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Introduction

The motions made by humans can enable to characterize them. A doctor can detect a
pathology by observing the way has a patient to makes a motion. For example, the choice
made by the patient on the use of its joints during the gait can lead to angles between the
joints or displacement velocities of some parts of his body that are different of those of a
healthy subject. The doctor can also ask his patient sitting in a static position to pull his leg
while the doctor applies a pressure to prevent him. The latest is able to evaluate the pressure,
i.e. the efforts, made by the patient and determine some of his physical characteristics.
More generally, the study of the human motions can enable us to obtain some characteristics of the human body whereas most are less noticeable than those previously introduced
and need a thorough study. Actually, the characteristics previously mentioned are noticeable
for given configuration of the joints or for isolated efforts. Some others characteristics can
be identified by studying more complex motions that involve accelerations for example and
that we call dynamics characteristics. These characteristics include the mass of the bodies and
their inertia during a movement. The goal of our project is to identify these dynamics characteristics - or dynamics parameters. Our intuition is that the study of the human body can
not be done with only the tools of the Robotics. It needs an interaction between the medical
domain as rehabilitation or general medicine. Though this project set itself the constraint of
using tools that can be used in this domain, especially in taking into account the patient discomfort due to some tools.
The dynamics parameters identification of robotic systems as humans is used in different domains in order to improve the systems ergonomics, to study gait characteristics in the human
being or other characteristics. The identification techniques of these parameters often use the
motion capture or MRI and other acquisition systems of medicine domain. They can quickly
obtain valuable data about the moving system and several algorithms of dynamics parameters identification are implemented with these data as input. However interactions with other
domains which do not have this technology involve an adaptation to new working methods.
T.C Pataky, V.M. Zatsiorsky and J.H. Challis [8] works on statics data in order to identify
dynamics parameters of the human body related to the mass and to the application point of
the reaction forces of the environment on the subject. These data are the efforts leaded by the
motion. G. Liu, K. Iagnemma and G. Morel [3] use the same type of sensors for their study
but on robotics systems. The efforts are stored for statics configurations of system and used in
order to identify dynamics parameters of the system.
The works of A.L. Betker, T. Szturm and Z. Moussavi on the gait study [1] use the dynamics of the subject to compute the position of the mass center of the human body during
a motion. The goal is to predict this position during a disturbing motion, using an accident
ground for example. Again tools adapted to the medical domain are used which store accelerations of the subject during a movement.
We also propose a method based on experiment of dynamics subjects. The aim is to identify not only the center of mass of the subject during a motion but all his dynamics parameters.
Our method does not use the motion capture. Actually it is a good tool to identify accurately
the parameters but which is in conflict with the constraint we set of using tools adapted to
the medical domain. Though our method relies upon the use of other tools that enable to get
4

the efforts and the angles, velocities and accelerations of the bodies that we need to study the
movement, and that are adapted to the medical domain.
The study of motions of systems, robotics or human, can be done on different levels, each
one represented by a model. The study of the position of system’s bodies and of the angles
made by its joints is based on the geometrics model. More precisely, the direct geometrics
model expresses the end-effector position according to the angles made by the joints whereas
the inverse geometrics model expresses the angles according to the end-effector position. It is
also possible to link the end-effector velocity to the angular velocities of the bodies. The model thus built is the kinematics model : direct, it links the angular velocities to the end-effector
velocity ; inverse, it links the end-effector velocity to the angular velocities. A third model is
used to study the accelerations of the system : it expresses the angles, angular velocities and
angular accelerations of the bodies of the system according to the reaction forces of the ground
on the subject. The model involves a vector that contains the dynamics characteristics of the
system. The study of the forces and the angles, angular velocities and angular accelerations
seems to enable us to identify some of dynamics parameters of the human body.
This identification can be performed with different tools. The forceplates store the reaction
efforts of the ground generated by the motions of the system. We are then able to recognize the
motion made among several movements listed in a database, via an algorithm that is central
to our work. Otherwise, gyro-sensors store the angular velocities of a moving system and the
accelerations of its end-effector. The use of the models of Robotic leads to the implementation of a second algorithm that enables us to obtain the angles, angular velocities and angular
accelerations of the studied system. Thus it is possible to combine the data stored by these
tools in order to identify dynamics parameters of the human body.
This report is composed of three parts. The first one describes the state of the art of the systems modelisation, of their geometrics configuration to their dynamics motions. Various tools
available in the robotics domain are also introduced as the motion capture, the forceplates and
the gyro-sensors. The second part describes the different ways chosen for our project, starting by the motion recognition by comparing efforts, and then the use of gyro-sensors and the
inverse kinematics computation. The third part of this report regroups the experiments performed during the project and their results. Some conclusions and perspectives on the entire
work conclude this report.
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2

State of the art

We introduced in this section the modelisation of systems in robotic and existing tools
necessary for this project : the dynamics parameters identification of a system, the motion
capture, the forceplates and the gyro-sensors.

2.1

Modelisation in robotic

Our study needs the knowledge of geometrics, kinematics and dynamics models. We introduced them by using the exemple of a 3R-planar system illustrated on the figure 1, and by
using the book of W. Khalil and E. Dombre [10].
3R plan
A 3R-planar system is a mechanical system with three degrees of freedom in the plane. The
3R-planar illustrated on the figure 1 has three rotational joints. L1 , L2 , L3 are the length of the
three bodies of the system, (ξ1 , ξ2 ) is the end-effector position in the plane (x, y), and q1 , q2 and
q3 are the relative angles between the bodies. We are always using the relative parametrization
as indicated on the figure 1 (the angles taken between one arm and the arm before, unlike the
absolute configuration where the angles are taken between one arm and the ground).

