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fixed segment lengths have been presented [6-8] and are now
used in several commercial software products [9]. These are
referred in biomechanics as global optimization techniques
[6-7]. They usually attempt to minimize, at each sample of
time, the least square difference between the measured and
model-predicted marker positions for all the segments at the
same time while respecting biomechanical constraints. These
multi-body approaches have shown better accuracy than
treating the segments separately [6][10-11]. However, they do
not consider the history of the marker trajectories and are
computationally expensive excluding de-facto real-time
applications. Recently, the Extended Kalman Filter (EKF) has
been used to overcome some of these issues and has been
shown to have better performance than global optimiza-tion
[10-11]. The use of EKF allows joint angles to be smoothed
and reduces the effect of skin artifacts [10-11]. Reduced noise
velocity and acceleration estimates enable a much better
estimate of internal joint loads and recon-struction of ground
reaction forces and moments (GRFM). However, to the best
of our knowledge, no study has investigated the use of EKF
for reconstructing dynamic quantities. Additionally, almost
all of the stud-ies use averaged anthropometric tables (AT)
obtained from cadaver data to estimate body segment inertial
pa-rameters (BSIP) [12-13]. The use of AT for joint torque
estimates becomes problematic when dealing with individuals characterized by an atypical body mass distribu-tion.
Recently, inspired by the robotics field of system
identification, Ayusawa et al. [14] have proposed several
approaches for identifying human BSIP using offline leastsquare identification and quadratic optimisation methods
collected over a calibration phase. These meth-ods have
shown the possibility of using the GRFM and the general
dynamics equation of a floating base system to identify each
BSIP [13]. The major differences be-tween human and robot
are that the joint trajectories can be measured accurately, the
segments are perfectly rigid and that the joint torques can
often be measured in a robot. This latter quantity can then be
used in the identi-fication process instead of the external
wrench. This was done recently by Joukov et al. [15] who
proposed a con-strained EKF to identify in realtime inertial parameters of a serial manipulator robot [15]
using measurements of robot joint encoder and torque
sensors.
In this context, a new tool merging previous studies from

Abstract— This paper presents a method for the real-time
determination of joint angles, velocities, accelerations and joint
torques of a human. The proposed method is based on a
constrained Extended Kalman Filter that combines
stereophotogrammetric and dynamometric data. In addition to
the joint variables, subject-specific segment lengths and inertial
parameters are identified. Constraints are added to the filter, by
restricting the optimal Kalman gain, in order to obtain
physically consistent parameters. An optimal tuning procedure
of the filter’s gains and a sensitivity analysis is presented. The
method is validated in the plane on four human subjects and
shows very good tracking of skin markers with a RMS difference
lower than 15 mm. External ground reaction forces and
resultant moment are also accurately estimated with an RMS
difference below 3 N and 6 N.m, respectively.

I. INTRODUCTION
dynamics state of a branched kinematic system such as
THE
a human or a humanoid is characterized by the joint and
segment position, velocity and acceleration vectors and also
by the internal and external wrenches acting on the body.
Estimating these is of crucial importance in countless
applications related to robotics, orthopaedics or industrial
ergonomics. Stereophotogrammetric and force-plate systems
are usually used to quantify human motion. An accurate, real
time method able to provide physically consistent kinematics
and dynamics variables would be a great advantage in various
applications. In robotics, real-time ability is essential when a
robot must react at each sample of time accordingly to the
dynamics current state of the human being. An improve
accuracy is also desirable when designing or adapting to a
subject prosthetics and exoskeletons. Numerous approaches
have been proposed to estimate human motion from marker
trajectories and force-plate data [1]. The most classical
approach is to create a frame at each segment from the
markers, and to calculate the relative linear and angular
displacements between adjacent frames. Despite its ease of
use, this method does not take advantage of kinematics
constraints and is very sensitive to several sources of error,
such as marker misplacements and soft tissue artifacts [2-5].
Soft tissue artifacts are highly non-linear and are caused by
motion of the skin or by wobbling masses jeopardizing, by as
much as 15 degrees, the estimate of the underlying bone pose
[3]. Model based approaches, inspired from robotics filed,
combining marker trajectories and a kinematics model with
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both biomechanics and robotics is proposed in or-der to
perform a dynamically consistent inverse kinematics. The
contribution of this paper are:
- an accurate real-time estimate of joint positions, velocities,
accelerations and joint torques of a human,
- a modified EKF gain constraint that constrains the
identification of segment lengths and inertial parameters to
physically feasible values,
- a detailed and pragmatic method for tuning the
measurement and process covariance matrices of the EKF.
Unlike previous studies, data obtained from kinematics and
dynamometric measurements are used together in the same
EKF filter to estimate the above mentioned quantities.
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Fig.1. Seven-degree-of-freedom model of the human body.

