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ABSTRACT
We present a framework for IMU-based joint angle estimation dur-
ing activities of daily living (ADL). Personalised musculoskeletal
models were created from anthropometric data. Three sensor fu-
sion algorithms were optimised to estimate orientation from IMU
data and used as input for the simulation framework. Four ADLs,
involving upper and lower limbs were simulated. Joint kinematics
of IMU-based simulations were compared to optical marker-based
simulations. Results for IMU-based simulations showed median
RMSE of 0.8−15.5 ◦ for lower limbs and 1.5−33.9 ◦ for upper limbs.
Median RMSE were 4.4 ◦, 5.8 ◦, 6.9 ◦, 6.5 ◦ for ankle plantarflexion,
knee-, hip flexion, and hip rotation, respectively. For upper limbs,
elbow flexion showed best median RMSE ∼3.7 ◦, whereas elevation
angles (∼24.5 ◦) and shoulder rotation (∼12.5 ◦) performed worst.
Increased RMSE at upper limbs was attributed to the degrees of free-
dom at the shoulder region compared to the hip. Overall, transversal
plane movements (rotations) showed higher median RMSE com-
pared to sagittal plane movements (flexion/extension). Optimisa-
tion of orientation estimators improved performance considerably
depending on ADL (up to ∼20 ◦). Comparing sensor fusion algo-
rithms, Madgwick and Mahony produced comparable joint kine-
matics, whereas the Extended Kalman Filter performance showed
larger variability depending on the ADL. Our approach offers a
realistic representation of joint kinematics and can be supported
by optimising parameters of sensor fusion algorithms.
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Figure 1: Illustration of joint angles considered for all ADLs.

1 INTRODUCTION
Wearable inertial measurement units (IMUs) are used to quantify
motion performance, including execution quality and skill assess-
ments, e.g. in daily living, sports, and rehabilitation [3, 11]. While
relative orientation of limb segments, i.e. joint angles, are often
considered to be key indicators of motion performance (incorrect
loading, disease patterns, etc.), their estimation with IMUs is known
to be challenging. IMU manufacturers offer proprietary solutions
that are not reproducible using open-source algorithms and can-
not be implemented with alternative IMUs. Furthermore, common
activities of daily living (ADLs) have been given insufficient con-
sideration in IMU-MoCap analyses. Recently, the new OpenSense
workflow has been integrated into the well-established open-source
musculoskeletal modelling software OpenSim to support biome-
chanical simulations based on IMU data [2].

In this work, we investigate an IMU-based simulation of activities
of daily living (ADLs) to establish a performance baseline for esti-
mating joint angles using an open-source framework. In particular,
this paper provides the following contributions:

(1) We present a framework to derive full-body 3D joint kine-
matics with body-worn IMU sensors and using personalised
biomechanical models.

(2) We evaluate IMU-based estimation performance of eight
joint angles against optical motion-capture (MoCap) in four
ADLs. IMU data and the gold-standard MoCap data were
simultaneously captured in ten participants.

(3) We compare joint angle estimation across sensor fusion
algorithms after optimising their parameters using leave-
one-participant-out cross-validation. Orientation estimates
served as input to the biomechanical ADL simulations.
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We believe that the pipeline proposed in this work and our per-
formance analyses can assist wearable system researchers and de-
signers to determine realistic error ranges for joint angle estimation
with IMUs depending on expected activities.

2 RELATEDWORK
Previous studies have estimated lower limb kinematics using IMUs
with joint angle root-mean-square-error (RMSE) of 5 − 10 ◦, com-
pared to MoCap-based kinematics and found larger agreement of
angles in the sagittal plane compared to the other two planes [8, 12].
So far, OpenSense has been used exclusively to simulate lower limbs
during walking, in particular to analyse kinematic drift in 10-min
walking trials and motion variability in gait [1, 2]. In contrast, up-
per limb kinematics in daily activities have not been sufficiently
addressed by IMU-based analyses. Goodwin et al. [4] monitored
the humeral elevation in patients with spinal cord injuries and con-
cluded that IMU-basedmethods for quantifying shoulder movement
show good agreementwithMoCap. Picerno et al. [7] developed a cal-
ibration procedure using anatomical landmarks for shoulder/elbow
kinematics. However, only uni-axial movements were measured.

