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SPORTS MEDICINE AND BIOMECHANICS

Validation of LEOMO inertial measurement unit sensors with marker-based 
three-dimensional motion capture during maximum sprinting in track cyclists
Roné Thompson a,b, Rodrigo Rico Binic, Carl Patond and Kim Hébert-Losiera
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Cambridge, New Zealand; cRural Health School, La Trobe University, Victoria, Australia; dSchool of Health and Sport Science, Te Pukenga at Eastern 
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ABSTRACT
LEOMO™ is a commercial inertial measurement unit system that provides cycling-specific motion perfor
mance indicators (MPIs) and offers a mobile solution for monitoring cyclists. We aimed to validate the 
LEOMO sensors during sprint cycling using gold-standard marker-based three-dimensional (3D) motion 
technology (Qualisys, AB). Our secondary aim was to explore the relationship between peak power 
during sprints and MPIs. Seventeen elite track cyclists performed 3 × 15s seated start maximum efforts on 
a cycle ergometer. Based on intraclass correlation coefficient (ICC3,1), the MPIs derived from 3D and 
LEOMO showed moderate agreement (0.50 < 0.75) for the right foot angular range (FAR); left foot angular 
range first quadrant (FARQ1); right leg angular range (LAR); and mean angle of the pelvis in the sagittal 
plane. Agreement was poor (ICC < 0.50) between MPIs derived from 3D and LEOMO for the left FAR, right 
FARQ1, left LAR, and mean range of motion of the pelvis in the frontal and transverse planes. Only one 
LEOMO-derived (pelvic rotation) and two 3D-derived (right FARQ1 and FAR) MPIs showed large positive 
significant correlations with peak power. Caution is advised regarding use of the LEOMO for short 
maximal cycling efforts and derived MPIs to inform peak sprint cycling power production.
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Introduction

Many practitioners and researchers capture biomechanics in 
clinics and laboratories attempting to enhance performance 
or mitigate injury risk. In cycling, most studies evaluating 
cycling biomechanics and the optimal cycling positions are 
based on sub-maximal tests, making the outcomes mainly 
applicable to road cyclists (R. R. Bini et al., 2016; Galindo- 
Martinez et al., 2021; Geoffrey et al., 2020). In sports, it is 
important to assess athletes in their sporting environment 
and undertake naturalistic research (Bishop, 2008; Williams & 
Kendall, 2007), which for track cyclists, would involve gathering 
kinematics and kinetic data on the velodrome track.

Unfortunately, using gold standard three-dimensional (3D) 
motion analysis to analyse kinematics on the velodrome is 
challenging due to high costs, considerable time requirements, 
and a low number of recorded cycles due to the stationary 
position of cameras on a small section of the track (Bernardina 
et al., 2019). Although kinetic analysis is possible on a track 
through high-quality power metres, obtaining these data on 
the track is more challenging than within a controlled labora
tory environment (H. A. Ferguson et al., 2021). Therefore, kine
matic and kinetic data from sprint cyclists are typically obtained 
in laboratory on a cycle ergometer (Burnie, 2020; Burnie et al.,  
2023; Nimmerichter & Williams, 2015). However, cycling on 
a cycle ergometer differs from actual cycling conditions 
(Bertucci et al., 2005) or cycling on a track (Brito et al., 2014; 
Burnie, 2020; Nimmerichter & Williams, 2015), plausibly due to 

less technical ability (Nimmerichter & Williams, 2015) and less 
stabilisation required on an ergometer (Burnie, 2020). Several 
approaches and tools can be used to measure posture or kine
matics of cyclists on their bikes, which may cause discrepancies 
in outcomes (R. Bini et al., 2023). Various tools are available to 
quantify motion, including two-dimensional (2D) videos, gold- 
standard 3D marker-based motion analysis systems, electrogo
niometers and inertial measurement units (IMUs) (R. Bini et al.,  
2023; Fonda et al., 2014). Some researchers recommend using 
3D above 2D for assessing lower extremity kinematics during 
cycling due to the greater precision (Fonda et al., 2014; 
Pouliquen et al., 2020).

