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Abstract 
This study compared Inertial Measurement Unit (IMU) and Optical Motion 
Capture (OMC) systems in measuring peak ankle angles and Range of Mo-
tion (ROM) during Countermovement Jumps (CMJ) and Lateral Skater 
Jumps (LSJ). Data during these agility movements were analyzed and the an-
kle angles in pitch, roll, and yaw for the IMU were determined using algo-
rithms which integrated gyroscope data, aligned it with foot flat reference, 
and fused it with accelerometer-derived inclination angles using a comple-
mentary filter. OMC data was conventionally derived using Vicon’s inbuilt 
software algorithms. We hypothesized that IMU-based methods would paral-
lel OMC in capturing peak angles and ROM during CMJ and LSJ landings, 
with accuracy and reliability assessing via Root Mean Square (RMSE) and In-
traclass Correlation (ICC) statistics. For CMJ, high accuracy and reliability 
were observed in the Peak Positive Frontal angle with RMSE of 6.72˚ and ICC 
of 0.517. However, LSJ displayed lower performance, with no metric reaching 
an ICC > 0.5 or an RMSE < 10˚. The study suggests limitations of IMU in ac-
curately capturing ankle joint kinematics in dynamic jumps using these me-
thods. 
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1. Introduction 

The methodology employed in three-dimensional (3D) human motion analysis 
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determines the limitations in assessing human movement for athletic perfor-
mance, injury prevention and rehabilitation progress [1]-[3]. Optical Motion 
Capture (OMC) has historically been the gold standard, renowned for its accu-
racy and reliability in tracking even the most complex of motions [4] [5]. How-
ever, spatial restrictions, significant financial and expertise demands, suscepti-
bility to marker occlusion, and the substantial subject preparation and equip-
ment setup time often limit its applicability, especially in real-time field settings. 
Inertial Measurement Unit (IMU) sensors have emerged as an alternative due to 
their adaptability, portability, and user-centric nature [6] [7]. Numerous algo-
rithms have been developed to create accurate angular kinematic data from sin-
gle or multiple body segments using IMUs inside and outside the laboratory set-
ting [6] [8]-[15]. For example, Seel et al. [13] developed a novel algorithm using 
complimentary filter to calculate flexion/extension joint angles between a pros-
thetic and a contralateral leg during ambulatory movements and achieved devia-
tions less than 0.6˚ and more than 3.0˚ respectively between IMU and OMC 
based methods. Similarly, Song et al. [14] tested seven different algorithms in a 
model-based simple experiment and discovered that all methods showed high 
accuracy (RMSE < 6) for roll and pitch angles and five of them stayed accurate 
in yaw angle calculations. These algorithms which sometimes omit magnetome-
ter data to avoid drift introduced by magnetic interference [8] [10] [12]-[20], 
aim to emulate the accuracy and reliability of OMC results, particularly in cap-
turing relative joint angles and spatiotemporal metrics. To further validate its ef-
ficacy, it is imperative to test these known algorithms during more dynamic mo-
tions.  

Dynamic movements like Countermovement Jump (CMJ) and Lateral Skater 
Jumps (LSJ) serve as benchmarks to evaluate athletes’ reactive strength, power 
production capabilities, and readiness for return to activity via metrics including 
peak joint angles and joint Range of Motion (ROM) [21]-[23]. Ankle mechanics 
during these jumps, which contribute to approximately 22% - 23% of the take-off 
velocity, are especially significant [24]. As Panoutsakopoulos and Bassa [21] ob-
served, female adolescent volleyball players with greater ankle flexibility exhibit 
superior vertical jump performance, underscoring the importance of ankle me-
chanics in jump-centric sports like volleyball. Additionally, specific ankle angles, 
such as increased peak inversion and internal rotation, have been linked to in-
jury risks [25].  

Streamlined and computationally efficient IMU-based motion analysis me-
thods offer significant advantages over OMC, including wide-ranging clinical 
applications and the ability to conduct meaningful out-of-lab studies. This study 
aimed to: 1) evaluate the accuracy and reliability of simple algorithms for de-
tecting jump events and computing ankle angles using IMUs in both CMJ and 
LSJ; and 2) compare the peak ankle joint angles and Range of Motion (ROM) 
derived from both IMUs and Optical Motion Capture (OMC) systems in all 
three axes (pitch, roll, and yaw) during the landing phases of these jumps. It was 
hypothesized that the IMU algorithms would match the accuracy and reliability 
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of OMC in determining peak ankle joint angles and Range of Motion (ROM) 
during the landing phases of CMJ and LSJ, as evaluated by Root Mean Square 
Error (RMSE) and Intraclass Correlation (ICC) measures. Accuracy assessed the 
deviation of the IMU from the OMC measurements while reliability determined 
the consistency of IMU readings over repeated trials.  

