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In-field assessment
of change-of-direction ability
with a single wearable sensor

Salil Apte'™, Hojjat Karami?, Célestin Vallat?, Vincent Gremeaux?> & Kamiar Aminian?

The Agility T-test is a standardized method to measure the change-of-direction (COD) ability of
athletes in the field. It is traditionally scored based on the total completion time, which does not
provide information on the different CODs. Augmenting the T-test with wearable sensors provides
the opportunity to explore new metrics. Towards this, data of 23 professional soccer players were
recorded with a trunk-worn GNSS-IMU (Global Navigation Satellite System-Inertial Measurement
Unit) device. A method for detecting the four CODs based on the wavelet-denoised antero-posterior
acceleration signal was developed and validated using video data (60 Hz). Following this, completion
time was estimated using GNSS ground speed and validated with the photocell data. The proposed
method yields an error (mean = standard deviation) of 0 + 66 ms for the COD detection, - 0.16 +0.22 s
for completion time, and a relative error for each COD duration and each sequential movement
durations of less than 3.5 +16% and 7 + 7%, respectively. The presented algorithm can highlight the
asymmetric performance between the phases and CODs in the right and left direction. By providing a
more comprehensive analysis in the field, this work can enable coaches to develop more personalized
training and rehabilitation programs.

Abbreviations

COD  Change-of-direction

DP Displacement phase

GNSS  Global navigation satellite system
IMU  Inertial measurement unit

ACL  Anterior cruciate ligament

ROM  Range of motion

COM  Centre of mass

PFC  Penultimate foot contact

FFC  Final foot contact

Al Acceleration impulse

AP Anteroposterior

ML Mediolateral

CcC Craniocaudal

LOA  Limits of agreement

g Acceleration due to gravity (9.81 ms™2)

Agility is an important ability for athletes in sports like soccer, rugby, hockey, tennis, badminton, etc., as they
are required to respond quickly to events on the field. In this context, the capacity to perform a "rapid whole-
body movement with change of velocity or direction in response to a stimulus" is defined as agility. Agility is
broadly based on two components: a reactive component involving cognitive factors as perception, reaction
time, anticipation, etc., followed by an athletic component involving speed, acceleration, strength, coordination,
technique etc., to execute the planned movement. Agility, being multifactorial, is difficult to evaluate quantita-
tively during in-field training and testing. However, the second component of agility, i.e., the ability to rapidly
execute a pre-planned movement, can be evaluated using change-of-direction (COD) tests in the field. The most
important factors affecting the technical execution of direction changes are the approach speed and the COD
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angle, where the latter is defined as the angle between the direction of body progression before and after the
COD. While there is no “gold-standard” COD test, a "T" shape of ten yards® is commonly used in sports such as
soccer?, basketball?, football®, tennis®, etc. This test has been shown to be reliable for effectively measuring COD
ability?”. Furthermore, it is popular because of the ease of use—a trial usually takes less than 15 s, only cones
are needed to mark the path and a pair of photocells to time it, and the test requires little space. Therefore, the
T-test is the focus of this work.

Performance on the COD T-test is not biased by cognitive factors because the trajectory is known, and the
athletes can plan their movement in advance. This makes the measurements more homogeneous in an elite athlete
population and eliminates the necessity to measure variables such as reaction time and cognitive load, which
are difficult to evaluate on the field. The required qualities to perform a COD are supposed to be a mix of: speed,
balance, technique (anticipatory and proprioception skills), strength, power, plyometric capacity, etc.'. Therefore,
COD speed tests are an effective way to assess multiple physical abilities at once in an environment closer to the
field. Rapid performance of COD requires an extended knee position, greater knee abduction angles, and large
ground reaction forces. Because these factors are related to knee joint strength and stability®, COD test is also
used as a tool to assess return to sport in athletes with anterior cruciate ligament (ACL) injuries, which are a com-
mon prognosis in sports that require COD skills. The deterioration of athletes’ ability to decelerate rapidly before
COD has been associated with loss of neuromuscular coordination, loss of strength, unconscious reduction of
speed before COD for fear of re-injury, etc., and can therefore be detected by a detailed analysis of the COD test”.

Detailed analyses, however, are not performed very often in common practice and performance analysis is
usually limited to the completion time. By using force plates, additional video analysis or wearable sensor technol-
ogy, advanced metrics such as ground contact time during COD can be assessed!’. Force plates can also be used
to evaluate the magnitude of GRF, where high reaction force, especially during the braking phase before COD,
correlates with better performance!!. Complementing the force plates with a motion capture system can provide
additional metrics such as speed before/after the COD, movement of the center of mass (COM), range of motion
(ROM) of trunk rotation along mediolateral axis, knee adduction moment (KAM), etc.’>. Furthermore, asym-
metries of the range of motion of the shank between right and left side can be a way to measure knee stability’
and the movement of COM and the magnitude of GRF can be used to ascertain vertical stiffness'* during COD.
While this measurement setup can enable the analysis of a large variety of metrics'%, it is cumbersome to use
during regular sessions on the field. In contrast, wearable sensor-based methods can provide an easier avenue
for analysis in the field”*'® and have been previously used to augment functional capacity tests.