Nonetheless, IMUs are a wearable technology becoming 
popular in sports (Benson et al., 2022; Hughes et al., 2021) 
that typically incorporate tri-dimensional linear accelerometers, 
magnetometers, and gyroscopes (Hughes et al., 2021). IMUs 
can record large quantities of kinematic data in sport (Van der 
Kruk & Reijne, 2018) outside of laboratories, increasing ecolo
gical validity (Hughes et al., 2021). It may be a valid and more 
cost-effective alternative to 3D analyses (Hughes et al., 2021) 
and is already used in different individual and team sports 
(Chambers et al., 2015), such as tennis (Brocherie & Dinu,  
2022; Delgado-García et al., 2020), running (Benson et al.,  
2022; Picerno, 2017; Routhier et al., 2020), basketball 
(Slawinski et al., 2018), and snow sports (Chambers et al., 2015).

IMUs also have limitations, with sensor selection needing 
careful consideration and being chosen based on technical 
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specifications and requirements (Hughes et al., 2021). The 
LEOMOTM motion sensor system (TYPE-S, LEOMO, Boulder, Co, 
USA) is an IMU system used within the running and cycling 
community (Millour et al., 2022; Plaza-Bravo et al., 2022). It has 
shown excellent to moderate validity in computing the range 
of lower extremity motion in the sagittal plane during steady- 
state cycling in a laboratory, but the presence of systematic 
errors in measuring angular range of leg motion and pelvic 
angles (Plaza-Bravo et al., 2022). LEOMO sensors are quick, easy 
(LEOMO Help Centre, 2020a) and non-invasive to place and 
could allow data to be captured during sprint starts and con
tinuously in a velodrome if shown valid for this particular 
purpose. Such information may not only support the optimisa
tion of performance (e.g., aerodynamic position on the bike) 
(Faulkner & Jobling, 2021), but also the management of injuries 
(e.g., positions on the bike that reduce pain or progression of 
pathologies) (Frank et al., 2018; Wadsworth & Weinrauch, 2019).

The LEOMO system outputs motion performance indicators 
(MPIs) for cyclist, such as angular range and pelvic angle. 
Although there is limited research on the MPIs as defined by 
the manufacturer, the relationship between MPIs and perfor
mance in professional cyclists has been explored during 
a graded exercise test performed on a cycle ergometer. An 
increase pelvic inclination and rotation was observed at higher 
intensities and reduced right foot range of movement (ROM) 
was moderately associated with greater peak power (Courel- 
Ibáñez et al., 2021). Given the existing research on the LEOMO 
system in road cycling (Courel-Ibáñez et al., 2021; Plaza-Bravo 
et al., 2022), we aimed to validate the MPIs derived from the 
LEOMO TYPE-S against gold-standard 3D analysis with elite 
track cyclists performing seated maximum sprinting in 
a laboratory and hypothesis this system would be valid. 
Provided the potential link between cycling kinematics and 
performance, a secondary aim was to investigate the possible 
relationship between the MPIs described by the LEOMO system 
and peak power output in elite track sprint cyclists. We 
hypothesised that there would be a relationship between the 
MPIs and peak power.

Materials and methods

Sample size

The sample size was calculated based on correlation coeffi
cients from a prior validation study on the LEOMO device, 
where an average correlation coefficient of r = 0.694 between 
LEOMO and 2D motion data was reported (Plaza-Bravo et al.,  

2022). On that basis, 14 cyclists were required when calculating 
sample size requirements using an online calculator (https:// 
sample-size.net/correlation-sample-size/), setting α at 0.05 and 
β at 0.20 (Hulley et al., 2013; Lachin, 1981). The Human Research 
Ethics Committee approved the study before participant 
recruitment.

Participants

To be included, cyclists needed to be elite track cyclists, com
peting at competitions sanctioned by the Union Cycliste 
Internationale (Phillips & Hopkins, 2020). Cyclists who had cur
rent injuries or illnesses were excluded. Nineteen sprint track 
cyclists (team sprint, 500 to 1000-m time trial, match sprint, and 
Keirin riders) (H. Ferguson et al., 2023) were recruited through 
flyers and personal communications to Cycling New Zealand, 
although two did not meet inclusion criteria. According to the 
Union Cycliste Internationale classification, eleven were elite 
cyclists (8 males, 3 females) embedded full-time into the 
national track cycling program, and six were elite junior cyclists 
(U/19) (Phillips & Hopkins, 2020) (Table 1). All cyclists provided 
written informed consent and were informed of the risks and 
benefits associated with the study, mainly delayed onset mus
cle soreness and individualised reports, respectively.