2. Methodology 

This cross-sectional observational study utilized deidentified data provided by 
the Performance Fit Lab (PFL) of Boa® Technologies. This study used lab-collected 
agility data of 10 subjects of unknown history of physical activity. Participants 
were instructed to perform 8 repetitions of CMJ followed by 8 repetitions of LSJ 
at their own pace. The CMJ required participants to initiate from a standing po-
sition with each leg positioned on a separate force platform (Bertec, Columbus, 
OH). Hereafter, they performed a downward motion by flexing the knees and 
hips, then immediately spring upwards into a jump, arms extended overhead, 
and legs fully straightened during flight. They subsequently landed back onto the 
same starting plates. The LSJ then had participants leaping sideways from one 
foot to the other, over a length one-third of their height, mimicking the move-
ment of a speed skater. The right foot targeted and landed on a force plate while 
the left foot landed on flat ground.  

The study utilized Blue Trident IMUs (iMeasureU, Vicon Ltd., London, UK) 
which comprise a triaxial accelerometer capable of measuring up to ±16 g with 
two sampling rates of 1125 Hz (high-g) and 1160 Hz (low-g), a magnetometer 
with a range of ±4900 µT operating at 112.5 Hz, and a gyroscope with a maxi-
mum detectable rotation rate of ±2000˚/s and a sampling rate of 1125 Hz. The 
magnetometer data was excluded from the analysis, owing to concerns regarding 
potential magnetic interference and associated data drift [18]. One IMU was se-
curely positioned on the distal third of the right tibia, just above the ankle, while 
the other was placed on the arch of the foot, directly over the navicular and 
cuneiform bones. The foot and shank IMUs were oriented such that its y-axis 
was aligned with the sagittal plane, the z-axis with the transverse plane, and the 
x-axis with the frontal plane. Before collecting data, to maximize accuracy, the 
IMUs were calibrated by waving them in a figure-of-eight for at least 10 seconds 
and rotating them on a flat surface, as directed in the Vicon IMU documentation 
[26].  

OMC setup involved 12 overground infrared cameras (Nexus v.2.12, Vicon 
Motion Systems Ltd., Oxford, UK)) operating at a frequency of 200 Hz. Using a 
6 Degrees of Freedom (DOF) lower limb model, marker clusters consisting of 
three markers each were placed on the foot (on the heel/calcaneus), and on the 
shank, approximately midway along the tibia. The OMC system leveraged this 6 
DOF model built on The MotionMonitorxGen software (Innovative Sports 
Training Inc, IL, USA) to generate ankle joint kinematics along three rotational 
axes—flexion/extension, internal/external rotation, and inversion/eversion. 
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Post-processing involved the application of a 4th order Butterworth filter (10 Hz 
cutoff) to smooth the marker trajectories. The ankle joint was modelled to reflect 
its full multi-axial movement capabilities and primarily designated by the tips of 
the lateral and medial malleoli to establish the axis of rotation. This approach 
allowed for measurement of the three rotations, capturing the complex kinemat-
ics of the joint. Toe off and landing events in the OMC were determined using 
data from the force platforms by a vertical ground reaction force-based thre-
shold.  

IMU computations began with a preprocessing approach [15] [17] involving 
merging data from high-g (1600 Hz) and low-g (1125 Hz) accelerometers to 
prevent saturation during dynamic movements. Python programming language 
(Python Software Foundation, version 3.12.0) was utilized for all IMU-based da-
ta manipulations. When the low-g accelerometer neared saturation threshold 
±16 g, it switched to high-g readings. Subsequently, data from foot and shank 
IMUs were aligned using cross-correlation, ensuring synchronized motion data. 
Jump phases in the IMU data were identified using vertical acceleration guided 
by methodologies validated by Schmidt et al., Jaitner et al. as well as Smith and 
Bedford [23] [27] [28]. In brief, the algorithm starts by reading vertical accelera-
tion data from the IMU’s accelerometer readings. From time T = 0, when acce-
leration surpasses an empirically defined take-off threshold and trends towards a 
free-fall value (−9.81 m/s2), the peak indicates the take-off phase. The subse-
quent acceleration peak signifies the landing phase, with its detection based on 
achieving a separate empirically defined threshold based on the minimum peak 
values observed graphically. For a jump to be classified as valid: 1) Both take-off 
and landing accelerations must exceed their respective thresholds, and 2) The 
time duration between these peaks, dt, should fall within an empirically defined 
time window between 0.6 s - 1 s. After identifying the landing phase index, the 
algorithm defines a window leading to take-off to identify the foot’s flat position 
by examining the acceleration rate of change. A consistent near-zero derivative 
indicates the foot’s flat position focusing on when the acceleration data exhibits 
relatively static or low activity. 

