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Concurrent validity of embedded solutions for
whole body dynamics analysis

Maxime Sabbah, Bruno Watier, Raphael Dumas, Maxime Gautier and Vincent Bonnet

Abstract— This study investigates the possibility of estimating
body segment inertial parameters (BSIP) and performing human
dynamics analysis using embedded sensors. Affordable embedded
inertial measurement units and instrumented force-sensing insoles
have not yet demonstrated sufficient accuracy for dynamic assess-
ments of motions in sports or rehabilitation tasks when compared
to laboratory-grade solutions, such as marker based stereopho-
togrammetric systems and force plates. In this paper, we developed
a BSIP identification pipeline to estimate inertial parameters among
ten healthy young volunteers. Once these parameters are properly
identified, several comparisons can be made. First, for the external
wrench, we compare estimates derived from different kinematic
modalities coupled with either identified BSIP or anthropometric
tables against force plate measurements. Second, for joint torques,
we compare estimates using embedded kinematics and either iden-
tified BSIP or anthropometric tables to the best available reference, which comes from marker-based stereophotogram-
metric systems combined with identified BSIP. For validation, in the Y-Balance postural test, comparing external wrench
estimates using kinematics from embedded inertial measurement units and identified BSIP to force plate measurements
revealed a root mean square error of 5.9N for forces and 18.0N.m for moments, which corresponds to a large center
of pressure position error of 3.2cm. Overall, using identified BSIP reduced the normalized root mean square error for
joint torques by 6.5% compared to using anthropometric tables, suggesting that kinematic errors from embedded inertial
measurement units cannot be entirely compensated.

Index Terms— Body Segment Inertial Parameters, Embedded sensors, Inverse dynamics

I. INTRODUCTION

ASSESSMENT of human dynamics through the analysis
of joint torques, external wrenches, or center of pres-

sure has become standard practice for informed decision-
making in various fields, including biomechanics, orthopedics,
ergonomics, and robotics. One way to estimate these quantities
is through inverse dynamics, which requires kinematic and
dynamometric measurements coupled with a human model
and body segment inertial parameters (BSIP). In laboratory
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settings, these measurements are typically conducted using
marker-based stereophotogrammetric systems and force plates
(FP), which are considered gold-standard tools due to their
accuracy but are also cumbersome and expensive. To en-
hance human motion capture outside the laboratory, wearable
technologies such as inertial measurement units (IMUs) and
embedded force-sensing insoles have been proposed. Several
studies have evaluated the accuracy of IMUs, using both
commercial [28] and open-source solutions [1]. Overall, these
studies report an average root mean square error (RMSE)
of about 10°, though with considerable variations depending
on the investigated joint [27], [28]. Upper limb joint angles
estimation accuracy is lower than that of lower limb joints.
The error stems from both the technology itself and, to a
greater extent, the calibration of the biomechanical model.
Recent work has shown that, after removing calibration offsets,
joint angle errors for lower limbs can be reduced to about
5°, even during prolonged tasks [1]. However, differences in
calibration procedures can lead to constant calibration offsets
of segment poses. When considering inaccuracies in sensor-
to-segment calibration, the RMSE for upper limb joint angle
estimation can reach up to 25° [4]. Embedded force-sensing
insoles can be used to assess external wrenches at ground
level during ambulatory movements. Despite the variety of
sensor types, which complicates the generalization of accu-
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racy analysis, state-of-the-art insoles demonstrate an average
accuracy of 55N for vertical force and 1.2cm for center of
pressure during walking [6], [9], [24]. For tasks where both
feet are continuously held on the ground, unlike walking,
force data may dissipate through areas of the insoles without
sensors [9]. Furthermore, embedded insoles only capture the
ground reaction force perpendicular to the contact and its
corresponding moments.