->

y

ξ2
L3
q3
L2

q2

L1
q1

ξ1

->

x

F IGURE 1 – 3R planar with relative parametrization

2.1.1

Geometrics model

The geometrics model is written :
ξ = f (q)
6

(2.1)

with :
ξ the vector of the end-effector coordinates in the operational space,
T
q = q1 q2 q3 the vector of the angles between the bodies.
By taking the example of the 3R-planar of the figure 1, the geometrics model is written :
(
x1 = L1 C1 + L2 C12 + L3 C123
(2.2)
x2 = L1 S1 + L2 S12 + L3 S123
with :
C1 = cos(q1 )
S1 = sin(q1 )
2.1.2

,
,

C12 = cos(q1 + q2 )
S12 = sin(q1 + q2 )

,
,

C123 = cos(q1 + q2 + q3 )
S123 = sin(q1 + q2 + q3 )

Kinematics model

To use the direct kinematics model enable to express the end-effector velocities in the
operational space function of the angular velocities of the bodies of the system. We use thus
the jacobian matrix.
Jacobian matrix
The jacobian matrix of a function contains the partial derivatives of this function according to
the configuration parameters.
Deriving ξ according to the time and taking into account the equation 2.1, we obtain :
!
 
∂ξ1
∂ξ1
∂ξ1
˙ξ1
q̇
+
q̇
+
q̇
1
∂q2 2
∂q3 3
1
= ∂q
(2.3)
∂ξ2
∂ξ2
∂ξ2
q̇
+
q̇
+
q̇
ξ˙2
∂q1 1
∂q2 2
∂q3 3
which is rewritten :
 
ξ˙1
=
ξ˙2

∂ξ1
∂q1
∂ξ2
∂q1

∂ξ1
∂q2
∂ξ2
∂q2

∂ξ1
∂q3
∂ξ2
∂q3

! q̇ 
1

q̇2 
q̇3

(2.4)

We have shown the jacobian matrix of a 3R-planar system :
!
J(q) =

∂ξ1
∂q1
∂ξ2
∂q1

∂ξ1
∂q2
∂ξ2
∂q2

∂ξ1
∂q3
∂ξ2
∂q3

(2.5)

The jacobian matrix represent the transition of the velocities of the bodies from the articular
space to the operational space. Though it represents the motion of the system in a geometric
point of view.
Kinematics model
We obtain the direct kinematics model by deriving the direct geometrics model represented
by the equation 2.1. Using the jacobian matrix, the direct kinematics model is written :
ξ̇ = J(q)q̇
7

(2.6)

with :
ξ̇ the vector of the end-effector velocity in the operational space,
q̇ the vector of angular velocity of the bodies.
This model is linear for a given configuration unlike to the direct geometrics model. It thus
easier to use.
2.1.3

Managing redundancy

Definition of the redundancy
A system is redundant when the number of degrees of freedom its end-effector is needed to
accomplish a task is lower than the number of degrees of freedom available in the system.
These additional degrees of freedom enable the system to be placed in multiple configurations for a given task. The redundant systems are able to realize more complex tasks, to move
in an environment with obstacles, to adapt itself to the environment, to avoid singularities.
Singularities of a system are problems of motion transmission that in a mathematical point
of view appear in the relations between the geometric parameters. For example, a task that
consist to catch with your hand an object placed in front of you and too far to be attainable
involve that your arm is extended. There is a singularity on the elbow joint : it is no more possible to move towards the object but only in the other directions of the space. The effects of
redundancy are depicted in a lot of robotic works, in particular when the question is to elaborate techniques that involve the control of redundant robotic systems to avoid the undesirable
configurations of these systems during a motion. This is the case of the works of T.F. Chan
and R.V. Dubey [9], or of C. Klein and C. Huang [2].
The 3r-planar system has three rotational joints that involve three degrees of freedom. The
tasks it has to accomplish are given by a point to reach by the end-effector. A point in the
plane is defined by two coordinates thus needs two degrees of freedom. The degree of redundancy of this system is then one.
Inverse kinematics model
The redundancy can lead an infinity of configurations of the system for a given task. Though
an infinity of solutions for the inversion of the direct kinematics model represented by the
equation 2.6, i.e. the inversion of the jacobian matrix.
Actually, a matrix is inversible if it is square and of full-rank 1 as explained by F. Rotella [7]. The redundant systems have a rectangular jacobian matrix - as we can see with the
expression 2.5 - thus non-inversible classically. Though we do not talk about inverse of jacobian matrix but about pseudo-inverse.
?

In a Robotics point of vue : given ξ̇ the desired end-effector velocity at a given time. The
problem of control in Robotics is to find at each time step the velocity q̇? applied to the actuators such as the norm defined by the equation 2.7 is minimal and such as the norm of the
1. The matrix rank is the maximal number of rows or columns linearly independent. For a (m × n) matrix,
with n > m, the matrix rank is lower or equal to m. If the matrix is of full-rank, its rank is equal to m.
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x i-1 y
i
zi
θ
i
xi
Oi

ri

x i-1

yi-1

Oi-1

zi-1

di
αi

zi+1
F IGURE 2 – 2R system in the space, parameterized by the convention of Modified DenavitHartenberg
solution q̇? is minimal too.
k ξ̇ − Jq̇ k

(2.7)