Wearable IMU systems have been utilized to analyze COD tests? based on the changes in the body rotation
about the vertical axis. As this method requires the athlete to look in the direction of running after COD, it is
not applicable for the T-test. Another study used sacrum-worn IMU to distinguish between two different tech-
niques used in a slalom run® using a K-means clustering analysis. But the drift-reduction technique employed
to assess the trunk orientation was not validated quantitatively. Machine learning approaches have also been
employed to estimate running speed before/after turns using pelvis-mounted IMU?* and knee joint loading using
an IMU each on the thigh and the shank?’. However, the former work provided an association of R? < 0.7 and
only considered 180° cuts, while the latter study utilized a sleeve to attach the IMUs to the leg, thus making the
estimation susceptive to soft tissue artefacts, especially during highly dynamics movements. While a quantita-
tive analysis of the duration of each phase would be a beneficial for coaches to identify athletes’ weaknesses in
a particular movement sequence or COD type, none of these works considered the T-test and only one study®
utilized a wearable sensor commonly used by high level athletes. Therefore, we aimed to develop a method that
allows automatic detection of the different phases of a T-test as it can be a valuable tool for coaches. Thus, we
designed algorithms for analyzing an instrumented T-test by a trunk-worn GNSS-IMU sensor. Furthermore,
this work presents the validation of the duration of the detected phases and an initial exploration of the different
performance metrics that can be estimated using this method.

Methods

Materials and protocol. Twenty-three male professional soccer players (height: 181.4 + 5.4 cm, weight:
75.0 £ 5.6 kg, age: 25.1 + 4.3 years) from Swiss league football were enrolled in this study. The study was approved
by the EPFL human research ethics committee (HREC 053-2020) and conducted in accordance with the declara-
tion of Helsinki, and written informed consent was obtained from all the participants before the measurements.
During actual preseason testing of the soccer team, each athlete underwent two trials of the standard T-test
with instructions to give their best performance; only the second trial was with an IMU-GNSS sensor (AdMos,
ASI, Switzerland) placed on the upper back (Fig. 1A). This sensor setup was chosen as it is commonly used in
soccer® and it was previously used for instrumenting a (30-60 m) straight-line sprint test?. Since the sprint test
is typically carried out together with the T-test during pre-season testing in soccer, instrumentation of both tests
using the same sensor setup can be valuable. The AdMos sensor was configured to measure 3D acceleration and
angular velocity with the sampling frequency of 200 Hz as well as GNSS ground speed with the sampling fre-
quency of 10 Hz. Video data of all tests were recorded with a camera (Gopro Hero 5, frame rate = 60 fps), pointed
at the athlete and were used as reference for labelling the different phases of the test. The total completion time
of the test was measured using a photocell (Witty, Microgate corp, Italy) placed at the start line. The photocell
beeped when the athlete crossed the start line at the start and the end of the test. During the test, the athlete was
instructed to face forward, touch each cone, and to not cross the feet when shuffling sideways. Each T-test was
divided into 9 segments (Fig. 1B) that consist of 4 CODs and 5 displacement phases (DPs). During each COD,
the athletes must touch the cones, indicated by points B, C, and D:

1. DP I: Forward sprint from A to B which begins with the photocell sound
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Figure 1. Sensor setup and the nine segments of the Agility T-test. Instrumentation used for the protocol is
presented in Italics. For video labeling, start and end of COD 1 are defined as the right foot heel strike and left
foot toe-off, respectively.

COD 1: 90° angle COD using sidestep, from forward sprint to sideways displacement in the left direction
DP 2: First left shuffle which is sideway displacement from B to C

COD 2: 180° angle COD using split-step, from left shuffle to sideways displacement in the right direction
DP 3: Right shuffle which is sideway displacement from C to D

COD 3: 180° angle COD using split-step, from right shuffle to sideway displacement in the left direction
DP 4: Second left shuffle which is sideway displacement from D to B

COD 4: 90° angle change of direction using sidestep, from left shuffle to backward sprint

DP 5: Backward sprint from B to A that ends with the second photocell sound.
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Labelling of video data. For validation of the segmentation algorithms, it is important to label each of
defined segments from the recorded videos. For each COD segment, we defined five distinctive events: one
HS (heel strike) each for RF (right foot) and LF (left foot), one TO (toe-off) each for RF and LE, and one for
touching the cone. The COD motion can be divided into two main phases: the eccentric phase (braking) and
the concentric phase (pushing). The transition between the two phases occurs approximately when the athlete
touches the cone. Just before the eccentric phase and just after the concentric phase (of both legs), the athlete is
no longer in contact with the ground. COD duration is the time the athlete is in contact with ground, after the
first heel strike of the last flight phase of the approach displacement phase and the last toe-oft of the first flight
phase after the COD. Assigned events for each COD are depicted in the supplementary materials (Figure S2)
and briefly described below:

COD 1: Start and end are defined as the RF HS and LF TO, respectively (Fig. 1C)
COD 2: Start and end are defined as the RF HS and RF TO, respectively
COD 3: Start and end are defined as the LF HS and LF TO, respectively
COD 4: Start and end are defined as the RF HS and LF TO, respectively.

Time frames of each test were recorded using Kinovea” and then imported into MATLAB. Each test data was
manually cut in a 15-s window (the duration of the T-test is typically around 10 s) for subsequent algorithm
development and validation.

Algorithm development. A macro-micro approach is followed to detect COD segments, which has
already been successfully applied in biomechanical assessment using wearable IMUs?. First, a macro-analysis of
the signal was performed to identify the beginning and end of the test as well as the transient phases correspond-
ing to each of COD segments. Then, micro-analysis methods are were developed for a more accurate detection
of step patterns in each COD segments. COD detection algorithms were developed using data from 6 randomly
selected athletes out of the total 23. Furthermore, we proposed an algorithm for estimating total completion time
based on GNSS ground speed.