Protocol

Cyclists attended a single data collection session at the national 
training centre. Cyclists attached their track bikes (see Gear in 
Table 1) to a Wahoo cycle ergometer KICKR smart trainer 
(Wahoo Fitness, LLC, Atlanta, USA). Cyclists wore their own 
cycling shoes and training gear for testing. The KICKR measures 
power to a comparable level of accuracy to the SRM power 
metres during incremental exercise testing, with a mean typical 
error of measurement of 1.5% versus 0.7% for the SRM (Hoon 
et al., 2016).

Cyclists completed a self-directed 10–15-minute warm-up 
prior to testing. Afterwards, the same experienced physiothera
pist affixed 45 retro-reflective markers (12.5 mm in diameter) to 
the skin and shoes of cyclists using adhesive tape based on the 
Calibrated Anatomical System Technique (Cappozzo et al.,  
1997; Hébert-Losier et al., 2019). The 45-marker model included 
five clusters to minimise the effect of skin movement artefacts 
(Benoit et al., 2006). All 45 markers (bilaterally on the anterior 
superior iliac spine, posterior superior iliac spine, greater tro
chanter, medial and lateral femoral epicondyles, medial and 
lateral malleoli, medial forefoot, acromioclavicular joint, 

Table 1. Characteristics (mean ± SD) of cyclists recruited (n = 17) and their bikes used in the three 15-s maximal sprint efforts, as well as peak power and peak cadence 
from the best 15-s effort.

Elite (n = 11) U19 Elite (n = 6)

M (n = 8) F (n = 3) M (n = 3) F (n = 3)

Age (y) 24.8 ± 3.0 22.4 ± 1.3 18.8 ± 1.2 17.4 ± 0.6
Mass (kg) 84.5 ± 7.0 71.4 ± 8.7 72.3 ± 6.4 60.0 ± 7.0
Height (m) 1.83 ± 0.08 1.69 ± 0.08 1.80 ± 0.06 1.67 ± 0.02
Gear (inches) 104 98 98 98a, 96b

Peak power (watts) 1332.5 ± 132.6 982.0 ± 82.6 899.3 ± 137.2 736.0 ± 130.3
Peak cadence (rpm) 112.9 ± 5.0 109.7 ± 2.5 112.7 ± 4.9 99.0 ± 7.9

aTwo cyclists. b One cyclist. Abbreviations: F = female; M = male; SD = standard deviation; U19 = under 19.
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posterior heel, superior midfoot, fifth metatarsal, inferior mid
foot, thigh four-marker cluster, and shank four-marker cluster; 
and unilaterally on the right pelvis three-marker cluster were 
used for static calibration in standing, with 14 markers removed 
for the on-bike seated dynamic trials, as shown in Figure 1.

The physiotherapist also placed the five Type-S LEOMO 
motion sensors (Type-S Motion Sensor, Leomo, Inc., Boulder, 
Colorado, USA) using adhesive tape according to the manufac
turer’s instructions (LEOMO Help Centre, 2020b), as shown in 
Figure 2.

For testing, cyclists completed 3 × 15 seconds of maximal 
efforts starting from stationary. Cyclists were required to 
remain seated during the efforts and aim to reach a cadence 
between 80–120 rpm. Cyclists had a 5-minute passive recovery 

between repetitions, staying seated on their bikes. Before the 
three maximal efforts, cyclists completed 1 × 15s at 30–50% of 
maximum effort to assist with familiarisation. After data collec
tion, cyclists completed a self-directed cooldown. All cyclists 
were familiar with using a cycle ergometer trainer as part of 
their regular training.

Data collection

During the three 15 s maximal cycling efforts, power data from 
the same Wahoo cycle ergometer were sampled at 1 Hz via 
Bluetooth using the Wahoo application on an Apple iPhone XR 
iOS 15.4 (Apple Inc). Marker data were recorded at 200 Hz using 
an 8-camera 3D motion capture system (Oqus 700+ cameras) 

Figure 1. Position of the 45 retro-reflective markers (posterior and lateral views). The green circle markers were removed after the static trial; the clusters (crosses) and 
orange circle markers stayed on the participant during testing.