II. METHOD

The inverse dynamics model of the body system is computed
with Lagrange’s equations:

A. A. The squat exercise
In order to exemplify the proposed approach a popular
planar squat rehabilitation exercise was chosen. Squat
exercises are widely used in rehabilitation programs [16],
since they allow the evaluation of basic skills of daily living,
such as picking up an item, navigating stairs, or sit-to-stand
transfer. The experimentation involved four young healthy
volunteers (2 males, 2 females, age=33±5 years, mass=71±3
kg, height=1.72 ± 0.04 m). Starting from their natural
standing posture, volunteers were asked to perform a
squatting task, moving at a self-selected speed, to reach a
lower position of their choice and then return to their initial
posture. The task was composed of two series of 10
repetitions. A force plate (Bertec Inc) was used to record
GRFM, and a stereophotogrammetric system (9 Mx cameras,
VICON) simultaneously recorded marker trajectories. Twelve
reflective markers were located on one side of the subject
according to the popular Plug-In-Gait (VICON) marker
template (Fig.1). Each marker was associated to a body
segment. Since the squat task is planar, the joint angles were
calculated in accordance with the literature between adjacent
vectors created from marker positions [1]. The resultant joint
angles were used for comparison with our method.

𝜞 = 𝑨(𝒒)𝒒̈ + 𝑪(𝒒, 𝒒̇ )𝒒̇ + 𝑮(𝒒) + 𝑱𝑇 𝑭

(1)

where 𝒒, 𝒒̇ , 𝒒̈ , 𝜞 are respectively the vectors containing the
joint position, velocity, acceleration and torque components.
𝑨, 𝑪, 𝑮 are the inertia, Coriolis and centrifugal, and gravity
matrices, respectively. 𝑱 is the Jacobian matrix mapping
𝑭=[FX FY MZ]T the vector of the external wrench to the joint
space. The ith segment of the mechanical model has a mass
Mi, a moment of inertia around the z-axis ZZi and two
components of the first moment of inertia (MXi, MYi).
C. Extended Kalman Filter
The aim of the proposed EKF is to estimate at the same time:
- joint angles,
- joint velocities,
- joint accelerations,
- segment lengths and local marker positions,
- and the body segments inertial parameters,
by tracking the marker trajectories and each component of the
measured external wrench. The system overview is illustrated
in Fig. 2.
1) EKF formulation
The EKF is a common sensor fusion algorithm used to
estimate the state of a non-linear system given noisy
measurements by minimizing the trace of the error covariance
matrix P. The EKF uses a linear approximation computed at
every iteration. The next state estimate 𝒙𝑘+1 and measurement
update 𝒚𝑘+1 are defined by:

B. The mechanical model
A mechanical model of the squat exercise was created
using a 7-segment planar model (Fig.1). Segments were
connected by cylindrical hinges θ=[θ1 θ2 θ3 θ4 θ5 θ6 θ7]T
representing (Fig. 1). The origin of the global system of
reference (GXGY) was located on the tip of the toe, which was
assumed to be stationary during the exercise. For the sake of
simplicity and because it provides symbolic equations, the
Modified Denavit-Hartenberg notation [17] and the
SYMORO+ [18] software were used to formulate the
kinematic and inverse dynamics model. Joint center positions
can be estimated in the global reference frame using the
forward kinematics model as a function of the joint angles and
the segment lengths. Moreover, the position of the markers in
the global reference frame can be computed using the same
forward kinematics model and the rigid transformation of the
local coordinates (lpmkx, lpmky) of each marker in their
corresponding joint frame (Fig.1).