Macro-analysis.  'The reference for the beginning of the test was considered the time when the athlete crosses
the start line and the corresponding beep was heard from the photocell. Due to lack of synchronization between
photocell and the IMU, it was not possible to locate the exact timestamp of the beginning of the test on the IMU
signal. Therefore, the video and the signal were synchronized based on the event of the first step. The sound of
the photocell from the video was assumed to be the reference starting point while this first step was detected
from the IMU signals. Acceleration in the anterior-posterior (AP) direction was used to determine the begin-
ning of the test. While the axes were defined in the sensor frame (Fig. 1A), they were assumed to be aligned with
the body frame due to the location of the sensor within the vest and the tight fit of the vest. Thus, we can neglect
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relative movement of the sensor with respect to the trunk. This signal was filtered using a zero-phase 2nd order
Butterworth low-pass filter with a cut-off frequency of 10 Hz. The first two local maxima above 4 ms™ were
detected from this signal using the peakfinder function in MATLAB 2020b. The first peak likely originated from
the straightening of the upper body as the athlete began to push on the ground whereas the second peak likely
came from the impact during the first step of the test. Therefore, the local minimum before these two peaks was

defined as the start of the movement and the first HS (first step).

Four transient phases, corresponding to each of COD segments, were visible with a simple visualization of the
AP acceleration signal (Fig. 2). For transient signals, wavelet analysis enables reconstruction of the signal with
minimal phase shift and loss of information. Wavelet decomposition also preserves features such as a discontinu-
ity better than spectral analysis”’. Some studies have also shown that the magnitude of variables (such as vertical
acceleration while running) strongly depends on the filter cut-off frequency?®. Therefore, wavelet decomposition
within a range of 0.5-15 Hz was used to approximate the shape of AP acceleration signal. The mean value of
the AP acceleration (zero frequency) was then added back to the wavelet-approximated signal to synchronize it
with the original signal. Local minima below a specific threshold (T4 in Eq. 1), with prominence greater than
15 ms™2, were detected using the MATLAB peakfinder algorithm. T4 was chosen as a function of the average

peak value (resulting from the ground contact):

> " (local max. peak value)

T !
= — X
MA 4

number of local max. peaks

(1)

The AP acceleration between each detected local minima was then numerically integrated using the cumtrapz
function to approximate the change of velocity during a foot stance. This change in velocity during the COD
motion is referred to as the acceleration impulse (AI). As we see in Fig. 2, the acceleration impulses (in blue) are
around 5-7 ms™! during COD and between 1 and 3 ms™! during displacement phases. Four pairs of the detected
minima with the maximum AI values were selected as the COD segments. Since the order of the 90° and 180°
COD segments and the timestamps of the four pairs of minima were known, the COD type was also classified.

Micro-analysis. 'The COD detection algorithm presented in the macro-analysis section is used as a first approx-
imation for the beginning and the end of the COD events. The micro analysis algorithm was subsequently used
for a more precise detection of the start/end of the COD segments. The key event during each COD is typically
defined using the last step before shifting to the new direction, called ‘final foot contact’ (FFC)*, which is indi-
cated as the second heel-strike (for example, L;, in COD 2) in Figure S1. However, research has also shown the
importance of the step preceding the FFC, especially for sharp turns. This step is called ‘penultimate foot contact
(PFC), indicated as the first heel strike (for example, R, in COD 2) in Figure S1, and is used to brake prior to
the COD**. For CODs greater than 60°, it is recommended to brake strongly during the PFC, thus making
it important®. For the micro-analysis, five candidate methods were developed based on the observation of the

signals, and the obtained error over 6 participants was used to evaluate these methods:

® MO: The COD detection from macro analysis (Fig. 2) was used. Start and end of the COD were the local

minima between the largest AP acceleration impulse.

e M1: Within the selected local minima, a smaller wavelet range (0.5-5 Hz) was applied, and the resultant local

minima were selected as the start and end events.

e M2 (only for 180° COD): If there was a large peak just before the start detected during macro-analysis, this
method advanced the start of COD by a local minimum. The goal was to shift the detected start from the
second HS to the first, i.e., PFC. The end of COD, which was detected during macro-analysis, was shifted
forward by a local minimum if the detected minima (end) was less than 0. This was done to shift the endpoint

to the second TO.
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Figure 2. Segmentation of one test sample using reconstructed AP acceleration signal. T_MA is indicated
by dotted horizontal line. Blue horizontal line shows the acceleration impulse between each local minimum;

blue triangles show all the local minimum; timeline at the top comes from video reference with the blue

crosses showing the instance of cone touch, the green and red vertical lines indicating heel strike and toe off,

respectively. This timeline is shaded darker than the segments below, to highlight its role as reference from video.
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e M3: First point on the acceleration norm signal with values less than g was found, which occurred immedi-
ately near the approximate COD start/end found with the macro analysis. Acceleration norm < g indicates
the flight phases, which occurs immediately before the first HS and after the second TO.

® M4: For the first 90° COD (COD 1), the end of COD detected from the macro-analysis was moved forward
by one local minimum if the detected end was immediately followed by a peak. This peak indicates the second
TO, which occurs at the end of the COD 1.