In the case of redundant systems, there is an infinity of exact solutions verifying these criteria.
Each one of these solutions corresponds to a particular pseudo-inverse of the Jacobian matrix,
i.e. a particular way to calculate these norms. A demonstration of this property for a simple
case can be found in the book of F. Rotella [7].
It exists a unique pseudo-inverse satisfying some interesting conditions, called the MoorePenrose pseudo-inverse and noted J+ - described by Moore in 1920 and by Penrose in 1955.
In particular, we note that the Moore-Penrose pseudo-inverse in the case of redundant systems
is :
J+ = JT (JJT )−1
(2.8)
The Moore-Penrose pseudo-inverse enables to minimize the Euclidean norm of the solution to
the optimization problem associated to the equation 2.7. Though the inverse kinematic model
associated is written :
q̇ = J+ ξ̇
(2.9)
2.1.4

Convention of Modified Denavit Hartenberg

It exists an other modelisation which leads to an other expression of the Jacobian matrix
and for which the system is parameterized by the convention of Modified Denavit-Hartenberg
(MDH). Consider the example of a system with two rotations in the space shown in figure 2.
Such a system has two degrees of freedom in the space given by two rotational joints. The
bases Bi = (xi , yi , zi ), for i from 1 to 2, associated to each body i are defined by :
9

– the axis zi is the axis of the rotation of the body,
– the axis xi is the common perpendicular to zi and zi+1 ,
– the axis yi is such as is orthonormal.
The parameters which characterized the system are then defined by :
– αi is the angle around the axis xi−1 between the axis zi−1 and zi ,
– di is the distance along the axis xi−1 between the axis zi−1 and zi ,
– θi is the angle around the axis zi between the axis xi−1 and xi ,
– ri is the distance along the axis zi between the axis xi−1 et xi .
By using these four parameters, it is possible to calculate the matrices describing the movement of the bodies of the system. These matrices are called transformation matrices and are
written with the convention of MDH :


Cθi
−Sθi
0
di
Cαi Sθi Cαi Cθi −Sαi −ri Sαi 

Ti−1i = 
(2.10)
 Sαi Sθi Sαi Cθi Cαi
ri Cαi 
0
0
0
1
The matrix (3 × 3) in blue is the rotation matrix Ri−1i . The green vector is the vector pi−1i =
−−−−→
Oi−1 Oi where Oi is the origin of the frame i.
We have a relation between these transformation matrices :
n
Y
Ti−1i = T1n
i=1

where n is the number of bodies. It is then possible to compute the pij for i and j from 1 to n.
Yet the Jacobian matrix can be computed as follows :
0

z1 ∧ 0 p1n 0 z2 ∧ 0 p2n . . . 0 zn−1 ∧ 0 pn−1n
J=
(2.11)
0
0
0
z1
z2
...
zn−1
where :
0
zi is the vector zi in the frame (O0 , x0 , y0 , z0 ),
−−−→
0
pij is the vector Oi Oj in this frame.
When the vectors pij are computed via the transformation matrix, the vectors 0 pij are
obtained by the following transformation :
0

2.1.5

pij = Ri−1i pij

Dynamic model

The dynamic model links the angular accelerations of the system - regrouped in the vector
q̈ - to the efforts which are applied by involving its mass in the movement equations.
The movement equation of Lagrange is written :
∂L
d ∂L
( )−
=τ
dt ∂ q̇
∂q
10

(2.12)

where :
q̇ is the vector of bodies velocity in the articular space,
τ is the vector of generalized forces which contains all the forces F and torques M,
L the Lagrangian, which is written : L = K − V where K is the kinetic energy of the
system and V its potential energy.
Replacing L, K and V by their expression in the equation 2.12, we obtain the equation of
the dynamic model :
M(q)q̈ + v(q, q̇) + g(q) = τ
(2.13)
where :
M is the mass matrix of the system,
v is the vector of Coriolis and centrifugal forces,
g is the vector of gravity forces.
According to the works of G. Venture, Y. Nakamura and K. Ayusawa [5], this model can
be rewritten :

      X
na  T 
M11 M12
b1
0
J1k
q̈0
+
=
+
Fk
(2.14)
M21 M22
q̈
b2
τa
JT2k
k=1

where :
q0 is the vector of generalized coordinates of the system base 2 ,
q is the vector of the angles between the joints,
bi is the vector of Coriolis, centrifugal and gravity forces, equal to v + g in the equation
2.13,
τ a is the vector of joint forces and joint torques,
na is the number of points of the system which are in contact with the environment,
Fk is the vector of external forces applied on the system at the contact point k,
Jk = J1k J2k the Jacobian matrices of the system position at the contact point k and
of the joint orientation at the contact point, which leads to the vector of generalized external
forces when it multiplied to Fk .
As demonstrated by W. Khalil and E. Dombre [10], this equation can be rewritten linearly
by separating the vector of dynamics parameters Φ of the observation matrix - or regression
matrix - Y :
  X
 
na  T 
Y1
0
J1k
Φ=
+
Fk
(2.15)
Y2
τa
JT2k
k=1
 
Y1
where Y =
is function of q, q̇ and q̈ and q0 , q˙0 and q¨0 , and where Φ is the concatenaY2
tion of the vectors which contain the dynamics parameters of each body i :
mi mSi ,x mSi ,y mSi ,z Ii,xx Ii,yy Ii,zz Ii,yz Ii,zx Ii,xy

T

where :
2. i.e. the base, or the part of the system which is the reference to express the coordinates of other bodies of
the system

11

mi is the mass of the body,
mSi ,x , mSi ,y and mSi ,z are the three first component of the inertia moment,
Ii,xx , Ii,xx , Ii,xx , Ii,xx , Ii,xx and Ii,xx the six independent components of the inertia matrix
Ii in the frame of DHM.
The inertia matrix I expression is :