Figure 2. Positioning of the five type-S LEOMO sensors (yellow rectangles) and schematic representation of the derived motion performance indicators (MPIs). (a) 
Lower limb MPIs: leg angular range (LAR), foot angular range (FAR), foot angular range first quadrant (FARQ1). (b) Pelvic rotation MPI: mean range of motion of the 
pelvis in the transverse plane (right-left around the vertical axis). (c) Pelvic rocking MPI: mean range of motion of the pelvis in the coronal plane (superior-inferior 
around the anterior-posterior axis). (d) Pelvic angle MPI: mean angle of the pelvis in the sagittal plane (anterior-posterior around the medial-lateral axis).
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and software (Qualisys Track Manager v.2021 release 6470, 
Qualisys AB, Gothenburg, Sweden). The LEOMO sensor data 
were simultaneously collected at 100 Hz via wireless technol
ogy using a Live Video Synchronisation application on an Apple 
iPad Pro 10th generation iOS 15.4 (Apple Inc). The processed 
data from the LEOMO device were obtained from the LEOMO 
web application in.csv format (http://app.leomo.io).

Data processing

Peak power (W) over one second were extracted from the 
Wahoo cycle ergometer from each one of the 15 s cycling trials. 
Any missing 3D marker data up to 10 frames were gap-filled 
within the Qualisys Track Manager software using cubic poly
nomial interpolation. Marker data were exported to the.c3D 
format and converted to TRC files using bespoke scripts in 
MATLAB (R2022a; MathWorks, Natick, MA, USA). A generic mus
culoskeletal model (Catelli et al., 2019) was customised for 
increased hip and knee angles (Full Body Model to Perform 
Deep Squatting and High Hip Flexion Task) and applied to the 
collected data. The model was scaled for each participant using 
the static trial followed by inverse kinematics in OpenSim 4.4 
(Delp et al., 2007). The maximum marker errors were less than 
1.6 cm for all reconstructions, meeting OpenSim best practice 
recommendations. Segment orientations for the pelvis, feet, 
and thighs, as well as joint angles based on Euler angle, were 
extracted and used to calculate the following MPIs, consistent 
with the key outputs from LEOMO: Foot Angular Range (FAR) – 
foot angular range of motion; Foot Angular Range first quad
rant (FARQ1) – foot angular range of motion for the propulsive 
phase of the crank cycle, 12 o’clock to 3 o’clock position; Leg 
Angular Range (LAR) – angular range of motion for the upper 
leg (i.e., thigh); Pelvic Angle – mean angle of the pelvis in the 
sagittal plane (anterior – posterior) in relation to vertical; Pelvic 
Rock – mean range of motion of the pelvis in the coronal plane 
(superior – inferior); and Pelvic Rotation – mean range of 
motion of the pelvis in the transverse plane (right – left). To 
synchronise the data between the 3D and LEOMO systems, we 
identified the cycle through peak cadence and extracted the 
data from the five crank cycles immediately preceding peak 
cadence. In Opensim, the peak acceleration of the feet derived 
from the foot centre of mass was used to define crank cycles, 
where peak acceleration indicated the bottom dead centre. 
This method was used to replicate the description of crank 
cycle identification provided by the LEOMO manufacturer. 
The LEOMO data were obtained from the processed.csv file 
delivering data at a sampling rate of one second (i.e. average 
1-second data). MATLAB was then used to extract the nine MPIs 
from both the 3D and LEOMO systems from the same five pedal 
cycles. The pelvic angle orientation in the sagittal plane was 
standardised between the two systems, where a pelvic angle of 
0° represents the pelvis being vertical and 90° being horizontal.

