Dynamically consistent inverse kinematics framework using
optimizations for human motion analysis
S. Futamure, V. Bonnet, R. Dumas, D. Kulić, G. Venture


Abstract— Human motion analysis is of crucial importance in
countless applications such as human-robot interaction or
during the design of assistive devices. Human motion should be
estimated as accurately as possible at both kinematics and
dynamics levels. Accurately estimating joint trajectories, intersegmental loads, geometric parameters and body segment
inertial parameters specific to each subject will allow most of the
indexes used to quantify/analyze human motion to be
reconstructed. In this study, a multi-objective optimization
problem is formulated to estimate the joint angles, velocities, and
accelerations. Moreover two constraint quadratic problems are
used to determine geometric parameters and body segment
inertial parameters. Contrary to state of the art methods that
rely solely on marker data to perform inverse kinematics, the
proposed approach relies on force-plate data to obtain
dynamically consistent joint trajectories. The proposed
approach is evaluated on a squat exercise, performed by 8
subjects, and shows an improved accuracy in joint kinematics
and inertial parameter estimation over the classical methods.
Index Terms—Inverse kinematics, multibody inverse dynamics,
human motion analysis.

I. INTRODUCTION
Estimation of accurate kinematics, inter-segmental
moments and external ground wrench (EGW) during the
motion of a human is of crucial importance in countless
applications [1]. When a humanoid robot is interacting with or
imitating a human, the quantification of motion should be as
accurate as possible both at the kinematics and dynamics
levels [2]. This is even more the case when designing or
adapting subject specific prosthetic or exoskeleton motion [34]. The estimation of inter-segmental moments from inverse
dynamics requires the knowledge of joint angles, velocities,
and accelerations; geometric parameters and the body segment
inertial parameters (BSIP). In human motion analysis, the
classical method to estimate joint angles is to create a frame at
each segment, from at least three markers, and then to calculate
the relative linear and angular dis-placements between
adjacent frames. Subsequently, from the resultant kinematics,
recursive (bottom-up) methods can be used to propagate the
measured EGW in order to estimate internal joint loads.
Despite its ease of use, this method does not take advantage of
kinematic constraints, i.e. the model does not have fixed
segment lengths. Moreover, this method is sensitive to marker
misplacements and/or soft tissue artifacts [5]. Soft tissue
artifacts are highly non-linear and are caused by motion of the
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skin and wobbling masses impacting bone pose estimates
during the experimental measurement process, by as much as
15 degrees [6-8]. To cope with this issue, in the literature, inverse kinematics is increasingly performed by minimizing the
least-square difference between the whole set of measured
marker positions and their estimates from a forward
kinematics model [9-11]. This approach is referred to as multibody optimization in the biomechanics literature as oppose to
single-body optimization [11-13] that were widely used
previously. Reference multi-body optimization method [11]
also estimate segment lengths and joint center positions from
a multi-level optimization process.
Because these multi-body optimization methods [9-10] are
solely based on kinematic data, the resultant joint trajectories
might not be consistent with dynamic laws governing the
system’s whole body motion. In order to improve tracking of
dynamic information, previous studies [12-13] have proposed
to use the available inconsistent positions and EGW
measurements to adjust acceleration estimates. To do so, a
weighted least-squares optimization approach is used to
provide the most consistent optimal acceleration distributions
with force data. However, the obtained joint accelerations
were not necessarily consistent with the derivation rules
between joint positions and velocities. To the best of our
knowledge, no study has simultaneously estimated the joint
angles, velocities, and accelerations using marker data and
force plate measurements, with the exception of a recent paper
of our group performing simultaneous dynamic and kinematic
parameter estimation via an ex-tended Kalman Filter [15].
However, when using an extended Kaman filter imposing
constraints, the tuning of the covariance matrices is very
delicate [15]. In addition, almost all of the studies use
anthropometric tables (AT) [e.g., 14] to estimate geometric
parameters and BSIP. The use of AT when estimating joint
torques becomes problematic when dealing with individuals
characterized by an atypical body mass distribution [15-16].
Recently, inspired by the robotics field of system identification
[17-19], several approaches for identifying human and
humanoid BSIP using least-square identification and quadratic
optimization methods with data collected over a calibration
phase have been proposed. These methods have shown the
possibility of using the EGW and the general dynamics
equation of a floating base system to identify each BSIP [1819].
In this context, a new method to perform inverse
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objective optimization process is designed to minimize the
residue at both the kinematics and dynamics levels. Due to
their hybrid nature, the obtained joint kinematics are called
dynamically consistent. The contributions of this paper are as
follows:
• an accurate and consistent estimate of joint angles,
velocities, and accelerations of a human;
• an accurate estimate of geometrical parameters and BSIP
i.e., segment length and local position of the markers in each
segment frame, mass, center of mass, and inertia of each
segment.
Kinematic and dynamic data are used together in a bi-level
optimization process to estimate the above-mentioned
quantities. To evaluate our tool, a squat exercise, performed by
8 subjects, was chosen as an experimental motion.
II. METHOD
A. The mechanical model
A mechanical model of the squat exercise was created
using a 4-segment (shank, thigh, torso and arm) planar model
(Fig. 1). Segments were connected by 𝑁𝐽 = 4 cylindrical
hinges θ=[θ1 θ2 θ3 θ4]T representing the rotation around the
ankle, knee, hip, and shoulder joints (Fig. 1). The origin of the
global reference frame (GR=[GXGY]) was located at the ankle
joint, which was assumed to be stationary during the exercise.
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Fig.1. Four-degree-of-freedom model of the human body.
The positions of each joint of the model in GR were estimated
by calculating the forward kinematic model (FKM) in
symbolic form using the modified Denavit-Hartenberg
convention [21]. From the positions of each joint center, the
marker positions were estimated as a function of the joint
angles and their local coordinates in their corresponding
frame (𝑃𝑥 , 𝑃𝑦 , shown in Fig. 1). The transformation matrix
from GR to the 𝑚th marker, 𝑻𝒓𝑚
𝑮𝑹 , is given by:

𝑻𝒓𝑚
𝑮𝑹

1
0
𝑗
= 𝑻𝒓𝑮𝑹 [
0
0

0
1
0
0

0
0
1
0

𝑃𝑥𝑗
𝑃𝑦𝑗
]
0
1

(3)

where 𝒀𝑘𝑖𝑛 is the so-called kinematic regressor. 𝜱𝑘𝑖𝑛 =
[𝐿1 𝐿2 𝐿3 𝑃𝑥1 𝑃𝑦1 ⋯ 𝑃𝑥13 𝑃𝑦13 ] 𝑇 is the vector
containing the segment lengths and local marker positions.

𝒀𝐸𝐺𝑊
𝑲
𝟎
𝑁𝑐
] 𝜱𝑑𝑦𝑛 = [ ] + ∑𝑘=1
[ 𝑘1 ] 𝑬𝑮𝑾𝑘
𝒀𝜏
𝑲𝑘2
𝝉

(4)

𝒀𝐸𝐺𝑊
] are the observation matrices or the so-called
𝒀𝜏
dynamic regressors. 𝒀𝐸𝐺𝑊 ((𝑁𝐹 𝑁𝑠 ) × 𝑁𝑑 ) is the generalized
force regressor which expresses the linear relationship
between the EGW and the BSIP, 𝒀𝜏 ((𝑁𝐽 𝑁𝑠 ) × 𝑁𝑑 ) is the joint
torque regressor. 𝑁𝐹 = 3 is the number of external wrenches,
𝑁𝑠 is the number of samples of time, 𝑁𝑑 is the number of
dynamic parameters. 𝝉(𝑁𝐽 × 1) is the vector of joint torques,
𝑁𝑐 = 1 is the number of contact points with the environment,
𝑇
𝑬𝑮𝑾𝑘 = [𝐹𝑥𝑘 𝐹𝑦𝑘 𝑀𝑧𝑘 ] ((𝑁𝐹 𝑁𝑠 ) × 1) is the 𝑘 th vector of
external forces exerted on the human, 𝑲𝑘1 and 𝑲𝑘2 are
matrices which map the 𝑬𝑮𝑾𝑘 to the generalized force and
joint torque vectors.
In humans, the joint torques cannot be measured, so only
the upper part of eq. 4 [15-17] can be considered for BSIP
identification:
where [
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where 𝜽̇ and 𝜽̈ are joint velocities and accelerations, 𝑱 is the
Jacobian matrix expressing the relationships between the
marker Cartesian velocities and joint velocities, 𝑱̇ is its time
derivative.
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1.2) Dynamic regressor
The dynamic equation of motion of a floating base system
can be rewritten linearly to isolate the vector 𝜱𝑑𝑦𝑛 containing
all the BSIP [21]:
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where the mth marker belongs to the jth joint. The vector of the
estimated marker positions 𝑴𝒌((2𝑁𝑚𝑘 𝑁𝑠 ) × 1) corresponds
to the first two rows of the fourth column of 𝑻𝒓𝑚
𝑮𝑹 . 𝑁𝑚𝑘 =13 is
the number of markers.
The use of symbolic formulation allows us to calculate
accurately the first and second order kinematic model
̇ , and acceleration, 𝑴𝒌
̈ ,
describing each marker velocity, 𝑴𝒌
in GR:

𝑁

(1)

𝑐
𝒀𝐸𝐺𝑊 𝜱𝑑𝑦𝑛 = ∑𝑘=1
𝑲𝑘1 𝑬𝑮𝑾𝑘

(5)

B.

Proposed bi-level optimization process overview
As represented in Fig. 2, the proposed approach is based
on a bi-level optimization process.

Force plate
Motion capture

Input:

𝑴𝒌𝑚𝑒𝑎𝑠 : Marker trajectories
𝑬𝑮𝑾𝑚𝑒𝑎𝑠 : Ground external wrenches(GEW)

Table 1. Weight adjustments for the proposed IK method
𝑊𝑇𝑂𝐸
𝑊𝐴𝑁𝐾
𝑊𝑆𝐻𝐴
𝑊𝐾𝑁𝐸
𝑊𝐴𝑆𝐼𝑆
𝑊𝑇10
𝑊𝑆𝑇𝑅𝑁
𝑊𝑆𝐻𝑂

Value
1e-3
10e-3
15 e-3
30e-3
17e-3
10.7e-3
15e-3
10e-3

Description
Toe marker
Ankle marker
Shank marker
Knee marker
Pelvis markers
T10 marker
Sternum marker
Acromion marker

Method
[6]
[6]
[6]
[6]
[8]
[7]
[7]
[7]

Find 𝜽∗ , 𝜽̇∗ , 𝜽̈∗
2

Update
kinematic
model

Optimization 1: Dynamical consistent IK

Update
dynamic
model

Section C(1): Determination of Joint position, velocity, acceleration

min

𝜽∗ ,𝜽̇∗ ,𝜽̈∗

𝑴𝒌𝑚𝑒𝑎𝑠 − 𝑴𝒌

Find 𝜽∗ , 𝜽̇∗ , 𝜽̈∗
̇ 𝑚𝑒𝑎𝑠 − 𝑴𝒌
̇
+ 𝑴𝒌

2

min

𝜽∗ ,𝜽̇∗ ,𝜽̈∗

2

𝑬𝑮𝑾𝑚𝑒𝑎𝑠 − 𝑬𝑮𝑾

̈ 𝑚𝑒𝑎𝑠 − 𝑴𝒌
̈
+ 𝑴𝒌

2

s.t.
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Fig. 2. Overview of proposed bi-level optimization process.
In the first optimization step, indicated in blue in Fig. 2,
both measured kinematic and measured dynamic data are
tracked at the same time. The objective of this first step is to
determine the joint angles, velocities, and accelerations that
track the marker trajectories and that are dynamically
consistent with the EGW. In the second optimization step,
indicated in green in Fig. 2, the geometric parameters and
BSIP are identified sequentially using the output of the first
optimization step. The geometric parameters refer to the
segment lengths and local coordinates of the markers in each
segment frame. The BSIP refer to the mass, the center of
mass, and the inertias.
1) Dynamically consistent IK
The first optimization problem aims to find the joint angle,
velocity, and acceleration vectors that minimise the leastsquare differences between the measured (lower script
𝑴𝒌𝑚𝑒𝑎𝑠 ) and estimated (no lower script) Cartesian marker
positions, velocities, and accelerations. 𝑴𝒌 were normalized
using the weights presented in Table I, that were used in [15]
citing [6-8] . The markers were weighed using the literature
value of the influence of soft-tissue artefact:
𝑾1 =
1