Ixx −Ixy −Ixz
I = −Ixy Iyy −Iyz 
−Ixz −Iyz Izz

(2.16)

−
−
−z , such as :
where Ixx , Iyy and Izz are the inertia moments regarding the axis →
x,→
y and →
Z
Z
Z
2
2
2
2
Ixx =
(y + z )dm
Iyy =
(x + z )dm
Izz =
(x2 + y 2 )dm
Sc

Sc

Sc

and Iyz , Ixz and Ixy are the inertia products, such as :
Z
Z
(xz)dm
(yz)dm
Ixz =
Iyz =
Sc

2.1.6

Z
(xy)dm

Ixy =
Sc

Sc

Computation of the regression matrix Y

It has been demonstrated, by W. Khalil and E. Dombre [10] in particular, that only some
standards parameters, i.e. parameters contained in Φ, can be identified because of the fact that
the observation matrix Y is not of full-rank. Though we are using the following equation which
needs less parameters than the equation 2.15 in order to identify the dynamics parameters :


  X
na  T 
YB1
J1k
0
YB ΦB =
ΦB =
+
Fk
YB2
τa
JT2k

(2.17)

k=1

where :
ΦB contains all the minimal dynamics parameters that are identifiable,
YB is the observation matrix which contains only the base parameters, i.e. the minimal
number of standards parameters which are identifiable, and which is then of full-rank.
In order to compute the parameters of the equation 2.17, it is necessary to measure the base
position and orientation, the joint coordinates of each joint, and the forces and torques of each
joint. In the very common case of these forces and torques are not measured 3 , τ a is unknown.
It is possible to overcome this variable and obtain the equation :
YB1 ΦB =

na
X

JT1k Fk

(2.18)

k=1

3. It is hard to measure the forces and torques inside a joint in humans and the measuring devices which can
be used on robotized systems are costly and sometimes too cumbersome to measure the data at each joint. Furthermore, the majority of these devices lead to friction which distorts the results of the parameters identification.

12

Actually, it has been demonstrated, by G. Venture, Y. Nakamura and K. Ayusawa [5] in particular, that whatever the kinematics structure of a legged systems - the ones we study dim(col(YB1 )) = dim(col(YB )) (which is equivalent to the matrix rank computed regarding its columns) which enable to identify accurately all the components of ΦB .
Several algorithms exist which enable to compute the component of the matrix YB1 . In particular, one implemented by K. Ayusawa, G. Venture and Y. Nakamura [6] need as input the
triplets (q, q̇, q̈) and (q0 , q˙0 , q¨0 ) during the motion, which the observation matrix is function
of, as geometric characteristics of the studied system in order to obtain results which correspond to this system in particular.
When the second term of the equation 2.18 is measured and the matrix YB1 is computed,
the use of the least squares yields the vector of dynamic parameters Φ.

2.2

Available tools in Robotics

In this section we introduce some tools available for the study of robotic systems, which
are useful for our research project.
2.2.1

Motion capture

The capture of motions is used in several domains. In the video game industry or the film
industry for example, it enables to create and move virtual objects by imitating shapes and
motions captured from real objects. The images on the figure 3 give an overview.
The motion capture enables advanced in medical research too, particularly when one analyse the human body in order to characterized the healthy or pathological behavior. The figure
4 shows a motion capture system used in this perspective.

F IGURE 3 – Use of motion capture for the
creation of moving characters. Source : artisticwhim.com

F IGURE 4 – Motion capture system.
Source : univ-paris5.fr
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F IGURE 5 – Equipment with reflective
balls. Source : perfrv2.fr

F IGURE 6 – Motion Analysis System.
Source : Experimental protocol of Tokyo
University (Japan)
Principle
One of the principles of motion capture (the one we are interesting for) is based on the simultaneous capture by several cameras of the position of several markers fixed on the system
which we want to retrieve the motion. The synthesis of the positions (x, y) stored by each
camera enable to obtain the position in the space (x, y, z) of the studied system.
The markers can be of two kinds : active or passive. The active markers send a signal to the
cameras. They have a transmitter-receiver behavior. The passive markers are often reflective :
the cameras re-capture the light they sent.
The markers can be arranged on the studied subject by different ways : on a partial or
complete suit wearing by the subject or fixed one by one at the points of interest of the subject.
The figures 5 and 6 show two different ways to arranged the markers.
Motion Analysis
Motion Analysis is a motion capture system which use passive markers that might arise in
the form of reflective balls set on the subject, as on the figure 7. Each ball is independent and
fixed on the subject using adhesive tape which enables to place it accurately at the points of
interest counter to the existing suits as the one shown on figure 5.
Motion Analysis needs the use of cameras like the one on the figure 7. Each camera sends
a luminous signal in the infra-red or red domain. The markers reflect the signal which is then
re-captured by the cameras. That is why we call these markers passive markers. The received
14

F IGURE 7 – Motion Analysis markers and cameras. Source : motionanalysis.com
data are transferred in real-time to the visualisation software associated.
The combination of three cameras enables to obtain the markers coordinates in the space.
However, the use of supplementary cameras enables to avoid the obstructions that occurs when
an obstacle is between a camera and a marker.
It is necessary to begin by set a base frame (x, y, z) using four markers. A stick, of 500mm
for the motion capture requiring a great place and of 150mm for the others, enables to set the
linearization parameters of the cameras.
The sample frequency of the cameras is of 200Hz for a resolution of 2352×1728 pixels and
of more than 10 000Hz for smaller resolutions. In addition to this great temporal resolution,
the cameras has got lenses of 35mm that enable a great precision on the captured markers
positions in the space.
The figure 6 enables to visualize the Motion Analysis system during its use.
2.2.2