Statistical analysis

Statistical analysis for the primary aim of validating the LEOMO 
sensors with the 3D motion was performed on the data from 
the 17 cyclists using the trial generating the greatest peak 
power for each cyclist. An extreme studentised deviation 

(Grubbs’ test) was applied to all the 3D and LEOMO data 
using the Prism software (GraphPad Prism 9.1) to identify 
whether the most extreme values were significant outliers. 
One data point was removed from all the 3D MPIs due to 
being a significant outlier for seven of the nine indicators (p <  
0.05); hence, analysis was performed on data from 16 partici
pants. The reason for the outlying data was deemed the result 
of hair and clothing covering 3D markers. One data point was 
removed from the LEOMO dataset since the left LAR sensor 
failed to collect data, resulting in data from 15 cyclists available 
to analyse that specific MPI.

All data were assessed for normality of distribution using the 
Shapiro-Wilk test and passed normality assumptions, except 
the LEOMO right LAR MPI (p = 0.047) and the 3D data of the 
pelvic rotation (p = 0.020). As most of the data were normally 
distributed, parametric testing was used. Data were sum
marised using means and standard deviations (mean ± SD). 
Intraclass correlation coefficient (ICC3,1) and 95% confidence 
interval [lower, upper] were extracted using a statistical spread
sheet to assess the relative agreement between the 3D and 
LEOMO data (Hopkins, 2015). Based on typical thresholds, ICC 
values of less than 0.50, between 0.50 and 0.75, between 0.75 
and 0.90, and greater than 0.90 were deemed indicative of 
poor, moderate, good, and excellent agreement, respectively 
(Koo & Li, 2016; Portney, 2020). Furthermore, Bland-Altman 
scatterplots with the mean bias and 95% limits of agreement 
(mean difference ±1.96 standard deviations) were constructed 
(Bland & Altman, 1999). If data presented as homoscedastic, 
linear regression analysis was performed and presented on the 
Bland and Altman graphs.

For the secondary aim of exploring the relationship between 
cycling kinematics and peak power output, data were taken from 
trials with the highest and lowest recorded peak power output. All 
data were again assessed for normality of distribution, which 
revealed that one of the nine 3D MPIs (sagittal plane pelvic 
angle) and three of the nine LEOMO MPIs (right LAR, left FAR 
and left FARQ1) presented non-normal distributions. Given most 
of the data were normally distributed and to maintain consistency, 
parametric approaches consisting of Pearson correlations and 
linear regressions were used to explore the relationship between 
change in peak power output and change in MPIs. Thresholds of 
r values of 0.10, 0.30 and 0.50 were used to indicate small, med
ium, and large correlations, respectively (Cohen, 1992). The sig
nificance level was p ≤ 0.05 for all analyses performed using 
Microsoft® Excel® (Office 365 M) and GraphPad Prism 9.1.

Results

Validity and Bland-Altman plots

Peak power and cadence from the best trials of cyclists are 
shown in Table 1. Descriptive and validity statistics for the 
MPIs are presented in Table 2. There was poor relative 
agreement between the two systems for the MPIs of left 
FAR, right FARQ1, left LAR, pelvic rock, and pelvic rotations 
(ICC <0.50). At best, the MPIs from the two systems showed 
moderate agreement levels, with the pelvic angle exhibiting 
the strongest correlations (ICC: 0.672), followed by the right 
FAR, left FARQ1, and right LAR (ICC range: 0.608 to 0.669). 
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The Bland-Altman plots are provided in Figure 3 for the 
nine MPIs. The left FARQ1 (Figure 3(c)), left LAR 
(Figure 3(e)), and pelvic rock (Figure 3(g)) were 

homoscedastic. As the average values increased, the differ
ence between systems increased for the left FARQ1 and left 
LAR, but it decreased for the pelvic rock.

Table 2. Descriptive and validity statistics for the MPIs from the 3D motion and LEOMO systems. Data presented are mean ± SD, mean bias [95% LoA], ICC [95% CI], and 
mean difference [95% CI] from 16 cyclists.