𝒙𝑘+1 = 𝑓(𝑥𝑘 ) + 𝒘𝑘
𝒚𝑘+1 = ℎ(𝑥𝑘 ) + 𝒗𝑘
(2)
where f and h are the functions relating the previous step to
the next step and the state vector to the measurement vector,
respectively. 𝒘 and 𝒗 represent the process and the
measurement Gaussian noise with zero mean and covariance
𝑸𝑘 and 𝑹𝑘 , respectively.
As shown in Fig.2, the objective of the EKF is to produce the
best estimate of the state vector that minimises the leastsquare difference between the measured and estimated 𝒚
vector trough a two steps prediction-update procedure.
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Fig. 2. Overview of the constrained extended Kalman filter.

estimate lies within the constrained space. The following
constraints can be implemented using this method:

̂k|𝑘, 𝑷𝑘|𝑘 and 𝑲𝑘 are the predicted mean and
In Fig. 2, 𝒙
covariance of the state vector and the EKF gain matrix,
respectively. H and F are the Jacobian matrices of f and h
calculated symbolically relatively to the state vector.

𝐴𝐾𝐹 𝑥̂𝑘|𝑘 = 𝑏
{
𝐶𝐾𝐹 𝑥̂𝑘|𝑘 ≤ 𝑑

However, the method presented for inequality constraints
requires the use of an optimization process that is not suitable
for real-time application [19-20]. Therefore, Gupta et al.’s
method was adapted as follows: At each timestep, an initial
Kalman gain and state update are computed, then if one of the
elements of the updated state vector is over its limits, a vector
of constraints 𝒃 is filled at the corresponding row with the
limit of this element of the state vector. Using the vector of
constraints and the updated state vector a new optimal
Kalman gain is then computed as follows:

2) EKF state and measurement vectors
The state vector required to estimate the human body
dynamics is as follows:
𝒙𝑖=1: = [θ𝑖 θ̇𝑖 θ̈𝑖 𝐿𝑖

𝑙

𝑃𝑥𝑖 𝑙𝑝𝑦𝑖 𝑀𝑖 𝑀

𝑖

𝑀 𝑖 𝑍𝑍𝑖 ]𝑇

(3)

The state update equation assumes that the joint variables
evolve linearly and that the other parameters are constants.
Thus for each frame i carrying j markers, it is defined as
follows:
θ𝑖𝑘−1
θ𝑖𝑘
θ̇ 𝑖𝑘−1
θ̇ 𝑖𝑘
̈
θ̈ 𝑖𝑘−1
θ𝑖𝑘
∆𝑡 2
1 ∆𝑡
𝐿𝑖𝑘−1
𝐿𝑖𝑘
[
] 𝑂 𝑥 𝑝𝑥,𝑗 𝑘−1
𝑝𝑥,𝑗 𝑘
= 0 1 ∆𝑡
𝑝𝑦,𝑗 𝑘
𝑝𝑦,𝑗 𝑘−1
0 0 1
𝑀 𝑖𝑘
[
𝑂𝑥
𝐼 𝑥 ] 𝑀𝑖𝑘−1
𝑀 𝑖𝑘
𝑀 𝑖𝑘−1
𝑀 𝑖𝑘
𝑀 𝑖𝑘−1
[ 𝑍𝑍𝑖𝑘 ]
[ 𝑍𝑍𝑖𝑘−1 ]

̂𝑘|𝑘 − 𝒃)(𝒗𝑘 𝑇 𝑺𝑘 −1 𝒗𝑘 )−1 𝒗𝑘 𝑇 𝑺𝑘 −1 (7)
𝑲𝑅𝑘 = 𝑲𝑘 − 𝑨𝑇𝐾𝐹 (𝑨𝐾𝐹 𝑨𝑇𝐾𝐹 )−1 (𝑨𝐾𝐹 𝒙

Finally the update of the state vector can be computed using
this new Kalman gain.
(4)

̂𝑅𝑘|𝑘 = 𝒙
̂𝑘|𝑘 + 𝑲𝑅𝑘 𝒗𝑘
𝒙

(8)