Forceplates

As the motion capture, forceplates are used in several domains. In the medical domain, in
rehabilitation particularly, forceplates are a way to evaluate the gait and the equilibrium of a
patient in order to offer to him an adapted rehabilitation. In sport, forceplates enable to control
the movements done during the training. The forceplates used in robotics yield informations
on the gait but also on others bio-mechanical characteristics and though lead to the set of
model of the gait in humans for example. The two images regrouped on the figure 8 introduce
this study of the gait using forceplates.
Principle
Forceplates measure the reaction efforts of the ground on the system that is on it. Some forceplates measure forces and torques in the three directions of the space at the contact point
with the system, called center of pressure. Some others less elaborated system just measure
the vertical component of the force at the geometrical center of the platform.
Forceplates can be of several types, depending on the sensors used : piezoelectric, strain
gauges... . The sensors informations are sent to an analogical/numerical converter (A/N) that
enables the data exploitation on computer.
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F IGURE 8 – Use of forceplates for the study of the gait. Sources : uwaterloo.ca and School of
Human Kinetics
Kistler forceplates
The Kistler forceplates (c.f. figure 9) use piezoelectric sensors. These sensors transform the
force applied on the platform to an electric current that is amplified and sent to a (A/N) converter for the data processing on computer.
Their measuring range of forces exercised along the axis x and y is of ± 10kN and of -10
to 20kN along the axis z, with a threshold response of 250mN along this axis.

F IGURE 9 – Kistler forceplates. Source :
kistler.com
F IGURE 10 – Bertec forceplate. Source :
GVLab equipment

Bertec forceplates
The Bertec forceplates (c.f. figure 10) use strain gauges. The deformations induced by the
efforts applied lead a difference on the resistor stored by the platform. For this reason it is necessary to wait a moment between each experiment in order to let the gauges to recover their
initial configuration to make the zero when the platform is not used. The data are then amplified and filtered by an Operational Amplifier (OA), that is in or out the platform depending on
the model used. Then the data are digitized using a A/N converter.
The maximum load along the vertical axis to the platform is of 20kN and of 10kN along
the other two axis.
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F IGURE 11 – Pocket-IMU gyro-sensor. Source : GVLab equipment
2.2.3

Gyro-sensors

Principle
A gyro-sensor measure the angular velocity of the system on which it is attached on relative to
the set frame, along one, two or three axis of the space depending on the model. Its principle
is based on the fact that a body in motion resists to every position change or acceleration.
Pocket-IMU gyro-sensors
The Pocket-IMU gyro-sensors shown on the figure 11 (sensor on the right) contain a gyroscope and three accelerometer, each one placed along one of the three directions of the space.
The combination of two sensors enables the measure at the fixation point on the system of : the
Roll-Pitch-Yaw angles, the translational acceleration along the three directions of the space
and the rotational velocity around these three axis. All these measurements are made with a
maximum sample frequency of 60Hz.
The sensor is fixed to the system using velcro that enables the sensor to doesn’t move
during the motions. It works on battery and sends the informations it stores by an antenna to
an unit (at the left of the gyro-sensor on the figure 11) linked to a computer. The obtained data
are not filtered and the measured angles, particularly the Yaw, have a non-negligible drift. It
is though necessary to filter the data for their exploitation.
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3

Materials and Methods

From previous works in Robotics and taking into account the constraints fixed by our project, several lines of research are possible. We introduce in this section the chosen solutions.

3.1

Proposed solution

The aim of our project is to identify the dynamic parameters of humans. Two methods
are studied with the goal of freedom from the motion capture. It is now the best tool for the
identification but presents a constraint in terms of place and discomfort induced by the several
markers fixed on the subject. This is a disadvantage for our project to use the methods of
dynamic parameters identification in other domain than robotic research, like medical domain.
The first method proposed use forceplates in order to recognize the movement made by
the subject. A database regrouping old motions captures and the efforts associated to this
movement enables us to approximate the dynamic parameters of the subject. This method
gives good results but an other one can be used to improve them : it is to use in addition gyrosensors that enable, after the motion recognition via the stored efforts, to modify the old data
of the motion capture using the new one given by the gyro-sensors in order to obtain a couple
(motion capture , efforts) more representative of the reality. The two tools chosen, forceplates
and gyro-sensors, have the advantage of not being too binding for the subject who use it and
though easy to export in other domain like rehabilitation or medicine in general.
The figure 12 is a scheme that summarizes the approach taken.
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3.1.1

Motion recognition

We have a database containing informations about three series of movements that have
been made several times by a subject using a motion capture system and forceplates. The
informations are regrouped by couple (motion capture , efforts) for each movement. The motion capture data have permitted to compute the regression matrices YB1 associated to each
movement, via an algorithm developed by the Tokyo University. The forces and torques are
regrouped in matrices F for each movement. The database is then formed by the couples
(YB1 , τ ). Furthermore, it is possible to identify the dynamic parameters of a system using the
equation of dynamics model introduced in the section 2.1.5 :
YB1 ΦB =

