one, 14(8), e0220982. https://doi.org/10. 
1371/journal.pone.0220982 

Bastiaansen, B. J. C., Wilmes, E., Brink, M. S., de Ruiter, C. J., Savelsbergh, G. J. P., Steijlen, A., 
Jansen, K. M. B., van der Helm, F. C. T., Goedhart, E. A., van der Laan, D., Vegter, R. J. K., & 
Lemmink, K. A. P. M. (2020). An Inertial Measurement Unit Based Method to Estimate Hip and 
Knee Joint Kinematics in Team Sport Athletes on the Field. Journal of Visualized Experiments, 
(159), e60857. https://doi.org/10.3791/60857 

Boyd, L. J., Ball, K., & Aughey, R. J. (2011). The reliability of minimaxX accelerometers for 
measuring physical activity in Australian football. International Journal of Sports Physiology 
and Performance, 6(3), 311–321. https://doi.org/10.1123/ijspp.6.3.311 

14 B. J. C. BASTIAANSEN ET AL.



Brink, M. S., & Frencken, W. G. P. (2018). Formative feedback for the coach reduces mismatch 
between coach and players’ perceptions of exertion. Science and Medicine in Football, 2(4), 
255–260. https://doi.org/10.1080/24733938.2018.1451651 

Brink, M. S., Kersten, A. W., & Frencken, W. G. P. (2017). Understanding the mismatch between 
coaches’ and players’ perceptions of exertion. International Journal of Sports Physiology and 
Performance, 12(4), 562–568. https://doi.org/10.1123/ijspp.2016-0215 

Camomilla, V., Dumas, R., & Cappozzo, A. (2017). Human movement analysis: The soft 
tissue artefact issue. Journal of Biomechanics, 62, 1–4. https://doi.org/10.1016/j.jbiomech. 
2017.09.001 

Casamichana, D., Castellano, J., Gomez Diaz, A., & Martin-Garcia, A. (2019). Looking for 
complementary intensity variables in different training games in football. Journal of Strength 
and Conditioning Research. https://doi.org/10.1519/JSC.0000000000003025 

de Ruiter, C. J., & van Dieën, J. H. (2019). Stride and step length obtained with inertial measure-
ment units during maximal sprint acceleration. Sports, 7(9), 202. https://doi.org/10.3390/ 
sports7090202 

Frencken, W. G., Lemmink, K. A., & Delleman, N. J. (2010). Soccer-specific accuracy and validity 
of the local position measurement (LPM) system. Journal of Science and Medicine in Sport, 13 
(6), 641–645. https://doi.org/10.1016/j.jsams.2010.04.003 

Glassbrook, D. J., Fuller, J. T., Alderson, J. A., & Doyle, T. L. A. (2020). Measurement of lower-limb 
asymmetry in professional rugby league: A technical note describing the use of inertial mea-
surement units. PeerJ, 8, e9366. https://doi.org/10.7717/peerj.9366 

Hair, J. F., Jr. (1995). Multivariate data analysis: With readings (4th ed.). Prentice Hall.
Hamill, J., Palmer, C., & Van Emmerik, R. E. (2012). Coordinative variability and overuse injury. 

Sports Medicine, Arthroscopy, Rehabilitation, Therapy & Technology, 4(1), 45. https://doi.org/10. 
1186/1758-2555-4-45 

Hopkins, W. G., Marshall, S. W., Batterham, A. M., & Hanin, J. (2009). Progressive statistics for 
studies in sports medicine and exercise science. Medicine and Science in Sports and Exercise, 41 
(1), 3–13. https://doi.org/10.1249/MSS.0b013e31818cb278 

Huygaerts, S., Cos, F., Cohen, D. D., Calleja-González, J., Guitart, M., Blazevich, A. J., & 
Alcaraz, P. E. (2020). Mechanisms of Hamstring Strain Injury: Interactions between 
Fatigue, Muscle Activation and Function. Sports (Basel), 8(5), 65. https://doi.org/10.3390/ 
sports8050065 

Impellizzeri, F. M., Rampinini, E., & Marcora, S. M. (2005). Physiological assessment of aerobic 
training in soccer. Journal of Sports Sciences, 23(6), 583–592. https://doi.org/10.1080/ 
02640410400021278 

Kaiser, H. F. (1960). The application of electronic computers to factor analysis. Educational and 
Psychological Measurement, 20(1), 141–151. https://doi.org/10.1177/001316446002000116 

Kentta, G., & Hassmen, P. (1998). Overtraining and recovery. A conceptual model. Sports 
Medicine, 26(1), 1–16. https://doi.org/10.2165/00007256-199826010-00001 

Maughan, P. C., MacFarlane, N. G., & Swinton, P. A. (2021). Relationship between subjective and 
external training load variables in youth soccer players. International Journal of Sports 
Physiology and Performance, 16(8), 1127–1133. https://doi.org/10.1123/ijspp.2019-0956 