[𝑊𝑇𝑂𝐸

𝑊𝐴𝑁𝐾

𝑊𝑆𝐻𝐴

𝑊𝐾𝑁𝐸

𝑊𝐴𝑆𝐼𝑆

𝑊𝑇10

𝑊𝑆𝑇𝑅𝑁

2

̇ 𝑚𝑒𝑎𝑠 − 𝑴𝒌
̇ ‖ + 𝑾3 ‖𝑴𝒌
̈ 𝑚𝑒𝑎𝑠 − 𝑴𝒌
̈ ‖
𝑾1 ‖𝑴𝒌𝑚𝑒𝑎𝑠 − 𝑴𝒌‖2 + 𝑾2 ‖𝑴𝒌
∈ min {
̇
̈
𝜽,𝜽,𝜽
𝑾 ‖𝑬𝑮𝑾𝑚𝑒𝑎𝑠 − 𝑬𝑮𝑾‖2

𝑊𝑆𝐻𝑂 ]

.
𝑾2 , 𝑾3 and 𝑾 are normalization weights set as in [15].
These are used to scale the tracking error on marker velocities
and accelerations to vary between 0 and 1. The optimization
problem that is shown in eq. 6 is solved in the first step of the
method.

𝜃𝑗− ≤ 𝜃𝑗 ≤ 𝜃𝑗+

𝑗 = 1, … , 𝑁𝐽

(6)

where 𝜽∗ (𝑁𝐽 𝑁𝑠 × 1), 𝜽̇∗ (𝑁𝐽 𝑁𝑠 × 1), 𝜽̈∗ (𝑁𝐽 𝑁𝑠 × 1) are the
optimal joint angles, velocities and accelerations.
̇ 𝑚𝑒𝑎𝑠 ((2𝑁𝑚𝑘 𝑁𝑠 ) × 1) and
𝑴𝒌𝑚𝑒𝑎𝑠 ((2𝑁𝑚𝑘 𝑁𝑠 ) × 1) , 𝑴𝒌
̈ 𝑚𝑒𝑎𝑠 ((2𝑁𝑚𝑘 𝑁𝑠 ) × 1) are the vector containing the
𝑴𝒌
𝑁𝑚𝑘 = 13 measured marker positions, velocities and
accelerations in GR.
As shown in eq. 7, two cost functions are optimized at the same
time to obtain consistent joint angles, velocities, and
accelerations in the first optimization step. This problem is
solved using a multi-objective optimization method [23].
Multi objective optimization tries to find the best solution that
minimizes both cost functions using knowledge of the Pareto
front. The multi-objective algorithm tries to find the closest
solution point from a goal on the Pareto front curve that
describes the evolution of the solution space for both cost
functions. In this study, the goal was set to 0 since both cost
functions were already normalized. As previously specified
these two cost functions are normalized prior to the
optimization to have a similar order of magnitude. By using a
multi-objective optimization no further weighting (between
the tracking of marker positions and EGW) is required to solve
this optimization problem. Since the task is planar, the initial
conditions on the joint angles were set from simple
trigonometry obtained from marker data. Joint velocity and
acceleration were set to zero. The obtained kinematics is used
for the second optimization step. Then the algorithm returns to
the first optimization step with new values for segment lengths
and BSIP and recalculates the joint trajectories (Fig. 2). The
operation can be re-iterated as many times as needed until a
satisfactory error is obtained. Due to the non-linearity of the
problem there are no guarantees about convergence for the
proposed method. The results may also be sensitive to the
choice of initial conditions, this is why a plausible solution
from trigonometry was chosen. Note that this is also the case
with the state of the art methods [11]. However, no
convergence issues were observed with the proposed
algorithm and the investigated data set.
2) Identification of geometric parameters
In the second optimization step, indicated in green in Fig.
2, the geometric parameters and BSIP are identified. The
following optimization problem is solved to identify the
geometric parameters in the second step of the method:

,

∗

∈ 𝑚𝑖𝑛 ‖𝒀𝑘𝑖𝑛 𝜱𝑘𝑖𝑛 − 𝑴𝒌𝑚𝑒𝑎𝑠 ‖2
,

− 0.5 𝟎𝑙 ≤ 𝑙 ≤ 𝟎𝑙 + 0.5
− 0.5‖ 𝟎𝑚 ‖ ≤ 𝑚 ≤
𝟎𝑚 − 0.5‖
𝟎𝑚 ‖ ≤
𝑚 ≤
𝑚 = 1, … , 𝑁 𝑘
s.t.

two iterations the resultant error became smaller than the
resolution of these measurement tools.