Total completion time estimation. It is possible to estimate total completion time by integrating GNSS ground
speed (vgnss(#)) in the last displacement phase. We consider estimated timestamp for the end of last COD
(tcop4end) and estimated total completion time (Tesr) as the lower and upper bounds of an integral, which
should be equal to the last displacement phase (Lpps) minus the arm reach (Lsg). We assumed Lar = 1.42m
based on the anthropomorphic measurements data for 95th percentile of adult males®. We can solve Eq. (2)
using numerical integration to obtain an estimation for total time:

Testc
Lpps — Lar = /A venss (t)dt ()

tcoD4end

Validation. For each micro-analysis method, the error (g for start and &, for end) in ms between detected COD
start (Tests) and end (Tsre) timestamps with respect to the corresponding reference timestamps (Tyes and Trefe)
were obtained from the video labels:

Es = lrefs — Tests (3)

Ee = lrefe — Teste (4)

If there is a shift due to the assumption of the first step as a starting point, it should be observable across
COD events for a within-subject observation. Here, shift is considered when the mean of the error has a higher
magnitude than the standard deviation (SD), with positive sign considered as positive shift and vice-verse for
negative shift. To investigate this shift, we investigated the mean +S.D. of &5 and €. for each participant across all
CODs. Based on the start and end points, duration of each segments (4 CODs and 5 DPs) was also computed, as
it is an important metric for analysis of the performance during the T-test'?. For the durations, the absolute error
(&4q) in ms and relative error (&4,) in % were computed from estimated (D,) and reference (D,) durations. The
error for total completion time (g4.) was also computed, based on the difference between the duration recorded
by the photocell (Ty.1) and the one estimated (Testc) using Eq. (2). Finally, the Bland-Altman plot* was utilized to
investigate any correlation between the errors (&5, €¢, and £,4.), the detected events (Tyep and Teste) and estimated
completion time (Tt and Testc). Equations (5), (6), and (7) show the computation of the errors. The distribution
of &5 and &, was tested for normality using the Kolmogorov-Smirnov test and the distribution of g4, was tested
using Shapiro-Wilk test, according to published recommendations for normality tests®.

€da = Dy — D, (5)
D, — D, .
Edr = D x 100% (6)
r
Edc = Lrefc — Testc (7)

Metrics for performance in COD test. While the proposed method for instrumenting the agility test can
provide additional data during the COD, we used existing performance metrics from literature®!>'4**, Among
a larger set of metrics that can be estimated using a combination of force plate and motion capture systems, we
considered those that can be estimated using the current sensor setup for further analysis. We selected the best’
and ‘worst’ groups of five participants each to investigate the relationship between the metrics and athlete’s per-
formance. The ‘best’ and ‘worst’ performance was assessed with the total completion time, as this is the standard
metric used to evaluate the T-test. The total completion time of the test is the standard performance metric,
which comes from the photocells. The duration of each COD and displacement phases was used to gain insight
into the potential weakness/strength for different movements. Finally, the total cutting time, which is the sum
of the approach phase (DP before COD) duration, the COD duration, and the exit phase (DP after COD) dura-
tion, was computed to assess the performance of a single COD. Pearson correlation® between total cutting time
for each COD and the total completion time was evaluated to investigate the relevance of total cutting time as
a performance metrics. Additionally, the individual durations of all nine segments, and the total cutting time
for each COD were visually compared for the five athletes with highest and lowest total completion times. This
provides an insight into potential discriminating factors in performance.

Ethical approval. The study protocol was reviewed and approved by EPFL Human Research Ethics Com-
mittee (HREC 053-2020) and conducted according to the declaration of Helsinki. The patients/participants pro-
vided their written informed consent to participate in this study.
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Results

The total test completion time (mean + std) based on photocells was 9.11+0.35 s and 9.32+0.35 s for the two
trials. Details on the completion time and an illustration of the video labelling for 8 athletes are presented in
Figure S2 in Supplementary materials. Considering this video data as the reference, results for the detection of
COD start/stop and the performance metrics are presented in this section. The profile for the speed, obtained
using the GNSS receiver, is presented in the Figure S3 in supplementary materials.

Detection and duration of COD. The proposed method was capable of detecting all the phases of COD
and distinguishing between the 90° and 180° CODs. With the detected first step assumed as the start (t=0s),
T-test timelines for four participants are presented in Figure S4. We observed a simultaneous positive shift in
the detected COD start (&) and end (&) in only three participants and a simultaneous negative shift in only
four participants (see Table S1). &; and &, for each COD from the four micro-analysis methods are presented
in Figure S5. Based on the lowest error, MO was the best method for detecting the start of COD 1 and the start
and stop for COD 4. For COD 2 and COD 3 (180° COD) M2 produced the lowest error for both start and stop.
Finally, for detecting the end of COD 1, M4 led to the best results. The errors resulting from the combination of
the above-mentioned best methods are presented in Table 1. The maximum relative errors were less than 7% and
15% for the estimation of phase and COD duration, respectively.

Figure 3A presents the Bland-Altman plot for the estimation of the COD start/end events using the combi-
nation of best methods presented above. T represents the timestamp of the detected event using the proposed
method, while T, ¢ represents the timestamp for the same event obtained using the video data. The 95% limit of
agreement (LOA) of the proposed method was between — 130.2 and 130.2 ms and the mean difference is 0.0 ms.
The Bland-Altman plot did not show a systematic trend for the estimation errors. The error 4. (mean * standard
deviation) in the estimated total completion time was — 0.16 £ 0.22 s. Since the GNSS data for three participants
was not recorded appropriately, this result was computed over twenty participants. The 95% LOA was between
— 0.6 and 0.3 s, while the Bland-Altman plot for this error does not present a systematic trend for the estima-
tion error.