The use of embedded IMUs for human dynamics analysis
has been extensively studied in the literature [11], [12], [14],
[21], [22], [31]. While the most common way to estimate
human dynamics lies in inverse dynamics, other techniques
based on forward dynamics and optimal control, as shown
by Dorschky et al. [12], or data-driven methods relying on
neural networks trained with various type of sensors [36], offer
alternative solutions. However, the metrics used to evaluate
embedded solutions in this context varied, leading to contra-
dictory findings. Some research concluded that IMUs are not
yet mature enough for reliable human dynamics analysis [11],
[14], while others have shown promising results [21], [22],
[31]. Diraneyya et al. [11] used IMUs for whole-body inverse
dynamics during walking, jumping, and lifting, observing an
average RMSE of 28.7N for vertical ground reaction force
estimation. However, no conclusive statement was made re-
garding the accuracy of joint torque estimation. In contrast,
Karatsidis et al. [21], using a musculoskeletal model and
IMUs, reported an average RMSE between estimated and FP-
measured external wrench of 49.2±14.0N and 10.7±4.7N.m.
It was 28% lower in average when using reference motion
capture. These differences lead to a relatively large average
normalized RMSE of 24.8±8.9% for lower limb joint torques.
Khurelbaatar et al. [22] evaluated the accuracy of IMUs and
instrumented pressure insoles for estimating joint torques and
ground reaction forces during low-speed gait where inertia
effects are weak. When compared to FP measurements, ground
reaction forces showed an average normalized RMSE of 10%,
while joint torques varied from 10.2% for lower limbs to
35.2% for the elbows. They attributed the joint torque errors
to the predicted components of ground reaction forces that
are unmeasured by the insoles and to IMUs joint kinemat-
ics errors. Faber et al. [14] used a commercially available
IMU suit and insoles to estimate lumbar joint torques during
manual lifting, reporting a high average RMSE of 30N.m,
primarily due to inaccuracies in the IMUs system’s estimation
of segment poses. Lastly, Tan et al. [31] applied IMUs and
deep neural networks to 2D knee joint kinetics estimation
during walking with a normalised RMSE of 10%, suggesting
robustness to changes in IMUs positions and orientations.
Further validation is needed for more complex whole-body
models.

In studies using embedded sensors for human dynamics
analysis, the influence of BSIP is often overlooked, with
researchers typically relying on averaged values from an-
thropometric tables [10], [12], [13], [26]. However, these
values are inadequate for individuals with atypical body mass
distributions [3]. Several studies [23], [26] emphasized that
using anthropometric tables for joint torque estimation can
result in inaccuracies of up to 20% during gait activities.
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Fig. 1: The human biomechanical model description.

Thus, practical tools for identifying human-specific BSIP
have been proposed. Venture et al. [2], [32], [34] devised
methods using marker-based optical motion capture and FP
data, combined with visual feedback, to guide participants in
performing specific motion trajectories. This approach allows
for the identification of the so-called base parameters, which
regroup equations formed by the only observable BSIP, in
a least square sense. These methods have enabled accurate
estimation of external wrenches with an average RMSE of
5N and 5N.m [19]. However, one limitation of theses studies
is that the identified BSIP may lack physical meaning, such
as resulting in negative masses or inertia matrix that are not
definite positive. To overcome this, Jovic et al. [20] used
constrained quadratic programming formulations to estimate
physically consistent BSIP. More recently, Werling et al. [37]
proposed the AddBiomechanics tool as an add-on to OpenSim,
which uses bi-level optimisation to retrieve, among others,
a set of BSIP at the base of the model. They claim to
reach an improved accuracy on external wrench measurements
and on joint torque estimates when compared to OpenSim
state-of-the art methods. However, contrary to the previous
approaches, this pipeline is not real-time, as processing takes
approximately 30 minutes.

In this context, the objectives of this paper are, when using
fully embedded sensors, for other tasks than gait to:

• assess the feasibility to estimate joint torques and ground
reaction forces and moments,

• determine the feasibility of estimating individual-specific
full sets of BSIP

• understand the influence of identified instead of anthropo-
metric tables based BSIPs on inverse dynamics outcomes.

II. METHODOLOGY

A. Biomechanical and identification models
The biomechanical model used in this study is composed

of Ns = 16 body segments, including the pelvis, abdomen,
thorax, head, left and right upper arms, lower arms, hands,
upper legs, lower legs and feet and Nj = 46 degrees of
freedom joints, as illustrated in Fig. 1 . The relative pose of
each segment in the kinematic chain, as well as the rotation
sequences, were defined according to the recommendations
of the International Society of Biomechanics [40], [41]. The
floating base, located at the pelvis segment, was positioned
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within a universe coordinate system R0 using three prismatic
and three revolute joints. The orientations of the segments,
expressed as quaternions q0

s ∈ R4×Ns , along with their
positions p0

s ∈ R3×Ns and the positions of the joints p0
j ∈

R3×Nj were estimated using the forward kinematics model f
as follows: [

p0
s q0

s p0
j

]
= f(θ,L) (1)

where θ ∈ RNj and L ∈ RNs are the vectors of joint
angles and segments lengths, respectively. Dynamic identi-
fication aims to estimate a total set of NBSIP = 10 × Ns