3D motion (°) LEOMO (°) Mean bias (°) ICC Mean difference (°)

MPIs mean ± SD mean ± SD [95% LoA] [95% CI] [95% CI]

Left FAR 57.06 ± 9.96 53.41 ± 8.66 −3.65 [−23.94, 16.66] 0.41 [−0.09, 0.75] −3.65 [−9.16, 1.87]
Right FAR 56.00 ± 6.27 52.77 ± 7.17 −3.23 [−14.44, 7.97] 0.67 [0.28, 0.87] −3.23 [−6.28, −0.18]
Left FARQ1 32.45 ± 5.09 38.02 ± 8.53 5.57 [−6.31, 17.46] 0.66 [0.26, 0.87] 5.57 [2.35, 8.79]
Right FARQ1 34.15 ± 5.41 39.88 ± 8.07 5.73 [−10.83, 22.29] 0.26 [−0.25, 0.66] 5.73 [1.22, 10.23]
Left LAR1 46.54 ± 3.52 51.72 ± 7.65 5.18 [−7.83, 18.25] 0.40 [−0.122, 0.748] 5.17 [1.48, 8.87]
Right LAR 51.16 ± 4.24 55.12 ± 5.86 3.96 [−5.24, 13.15] 0.61 [0.18, 0.84] 3.96 [1.46, 6.46]
Pelvic rock 10.48 ± 5.49 5.36 ± 1.25 −5.13 [−16.16, 5.91] −0.00 [−0.48, 0.48] −5.13 [−8.13, −2.13]
Pelvic rotation 5.65 ± 4.28 13.60 ± 4.68 7.95 [−5.51, 21.40] −0.18 [−0.61, 0.33] 7.95 [4.29, 11.60]
Pelvic angle 29.95 ± 10.92 44.58 ± 10.48 14.63 [−3.10, 32.36] 0.67 [−0.28, 0.87] 14.63 [9.81, 19.45]

1Data from n = 15. Pelvic angle of 0° represents the pelvis being vertical and 90° being horizontal in the sagittal plane. Abbreviations: 3D = three dimensional;  
CI = confidence interval; FAR = foot angular range; FARQ1 = foot angular range first quadrant; ICC = intraclass correlation coefficient; LAR = leg angular range;  
LoA = limits of agreement; MPIs= motion performance indicators; SD = standard deviation.

Figure 3. Bland-Altman plots. The x-axis displays the average of the 3D and LEOMO data. The y-axis displays the difference between the two systems. The mean bias and 
95% limits of agreement (LoA), and the confidence intervals are also presented. (a) Left foot angular range (FAR). (b) Right FAR. (c) Left foot angular range first quadrant 
(FARQ1), 12 to 3 o’clock. (d) Right FARQ1, 12 to 3 o’clock. (e) Left leg angular range (LAR). (f) Right LAR. (g) Pelvic rock. (h) Pelvic rotation. (i) Pelvic angle.
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Relationship between kinematics and peak power output

The exploratory analyses of the relationship between the 
change in peak power and the change in MPIs for the 3D and 
LEOMO data are presented in Table 3. The mean difference in 

peak power between the highest and lowest cycling trials was 
93.63 ± 49.16 W for the 16 cyclists. Figures 4 and 5 present the 
Pearson correlation and linear regression analyses performed 
on the 3D and LEOMO data, respectively. Two of the 3D MPIs 

Table 3. Change in MPIs between the highest and lowest peak power cycling trial. 
Data are mean ± SD values from 16 cyclists. Asterisk (*) indicates significant correla
tions between change in peak power output and change in MPIs.

MPIs 3D motion mean ± SD LEOMO mean ± SD

Left FAR (°) 0.06 ± 5.45 0.97 ± 8.68
Right FAR (°) 1.45 ± 6.64* 1.03 ± 2.63
Left FARQ1 (°) 0.85 ± 3.09 2.85 ± 7.32
Right FARQ1 (°) 1.36 ± 5.21* 2.78 ± 4.59
Left LAR1 (°) 1.64 ± 2.59 −0.25 ± 4.86
Right LAR (°) 0.50 ± 3.82 2.58 ± 6.14
Pelvic rock (°) 1.21 ± 6.06 0.21 ± 1.61
Pelvic rotation (°) 1.96 ± 3.27 1.14 ± 2.33*
Pelvic angle (°) 2.77 ± 8.13 0.90 ± 3.63

*Data from n = 15. The mean change in peak power and SD for 15 cyclists = 96.33 ±  
49.63 W. Abbreviations: 3D = three-dimensional; FAR = foot angular range; 
FARQ1 = foot angular range first quadrant; LAR = leg angular range; MPIs = motion 
performance indicators; SD = standard deviation.