DP1 DP2 DP3 DP 4 DP5

DP duration

£4a (mS) -3+53 —2+422 -20+68.2 19+50.4 —-135+£142.7

ear (%) -0.2+3.13 -0.3+5.16 - 1.1+£3.65 2+6.01 -6.7£6.93
COD 1 COD 2 COD 3 COD 4

COD duration

£4q (mS) -10+51.4 25+72.3 2+69.8 5+59.6

ear (%) —2.7+14.08 3.5+13.21| -0.2+12.32 1.3+14.47

COD event

& (ms) —-25%53 -129+553 | -8.7+£73.7 11.4+63.9

& (ms) -12.7+59.3 16.5+77.9 | —=7.4+754 16.5+£69.6

Table 1. Mean +standard deviation of estimation error and (%) for each displacement phase (DP) and
change-of-direction (COD) across all participants.
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Figure 3. Bland-Altman plot for detected COD start/end events and total completion time. Results of the
combination of best methods are presented here for COD detection, LOA (ms) limits of agreement and CI

confidence

interval.
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Performance metrics. It was found that total cutting time of each COD was correlated to total completion
time (Figure S2 in the supplementary material), suggesting that this performance metric indeed reflects the gen-
eral T-test performance of elite athletes. The Pearson correlation coefficient for each COD was as follows—COD
1: 0.58 (p<0.01), COD 2: 0.62 (p<0.001), COD 3: 0.70 (p<0.0001), and COD 4: 0.78 (p <0.0001). The duration
of COD did not correspond to the duration of the test, with fastest five and slowest five athletes spending similar
amount of time during COD (Fig. 4). The best and worst groups spent similar time in CODs (Fig. 4), but fast
athletes were generally faster during the displacement phases. The difference in performance seems to arise more
from the long shuffle to the right and the backward sprint than from other displacement phases. Furthermore,
all four total cutting times, as seen with the correlation, can also differentiate well between the two performance
groups.

Discussion
The labelling accuracy of each event is around 3 frames, which corresponds to an error of approximately 50 ms
for a camera with 60 Hz frame rate. The S.D. of the error for detection of all COD events (Fig. 3) was 66 ms,
which is close to this expected range of 50 ms. It is also in the similar range as other studies, which utilized IMU
and video reference to segment motion phases during highly dynamic activities®®. In Fig. 4, we can see a minimal
bias in the COD1 and COD4 (90° angle) events detection, whereas the 180° COD are relatively more biased. This
is because the method MO, directly based on the macro-analysis, sometimes detects the second step in and the
first step out of the 180° COD. This does not happen in 90° COD because almost all the braking motion happens
during the first step in. In method M2, if a large peak is detected just prior to the COD start reference from macro
detection, the COD start point is moved before this peak. For the COD end, if the AP acceleration is bigger than
0, the end is pushed to the next local minimum smaller than 0. This method thus allows to get the first step in if
the second heel strike is detected by the macro analysis and the second toe off if the first was previously detected
by the macro analysis. Therefore, this method provides the best result (Figure S5 in supplementary materials)
for the COD 2 and COD 3, with the 180° rotation. Method M4 improves the detection of the end of the first 90°
COD (COD 1), by using the same principle as method M2 of shifting the detected end by one local minimum.
While one cause of the variation in the S.D. of COD event detection between 53 and 77.9 ms (Table 1) was
the low frame rate of the reference video, another important could be the COD technique used by the athletes.
The athletes who crossed legs during COD or the side shuffle were identified from video but not eliminated,
since this phenomenon is difficult to address during testing in the field*. To decelerate and then accelerate the
body in the new direction, the COD motion implies an important antero-posterior (AP) and medio-lateral (ML)
acceleration impulse on the ground and on the trunk®”%. These AP and ML impulses were clearly observable in
the IMU signal and were enclosed by the labeled step events defining the change of direction. The detected AP
acceleration impulse (Fig. 2) was positive for each COD, even though the COD angle and technique exhibit large
differences on the video recordings. This is likely because of the positive reaction force in AP direction created
by the braking force on the foot of the athlete. For the same reason, local minima before high peaks on the AP
acceleration align with the impact of each step during every motion phase (Fig. 2), despite the different motion
techniques—shuffle, sprint forward, and sprint backward.
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Figure 4. Comparison between five best (red) and worst (blue) participants in terms of results. Best and
worst groups comprised of five participants each with lowest and highest total completion times on the test,
respectively.
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The error in total completion time (- 0.16 £0.22 s) was close to the frequency of the GNSS unit (0.1 s) and
the difference between the mean values (0.21 s) of the completion times for the two trials with same instructions,
despite the highly homogeneous population. This indicates acceptable performance for repeated measurements
for athletes through the season. The proposed method overestimates the test duration due to the photocells being
positioned slightly ahead of the cone, thereby causing the athletes to pass the photocell earlier than the assumed
distance of 9.14 m at the end. The assumption of the arm reach distance (L4g) of 1.42 m was based on data for
95th percentile males and introduces precision error since athletes have varying arm reaches. The error on phase
duration has an absolute mean error smaller than 25 ms for all displacement phases, except for the backward
run phase (- 135 ms). This larger error comes from both the error on the total completion time and the choice
to synchronize the signal and the video with the first step. Some athlete crossed the starting line before their first
step and others after. As the first step was considered as the beginning of the test in the IMU signal analysis, this
creates an error on the end time of the test only. As seen in (Table 1), the mean relative error for motion phases
is around 5%, but the standard deviation of the relative error for the COD duration is around 15%. This is likely
because of the short COD duration (~ 500 ms), compared to the precision of the general method (~ 50 ms).