BSIP. For each segment j ∈ [1, Ns], they are referred to
as Φj = [Mj MSj TIj ], expressed in the joint frame,
where Mj is the mass, MSj = [MSXj MSYj MSZj ] is
the 3D vector of the first moment of inertia, and the 6D
vector TIj = [XXj Y Yj ZZj XYj XZj Y Zj ] encompasses
the elements of the 3 × 3 tensor of inertia. Gautier [17]
demonstrated that any vector of dynamometric measurements
Y ∈ RNj can be linearly related to the BSIP through the
dynamic regressor matrix W(θ, θ̇, θ̈) ∈ RNj×NBSIP . Note that
W depends on θ and their derivatives θ̇, θ̈ which are obtained
using f−1, the inverse of the forward kinematic model defined
in Eq. (1). We also denote as J(θ) = ∂f

∂θ , the Jacobian of
the forward kinematic model. For the sake of brevity, the
function dependencies will not be specified further. However,
due to the non-observability of all BSIP in a least squares
sense, the dynamic regressor may be rank deficient, preventing
the direct retrieval of the desired inertial parameters [17].
Therefore, only a minimal set of inertial parameters, referred
to as base parameters and describing the system dynamics,
can be identified. These are denoted as ΦB ∈ RNB and
can be numerically computed from the BSIP vector Φ =
[Φ0 ... ΦNs

] ∈ RNBSIP by eliminating those with negligible
influence on the dynamics and grouping others according to
the kinematic structure of the system. In the present study,
NB = 164 base parameters were computed using the QR
decomposition of the regressor matrix W. This also allowed
obtaining the base regressor WB ∈ RNj×NB . Once these
relationships determined, the problem can be formulated as:

Y = WBΦB =

[
0
τ

]
+

Nc∑
k=1

J0
k
T
Fk (2)

where:
• Nc is the number of contact points of the structure with

its environment,
• τ ∈ RNj−6 is the vector of joints torques,
• Fk ∈ R6 is the vector of external wrench acting on the

structure at contact point k,
• J0

k = [J0
bk

J0
ck
] ∈ R6×Nj is composed of the base link

and contact link placement Jacobian matrices at contact
k with respect to R0, which were used to map Fk to the
vector of generalized forces,

• WB = [WB0 WBc]
T ∈ RNj×NB is the so-called base

regressor matrix. WB0 ∈ R6×NB is the base regressor
matrix associated to the six equations of motion of the
base-link.

Since joint torques cannot be directly measured on humans,
an alternative approach was proposed [33] using the upper part

of Eq. (2). This portion of the equation specifically addresses
the dynamics of the base link, enabling the identification
of base parameters without the need for direct joint torque
measurements and external wrench distribution at each contact
point. Consequently, to estimate the base parameters, only
measurements of the total contact external wrench Fk, along
with the joint angles θ and their derivatives θ̇, θ̈, were
required. Then, to obtain the least squares estimation of ΦB ,
denoted as Φ∗

B ∈ RNB , the ordinary least squares formulation
was adopted:

Φ∗
B = (WT

B0WB0)
−1WT

B0Y0 (3)

with Y0 =
∑Nc

k=1 J
0
bk

T
Fk the external wrench measurements

vector at the base. Considering that the regressor WB0 of
the linear system from Eq.(2) is a deterministic one, and the
modeling error ρ = Y0 −WB0ΦB is a zero mean Gaussian
noise, the covariance matrix C ∈ RNB×NB of the estimation
error of Φ∗

B was computed as follow:

C = E((ΦB −Φ∗
B)(ΦB −Φ∗

B)
T ) (4)

where E is the expectation operator. Let ci,i be the diagonal
elements of C and Φ∗

Bj the j-th element of Φ∗
B , the relative

standard deviation σΦj% is given by:

σΦj% = 100

√
ci,i

Φ∗
Bj

(5)

At last, from the estimation of ΦB , it was possible to
derive the estimation of physically consistent BSIP Φ [20]. To
achieve this, a constrained quadratic programming formulation
was used. The objective of this problem was to identify the
inertial parameters enforced to remain physically plausible
by constraints while simultaneously fitting the dynamometric
measurements and staying close to their nominal values. [3],
[20]:

Find Φ∗ = argmin
Φ

α∥Y −WΦ∥2 + (1− α)∥ΦAT −Φ∥2

s.t. Mj > 0

0 ≤ MSj −MjCoM−
j

MSj −MjCoM+
j ≤ 0

for v ̸= 0, vTTIjv > ϵ
(6)

where ΦAT was the nominal vector of inertial parameters
given by anthropomorphic tables for human [13]. CoM+

j and
CoM−

j denoted the upper and lower 3D boundaries on the
position of the center of mass for link j, respectively. Those
boundaries have been determined using each participant’s body
segments geometry. v ∈ R2000×3 consisted of 2000 non
zero vectors uniformly distributed over the unit sphere used
to enforce the positivity of the inertia matrix [20], with a
tolerance parameter of ϵ = 10−3. α = 0.33 is the Pareto
front parameter aiming to get a minimal error on the external
wrench while keeping coherent BSIP. This parameter has
been evaluated empirically and was set the same for every
participants. All the modeling described is this section was
implemented using the robotics C++ library Pinocchio [7].
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Fig. 2: Realtime closed loop identification pipeline.
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Fig. 3: Evolution of colored visual feedback during a trial.