na
X

JT1k Fk

k=1

We propose here, and in a joint publication with G. Venture [4], to identify the dynamic
parameters using forceplates and the database without using motion capture. We work with an
algorithm introduced by the pseudo-code 1 that enables to recognize the motion made among
the motions of the database, using only the forces and torques stored by the forceplates during
the motion. The database contains nr repetitions of nm movements. We create criteria for the
Algorithm 1 Motion recognition algorithm
1: for i from 1 to nm do
2:
for j from 1 to nr do
3:
cMij _Fx = 0
. Ditto for Fy , Fz , Mx , My , Mz
4:
for k from 1 to ns do
5:
if norm(M_Fx (k)-Mij _Fx (k)) <  then
6:
cMij _Fx = cMij _Fx +1
7:
end if
8:
end for
9:
cMij _Fx = (cMij _Fx ∗ 100)/ns
. percentage
10:
cMij = (cMij _Fx + cMij _Fy + cMij _Fz + cMij _Mx + cMij _My +
cMij _Mz )/6
. mean
11:
for a from 1 to nm do
12:
m(a) = max(cMij ) . one maximum for each Mi among the nr repetitions
13:
end for
14:
[valeurm ax, mvt] = max(m(a))
. maximum between the maxima of the nm
movements
15:
end for
16: end for
six components of the efforts concerning the nr × nm movements. These criteria are noted
cMij _Fx for the effort component along the axis x induced by the motion Mij , and similarly
for the other five components of the effort. The criteria enable to quantify the resemblance
between the efforts induced by the motion we want to recognize and the efforts of the database.
A coefficient  is though created and we can compute the percentage of resemblance between
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the components of the effort by comparing them. A mean is then calculated for each motion
on the six components of the effort : the resulting criterium is noted cMij . By calculating
the maximum of the nr repetitions for each motion and then the maximum among these nm
motions we recognize the motion that have been made, noted mvt in our algorithm. In fact,
we recognize the motion which induces the nearest efforts of those of the tested motion.
Thus wa have the associated couple (YB1 , τ ) that enables to compute the dynamic parameters
contained in the vector ΦB using the dynamic model :
ΦB = Y+
B1 τ
where Y+
B1 is the pseudo-inverse of YB1 .
3.1.2

Computation of the inverse kinematics of a system

The dynamic parameters obtained with the motion recognition take into account a limited
number of characteristics of the subject. We would like to improve this number in order to
identify dynamic parameters that are more faithful about the subject. In this aim, we study
human arms with three and six degrees of freedom represented by the two schemes on the
figure 13. The first arm take into account only the shoulder joint which represent three degrees
of freedom. The second has six degrees of freedom : three for the shoulder, one for the elbow,
one for the wrist and one that we can locate between the elbow and the wrist. The associated
DHM parameters are in the tables 1 and 2.
TABLE 2 – Table of DHM parameters for
the arm with 6 degrees of freedom
parameter
αi
di
θi ri
joint \
1
0
0
θ1 0
2
π/2
0
θ2 0
3
−π/2
0
θ3 0
4
π/2
Lh
θ4 0
5
π/2 Lb /2 θ5 0
6
π/2 Lb /2 θ6 0
7
0
Lp
0 0

TABLE 1 – Table of DHM parameters for
the arm with 3 degrees of freedom
parameter
αi
di θi ri
joint \
1
0
0 θ1 0
2
π/2
0 θ2 0
3
−π/2 0 θ3 0
4
π/2 Lh 0 0
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F IGURE 13 – Modelisation of the two studied human arms, with 3 and 6 degrees of freedom
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The dynamic parameters identification of a system needs the knowledge of certain characteristics of the motion of which it is animated. More precisely, the angles, the angular
velocities and the angular accelerations, and the reaction efforts of the environment on the
subject. Actually, the dynamic model is written :
YB1 (q, q̇, q̈)Φ =