Figure 4. Linear regression plots of the change in peak power between the highest and lowest trials versus the change in the motion performance indicators from the 
three-dimensional motion system. Pearson correlation values (r) with 95% confidence intervals [lower, upper] and associated p values are provided. The linear 
regression equation and variance explained (R squared) are also shown. Male elite cyclists (black), female elite cyclists (orange), male junior cyclist (blue), and female 
junior cyclists (purple) are shown. (a) Left foot angular range (FAR). (b) Right foot FAR. (c) Left foot angular range first quadrant (FARQ1), 12 to 3 o’clock. (d) Right 
FARQ1, 12 to 3 o’clock. (e) Left leg angular range (LAR). (f) Right LAR. (g) Pelvic rock. (h) Pelvic rotation. (I) Pelvic angle.
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showed large significant correlations to change in peak power: 
right FARQ1 (p = 0.025) and right FAR (p = 0.003). Pelvic rotation 
(p = 0.033) was the only large significant correlation with 
change in peak power for the LEOMO MPIs. All other relation
ships explored were not significant.

Discussion

We hypothesised that the LEOMO TYPE-S would be a valid tool 
for measuring kinematics in 3D planes during short maximal 
sprints with track cyclists, and possibly pave the way forward in 
obtaining kinematic data on the track. However, our findings 
suggest the LEOMO-derived MPIs were not valid when com
pared to gold-standard 3D motion capture in laboratory. At 
best, four MPIs from the LEOMO demonstrated moderate 
agreement with the 3D data, with the pelvic angle having the 
strongest agreement (ICC = 0.672), and the remaining five MPIs 
exhibiting poor agreement.

Clinical validation of IMUs is seldom performed (Routhier 
et al., 2020), even though independent validity and reliability 
testing of IMUs in sport-specific conditions is encouraged 

(Hughes et al., 2021). A previous validation study compared 
LEOMO-derived MPIs against 2D data collected over two 6-min
ute steady-state cycling bouts on a cycling ergometer (Plaza- 
Bravo et al., 2022), which is not applicable to sprint cycling. 
Overall, this prior validation study found higher agreement 
levels between the MPIs collected from the LEOMO and 2D 
system than ours. Notably, agreement levels between systems 
were excellent for the FARQ1 and FAR (ICC = 0.88–0.97), and 
moderate for the LAR and pelvic angles (ICC = 0.52–0.71) (Plaza- 
Bravo et al., 2022). These findings contrast with ours where only 
four MPIs showed moderate levels of relative agreement with 
the 3D motion system, and none showed excellent agreement. 
In both studies, the LEOMO overestimated pelvic angles by 
approximately 15° (Plaza-Bravo et al., 2022).

Overall, our findings discourage use of the LEOMO device for 
assessing sprint cycling kinematics during short maximal efforts 
from a static position. We do not know if the LEOMO applies 
a static offset correction, which might be different for right and 
left sides or different segments. This offset would influence 
systematic errors, but it does not help in controlling random 
errors. Indeed, our data collection started from a static seated 

Figure 5. Linear regression plots of the change in peak power between the highest and lowest trials versus the change in the motion performance indicators from the 
LEOMO device. Pearson correlation values (r) with 95% confidence intervals [lower, upper] and associated p values are provided. The linear regression equation and 
variance explained (R squared) are also shown. Male elite cyclists (black), female elite cyclists (orange), male junior cyclist (blue), and female junior cyclists (purple) are 
shown. (a) Left foot angular range (FAR). (b) Right foot FAR. (c) Left foot angular range first quadrant (FARQ1), 12 to 3 o’clock. (d) Right FARQ1, 12 to 3 o’clock. (e) Left 
leg angular range (LAR), data from n = 15. (f) Right LAR. (g) Pelvic rock. (h) Pelvic rotation. (i) Pelvic angle.
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position and lasted 15 s. Inspection of the LEOMO files indicate 
the sensors were unable capturing data from the first pedal 
cycle. Although this limitation did not impact the data used for 
analysis (i.e., five pedal cycles prior to cyclists reaching their 
peak cadence), the LEOMO device may be better suited for 
longer steady-state cycling efforts, as advanced elsewhere 
(Plaza-Bravo et al., 2022).