B. Visual biofeedback

A closed-loop pipeline (Fig. 2) was proposed for the par-
ticipants to generate themselves through an iterative visual
biofeedback exciting motion [3]. During the experiment, a
color variation, based on the values of the relative standard
deviation σΦj% [35], from red to green was displayed to
inform the volunteers about how well each segment was
identified. The participant could then recognize which links
required stimulation. The loop update rate was set to 1 second.
A parameter with a σΦj% lower than 10% was considered well
identified. However, for parameters with small values, such as
those of the hand, they could exhibit a large σΦj% even if well
identified. In such cases, if the value of the base parameter
remained steady for more than 10 estimations, the associated
segment was considered well identified. These results were
visualized, as shown in Fig. 3, using a 3D representation of the
human model defined in (II-A). Two indicators were displayed
on the model: the color of the segment itself associated with
centers of mass, and a little colored circle around each segment
indicating the estimation of the inertia parameters.

C. Participants

Ten (7 male and 3 female) healthy adults (age: 27.4±4.1yrs;
height: 1.73±0.07m; mass: 71.6±12.3kg) performed various
self-produced exciting motions using the proposed visual
biofeedback (see Section II-B). No motions were specifically
prescribed and the participants were free to move all their

limbs in all direction at a natural pace, as long as a sufficient
amount of data was collected to perform BSIP identification.
They were instructed to keep at least one foot in contact
with the ground and to avoid any dynamic impact on the
force sensing devices. After the dynamic idenfication process
was performed, they were asked to perform a Y-balance test
(YBT) [8] for cross-validation. The YBT is a widely-used
test for assessing postural balance, known for its simplicity,
reliability, and accuracy in rehabilitation settings. During the
YBT, participants stand on one leg while reaching as far
as possible with the other leg in three directions: anterior,
posterolateral, and posteromedial. Therefore, the whole body
joint torques during the YBT will be used to cross validate
the results of this study and to evaluate the effect of both
the kinematics and the inertial parameters on the dynamics
[38]. This investigation conforms to the principles outlined in
the Declaration of Helsinki for experiments involving humans
[39], and participants provided written informed consent prior
to participating.

D. Equipment

Participants were equipped with embedded insoles and the
17 IMUs MVN Link suit (Xsens Technologies). Concurrent
validity was assessed by comparing the kinematic data ob-
tained from a marker-based stereophotogrammetric system
composed of 22 cameras (Vero v2.2, Vicon) and FP data
(AMTI OR6 Series). 35 reflective markers were attached to
the Xsens suit following the Vicon Plug-in-Gait template
[15] and IMU sensors placements followed the manufacturer’s
guidelines [30], see Fig 4.a. As depicted in Fig. 4.b, the
used insoles embedded 10 piezo-resistive pressure sensors
measuring plantar pressure. All the sensors were calibrated

IMU
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Antenna IMU
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Fig. 4: a) Experimental set-up description. b) Embedded
insoles description.

to fit FP data using a classical linear least squares approach
[25]. The present paper examines four different modalities:
one using kinematics from stereophotogrammetric systems and
the anthropometric tables for BSIP denoted as SSAT; one using
kinematics from IMUs and the anthropometric tables for BSIP
denoted as IMUAT; one using kinematics with identified BSIP
from stereophotogrammetric systems denoted as SSID; and one
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using kinematics with identified BSIP from IMUs denoted as
IMUID. Data of all systems were synchronously acquired at a
frame rate of 50 Hz. All data were filtered using a Butterworth
filter (5-th order, cut-off frequency of 10 Hz).