na
X

Fk

k=1

We know how to retrieve the efforts during a movement. It is though necessary to compute
the regression matrix YB1 to obtain the dynamic parameters vector.
The regression matrix YB1 is function of the triplets (q, q̇, q̈) among which the triplets
(q0 , q̇0 , q̈0 ) characterized the base of the system. Different tools exist that enable to retrieve
these triplets during a movement. We chose to use the gyro-sensors that store angular velocities around the three axis of the space, called velocities of Roll-Pitch-Yaw and noted (α̇, β̇, γ̇),
and the translational accelerations (ẍ, ÿ, z̈). These data are taken at the point of the system
where the sensor is attached. The angular velocities can be integrated to obtain the associated angles (α, β, γ). Similarly, the translational accelerations can be integrated to obtain the
T
translational velocities (ẋ, ẏ, ż). Thus we obtain the vector ξ̇ = ẋ ẏ ż α̇ β̇ γ̇ .
Besides, the inverse kinematic model q̇ = J+ ξ̇ enables to model the motions of systems
including the one of humans. We have chosen it to model our two systems. We know how to
compute the vector ξ. Now we have to compute the Jacobian matrix at each time step to obtain
the vector q̇ that contains all the θi : degrees of freedom of our two systems. The other two
vectors that composed the triplets wa are searching for are the integral of q̇ and its derivative
and are thus easy to compute. The calculations made in order to obtain these triplets are briefly
explained in the pseudo-code 2. We start by creating the two vectors q̇all and qall that contains
respectively all the angular velocities θ̇i and all the angles θi during the movement. Then we
compute the Jacobian matrix at each time step using the formal computation of the DHM
modelisation introduced in the section 2.1.4. The inverse kinematic model q̇ = J+ ξ̇ enables
to obtain the vector q̇ regrouping the θi for the studied time step. This vector is concatenated
˙ q computed at the previous time steps to construct q̇ . Furthermore,
with the vectors t extbf
all
certain configurations of the system may cause a singularity which leads to the loss of one
or more ranks for the Jacobian matrix. The vector q̇ obtained in this case contain some very
big terms (for their absolute value) and then doesn’t represent correctly the reality. We have
to include to our algorithm a condition about the continuity of the angular velocities to solve
this problem : the fixed limit is of 90˚ in 1 second. The vector of angular velocities obtained is
integrated to obtain the associated angles that are then concatenated with the angles computed
at the previous time steps. Once again, in the case of singularities, the obtained angles may not
match with the reality. So we seta limit for the angles of 90˚. The two fixed limits are arbitrary
and can be changed based on the experiment we make that use this algorithm.
Finally, after the derivation of the angular velocities, we obtain the triplets (q, q̇, q̈) that
we are searching for.
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Algorithm 2 Algorithm of inverse kinematic computation
1: nA = length(ẍ)/100
2: q̇_all = zeros(1, nddl)
. nddl : number of degrees of freedom
3: q_all = zeros(1, nddl)
4: for i from 1 to nA do
5:
ξ̇ = [ẋ(i), ẏ(i), ż(i), α̇(i), β̇(i), γ̇(i)]
6:
J = jacob_nddl(q_all(i, :), L)
. L : length(s) of the arm
7:
q̇ = pinv(J) · ξ̇
8:
q̇_all = [q̇_all; q̇]
9:
In order to take into account the continuity of angular velocities
10:
for j from 1 to 3 do
11:
if abs(q̇_all(i + 1, j)) (90 ∗ π)/180 then
12:
q̇_all(i + 1, j) = q̇_all(i, j)
13:
end if
14:
end for
15:
for k from 1 to nddl do
16:
qk _int = q_all(i, nddl) + [q̇_all(i + 1, nddl) + q̇_all(i, nddl)] ∗ [t(i + 1) − t(i)]/2
. integration of q̇_all to obtain q_all
17:
end for
18:
qall = [qall ; [q1 _int, q2 _int, q3 _int]]
. q4 _int, q5 _int and q6 _int are added for the
arm with 6 degrees of freedom
19:
In order to take into account the joints limits
20:
for l from 1 to 3 do
21:
if abs(q_all(i + 1, l)) (90 ∗ π)/180 then
22:
q_all(i + 1, l) = q_all(i, l)
23:
end if
24:
end for
25: end for
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3.1.3

Partial re-computation of the regression matrices YB1

With the use of the gyro-sensors we know how to retrieve some characteristics of the
moving subject : the angles, the angular velocities and the angular accelerations regrouped
in the triplets (q, q̇, q̈) of some of its bodies. Besides, the algorithm of the regression matrix
computation implemented by K. Ayusawa, G. Venture and Y. Nakamura [6] introduced in the
section 2.1.6, needs as input these informations for all the bodies. We propose in this section to
combine the two sensors : the gyro-sensors and the forceplates, in order to retrieve a maximum
of informations specific of the moving subject and use the missing informations contained in
the database of old motion captures.
We know how to use the gyro-sensors to retrieve the triplets (q, q̇, q̈) of a human arm. Our
method can be applied to the legs, which have the same kind of joints. We can also retrieve
the triplets associated to the waistline of the subject since the gyro-sensors data give directly
q̇ that we can derive and integrate to obtain q and q̈. The use of gyro-sensors alone doesn’t
enables to retrieve the triplets of all the bodies.
However, the data stored by the forceplates on motions of the database enable to recognize
these motions. Once a movement recognized, we can determine the associated regression
matrix, which is in the database we have. It is then possible to replace in the algorithm of
the regression matrix computation the triplets we retrieve with the gyro-sensors, retaining the
other data. A new matrix YB1 is computed that take into account more characteristics of the
subject who makes the motion.

24

4

Experiments and Results

Several experiments are introduced here with the goal of identify the dynamic parameters
of the human body, or a part of it, with the better accuracy we can without the use of the
motion capture.
The data processing is always done using the Matlab software.

4.1

Database from motion capture and forceplates

The aim of this experiment is to compute the dynamic parameters of a system via one
tool : the forceplate, by bypassing the motion capture that is the most common tool used but
which presents constraints relative to our project.
Different movements have been made by different subjects using the motion capture and
the forceplates simultaneously. We use in this section the data from the forceplates to recognize the motion that has been made to compute the dynamic parameters of subject who has
made the motion. The motion capture data are used to verify the results obtained with the
motion recognition.
4.1.1

Protocol

10 cameras of the Motion Analysis system have been used for the motion capture and
35 markers have been fixed to different strategic points of the body of the subject. 2 Kistler
forceplates have been used to store the reaction forces and torques applied by the ground on
the subject during the movements. The figure 6 in the section 2.2.1 illustrates this protocol.
Three different series of motions extracted from exercices at the Japanese TV, called respectively taisou1, taisou2 and warmup, have been made by three subjects. taisou1 is a sequence of 9 motions, taisou2 of 11 motions, and warmup of 6 motions, each involving a
specific part of the body. Before each recording, the subjects had to train looking at the screen
where the motions they have to make are shown. During the recording too, the subjects follow
the motions on the screen in order to have a good synchronisation.
Two of the three subjects are women of aged 31 years that we call S1 and S2 ; the third
subject is a man aged 22 years that we call S3 . The three series of motions have been recorded
27 times over a period of 6 months for S1 , 4 times for S2 and 2 times for S3 . S1 is then an
experimented subject, S2 a middle level one, and S3 a beginner.
4.1.2