To ensure anatomical meaningfulness of the calculated ankle angle and con-
sistency across subjects, the local sensor coordinate system was aligned to the 
reference laboratory system. Given the three-dimensional nature of human 
movement, the Euler angles of pitch, roll, and yaw served as the primary means 
to represent the orientation of body segments in space. The pitch represented 
rotation about the anteroposterior axis, encapsulating the movements of plan-
tarflexion and dorsiflexion; Roll captured rotation about the mediolateral axis, 
indicative of foot inversion and eversion while yaw denoted rotation about the 
vertical axis representing, internal and external rotation. The sequence of these 
rotations was maintained in line with the recommendations of the International 
Society of Biomechanics (ISB) as detailed by Wu et al. [29]. During alignment, 
the acceleration vector was normalized, and its rotation axis was determined us-
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ing the cross product with the lab’s gravitational vector, producing vector “C”. 
The required rotation magnitude was calculated, resulting in value “D”, from 
which a rotation matrix, “R”, was formed. Euler angles were then extracted from 
R to set as initial orientations to align the IMU data for anatomically accurate 
orientations.  

Before integrating the angular velocities from the gyroscope to yield the 
orientations of the foot and shank, the data was filtered. Specifically, gyroscope 
data and accelerometer data were low-pass filtered (Hz) to eliminate high-frequency 
disturbances [6] [13] [14]. The cut-off for the filtering was determined through a 
Fast Fourier Transform (FFT) of each dataset. The integration methodically ag-
gregates the angular alterations over consecutive time frames producing the cu-
mulative angular shift for each axis through the landing phase. This is represented 
in Equation (1). 

( ) ( )Filtered Gyro Data tt t dΘ = ∫                  (1) 

where Θ(t) represents the angular orientation at time t, and dt is the sample time 
interval. To counteract the drifts caused by integration errors, orientation angles 
from the foot-flat phase were utilized for linear dedrifting [15] [17]. By aligning 
the angles from gyroscopic integration with this initial foot-flat reference, a 
more accurate representation of the movement dynamics was achieved. To fur-
ther remove drifts from the obtained orientations in roll and pitch angles, acce-
leration inclination angles were calculated and incorporated for use [6] [14]. For 
the pitch and roll inclinations, the respective orientations θpitch and θroll were cal-
culated using the Equations (2) and (3) below: 
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A complementary filter was then employed to synthesize accelerometer and 
gyroscope data, enhancing sensor fusion by leveraging the strengths of both 
sensors. This method combines the high-frequency sensitivity of the gyroscope 
with the low-frequency stability of the accelerometer. The accelerometer is 
known to be sensitive to both gravitational and linear accelerations of the body 
segment. By harnessing both strengths, the fusion applies to provide a combined 
gain equal to one—effectively blending the data sets with appropriate weights. 

The weighting factor/filter coefficient, γ, calculated in Equation (4) from τ in 
Equation (5), computationally favored gyroscope angles, to utilize over 99% of 
the sensor fusion, reflecting its high dynamic accuracy. The remaining percen-
tage was contributed from the accelerometer-based angles, providing low-frequency 
orientation cues. 

1
dt

τγ
τ +

= −                            (4) 
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drift

tole
ω

τ =                              (5) 

where dt was the average difference in time interval, τ was the time constant, 
ωdrift was the gyroscope’s drift rate and etol is the tolerance threshold [13] [14]. 
The measured ωdrift was 0.30˚/s while the etol was set to 3˚ which is half the ac-
ceptable error tolerance threshold [13]. Thus, τ was 0.1 Hz which sets the fre-
quency threshold for blending the accelerometer and gyroscope data orienta-
tions, influencing γ. The complementary filter was computed using the Equation 
below: 

( ) ( ) ( ) ( )( ) ( )1   acf gy ccelro Gyro Data t dtt ttθ γ γ θθ + ×= − × + ∫        (6) 

For each axis—roll, pitch, and yaw—the angular difference between shank 
and foot orientations computed represents the ankle angle [13] [14].  