III. RESULTS

Table I (respectively, Table V in supplementary material)
presents the average RMSE and a Pearson correlation coeffi-
cient r calculated across all participants when comparing exter-
nal wrench components during the identification (respectively,
cross-validation) trials: antero-posterior (AP), medio-lateral
(ML) and vertical (V) for the forces and sagittal (S), frontal
(F) and transverse (T) for the moments measured by the FP
and those reconstructed using the different modalities. The last
column of Table I shows the comparison between force data
from the insoles and the FP, revealing very large differences.
For external wrench estimations during identification (respec-
tively cross-validation) trials, SSID yielded an average RMSE
of 3.8N, 5.9N.m (respectively 3.8N, 10.1N.m) for forces and
moments. When using SSAT, it showed an average RMSE of
5.9N and 14.4N.m (respectively 4.1N, 11.6N.m). For IMUID,
average RMSE of 5.8N and 10.6N.m (respectively 5.9N,
18.0N.m) were observed whereas, for IMUAT, average RMSE
were of 9.1N and 23.0N.m (respectively 7.0N, 20.7N.m). Fig.5
illustrates a representative estimate of the external wrench
obtained across modalities, with corresponding average RMSE
of 8.6N and 16.6N.m for SSAT, 5.1N and 7.1N.m for SSID,
11.4N and 23.6N.m for IMUAT and 5.4N and 9.5N.m for
IMUID. Fig. 6 presents the difference in value between the
BSIP identified using stereophotogrammetric system kinemat-
ics and BSIP either identified using IMUs kinematics or either
calculated from anthropometric tables. Table II compares the
measured and estimated across modalities center of pressure
position during cross-validation trials. One can note that SSAT
results in an average RMSE reduction of 50% when compared
to IMU modalities. Table VI and Fig. 8 in supplementary
material illustrate the differences between whole body joint
angles estimated by IMUs and by SS chosen as reference
during cross-validation, revealing an average RMSE of 13.9°.
Lastly, Tables III and IV and Fig. 7 evaluate the impact of
kinematics and BSIP estimates on whole-body joint torques
during cross-validation. Since they cannot be measured, refer-
ence joint torques were estimated from SSID using the external
wrench measured by the FP. The comparison was made for
joint torques estimated with the three other modalities, using
the external wrench estimated by each modality for inverse
dynamic. Results are shown for the leg in contact with the
ground (support leg), the trunk and both arms. Fig. 7 shows
RMSE of 10.9, 15.7, 15.2N.m, NRMSE of 14.9, 27.5, 26.2%
and a r of 0.96, 0.92, 0.94, respectively for SSAT, IMUAT,
IMUID during a cross-validation trial for one person. For the
whole body, SSAT presented average normalised RMSE of
26%, whereas IMUAT showed average normalised RMSE of
41% and IMUID showed average normalised RMSE of 35%.

IV. DISCUSSION

The first objective of this paper was to investigate the
possibility of using embedded sensors to perform human
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Fig. 5: Ground reaction wrench measured (black) and recon-
structed with SSID (green, RMSE = 5.1N and 7.1N.m, r =
0.98), SSAT (dashed blue, RMSE = 8.6N and 16.6N.m, r =
0.88 ), IMUAT (dashed red, RMSE = 11.4N and 23.6N.m, r
= 0.86), and IMUID (orange, RMSE = 5.4N and 9.5N.m, r =
0.97) for one volunteer.

TABLE I: Average RMSE and r between measured and esti-
mated external wrench (AP = antero-posterior, ML = medio-
lateral, V = vertical, S = sagittal, F = frontal, T = transverse)
across modalities during identification trials.