Few IMU-based studies showed accuracy measures (e.g. wave-
form similarities, amplitude) corresponding with upper limb joint
kinematics estimates. Wang et al. [13] compared joint angles from
five IMUs mounted at one upper body side, a markerless MoCap sys-
tem, and standard marker-based method. They found smaller joint
angle RMSE at shoulders than elbows. Moreover, closed-source
systems and algorithms (e.g. Xsens sensors with proprietary algo-
rithms) had been used for joint angle estimation, which may be
expensive or limited to specific settings, hardware, etc. [2]. In this
work, we analyse several ADLs and joint angles, involving both, up-
per and lower limbs, to explore estimation errors and demonstrate
versatility of IMU-based kinematic simulations.

3 METHODS

Figure 2: Method overview. IMU and MoCap data were pro-
cessed to create personalised biomechanical models. Orien-
tiation estimates based on IMU data and sensor fusion algo-
rithms were used in OpenSense to animate biomechanical
models in ADL simulations. After parameter optimisation,
IMU-based joint angle estimates were compared to MoCap.

3.1 Personalised biomechanical body models
We used the OpenSim full-body thoracolumbar spine model [10],
which, in contrast to previous IMU-based simulations [1, 2], ac-
counts for the degrees of freedom (DOF) at upper limbs and spine
areas. Body models were personalised using OpenSim, including
scaling (changing body mass properties and dimensions according
to distances between model landmarks) and registering markers
attached to study participants. Thus, modelling input included body
weight and MoCap marker data.

3.2 Sensor fusion algorithms
Three sensor fusion algorithms were tested to estimate orientation
in quaternions 𝑞 based on Python AHRS (https://ahrs.readthedocs.
io): (1) Madgwick filter [5] is a gradient-descent algorithm with

filter gain 𝛽 representing mean zero gyroscope measurement er-
rors, expressed as 𝛽 =

√︃
3
4 �̄�𝛽 , where �̄�𝛽 is the estimated mean zero

gyroscope measurement error of each axis. (2) Mahony filter [6]
is a deterministic kinematic observer driven by attitude and angu-
lar velocity measurements and tuned by proportional gain 𝐾𝑝 and
integral gain 𝐾𝑖 . (3) Extended Kalman Filter (EKF) [9] is a nonlin-
ear Kalman filter, with measurement noise variance (𝑁𝑣 ) as main
parameter. Local tangent plane coordinate frame was set to geo-
graphical East, North, and Up directions (x,y,z), local magnetic field
was set to Munich, Germany.

3.3 OpenSense
The automated OpenSense workflow consists of five steps to pre-
pare for ADL simulation: (1) Preprocessed MoCap and IMU quater-
nions were imported and assigned to the body models. (2) A custom
sensor mapping was applied for IMUs to link with corresponding
rigid body parts (pelvis, thigh, etc.), represented as a "Frame" (or-
thogonal XYZ coordinate system). (3) Initial IMU orientations were
defined relative to body segments according to a static reference
trial. (4) MoCap and static IMU reference data were used to deter-
mine IMU orientations relative to body model segments as fixed ro-
tational offsets. (5) Rotation offsets were assigned to IMU "Frames",
yielding calibrated body models.

3.4 ADL simulation
Estimated quaternions per fusion algorithm and ADL data were
used as input into the OpenSense inverse kinematic solver to esti-
mate joint angles by minimising weighted squared differences. We
reduced relative weighting of distal IMUs (tibial and foot) to min-
imise influence of in-ground metal force plates [2]. Four ADLs in-
volving upper and lower limb movements were analysed: shelve or-
dering (SO), stairs climbing (SC), walking (W), and pen pickup (PP).
ADLs were selected to cover a variety of daily body movements
and involve multiple limbs.

3.5 Evaluation study
We included ten healthy volunteers. Participants gave written con-
sent and ethics approval was granted by an institutional ethics
committee. We derived body segment masses and joint centres
using Visual3D (C-Motion Inc., USA). See Tab. 1 for details.

Table 1: Study participant data. F: Female. M: Male.