,

𝑙 = 1, … , 𝑁𝐿
+ 0.5‖ 𝟎𝑚 ‖
𝟎𝑚 + 0.5‖
𝟎𝑚 ‖

𝟎𝒍

𝟎𝑙

𝟎𝑚

𝟎𝑚

IV. RESULTS
(7)

where 0𝑙 (𝑁𝐿 × 1) and ∗ (𝑁𝐿 × 1) are the initial and
estimated segment lengths of the lth segment, 𝟎𝒎 , 𝟎𝒎
∗
( 𝑁𝑚𝑘 × 1 ) and
, ∗ (𝑁𝑚𝑘 × 1) are the initial and
estimated values of the coordinates of the mth marker in each
local frame (see Fig. 1). 0𝑙 is calculated from the marker
positions in the first time step. 𝑁𝐿 is the number of segment
lengths to identify. The segment lengths and marker local
coordinates were set arbitrarily to be within 50 % of their
literature value [14]. This problem is solved using a classical
QP algorithm [24].
3) Identification of BSIP
After the identification of the geometric parameters, in the
second optimization step, the BSIP are identified by solving
the following optimization problem [15]:
∗
Find 𝜱𝑑𝑦𝑛
2

∈ 𝑚𝑖𝑛 ‖𝑬𝑮𝑾𝑚𝑒𝑎𝑠 − 𝒀𝐸𝐺𝑊 𝜱𝑑𝑦𝑛 ‖ + ‖𝜱𝐴𝑇 − 𝜱𝑑𝑦𝑛 ‖
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Fig. 3 and 4 show the position of markers in GR and the
EGW as obtained from experimental data (black solid line),
as estimated by the proposed method (red dash line) and as
estimated by the traditional inverse kinematics method with
kinematic data only (blue dash line) [9-10].
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Fig. 4 Representative comparison showing the measured (black
line), optimized with proposed method (red dashed line), and the
result of conventional multi-body optimization method using only
kinematic data [9-10] (blue dashed line).

𝑙 = 1, … , 𝑁𝐿
𝑖 = 𝑥, 𝑦
(8)

where 𝑬𝑮𝑾𝑚𝑒𝑎𝑠 ((𝑁𝐹 𝑁𝑠 ) × 1) is the measured external
ground wrench. 𝜱𝐴𝑇 (𝑁𝑑 × 1) and 𝜱∗𝑑𝑦𝑛 (𝑁𝑑 × 1) are the
−
BSIP values obtained from AT and the estimated ones, CoM𝑖𝑗
+
and CoM𝑖𝑗
are the upper and lower boundaries of the oriented
bounding box attached to the 𝑙 𝑡ℎ segment.
In order to obtain a physically consistent solution, the mass is
constrained to be positive for each segment. The CoM
position of each segment is linearly constrained to be inside
of a segment specific oriented bounding box defined in the
local segment frame. Finally, the second moment of inertia
should be positive. This problem is solved using a QP
algorithm [24].
III. HUMAN EXPERIMENTAL VALIDATION
A squat exercise is used to illustrate the proposed
approach. From a standing position with the arms along the
body, the subjects (8 males, mass=64±11 kg,
height=1.68±0.11 m) were asked to perform a squatting task
and return to their initial posture. Kinematic data were
recorded using a motion capture system (MX VICON, 8
cameras, 100 Hz). The markers were located on the subject’s
body surface according to the Plug-In-Gait marker template
but only the planar markers were used (Fig. 1). 2D
dynamometric data, 𝑬𝑮𝑾𝑚𝑒𝑎𝑠 , were obtained from a forceplate (BERTEC, 100 Hz). The whole loop of the optimization
process described in Fig. 2 was computed twice since after

Fig. 5 shows a representative comparison of the segment
lengths of a subject obtained from AT (blue bar) and
identified by the proposed method (red bar).
AT
Estimated

0.6
Segment length [m]

Find

0.4

0.2

0
Segment
Fig. 5 Representative comparison showing the segment lengths
estimated from AT (blue bar) and identified by the proposed method
(red bar).