- - SSAT IMUAT SSID IMUID INSOLES

AP
RMSE[N] 6.1 ± 2.5 7.7 ± 2.4 3.4 ± 1.4 5.4 ± 2.5 -

r 0.72 ± 0.10 0.64 ± 0.12 0.92 ± 0.03 0.80 ± 0.09 -

ML
RMSE[N] 5.2 ± 1.5 9.9 ± 3.1 3.8 ± 1.3 5.8 ± 3.1 -

r 0.98 ± 0.01 0.92 ± 0.06 0.99 ± 0.00 0.97 ± 0.03 -

V
RMSE[N] 6.5 ± 3.0 7.7 ± 3.3 4.2 ± 2.4 6.1 ± 2.8 126.2 ± 37.3

r 0.96 ± 0.02 0.93 ± 0.05 0.98 ± 0.01 0.94 ± 0.04 0.27 ± 0.22

Mean
RMSE[N] 5.9 ± 2.1 9.1 ± 2.8 3.8 ± 1.6 5.8 ± 2.7 126.2 ± 37.3

r 0.89 ± 0.040.83 ± 0.060.96 ± 0.010.91 ± 0.05 0.27 ± 0.22

S
RMSE[N.m] 21.5 ± 6.5 26.4 ± 11.7 4.3 ± 1.8 9.9 ± 3.8 121.6 ± 32.8

r 0.88 ± 0.06 0.73 ± 0.14 0.99 ± 0.01 0.92 ± 0.05 0.25 ± 0.27

F
RMSE[N.m] 12.4 ± 3.6 30.5 ± 17.0 6.3 ± 2.7 13.0 ± 7.0 104.0 ± 29.1

r 0.99 ± 0.01 0.93 ± 0.04 1.0 ± 0.00 0.98 ± 0.01 0.09 ± 0.35

T
RMSE[N.m] 9.3 ± 2.9 12.0 ± 3.8 7.2 ± 2.5 8.9 ± 3.0 -

r 0.87 ± 0.06 0.80 ± 0.05 0.97 ± 0.01 0.92 ± 0.03 -

Mean
RMSE[N.m] 14.4 ± 3.5 23.0 ± 9.3 5.9 ± 2.2 10.6 ± 4.6 112.8 ± 30.9

r 0.91 ± 0.030.82 ± 0.070.99 ± 0.000.94 ± 0.03 0.17 ± 0.31

dynamics analysis for estimating joint torques and center of
pressure position. The first conclusion is that embedded insoles
cannot be used for human dynamics analysis. As evident from
the last column of Table I, the discrepancies between the FP
and insoles measurements are too large. Although such insoles
are commonly used for gait analysis [18], their accuracy
reduces drastically during the stance phase [9]. As depicted
in Fig. 4.b, some pressure on the insoles likely passes through
the arch of the foot. Recent work from our group proposed
using machine learning to infer the missing components of
the external wrench [29]. While this approach shows promise,
it is still unable to generalize across all types of double
support motions. Consequently, FP data were used for inverse
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TABLE II: Average RMSE and r between measured and
estimated CoP position during YBT cross-validation trials.

- - SSAT IMUAT SSID IMUID

CoP AP
RMSE [cm] 2.3 ± 0.9 3.4 ± 1.4 1.7 ± 0.5 3.4 ± 1.3

r 0.79 ± 0.11 0.84 ± 0.06 0.85 ± 0.11 0.85 ± 0.07

CoP ML
RMSE [cm] 1.4 ± 0.4 3.7 ± 1.7 1.6 ± 0.4 3.0 ± 1.3

r 0.90 ± 0.15 0.72 ± 0.19 0.93 ± 0.13 0.74 ± 0.19

Mean RMSE [cm] 1.9 ± 0.6 3.6 ± 1.6 1.6 ± 0.4 3.2 ± 1.3

r 0.85 ± 0.13 0.78 ± 0.13 0.89 ± 0.12 0.80 ± 0.13

TABLE III: Average RMSE, Normalized RMSE, and r between
reference support leg joint torques estimated from SSID with
FP measurement and those estimated using other modalities
with estimated external wrench during YBT cross-validation
trials.

- - SSAT IMUAT IMUID

Support hip
RMSE [N.m] 9.3 ± 2.5 13.9 ± 4.5 10.7 ± 3.2

NRMSE [%] 22.4 ± 8.8 32.4 ± 13.1 25.8 ± 9.1

r 0.93 ± 0.05 0.75 ± 0.16 0.77 ± 0.16

Support knee
RMSE [N.m] 15.3 ± 5.9 30.0 ± 16.7 33.3 ± 22.8

NRMSE [%] 15.5 ± 6.9 34.2 ± 32.8 39.6 ± 43.3

r 0.94 ± 0.04 0.85 ± 0.07 0.88 ± 0.07

Support ankle
RMSE [N.m] 12.8 ± 9.0 39.7 ± 20.1 36.7 ± 24.9

NRMSE [%] 19.5 ± 10.1 50.0 ± 24.8 48.6 ± 31.5

r 0.85 ± 0.12 0.69 ± 0.23 0.73 ± 0.23

Mean
RMSE [N.m] 12.5 ± 5.8 27.9 ± 13.8 26.9 ± 19.2

NRMSE [%] 19.1 ± 8.6 38.9 ± 23.6 35.9 ± 21.1

r 0.91 ± 0.07 0.76 ± 0.15 0.79 ± 0.15

dynamics in this study.
The second objective was to assess the feasibility of identi-

fying BSIP using IMUs. Fig. 6 shows that the estimated BSIP
were relatively close in values with the anthropometric ones,
especially for smaller segments. As previously shown [16],
the BSIP of smaller segments minimally affect the external
wrench. Thus, since the second term in the cost function of
the constrained QP is a regularization term, these are only
marginally modified. Furthermore, the constraints in Eq. 6
ensure physical consistency. Notably, this is evident for the
masses and inertia of the trunk segment. The estimates of
centers of mass based on IMU also exhibit more variation for
the upper limbs. This is probably due to the lower accuracy of
shoulder joint angle estimations from IMU sensors as shown
in Table VI in supplementary material and in [27]. It is also
due to the small influence of the upper limbs BSIP on the
external wrench [16]. The true inertial parameters remain
unknown, but it seems possible to estimate BSIP using IMUs
and FP only for large segments, as it is the case with reference
stereophotogrammetric systems. [3].