The LEOMO system defines pelvic angle in relation to ver
tical (LEOMO Help Centre, 2020b), with no measure truly 
reflecting hip flexion. On the velodrome, bikes are seldom 
vertical. Hence, further validation for the pelvic angle MPI is 
required for use on the velodrome. Ideally, algorithms would be 
developed and validated to enable calculations of hip flexion 
angles as these are important for aerodynamic positioning on 
the bike (Faulkner & Jobling, 2021) and managing hip pain in 
cyclists, which are common in elite cyclists (Baron et al., 2018).

This study used 3D motion capture as the gold standard, 
which also have limitations. It is well recognised that soft 
tissue artefact occurs between the bone or skin and markers 
(Shultz et al., 2011). Five clusters were used to reduce indivi
dual marker skin movement artefacts (Cappozzo et al., 1997). 
Furthermore, the positioning of the LEOMO sensors and the 
3D markers between cyclists may have been inconsistent, 
possibly contributing to the differences between systems. 
The same experienced physiotherapist positioned all LEOMO 
sensors and reflective markers to limit the effect of marker 
and sensor placement on outcomes.

As proposed in other research papers (R. Bini & Hunter,  
2023; Courel-Ibáñez et al., 2021; Faulkner & Jobling, 2021; 
Jongerius et al., 2022), specific biomechanics can influence 
performance or help mitigate or manage injury within 
cycling. Our exploration of potential relationships between 
changes in peak power and changes in MPIs indicated that 
only two MPIs from the 3D kinematics (right FARQ1 and 
right FAR) and one from the LEOMO (pelvic rotation) were 
largely and significantly correlated with changes in peak 
power. Increases in these MPI values were linked to an 
increase in peak power. Our findings that a greater range 
of motion at the right foot is linked to an increase in peak 
power from the 3D analysis contradicts findings from a prior 
study (Courel-Ibáñez et al., 2021) where, using an IMU sam
pling at 100 Hz, the authors identified that less range of 
motion of the right foot was associated with greater peak 
power in professional cyclists in a graded exercise test. Our 
study differed in that it measured maximum cycling inten
sity from a static seated position, quickly reaching a very 
high peak power, versus a graded exercise test. The sudden 
increase in peak power and significant forces required to 
initiate torque from static starts may require more ankle 
stability versus a graded exercise test. The inability to main
tain ankle stability during starts may explain the positive 
correlation between peak power and increased foot range 
of movement in our study. Most of the riders started with 
their non-dominant leg (left leg), which could also contri
bute to the asymmetry in ankle range of motion and reason 
why only the right FAR and right FARQ1 was positively 
associated with peak power. The difference between studies 
may also be due to differences in equipment used to derive 
MPIs, i.e., 3D motion versus IMU. Our current study 

indicated only moderate levels of agreement between 3D 
and IMUs for right FAR. Speculatively, in our cohort, only 
the right foot range of motion was linked to a change in 
peak power due to track cyclists always riding clockwise and 
the right leg being the dominant leg.

Elite athletes are better at varying their kinematics to 
meet specific performances during stable tasks. This kine
matic adaptability may be advantageous to minimise the 
effects of fatigue or the environment (Cowin et al., 2022), 
for instance. Our cohort showed small changes in 3D kine
matics between their highest and lowest peak power trials 
(0.06° to 2.77°), which would make establishing relationships 
between kinematics and performance changes difficult. 
Nonetheless, the relatively larger SD values (2.59° to 8.13°) 
suggest kinematic variability between cyclists (Table 3). 
Furthermore, the heterogeneity of our cohort will increase 
the variability in cycling biomechanics due to differences in 
their metabolic and muscular capacities (Elmer et al., 2011). 
Albeit all high-level track cyclists, our cohort was varied and 
included juniors, elite, males, and females. Assessing kine
matics with this heterogeneity cohort can make validation 
and correlation studies challenging.

Conclusion

Given our findings, use of the LEOMO motion sensor device for 
track cyclists in this specific setting is discouraged. This device 
may be more suitable for steady-state cycling monitoring and 
needs further development before use in sprint track cycling. 
Our exploratory analysis indicates that there may be value in 
greater right foot angular range and right foot angular range 
first quadrant for peak power generation in short sprint efforts 
from a seated position, although causality has not here been 
explored.
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