The duration of CODs did not correlate with the duration of the test, with fast and slow athletes spending
similar time during COD (Fig. 4), despite it representing roughly 20% of the total duration. Conversely, correla-
tion between the total test completion and the total cutting time for each COD reflects the influence of cutting
performance on the T-test performance for elite athletes. This observation confirms the fact that T-test assesses
a mix of functional capacity in each displacement phase and that the difference in performance in elite athletes
comes from each part of the test>®*. Therefore, it seems less useful to "rush” the COD movement to save time
on the T-test, but better to focus on the speed during the displacement phases. However, this claim needs to be
validated over a larger sample of athletes with varied skill levels. The COD duration alone can also be used as a
measure of performance, and although it cannot be assessed in the traditional T-test scoring method, it can be
assessed using the proposed method. Differences in the ’best’ and 'worst’ athlete groups were also highlighted
through their speed profile (see Figure S6 in supplementary material); faster athletes show a higher speed drop
just before or during the COD’s and a stronger acceleration after 180° CODs. This suggests that the ability to
accelerate during shuffle phases may be key to T-test performance. Interestingly, the minimum speed during
the first 90° COD is lower in faster athletes. This suggests that the ability to decelerate quickly is more important
than absolute speed during COD, which is consistent with literature'’. These observations underline the fact that
the ability to perform a COD speed test depends not only on the COD itself, but also on the ability to accelerate
and decelerate during the displacement phases, reflecting the plyometric qualities of the athletes. To further
investigate these abilities in the field, additional metrics such as approach and exit speed, minimum speed, peak
absolute acceleration, and acceleration impulse can be estimated during each COD®!434,

Limitations and future work. The synchronization between video and IMU can be improved by asking
the athlete to do an easily detectable movement (e.g., standing jump) before the test. A better way to synchronize
is to use a simultaneously detectable electronic pulse or obtain the precise GMT/UNIX timestamp. Further-
more, using a higher frame rate for the reference video camera will help to have a better resolution and therefore
improve the estimation of the accuracy of the proposed methods. Adding IMU on the feet would allow us to dif-
ferentiate right and left leg ground contact time (or PFC from FFC) and enable further investigation into how the
impact on the ground is transferred to the trunk. However, the use of a higher sampling frequency (more than
462 Hz) is recommended in order to reduce errors in the estimate of GRF and ground contact time*. Adding an
IMU on the sacrum could help to get data more related to the lower limb and independent of the compensatory
movement of the trunk. However, to detect COD precisely, the single IMU on the back is sufficient. The single
IMU on the trunk, worn in a vest, is commonly used in existing testing protocols and in competitive games by
soccer players; therefore, the application of the proposed methods is easier in practice.

The micro-analysis algorithm uses external inputs such as relative thresholds, frequency range of reconstruc-
tion, or time window around COD. Therefore, a sensitivity analysis can potentially improve the robustness of the
algorithm. The maximum acceleration was taken on the 15 Hz wavelet-reconstructed signal to avoid unrealistic
peak acceleration values. As the range of frequency for this reconstructed signal affects the maximum acceleration
value, the exact correlation between maximum GRF and reconstructed acceleration should be clarified. The
sign of ML angular speed changes during COD because of the straightening of the chest after the athlete touches
the cone. Because trunk motion correlates with COD cutting performance, ML angular velocity profile could
provide a complementary method to detect COD. It may also provide a way to distinguish between the eccentric
and concentric COD phases. Additionally, automated pattern recognition algorithms could be implemented to
recognize the signal shape for each COD angle (90°, 180°, etc.) to enable COD analysis during match play*!. For
detecting the end of the T-test, the validity of the GNSS ground speed should be inspected due to its low sampling
frequency (10 Hz). Furthermore, this limitation can be addressed by fusing the IMU and GNSS information,
wherein the IMU can provide the necessary sampling rate and the GNSS speed can be used to correct the drift
in the IMU-based speed®. An important source of variability in movement mechanics is the athlete population,
with females demonstrating significantly less peak hip abduction than did males during COD maneuvers*2. Thus,
the proposed methods should be at least validated separately for female soccer players.

Conclusion

The proposed method can be used to determine the duration of the five displacement phases and detection of the
COD events using a single trunk-worn GNSS-IMU unit during a T-test. It uses the large anteroposterior change
in momentum caused by the braking and acceleration phases of the COD to detect them. The Bland-Altman
analysis for all COD events detected in the T-test shows a mean error of -0+ 66 ms and a 95% confidence interval

Scientific Reports |

(2023) 13:4518 | https://doi.org/10.1038/s41598-023-30773-y nature portfolio



www.nature.com/scientificreports/

of £130 ms (3.9%), compared to reference data from video camera. Thus, the T-test were successfully divided
into 9 phases, allowing coaches to better understand the athletes’ technique and physical qualities during each
displacement phase and COD types, and may prove to be a valuable performance evaluation tool for coaches.
For example, the observation that total cutting time is correlated to the total completion or that the displace-
ment phase duration could differentiate between the best/worst five performers, could be useful for identifying
athletes’ strengths and weaknesses. Furthermore, asymmetrical performance between displacement in the right
and in the left detection can be highlighted, which can potentially provide information about the position in the
field where the player will perform the best. Right and left asymmetries during COD duration could be sign of
fatigue in one of the knees and/or an asymmetry in the strength of the muscles used for braking. This informa-
tion can help the coach and the strength and conditioning staff to develop a more personalized training and
rehabilitation program.

Data availability
The data is available from the corresponding author on reasonable request.