Finally, it is important to understand the influence of identi-
fied BSIP on human dynamics analysis. For the estimation of
the external wrench during the identification trials, identified
BSIP improved the estimation by around 45%, regardless of
the kinematic modality (Table I). However, this improvement
is less visible during the cross-validation trials, which exhibit
different movements than those used during the identification
trials (Table V in supplementary material). This is especially
true for the moments, even with the reference SS system,
indicating errors in the dynamic model. Likely, these errors
come from the trunk and thighs which, due to their distance
from the vertical axis in the YBT, significantly affect the

TABLE IV: Average RMSE, Normalized RMSE, and r be-
tween reference upper limbs joint torques estimated from
SSID with FP measurement and those estimated using other
modalities with estimated external wrench during YBT cross-
validation trials.

- - SSAT IMUAT IMUID

Lumbar
RMSE [N.m] 6.5 ± 3.0 12.4 ± 4.2 7.2 ± 2.2

NRMSE [%] 12.1 ± 8.1 25.8 ± 13.7 14.5 ± 6.9

r 1.00 ± 0.01 0.93 ± 0.06 0.95 ± 0.04

Abdominal
RMSE [N.m] 5.2 ± 3.1 8.3 ± 3.7 6.13 ± 3.3

NRMSE [%] 15.9 ± 7.9 25.3 ± 12.6 18.4 ± 9.0

r 0.94 ± 0.04 0.84 ± 0.09 0.91 ± 0.06

Thoracic
RMSE [N.m] 5.0 ± 2.3 7.9 ± 4.5 6.6 ± 3.8

NRMSE [%] 34.4 ± 13.9 46.1 ± 28.4 32.4 ± 21.9

r 0.87 ± 0.12 0.72 ± 0.24 0.92 ± 0.05

Mean
RMSE [N.m] 5.6 ± 2.8 9.5 ± 4.1 6.6 ± 3.1

NRMSE [%] 20.8 ± 10.0 32.4 ± 18.2 21.8 ± 12.6

r 0.94 ± 0.06 0.83 ± 0.13 0.93 ± 0.05

Shoulders
RMSE [N.m] 1.5 ± 0.6 2.3 ± 1.0 1.7 ± 1.1

NRMSE [%] 31.7 ± 11.7 54.0 ± 24.3 48.3 ± 25.4

r 0.92 ± 0.08 0.79 ± 0.19 0.81 ± 0.19

Elbows
RMSE [N.m] 0.3 ± 0.2 0.5 ± 0.3 0.6 ± 0.4

NRMSE [%] 27.0 ± 14.6 45.0 ± 26.1 52.4 ± 30.3

r 0.88 ± 0.11 0.29 ± 0.46 0.56 ± 0.44

Wrists
RMSE [N.m] 1.1 ± 0.4 1.1 ± 0.6 0.8 ± 0.6

NRMSE [%] 50.0 ± 17.1 52.6 ± 29.2 42.3 ± 26.1

r 0.91 ± 0.08 0.05 ± 0.42 0.57 ± 0.43

Mean
RMSE [N.m] 1.0 ± 0.6 1.3 ± 1.0 1.1 ± 1.1

NRMSE [%] 36.2 ± 14.5 50.5 ± 26.5 47.7 ± 27.3

r 0.90 ± 0.09 0.38 ± 0.36 0.65 ± 0.35

moment estimates. Furthermore, coupled with IMUs kinemat-
ics errors, this propagates to the center of pressure position
estimation with a 3cm error. This is twice as large as when
using SSAT. Such an error can lead to incorrect diagnostic
interpretations [5]. However, a relatively inaccurate estimate
of the external wrench might not be a problem if insoles allow
for the estimation of the complete 6D external wrench [29] or
if FP are used. In the literature, when estimating joint torques
from IMU data, comparisons are systematically made between
IMUAT and SSAT. For instance, during walking, average RMSE
of 13.0 ± 4.7N.m or a NRMSE of about 10% were reported
for lower limbs [21], [22]. These values align with our
observations in Tables III and IV between the reference SSID
and SSAT. Consequently, as we choose to compare our estimate
with the reference SSID, we observed approximately double
these values. When using IMUAT, the joint torques were badly
estimated with NRMSE ranging from 35 to 50%. As shown
in the Table VI in supplementary material, large kinematics
errors with an average error of 13.9 ± 8.6° across all joints
were observed when using IMUs. Interestingly, the lowest
kinematics errors observed at the trunk level correspond to the
lowest errors in joint torque estimates. Similarly, the largest
errors were found at the upper limb level. When observing
the SSAT joint torque estimates, this statement cannot be
made and the errors were much less important. It can be
deduced that the primary source of error is coming from the
IMU joint kinematics estimate. Identifying BSIP allows to
compensate for IMU kinematics errors partially to perform
dynamics analysis, which is true for all dynamic quantities
studied. Even if BSIP identification mitigates the impact of
IMUs’ joint kinematics error for the identification movements,