Using this technique it is possible to constrain the parameters
and the joint angles to stay within physically consistent
limitations. Geometrical, inertial parameters and joint angle
limits were set using the biomechanics literature [12]. The
segment lengths and inertial parameters were set arbitrarily to
be within 20 % of their literature value. The maximal and
minimal local positions of the markers were tuned manually
to constrain the marker positions to lie within the segments.
The following set of constraints has been implemented:

where ∆𝑡 is the time difference between samples.
The measurement vector at each time step k is composed of
the 2D marker trajectories, each component of the external
wrench vector, and the total mass of the subject, previously
measured.
𝒛𝑘 = [ 𝑝𝑚𝑘𝑥𝑗𝑘 𝑝𝑚𝑘𝑦𝑗𝑘 … 𝐹𝑋𝑘 𝐹𝑌𝑘 𝑀𝑍𝑘 ∑𝑖=1 𝑀𝑖 ]𝑇

(6)

(5)

𝜃𝑖𝑚𝑖𝑛 < 𝜃𝑖 < 𝜃𝑖𝑚𝑎𝑥
𝐿𝐴𝑇 − 0.2𝐿𝐴𝑇 ≤ 𝐿 ≤ 𝐿𝐴𝑇 + 0.2𝐿𝐴𝑇
−𝑇𝑟𝑒𝑠ℎ𝑜𝑙𝑑 ≤ 𝑙𝑝𝑚𝑘𝑥 ≤ 𝑇𝑟𝑒𝑠ℎ𝑜𝑙𝑑
−𝑇𝑟𝑒𝑠ℎ𝑜𝑙𝑑 ≤ 𝑙𝑝𝑚𝑘𝑦 ≤ 𝑇𝑟𝑒𝑠ℎ𝑜𝑙𝑑
𝑀𝐴𝑇 − 0.2𝑀𝐴𝑇 ≤ 𝑀 ≤ 𝐿𝐴𝑇 + 0.2𝑀𝐴𝑇
𝑀 𝐴𝑇 − 0.2𝑀 𝐴𝑇 ≤ 𝑀 ≤ 𝑀 𝐴𝑇 + 0.2𝑀 𝐴𝑇
𝑀 𝐴𝑇 − 0.2𝑀 𝐴𝑇 ≤ 𝑀 ≤ 𝑀 𝐴𝑇 + 0.2𝑀 𝐴𝑇
{ 𝑍𝑍𝐴𝑇 − 0.2𝑍𝑍𝐴𝑇 ≤ 𝑍𝑍 ≤ 𝑍𝑍𝐴𝑇 + 0.2𝑍𝑍𝐴𝑇

The total mass is used as a soft constraint [19] with a very
small measurement process noise in order to force the sum of
the all the masses to be of a fixed value.
3) EKF constraints
In order to ensure physical consistency of some of the state
vector parameters, inequality constraints must be added to the
EKF. A method presented by Gupta et al. [20], allows
constraints to be easily implemented on the state vector
elements, has been used and modified. It proposes to restrict
the optimal Kalman gain in a way that the updated state

(9)