Table 2.
RMSE and NRMSE between optimized by proposed method and
calculated by traditional IK method with kinematic data only

Mass [kg]

0.6

30
20

0.4

10

First moment of inertia
along x axis [kgm]

0

15

0.2

10

0
5

Segment

14.5±6.9 mm

1.9±1.0

3.8±1.4 mm

0.5±0.2

14.5±7.5 mm

1.5±0.8

5.1±1.1 mm

0.5±0.1

14.4±7.6 mm

1.6±0.8

3.8±0.8 mm

0.4±0.1

MkSHO
MkELB

15.4±8.0 mm
17.2±9.8 mm

1.6±0.8
2.4±1.4

4.9±1.9 mm
4.0±1.0 mm

0.5±0.2
0.6±0.2

FX
FY
MZ

3±0 N
4±0 N
3±0 Nm

14±0
2±0
4±1

7±2 N
8±2 N
8±3 Nm

16±1
4±1
19±6

First moment of inertia
along y axis [kgm]

0

N

MkC7
MkCLA

40

Segment length [m]

Classical inverse kinematics
and inverse dynamics method
NRMS
RMS
[%]
5.4±1.0 mm
4.0±0.8
5.7±3.7 mm
2.8±1.5
7.2±4.2 mm
2.4±1.6
6.3±0.4 mm
1.4±0.1
6.2±3.1 mm
0.9±0.5
7.0±3.8 mm
1.1±0.6
5.4±4.1 mm
0.7±0.5

V

First moment of inertia
along y axis [kgm]

As discussed in numerous papers about BSIP identification
[17-19], an in-vivo reference value of the BSIP of each
segment is not available for validation. Consequently, Fig. 6
shows an indicative comparison of the masses and moments
of inertia of each segment of the subject obtained from AT
(blue bar) and identified by the proposed method (red bar).
The identified BSIP parameters are consistent with their
literature values. This was expected thanks to the second term
of the cost function minimised in eq. 8 and the associated
constraints. Similarly to previous work [15, 17-19], we
indirectly validate the BSIP estimation by positing that a
better reconstruction of the EGW is a good indicator of the
good estimate of the BSIP. This tracking of measured EWG
is shown in Fig. 4, the corresponding Root Mean Squared
Error (RMSE) for the forces and moments were: 3 N, 4 N, and
2 Nm for the proposed method, and when estimated using
classical inverse kinematics and classical inverse dynamics
separately the corresponding RMSE were: 12 N, 12 N, and 14
N.m. This difference cannot be explained only by the
kinematics tracking of the markers shown in Fig. 3. From this
figure, it is difficult to observe any significant differences in
the marker tracking. In addition, the average RMSE and the
Normalized RMS (NRMSE) between measured
and
optimized quantities obtained for all the 8 subjects and trials
are shown in Table 2. The maximal RMSE was obtained for
the knee marker. This is expected since during squat this
marker displays large motions. It is also in accordance with
the literature on soft-tissue-artefacts that reports large error on
this specific marker [6-8].
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Fig. 6 Representative results showing the BSIP estimated from
anthropometric data (blue bar) and the identified ones (red bar).

V. DISCUSSION
In this study, a new dynamically consistent inverse
kinematics method has been proposed. A bi-level
optimization process that minimises the differences between
kinematic and dynamic data is used to estimate joint
trajectories, geometric parameters and BSIP. The proposed
method has been evaluated with a 4 DoF model and
experimental data of a planar squat movement. As shown in
the results section, the estimated joint angles are consistent
and produce a good fitting of the kinematic data and an
excellent tracking of the EGW measured by a force plate.
Regarding the RMS of marker tracking in Table 2, the RMS
values are consistent with the literature on soft-tissue-artefact
especially at the knee, thigh, and pelvis markers with RMSE
of 15 mm to 20 mm [6-8]. The classical inverse kinematics
method provides a better tracking of the markers but embeds
de-facto in the resultant kinematics the error due to influence
when performing inverse dynamics using these polluted joint
trajectories. The RMSE of external forces of the classical
method is two to five times larger than with the proposed bilevel optimization method. Solely minimizing the residue of
the markers is not a sufficient criterion when performing
inverse kinematics. Finally, the error of the estimate of the
EGW is also reduced thanks to the subject specific
identification of BSIP. The knowledge of the individual
segment mass, CoM and inertias pave the way of future
monitoring tools that could account for segment changes
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Fig. 3 Representative results showing the tracking of the measured markers (black) with the proposed
method (red) and the classical multi-body optimization method based only on kinematics (blue).

during a rehabilitation process [20]. Future works will consist
in extending to 3D case the proposed method in order to
analyse more complex daily activities.

[12] L. Chèze, B. J. Fregly, J. Dimnet, “A solidification procedure to
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