Received: 21 November 2022; Accepted: 28 February 2023
Published online: 18 March 2023

References
1. Sheppard, J. M. & Young, W. B. Agility literature review: Classifications, training and testing. J. Sports Sci. 24, 919-932 (2006).
2. Pauole, K., Madole, K., Garhammer, J., Lacourse, M. & Rozenek, R. Reliability and validity of the T-test as a measure of agility, leg
power, and leg speed in college-aged men and women. J. Strength Condition. Res. 14, 443-450 (2000).
3. Sporis, G., Jukic, I., Milanovic, L. & Vucetic, V. Reliability and factorial validity of agility tests for soccer players. J. Strength Condi-
tion. Res. 24, 679-686 (2010).
4. Chaouachi, A. et al. Lower limb maximal dynamic strength and agility determinants in elite basketball players. J. Strength Condi-
tion. Res. 23, 1570-1577 (2009).
. Gleason, B. H., Kramer, ]. B. & Stone, M. H. Agility training for American football. Strength Condition. J. 37, 65-71 (2015).
6. Sekulic, D., Uljevic, O., Peric, M., Spasic, M. & Kondric, M. Reliability and factorial validity of non-specific and tennis-specific
pre-planned agility tests; preliminary analysis. J. Hum. Kinet. 55, 107 (2017).
7. Stewart, P. E, Turner, A. N. & Miller, S. C. Reliability, factorial validity, and interrelationships of five commonly used change of
direction speed tests. Scand. J. Med. Sci. Sports 24, 500-506 (2014).
8. Dos’ Santos, T., McBurnie, A., Thomas, C., Comfort, P. & Jones, P. A. Biomechanical comparison of cutting techniques: A review
and practical applications. Strength Condition. J. 41, 40-54 (2019).
9. Kim, K. J. et al. Quantification of agility testing with inertial sensors after a knee injury. Med. Sci. Sports Exerc. 52, 244-251 (2020).
10. Sasaki, S., Nagano, Y., Kaneko, S., Sakurai, T. & Fukubayashi, T. The relationship between performance and trunk movement during
change of direction. J. Sports Sci. Med. 10, 112 (2011).
11. Jones, P. A., Thomas, C., Dos’ Santos, T., McMahon, J. ]. & Graham-Smith, P. The role of eccentric strength in 180 turns in female
soccer players. Sports 5, 42 (2017).
12. Welch, N, Richter, C., Franklyn-Miller, A. & Moran, K. Principal component analysis of the biomechanical factors associated with
performance during cutting. J. Strength Condition. Res. 35, 1715-1723 (2021).
13. Maloney, S. ], Richards, J., Nixon, D. G., Harvey, L. J. & Fletcher, I. M. Do stiffness and asymmetries predict change of direction
performance?. J. Sports Sci. 35, 547-556 (2017).
14. McBurnie, A. J., Dos’ Santos, T. & Jones, P. A. Biomechanical associates of performance and knee joint loads during a 70-90° cut-
ting maneuver in subelite soccer players. J. Strength Condition. Res. 35, 3190-3198 (2021).
15. Ahmadian, N., Nazarahari, M., Whittaker, J. L. & Rouhani, H. Quantification of triple single-leg hop test temporospatial parameters:
A validated method using body-worn sensors for functional evaluation after knee injury. Sensors 20, 3464 (2020).
16. Apte, S., Troxler, S., Besson, C., Gremeaux, V. & Aminian, K. Augmented Cooper test: Biomechanical contributions to endurance
performance. Front. Sports Active Liv. https://doi.org/10.3389/fspor.2022.935272 (2022).
17. Picerno, P,, Camomilla, V. & Capranica, L. Countermovement jump performance assessment using a wearable 3D inertial meas-
urement unit. J. Sports Sci. 29, 139-146 (2011).
18. Willy, R. W. Innovations and pitfalls in the use of wearable devices in the prevention and rehabilitation of running related injuries.
Phys. Ther. Sports 29, 26-33 (2018).
19. Prigent, G. et al. Concurrent evolution of biomechanical and physiological parameters with running-induced acute fatigue. Front.
Physiol. 74, 25 (2022).
20. Meghji, M. et al. An algorithm for the automatic detection and quantification of athletes’ change of direction incidents using IMU
sensor data. IEEE Sens. J. 19, 4518-4527 (2019).
21. McGinnis, R. S. et al. Inertial sensor and cluster analysis for discriminating agility run technique and quantifying changes across
load. Biomed. Signal Process. Control 32, 150-156 (2017).
22. Zago, M., Sforza, C., Dolci, C., Tarabini, M. & Galli, M. Use of machine learning and wearable sensors to predict energetics and
kinematics of cutting maneuvers. Sensors 19, 3094 (2019).
23. Stetter, B. ], Ringhof, S., Krafft, F. C., Sell, S. & Stein, T. Estimation of knee joint forces in sport movements using wearable sensors
and machine learning. Sensors 19, 3690 (2019).
24. Clemente, E M., Sequeiros, J. B., Correia, A., Silva, E G. M. & Martins, E M. L. Computational Metrics for Soccer Analysis (Springer,
2018). https://doi.org/10.1007/978-3-319-59029-5.
25. Apte, S., Meyer, E, Gremeaux, V., Dadashi, F. & Aminian, K. A sensor fusion approach to the estimation of instantaneous velocity
using single wearable sensor during sprint. Front. Bioeng. Biotechnol. 8, 25 (2020).
26. Hamidi Rad, M., Gremeaux, V., Dadashi, F. & Aminian, K. A novel macro-micro approach for swimming analysis in main swim-
ming techniques using IMU sensors. Front. Bioeng. Biotechnol. 8, 5 (2021).
27. El-Sheimy, N., Nassar, S. & Noureldin, A. Wavelet de-noising for IMU alignment. IEEE Aerosp. Electron. Syst. Mag. 19, 32-39
(2004).
28. Day, E. M., Alcantara, R. S., McGeehan, M. A., Grabowski, A. M. & Hahn, M. E. Low-pass filter cutoff frequency affects sacral-
mounted inertial measurement unit estimations of peak vertical ground reaction force and contact time during treadmill running.
J. Biomech. 119, 110323 (2021).
29. Dos’ Santos, T., Thomas, C., Comfort, P. & Jones, P. A. The effect of angle and velocity on change of direction biomechanics: An
angle-velocity trade-off. Sports Med. 48, 2235-2253 (2018).
30. Nedergaard, N. J., Kersting, U. & Lake, M. Using accelerometry to quantify deceleration during a high-intensity soccer turning
manoeuvre. J. Sports Sci. 32, 1897-1905 (2014).