ID Height
[m]

Weight
[kg]

Age
[years]

Sex
[F/M] ID Height

[m]
Weight
[kg]

Age
[years]

Sex
[F/M]

P1 1.80 74 25 M P6 1.69 62 24 F
P2 1.71 56 23 F P7 1.70 65 29 M
P3 1.78 65 29 M P8 1.65 62 28 F
P4 1.83 79 25 M P9 1.73 66 22 F
P5 1.68 68 36 F P10 1.45 48 21 F

A total of 54 reflective spherical MoCap markers were placed at
anatomical landmarks and 16 IMUs (MyoMotion, Noraxon, USA)
were attached to each body segment. To ensure tight fixation of
IMUs, Noraxon velcro straps with IMU pockets were used (see
Fig. 6A). A synchronized and calibrated 11-camera marker-based
MoCap system (Qualisys, Sweden)was used to acquire gold-standard
MoCap data. Cameras and IMUs were time-synchronized at a frame
rate of 100Hz. MoCap data was filtered by a 6Hz lowpass Butter-
worth filter. A static reference trial was performed to reconstruct

https://ahrs.readthedocs.io
https://ahrs.readthedocs.io
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body segments, determine dimensions, joint centres, segment coor-
dinate systems, and calibrate IMU sensors. Subsequently, partici-
pants were asked to perform each ADL three times. Labelling and
MoCap marker gap filling was performed with Qualysis Track Man-
ager, v. 2018. Recording time was ∼30min±10min per participant.
We have considered eight joint angles at upper and lower limbs to
cover the full body, as shown in Fig. 1. However, only two IMUs are
needed to estimate one segment angle, with IMUs located below
and above the respective joint.

3.6 Optimisation and error analysis
Leave-One-Participant-Out cross-validation (LOPOCV) was used
to fit parameters of sensor fusion algorithms (𝛽 ; {Kp,Ki}; 𝑁𝑣 ) per
ADL. Participant data that was held-out during training was used
for error analysis and results averaged over all folds.

Joint angle estimation performance was evaluated by deriving
RMSE between IMU-based simulations and MoCap measurements
for each participant and ADL. As some data were not normally
distributed, median and interquartile range (IQR) were computed
over all participants. Outliers were defined as > 1.5×IQR below or
above the 25th and 75th percentile.

4 RESULTS

Figure 3: Illustration of hip flexion angle estimates (Madg-
wick, 𝛽 = 0) for ADL ’Pen pickup’ of all participants (P1-10).

Fig. 3 shows time series overlay of hip flexion for ADL ’Pen
pickup’ for all participants using Madgwick filter (𝛽 = 0). One
ADL cycle is divided into five consecutive movements starting from
upright sitting (0%): (1) Getting up from the chair by leaning forward
with the upper body, thus increasing hip flexion, followed by full hip
extension when standing (∼18%). (2) Walking forward, i.e. a cyclic
variation in hip flexion per stride (∼36%). (3) Pen pickup motion,
thus increase in hip flexion to reach downwards (∼55%). (4) Walking
back (∼80%), and (5) sitting down on the chair, thus a peak and
subsequent decrease in hip flexion towards sitting upright (100%).
Natural deviations between participants, e.g. while walking, were
caused by different walking speeds and stride lengths.

Fig. 4 shows a parameter sweep for sensor fusion algorithms to
optimise mean RMSE across all joint angles for for the ADL SO.
Increasing 𝛽 > 0.1 for the Madgwick filter reduced performance for
all ADLs. While for SO, the optimum was 𝛽 = 0.1, further analyses
of other ADLs yielded best performance for 𝛽 = 0. For Mahony
filter, Ki = 0 and Kp = 0.1 gave the best performance for SO and SC.
For W and PP, Ki = 0 and Kp = 0.0 were better. Optimising 𝑁𝑣 of
the EKF resulted in 𝑁𝑣 = 0.0, 0.0, 0.01 for SO, 𝑁𝑣 = 0.0, 0.0, 0.17 for
SC and PP, and 𝑁𝑣 = 0.01, 0.06, 0.41 for W. EKF parameters showed

Figure 4: Parameter sweep for sensor fusion algorithms to op-
timise mean RMSE across all joint angles of the ADL ’Shelve
ordering’. A: Madgwick filter. B: Mahony filter. C: EKF.

the largest variation across ADLs, with differences of up to 20 ◦ for
the considered joint angles (see Fig. 4C).

As the evaluation of joint kinematics is one of the main re-
search components in the investigation of motion performance
Fig. 5 shows RMSE averaged over participants per filter design and
ADL. Overall, lower limbs (Fig. 5A) showed lower RMSE compared
to upper limbs (Fig. 5B). SO had minimal errors at lower limbs,
which can be attributed to the lack of movement during the ADL.
Overall, joint angle errors were 4.4 ◦, 5.8 ◦, 6.9 ◦, 6.5 ◦ for ankle plan-
tarflexion, knee-, hip flexion and hip rotation, respectively. Among
sensor fusions algorithms, Madgwick and Mahony filters produced
similar kinematics per joint angle. Depending on joint angle and
ADL, EKF performed similar or inferior to the two other filters,
with RMSE between ∼1 − 11 ◦ at lower limbs.