where the index AT refers to the anthropometric tables [12].
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4) EKF parameter tuning
The Extended Kalman filter requires parameter tuning to
guarantee stability while maximizing convergence rate over a
given task [21]. The parameters that may be used to tune the
behavior of the algorithm are embodied in the process
covariance matrix Q and in the measurement covariance
matrix R. Since our EKF deals with multiple degree-offreedom and different quantities several gains are to be tuned.
The measurement covariance matrix R has not been set using
directly the measurement noise of the stereophotogrammetric
system (about 1mm). Indeed, the literature in biomechanics
proposes quantitative tables describing the influence of the
soft-tissue artifacts on the relative displacement between the
marker and the underlying segment [3-5]. Consequently,
these tables appear to be a better indicator on how reliable is
the measurement of each specific marker for the estimate of
the segment pose. For the force-plate data the noise
measurement provided by the manufacturer was used. The
values of R are given in Table I. For the process covariance
matrix Q, there is no real consensus, and no real data, in the
literature on how to tune its parameters. Since the segment
lengths and inertial parameters are independent parameters
and it is desirable that they converge to a constant value, the
diagonal elements of Q corresponding to them can be set to
zero. This guarantees that the error covariance P matrix will
also eventually converge to zero for those terms and thus that
the state will not be dependent on the measurement [22].
The process noise corresponding to the position of the marker
in the local frame was set for the same reason to a small value
(1e-4). However, local maker positions might slightly evolve
due to the soft-tissue artifacts creating an actual displacement
between a marker and its corresponding local frame. Process
gains related to the evolution of joint angles ( 𝑞 ), velocities
( 𝑞̇ ) and accelerations ( 𝑞̈ ) should be much larger since
these variables are supposed to evolve in time and also to
reflect the errors due to the linear assumption of the model
(eq.4). A numerical tuning based on the experimental data
was devised to tune these parameters. The optimal
combination of these gains was determined through an
iterative process that sought the minimal value of the sum of
the RMS difference between estimated and measured
markers and GRFM. The coefficients were varied through all
possible combinations from 1e-6 to 1e6 on a logarithmic scale.
A trial that was not used in the assessment of the method
accuracy was selected to perform the optimal gain tuning. Fig.
3 presents the sensitivity analysis to the filter’s process noise
gains. Several gain combinations lead to filter instabilities and
thus no values are displayed. These instabilities occur mainly
when 𝑞 , and 𝑞̇ are very small. This might reflect the error
in the constant acceleration assumption in the state update.
Consequently, the lowest values of the sum of all RMS
(plotted in red) were obtained for all the combinations in
which all the gains are of large value. Among these
combinations, the optimal solution was the one obtained for
= 1𝑒 , 𝑞̇ = 1𝑒 , 𝑞̈ = 1𝑒 . Anthropometric table values
[12] and the distances between markers at the first time step
were used to set the initial condition of the filter.

III. RESULTS
Fig.4 shows a representative tracking of the markers and
segment lengths for a randomly chosen subject over a
complete squat cycle. Fig. 5 shows a comparison between the
joint angles estimated by the proposed EKF method and by
the reference marker method (see section II.A).
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TABLE I
MEASUREMENT (R) AND PROCESS (Q) MATRICES GAINS VALUES
𝑇𝑂𝐸
𝐴𝑁𝐾
𝑆𝐻𝐴
𝐾𝑁𝐸
𝐴𝑆𝐼𝑆
𝑇10
𝑆𝑇𝑅𝑁
𝑆𝐻𝑂
𝐹𝑋
𝐹𝑌
𝑀𝑍
𝑀𝑡𝑜𝑡
θ
θ̇
θ̈
𝐿
𝑝

Value
1e-3
10e-3
15 e-3
30e-3
17e-3
10.7e-3
15e-3
10e-3
0.1
0.1
0.1
1e-4
1e3
1e2
1e3
0
1e-4

Description
Toe marker
Ankle marker
Shank marker
Knee marker
Pelvis markers
T10 marker
Sternum marker
Acromion marker
Horizontal GRF
Vertical GRF
Ground resultant couple
Mass soft constraint
Joint angle
Joint velocity
Joint acceleration
lengths and inertial param
Local marker coordinates

Method
[3]
[3]
[3]
[3]
[5]
[4]
[4]
[4]
manufacturer
manufacturer
manufacturer
empiric
Identified
Identified
Identified
[22]
empiric

The question of the formal validation of any inverse
kinematics method for humans is still an open issue. In fact,
no estimation method can be qualified as the gold standard for
any type of movement. The only measurements being the
marker positions and GRFM, other studies usually propose to
analyse the RMS residue of the tracking of the markers [1011] and the RMS differences between estimated and
measured GRFM. Consequently, in this paper the proposed
method is validated similarly by a direct comparison between
the measured and estimated quantities. The RMS difference,
normalized RMS (NRMS) difference and the correlation
coefficient (r) were calculated. As indicated by Table II,
showing the results obtained during all the 80 squats, the
proposed algorithm was able to track very accurately the
marker trajectories, and the GRFM with RMS differences
lower than 13 mm, 1 N, 3 N, and 6 Nm, respectively. The
highest differences in markers tracking was always obtained
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for the sternum marker. The combined use of AT and joint
trajectories calculated directly from markers do not provide
an accurate estimate of the external wrench components with
a NRMS at least 10 times higher than when using the
proposed EKF method. This is exemplified by Fig. 6 that
shows the typical behavior of the proposed method: after a
short adaptation time (2s), the proposed algorithm is able to
track, very accurately, GRFM recorded during the squat
exercise.