Maughan, P., Swinton, P., & MacFarlane, N. (2020). Relationships between training load variables 
in professional youth football players. International Journal of Sports Medicine, 42 (7), 624–629. 
https://doi.org/10.1055/a-1300-2959 

Nedergaard, N. J., Robinson, M. A., Eusterwiemann, E., Drust, B., Lisboa, P. J., & 
Vanrenterghem, J. (2017). The relationship between whole-body external loading and 
body-worn accelerometry during team-sport movements. International Journal of Sports 
Physiology and Performance, 12(1), 18–26. https://doi.org/10.1123/ijspp.2015-0712 

Pauole, K., Madole, K., Garhammer, J., Lacourse, M., & Rozenek, R. (2000). Reliability and validity 
of the t-test as a measure of agility, leg power, and leg speed in college-aged men and women. 
The Journal of Strength & Conditioning Research, 14(4), 443–450. https://doi.org/10.1519/ 
00124278-200011000-00012 

SPORTS BIOMECHANICS 15



Scantlebury, S., Till, K., Beggs, C., Dalton-Barron, N., Weaving, D., Sawczuk, T., & Jones, B. (2020). 
Achieving a desired training intensity through the prescription of external training load vari-
ables in youth sport: More pieces to the puzzle required. Journal of Sports Sciences, 38(10), 
1124–1131. https://doi.org/10.1080/02640414.2020.1743047 

Schache, A. G., Dorn, T. W., Williams, G. P., Brown, N. A., & Pandy, M. G. (2014). Lower-limb 
muscular strategies for increasing running speed. The Journal of Orthopaedic and Sports 
Physical Therapy, 44(10), 813–824. https://doi.org/10.2519/jospt.2014.5433 

Smith, D. J. (2003). A framework for understanding the training process leading to elite 
performance. Sports Medicine, 33(15), 1103–1126. https://doi.org/10.2165/00007256- 
200333150-00003 

Stevens, T. G., de Ruiter C. j, van Niel, C., van de Rhee, R., Beek, P. J., Savelsbergh, G. J., & de 
Ruiter, C. J. (2014). Measuring acceleration and deceleration in soccer-specific movements 
using a local position measurement (LPM) system. International Journal of Sports Physiology 
and Performance, 9(3), 446–456. https://doi.org/10.1123/ijspp.2013-0340 

Tabachnick, B. G., & Fidell, L. S. (2013). Using multivariate statistics. Pearson Education.
Vanrenterghem, J., Nedergaard, N. J., Robinson, M. A., & Drust, B. (2017). Training load 

monitoring in team sports: A novel framework separating physiological and biomechanical 
load-adaptation pathways. Sports Medicine, 47(11), 2135–2142. https://doi.org/10.1007/s40279- 
017-0714-2 

Varley, M. C., & Aughey, R. J. (2013). Acceleration profiles in elite Australian soccer. International 
Journal of Sports Medicine, 34(1), 34–39. https://doi.org/10.1055/s-0032-1316315 

Verheul, J., Gregson, W., Lisboa, P., Vanrenterghem, J., & Robinson, M. A. (2019). Whole-body 
biomechanical load in running-based sports: The validity of estimating ground reaction forces 
from segmental accelerations. Journal of Science and Medicine in Sport, 22(6), 716–722. https:// 
doi.org/10.1016/j.jsams.2018.12.007 

Verheul, J., Nedergaard, N. J., Vanrenterghem, J., & Robinson, M. A. (2020). Measuring biome-
chanical loads in team sports – From lab to field. Science and Medicine in Football, 4(3), 
246–252. https://doi.org/10.1080/24733938.2019.1709654 

Wilmes, E., de Ruiter, C. J., Bastiaansen, B. J. C., Zon, J. F. J. A. V., Vegter, R. J. K., Brink, M. S., 
Goedhart, E. A., Lemmink, K. A. P. M., & Savelsbergh, G. J. P. (2020). Inertial sensor-based 
motion tracking in football with movement intensity quantification. Sensors (Basel), 20(9), 2527. 
https://doi.org/10.3390/s20092527 

Windt, J., & Gabbett, T. J. (2017). How do training and competition workloads relate to injury? 
The workload-injury aetiology model. British Journal of Sports Medicine, 51(5), 428–435. 
https://doi.org/10.1136/bjsports-2016-096040 

Wundersitz, D. W., Netto, K. J., Aisbett, B., & Gastin, P. B. (2013). Validity of an upper-body- 
mounted accelerometer to measure peak vertical and resultant force during running and 
change-of-direction tasks. Sports Biomechanics, 12(4), 403–412. https://doi.org/10.1080/ 
14763141.2013.811284 

Young, W. B., McDowell, M. H., & Scarlett, B. J. (2001). Specificity of sprint and agility training 
methods. Journal of Strength and Conditioning Research, 15(3), 315–319.

Zajac, F. E., & Gordon, M. E. (1989). Determining muscle’s force and action in multi-articular 
movement. Exercise and Sport Sciences Reviews, 17(1), 187–230.

16 B. J. C. BASTIAANSEN ET AL.