SABBAH et al.: CONCURRENT VALIDITY OF EMBEDDED SOLUTIONS FOR WHOLE BODY DYNAMICS ANALYSIS 7

l. 
up

. l
eg

l. 
lo

w.
 le

g
l. 

fo
ot

pe
lvi

s
ab

do
m

en
th

or
ax

l. 
up

. a
rm

l. 
lo

w.
 a

rm
l. 

ha
nd

he
ad

r. 
up

. a
rm

r. 
lo

w.
 a

rm
r. 

ha
nd

r. 
up

. l
eg

r. 
lo

w.
 le

g
r. 

fo
ot

C
O

M
x 

(m
)

C
O

M
y 

(m
)

C
O

M
z 

(m
)

Iz
z 

(k
g.

m
²)

Iy
y 

(k
g.

m
²)

Ix
x 

(k
g.

m
²)

0.06

0.00
0.12

0.00
0.01

0.00

0.0

1.4

0.0

0.1

0.0

1.6

M
as

s 
(k

g)

0.0

3.5

IMU
ID

AT

Raw data points

l. 
up

. l
eg

l. 
lo

w.
 le

g
l. 

fo
ot

pe
lvi

s
ab

do
m

en
th

or
ax

l. 
up

. a
rm

l. 
lo

w.
 a

rm
l. 

ha
nd

he
ad

r. 
up

. a
rm

r. 
lo

w.
 a

rm
r. 

ha
nd

r. 
up

. l
eg

r. 
lo

w.
 le

g
r. 

fo
ot

l. 
up

. l
eg

l. 
lo

w.
 le

g
l. 

fo
ot

pe
lvi

s
ab

do
m

en
th

or
ax

l. 
up

. a
rm

l. 
lo

w.
 a

rm
l. 

ha
nd

he
ad

r. 
up

. a
rm

r. 
lo

w.
 a

rm
r. 

ha
nd

r. 
up

. l
eg

r. 
lo

w.
 le

g
r. 

fo
ot

Fig. 6: Difference in values between BSIP identified with stereophotogrammetric systems and those from anthropometric tables
(blue), and those identified with IMU (orange). Raw data points for all participants are shown with colored dots.
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Fig. 7: Cross-validation results for joint torques estimated
from SSID as reference (green), from SSAT (dashed blue,
RMSE = 10.9 ± 10.0N.m, NRMSE = 14.9 ± 3.3 %, r =
0.96±0.04), from IMUAT (dashed red, RMSE = 15.7±9.7N.m,
NRMSE = 27.5± 10.4 %, r = 0.92± 0.06) and from IMUID
(orange, RMSE = 15.2± 9.4N.m, NRMSE = 26.2± 5.8 %, r
= 0.94± 0.04) for one volunteer.

they cannot compensate as good the error for different cross-
validation motions. Table VI exhibits very poor correlation
between some joint angle estimates allowing to believe that
the error in joint angle estimate is foremost due to differences
in biomechanical model definition [27]. Nevetherless, joint
torque estimates for lumbar and thoracic joints have been
largely improved, nearly bringing IMUID performance to the
level of SSAT. This improvement surpasses the 40N.m RMSE
that has been reported in the literature [14]. For arms’ joints,
RMSE values in N.m has limited meaning due to the very
small amplitudes of joint torques. Khurelbaatar et al. [22]
reported large NRMSE exceeding 35% when comparing to

SSAT. Our findings, comparing IMUID to a more accurate
reference, SSID, revealed a large value of 47.7%, only 3%
lower than when comparing with IMUAT. However, it can be
noticed that the correlation coefficients were almost twice as
high for IMUID showing a much better estimate of arms joint
torques.

While Khurelbaatar et al. [22] concluded that IMUs were
usable for performing human dynamics analysis, we believe
this statement warrants careful consideration. Although BSIP
identification can mitigate some inaccuracies associated with
embedded modalities, its impact on dynamics is not as signifi-
cant as the impact of kinematics errors. Since IMU kinematics
still cannot provide joint angle estimations with sufficient
accuracy, we cannot conclude positively on their use in field
applications. The very recent development of deep learning
algorithms enable the use of IMUs in biomechanics without
needing specific calibration [31], [36]. If such techniques
can be extended to the whole body, the potential to allow
accurate estimation of the kinematics using IMUs coupled with
our BSIP identification method show promise in estimating
accurate dynamics quantities with very few affordable sensors.
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