From this data, peak angles, and the ROM of both IMU and OMC obtained 
angles in both CMJ and LSJ were derived. The considered periods for both sys-
tems were the landing period (between foot contact and the subsequent takeoff). 
Root Mean Square Error (RMSE) [30] [31] was used to compare both systems 
using Equation (7) below: 

( ) ( )( )2

1MSE
ˆ

R
N

i
Y i Y i

N
=

−
=
∑

                   (7) 

where:  
− ( )Y i  represents the observed value from the OMC system at the ith instance.  
− ( )Ŷ i  is the calculated value from the IMU at the ith instance.  
− N is the total number of observations.  

RMSE values less than 10 indicated high accuracy. Intraclass Correlation was 
used to assess reliability of IMU angle measurements [20]. ICC values lie be-
tween 0 and 1, with values close to 1 indicating high reliability and values near 0 
indicating low reliability [32]. All statistical analysis was done using Python 
Programming language. 

3. Results 

Table 1 summarizes the ICC and RMSE values for both CMJ and LSJ across all 
metrics below while Figures A1-A3 show the jump detection graph results and 
the graphical comparison of two jumps of two subjects. 

The reliability of IMU measurements compared to OMC during the CMJ 
showed varied outcomes across peaks and ROM values evaluated (Table 1). The 
peak positive frontal angle showed the highest reliability with an ICC of 0.517 
(95% Confidence Interval (CI)) [−0.040, 0.850]). In contrast, the Peak negative 
transverse angle registered the lowest reliability, with an ICC of −0.457 (95% CI 
[−0.940, 0.270]). The ICC values were equally low across other metrics evaluated. 
When assessing the LSJ, the agreement between IMU and OMC was generally 
less. No metric in the LSJ surpassed an ICC value of 0.217, underscoring a  
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Table 1. Comparison of ICC and RMSE values for ankle joint angles in CMJ and LSJ. 

Metric 
CMJ LSJ 

ICC (95% CI) RMSE (˚) ICC (95% CI) RMSE (˚) 

ROM Frontal 0.273 (−0.180, 0.720) 11.27 0.045 (−0.100, 0.380) 58.37 

ROM Sagittal 0.114 (−0.370, 0.640) 31.01 0.027 (−0.120, 0.370) 55.48 

ROM Transverse −0.110 (−0.300, 0.330) 16.41 0.020 (−0.050, 0.220) 79.7 

Peak Positive Frontal 0.517 (−0.040, 0.850) 6.72 0.217 (−0.300, 0.700) 31.71 

Peak Positive Sagittal −0.054 (−0.320, 0.420) 34.33 0.057 (−0.130, 0.430) 36.78 

Peak Positive Transverse −0.068 (−0.360, 0.430) 15.16 −0.055 (−0.280, 0.380) 33.65 

Peak Negative Frontal 0.036 (−0.190, 0.450) 13.47 −0.002 (−0.050, 0.150) 37.86 

Peak Negative Sagittal 0.167 (−0.240, 0.640) 19.92 0.059 (−0.430, 0.600) 35.45 

Peak Negative Transverse −0.457 (−0.940, 0.270) 15.91 −0.136 (−0.280, 0.310) 64.42 

 
low level of concurrence with OMC. 

RMSE analysis further highlighted the accuracy of IMU measurements when 
compared against OMC standards. In the CMJ, the peak positive frontal angle 
yielded the most minimal deviation with an RMSE of 6.71˚. In contrast, the peak 
positive sagittal angle displayed the most pronounced discrepancy, registering an 
RMSE of 34.33˚. Turning to the LSJ, the ROM frontal angle revealed the least 
deviation, marked by an RMSE of 11.27˚, while the ROM transverse angle was 
the most divergent with an RMSE of 79.70˚. 

Moreover, the IMU event detection algorithm successfully detected 98.15% 
(159 out of 162) of the expected jumps, underscoring its efficacy. 