wu

Scientific Reports |

(2023) 13:4518 | https://doi.org/10.1038/s41598-023-30773-y nature portfolio


https://doi.org/10.3389/fspor.2022.935272
https://doi.org/10.1007/978-3-319-59029-5

www.nature.com/scientificreports/

31. Chakrabarti, D. Indian Anthropometric Dimensions for Ergonomic Design Practice (National Institute of Design, 1997).

32. Bland, J. M. & Altman, D. G. Applying the right statistics: Analyses of measurement studies. Ultrasound Obstet. Gynecol. 22, 85-93
(2003).

33. Mishra, P. et al. Descriptive statistics and normality tests for statistical data. Ann. Card Anaesth. 22, 67-72 (2019).

34. Young, W. B., Dawson, B. & Henry, G. J. Agility and change-of-direction speed are independent skills: Implications for training
for agility in invasion sports. Int. J. Sports Sci. Coach. 10, 159-169 (2015).

35. Benesty, J., Chen, J., Huang, Y. & Cohen, I. Pearson correlation coefficient. Springer Top. Signal Process. 2, 1-4 (2009).

36. Marshall, B. M. et al. Biomechanical factors associated with time to complete a change of direction cutting maneuver. J. Strength
Condition. Res. 28, 2845-2851 (2014).

37. Dayakidis, M. K. & Boudolos, K. Ground reaction force data in functional ankle instability during two cutting movements. Clin.
Biomech. 21, 405-411 (2006).

38. Glaister, B. C., Orendurff, M. S, Schoen, J. A., Bernatz, G. C. & Klute, G. K. Ground reaction forces and impulses during a transient
turning maneuver. J. Biomech. 41, 3090-3093 (2008).

39. Gruber, A. H., Marotta, L., McDonnell, J. & Reenalda, J. All devices are not created equal: Simultaneous data collection of three tri-
axial accelerometers sampling at different frequencies. Proc. Inst. Mech. Eng. Part P ]. Sports Eng. Technol. 20, 17543371221140516.
https://doi.org/10.1177/17543371221140517 (2022).

40. Wundersitz, D. W,, Netto, K. J., Aisbett, B. & Gastin, P. B. Validity of an upper-body-mounted accelerometer to measure peak
vertical and resultant force during running and change-of-direction tasks. Sports Biomech. 12, 403-412 (2013).

41. Cust, E. E., Sweeting, A. J., Ball, K. & Robertson, S. Machine and deep learning for sport-specific movement recognition: A sys-
tematic review of model development and performance. J. Sports Sci. 37, 568-600 (2019).

42. Pollard, C. D., Davis, I. M. & Hamill, J. Influence of gender on hip and knee mechanics during a randomly cued cutting maneuver.
Clin. Biomech. 19, 1022-1031 (2004).

Acknowledgements

We are grateful for the help of all the coaches and the athletes who enthusiastically participated in our measure-
ments. We thank Mathieu Falbriard, Pascal Morel, Gaelle Prigent, and Mahdi Hamidi Rad for their help during
the data collection. This project has received funding from the European Union’s Horizon 2020 Research and
Innovation Programme under the Marie Sklodowska-Curie Grant agreement no. 754354.

Author contributions

S.A., HK, V.G, and K.A. conceptualized the study design, while S.A. conducted the data collection. C.V.
designed and implemented the algorithms with S.A. and H.K. guiding the study. S.A., H.K,, and C.V. contributed
to the analysis and interpretation of the data. S.A. drafted the manuscript, with inputs from H.K. and C.V. on its
outline and structure. All authors revised it critically, approved the final version, and agreed to be accountable
for all aspects of this work.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-023-30773-y.

Correspondence and requests for materials should be addressed to S.A.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International
BY

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports |

(2023) 13:4518 | https://doi.org/10.1038/s41598-023-30773-y nature portfolio


https://doi.org/10.1177/17543371221140517
https://doi.org/10.1038/s41598-023-30773-y
https://doi.org/10.1038/s41598-023-30773-y
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	In-field assessment of change-of-direction ability with a single wearable sensor
	Methods
	Materials and protocol. 
	Labelling of video data. 
	Algorithm development. 
	Macro-analysis. 
	Micro-analysis. 
	Total completion time estimation. 
	Validation. 

	Metrics for performance in COD test. 
	Ethical approval. 

	Results
	Detection and duration of COD. 
	Performance metrics. 

	Discussion
	Limitations and future work. 

	Conclusion
	References
	Acknowledgements