IV.

The marker residual of the present study is less than 15 mm
and the tracking of each of the external wrench components
was excellent (NRMS 20 %) compare to the classical one
(NRMS 110%).
𝜃 [deg] 𝜃 [deg] 𝜃 [deg] 𝜃 [deg] 𝜃 [deg] 𝜃 [deg]

10 10
0

-10-10
100
100
80

60 60
100
100
0

-100
-100
100
100
0

-100
-100
50 5
-10

-50
-25
50 0
-20

-50-40
00

TABLE II
RESULTS OF THE TRACKING OF THE RETRO-REFLECTIVE MARKERS AND
FX [N]

CC
1±0
0.74±0.10
0.82±0.12
0.99±0.01
0.95±0.03
0.93±0.04
0.77±0.10
0.94±0.03
0.97±0.02
0.10±0.18
0.99±0.01
0.96±0.02
0.90±0.06
0.66±0.08

00

-40
-40

FY [N]
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Fig. 5. Representative results showing the comparison between EKF
joint angles (red lines) and the so-called classical method (green
lines).

Fig. 4 Representative results showing the very good estimation (blue
stars) of the measured (red triangles) markers during a whole squat
cycle.
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Fig. 6. Representative results showing the measured (black lines),
the EKF estimate (red lines) and the AT estimate (green lines) of the
external wrench components.

On this figure the corresponding RMS errors were for FX, FY
and MZ: AT(11 N, 10 N, 16 N.m) and EKF(1 N, 2 N, 6 N.m).
These differences might lead to dramatically bad estimate of
the joint torques. Fig.7 shows this influence on a
representative estimate of the knee joint torque during a squat.
In this figure the RMS difference between the two estimates
is of 12 N.m or 20 % when normalized. Differences observed
over dynamic variables might be explained by the joint
kinematics but also by the value of the inertial parameters. As
previously discussed inertial parameters have a nonnegligible influence when performing inverse dynamics. Figs.
8 and 9 present the evolution of the segment lengths, segment
masses and of the segment inertias. The first moment of
inertias were not displayed since in our data they stay very
close to the ones estimated with AT. The segment lengths and
segment masses evolve rapidly at the beginning of the task, as
highlighted in Fig. 7, and converge toward a fixed value.
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Fig. 7. Comparison of the EKF estimate (red lines) and of the AT
estimate (green lines) of the joint torque of the knee.

The marker residual is similar to existing studies in the
literature [11] and can be explained by the influence of softtissue artifacts since instrumental errors influencing the 3D
marker reconstruction can be assumed to be negligible [11].
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The real-time reconstruction of the GRFM is better than in a
previous study of our group that was using an off-line method
[13] over a similar squat task. However, the identification was
previously performed using low-cost sensors. Further
investigation should be done to compare our method with
more advanced global optimization methods and commercial
software [7-9]. However, there is a serious lack in the
literature on how the weight of each marker should be tuned
during the inverse kinematics process and on how differences
in model definition, movement of interest, impact the marker
residuals. Indeed, the tuning of the algorithm parameters
largely affects the final results [11]. To address this
shortcoming, the present study proposes a pragmatic
methodology to tune the measurement and process covariance
matrices gains. Uniquely, our method allows us also to track
the dynamic evolution of segment masses and BSIP
quantities. This can be beneficial during a rehabilitation
process or during the evaluation of an assistive device. For
example, the tracking of the evolution of a specific segment
mass can help the clinician to focus a muscular reinforcement
program on a given muscle [13]. The BSIP values presented
in this study do not strongly evolve from their AT values. This
can be due to the fact that the solution is not unique. Indeed,
it is possible that some of the BSIP regroup themselves in the
so-called base-parameters [13][15].
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