4. Discussion 

The primary goal of this study was to assess the accuracy and reliability of 
IMU-derived ankle joint kinematics during CMJ and LSJ and subsequently 
comparing the peak and ROM measurements with a conventional OMC system. 
While our results showed deviations from prior studies by Gui et al., Seel et al. 
and Song et al. [6] [13] [14] who had success in their computation and compar-
ison assessments, it’s crucial to note the context between investigations. The 
simple, ambulatory nature of previous works [6] [13] [14] is in contrast with the 
dynamic, acceleration-based protocols utilized in the current study. This possi-
bly explains the discrepancies in findings. Interestingly, the current study results 
align with Fain et al. [31], who similarly examined dynamic movements. Fain et 
al. [31] observed a low level kinematic agreement for the ankle joint during CMJ 
with RMSE for peak plantarflexion angle being 46% - 79% of the OMC and IMU 
averages. Specifically, the study’s RMSE values were greater than 10˚ for both 
peak flexion angle and ROM despite the utilization of sophisticated computation 
methods like the Kalman filter sensor fusion method with magnetometer refer-
ence [11]. This highlights the inherent challenges in capturing accurate ankle 
kinematics during dynamic tasks using IMUs.  
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One of the intriguing findings from this study was the moderate ICC and low 
RMSE for the peak positive frontal angles. Such outcomes suggest that our me-
thodology holds promise, particularly in detecting critical ankle movements like 
inversion during vertical jump landings. Given that excessive inversion is a pre-
dominant cause of ankle sprains [25] [33], the potential of this method in real-world 
scenarios becomes evident. By leveraging this system, there’s a unique opportu-
nity to elucidate the kinematic patterns underlying ankle sprain injuries. How-
ever, it is imperative to cautiously interpret these results as a whole, considering 
the low levels of accuracy and reliability observed in other evaluated peak and 
ROM measurements. One plausible explanation for these discrepancies lies in 
the inherent differences in reference determination between IMU and OMC. 
While the IMU algorithm determines the reference angle from a detected 
foot-flat segment post-landing for each jump, the OMC system relies on a static 
model assessed at the beginning of data collection. The dynamic nature of the 
jumps, coupled with the challenges in accurately detecting the foot-flat seg-
ment—defined in our study as a period of minimal acceleration during land-
ing—could significantly influence the derived ankle angles. Additionally, the 
presence of unavoidable accelerometer noise might have impacted the accuracy 
of inclination angles used in the complementary filter sensor fusion. As these 
angles play a limited role in counteracting drifts in the generated angles, their 
utility in dynamic movements becomes questionable. This affirms the algo-
rithms are more suited for slower movements.  

Another noteworthy consideration is the effect of soft tissue artifacts intrinsic 
to IMU measurements during dynamic motions. These artifacts, emerging from 
the sensors’ non-rigid attachment, can introduce noise which may distort the 
representation of the actual skeletal movement. This distortion becomes partic-
ularly pronounced during rapid movements, where the interplay of muscles and 
soft tissues is more complex. Fain et al. [31] opined that a source of these arti-
facts could also be from substantial proximal musculature of the limb during 
these movements. These artifacts, resulting from the non-rigid attachment of the 
sensors, could introduce noise and distort the actual skeletal movement. 

Given these results, it is apparent that this methodology, in comparison with 
OMC output, falls short in accurately processing dynamic activities. The notable 
exception is the measurement of inversion angles during jumps, which exhibits 
some potential. Potential future applications and improvements, particularly in 
dynamic, ballistic movements like CMJ and LSJ, will involve some strategies. 
First, establishing a standardized, reference initiation position for each activity 
could be a crucial step. This approach would ensure better alignment and com-
parability with the OMC’s static model, potentially enhancing the accuracy and 
reliability of the IMU measurements. Additionally, a comprehensive overhaul of 
the algorithm is essential to adequately handle the complexities inherent in such 
dynamic movements. This refinement should focus on key aspects like the 
IMU’s propensity to pick up noise, especially during rapid and high-intensity 
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movements and a more nuanced understanding and integration of the effects of 
soft tissue dynamics. Addressing these challenges in the algorithm’s design will 
help in capturing a more accurate representation of the joint kinematics, partic-
ularly in multi-planar and three-dimensional contexts. 
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Appendix: Analysis and Comparison of Jump Dynamics and Ankle Joint Angles 

 
Figure A1. Plot of vertical acceleration data showing successful events detection to show jump phases in the IMU data. 

 

 
Figure A2. Comparative analysis of IMU and OMC derived ankle joint angles in CMJ. X-axis represents the ankle inversion/eversion, 
Y-axis represents plantarflexion/dorsiflexion and Z-axis represents internal and external rotation. 
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Figure A3. Comparative analysis of IMU and OMC derived ankle joint angles in LSJ. X-axis represents the ankle inversion/eversion, 
Y-axis represents plantarflexion/dorsiflexion and Z-axis represents internal and external rotation. 
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