At upper limbs, elbow flexion showed lowest error (∼3.7 ◦),
whereas pro-/supination (∼5.1 ◦) and arm elevation angles had
largest errors (∼24.5 ◦), in particular for SO. Hand pro-/supination
are key movements of SO, with largest median RMSE compared to
other ADLs. Overall arm elevation showed highest RMSE for all
filters and ADLs, except W; followed by shoulder rotation (∼12.5 ◦).
Among sensor fusions algorithms, only minor error differences
were observed at upper limbs, favouring the Madgwick algorithm.

Fig. 6B and C illustrates errors incurred by the IMU-based sim-
ulation approach compared to MoCap. For SO trials, we observed
lower arm elevation and shoulder rotation, resulting in reduced
overall arm height and a larger wrist to wrist distance (Fig. 6B). For
PP, IMU-based simulations resulted in smaller hip flexion angles at
lower limbs, resulting in increased wrist to floor distance (Fig. 6C).

5 DISCUSSION
Overall median RMSE was 5.6 ◦ for lower limbs, with median RMSE
range between 0.8 − 12.0 ◦, except for hip rotation. Joint angle
estimation performances for lower limbs are in agreement with
literature. For example, Al Borno et al. [2] reported median RMSE
between 3−6 ◦ for lower limb joint angles, except hip rotation (12 ◦),
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Figure 5: A: RMSE per ADL of lower limbs. B: RMSE per ADL of upper limbs. ADLswere: shelve ordering (SO), stairs climbing (SC),
walking (W), and pen pickup (PP).

Figure 6: Study setup and examples of IMU-based simulation
issues. A: Study participant with Noraxon IMUs and MoCap
markers. B: Less shoulder rotation and elbow flexion during
SO. C: Less hip flexion and a more upright upper body posi-
tion during PP, thus not reaching the floor.

during 10-min walk trials using Madgwick and Mahony filters.
Furthermore, Bailey et al. [1] reported stride-to-stride variability
during treadmill gait of 4.4 − 6.7 ◦ for knee, ankle, and hip flexion,
as well as hip rotation using the Madgwick filter.

For upper limbs, our median RMSE ranged between 1.5 − 33.9 ◦,
with arm elevation angles showing largest errors. Overall median
RMSE was below 10 ◦. In comparison, Wang et al. [13] reported
median RMSE for their 5-IMU system ranging between 23.8−62.6 ◦,
with overall median RMSE below 30 ◦ across activities. IMUs were
mounted at one side of the upper body and tended to overestimate
shoulder rotation. Picerno et al. [7] estimated uni-axial arm ele-
vation in frontal, scapular, and sagittal planes with 3◦ and elbow
flexion-extension with an error of 2 ◦ compared to an optoelectronic
stereophotogrammetric system. Our results showed larger median
RMSE for elbow flexion (3.4 ◦) and shoulder rotation (12.5 ◦), which

could be explained by multi-axial ADL motions. So far, related work
considered either upper or lower limbs, whereas ADLs are usually a
combination of both. Furthermore, leave-one-participant-out cross-
validation was not reported as an evaluation strategy. Compared to
some proprietary IMU solutions (e.g. Noraxon Ultimum Motion),
our study found larger errors. However, in contrast to proprietary
systems, our approach could be implemented with different IMUs.

6 CONCLUSION
We modelled full-body 3D joint kinematics with body-worn IMU
sensors using personalised biomechanical models. Our IMU-based
framework can estimate joint angles in dynamic motion simula-
tions of typical ADLs and can be used to optimise parameters of
frequently used sensor fusion algorithms. The IMU-based simula-
tions produced joint kinematics that were consistent with MoCap,
thus confirming their validity for kinematic analyses in wearable
systems. In general, lower limbs yielded smaller RMSE than upper
limbs, which could be attributed to the larger DOF at upper limbs,
in particular for shoulders, and thus resulting in a more challenging
modelling task. With the open-source OpenSense toolbox, our ap-
proach enhances reproducibility compared to previously published
modelling and simulation techniques, in particular with regard to
complex upper limb analyses. Future work may include improve-
ments of the biomechanical body model, targeting shoulder DOF,
and further optimisation of sensor fusion algorithm parameters,
e.g. optimise limbs- or position-specific filters.
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