Data processing

The motions of taisou1 are noted M1 to M9 , those of taisou2 M1 to M11 and those of
warmup M1 to M6 . Generally, we note nm the number of motions in a series and nr the
number of repetitions of the series. Each of the three series has been recorded in one time
for each subject and each experiment. They have been cut by hand into nm motions using
the motion capture data and the software EVaRT that enables to visualise them. Actually, it
is possible with this software to display each marker that has been used and to replay the
recorded motions. An example is presented on figure 14.
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F IGURE 14 – Example of visualization with the software EVaRT
For a given motion M, the forceplates data are regrouped in a matrix F whose first three
columns are the reaction forces of the platform on the subject during the motion in the three
directions of the space and noted Fx , Fy and Fz , and the last three columns are the reaction
torques around the three directions of the space noted Mx , My and Mz . The rows number is
the sample number stored for this motion. We note Fi the matrix F associated to the motion i.
For one motion M, there is in the database the regression matrix Y computed from the
motion capture data and via the algorithm introduced at the section 2.1.6. We note Yi the
regression matrix computed from the motion i.
For our project, we just keep in the database the 27 motions made by the subject S1 .
Each motion is re-cut using correlation because of the first cut using the visualization of
motion capture on EVaRT is not so accurate and manual so long to perform. This correlation
is done on the matrices F. For each motion Mi i from 1 to nm , a motion Mi−ref among the
nr repetitions of this motion is chosen as reference motion. This choice is totaly arbitrary. The
correlation between the 6 columns of the matrix Fi−ref and the 6 columns of the matrix Fi (i
representing the other 26 motions) are computed. To do this, we use the correlation function
xcorr available on Matlab. The algorithm written for this step and briefly explained by the
pseudo-code 3 determines if the beginning and the end of the motion are correctly evaluated.
If they are not, they are re-evaluated and the motion is re-cut.
The graphs regrouped in the figure 15 illustrate the algorithm implemented for the recutting of the database motions, in this case the motion 6 of taisou1. On the first graph, the
component Fz of the force associated to the motion M6−ref is represented together with the
one of an other motion M6 taken among the other 26 in the database. Only the component Fz
of the force is taken into account because it represents quite well all the motion. This is true
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Algorithm 3 Algorithm of the re-cutting of the efforts vectors for a given motion
1: for i from 1 to nr do
2:
Rxi _Fx = xcorr(Mi−ref _Fx , Mi _Fx )
. Ditto for Fy , Fz , Mx , My and Mz
3:
[ordoi , absci ] = max(Rxi _Fx )
. Maximum of the correlation on each curve
4:
if absci ≥ 0 then
5:
Mi _Fx = Mi _Fx −(absci first terms)
6:
else
7:
Mi _Fx = Mi _Fx −(absci last terms)
8:
end if
9: end for

F IGURE 15 – Correlation between the motion M6−ref and an other motion M6
for all motions even if it is not every time the component Fz but one of the other components
of the force or of the torque. The second graph presents the result of the correlation of the
components of the two motions. With our algorithm, the best correlation is obtained when the
maximum of correlation is at the abscissa xm = 0 on the graph. Here, the maximum is reach
for xm = −482. 482 samples of the tested motion M6 have thus to be removed. Furthermore,
xm is negative so these samples have to be removed from the end of the motion. The component Fz of the re-cut motion is represented together with the one of the motion M6−ref on
the third graph, and the result of their correlation on the fourth graph. The proposed algorithm
of correlation actually enables to re-cut more accurately the motions and thus to work with a
better database.
The re-cut motions are then re-sampled by the Fourier transform and the inverse Fourier
transform in order to work with motions of same size that makes the comparison work on
movements easier. The selected samples number is the mean of the samples number of the
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F IGURE 16 – Criteria for the recognition
of a motion M2 contained in the database :
component Fz

F IGURE 17 – Criteria for the recognition
of a motion M2 that is not in the database :
component Fz

27 motions Mi for i from 1 to nm . The 6 columns of the matrix F are then normalized in
anticipation of the motion recognition part : each is divided by its maximum value in order to
have a maximum value of 1 for all the matrices F.
We have to repeat these steps with each new motion we want to add to the database and/or
use in the motion recognition algorithm, which is introduced by the pseudo-code 1 in the
section 3.1.1.
4.1.3

Results

Several motion recognitions have been conducted : recognitions on motions of the database and recognitions of motions that are not in the database. The first one are all motions
made by S1 and are compared with each other ; the other are made by S2 and S3 but compared
to the motions made by S1 .
We use in both cases the algorithm introduced by the pseudo-code of the section 3.1.1.
Thus we rely on the value of the criterium c obtained during the motion recognition to expose
our results.
Results of the recognition of motions made by the subject S1
We illustrate this section with the results obtained during the recognition of a motion M2 of
taisou1, the third of the database according to our rating.
When the tested movement is in the database the higher criterium c, noted cmax , is of
100% and the tested movement M2 is correctly recognize, as shown in the figure 16. This
figure represents the value of the criterium c (ordinate) for each 27 repetitions of the 9 motions of taisou1 (abscissa). The 27 repetitions are represented by 27 icons, similar for a given
movement.
When we remove of the database the tested motion, the value of cmax decreases but still
enables to recognize correctly that the tested motion is the motion M2 , as illustrated on the
figure 17. cmax is here of 84% that is clearly higher than the maximum criteria obtained for
the motions other than M2 .
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F IGURE 18 – Criteria for the recognition of
a motion M2 : mean of the 6 components

F IGURE 19 – Criteria for the determination
of the closest motion M2

TABLE 3 – Percentage of motions correctly recognize for the three series
taisou1
taisou2
warmup
 = 0.001 91.77 % 81.14 % 80.25 %
 = 0.05
95.88 % 90.57 % 85.80 %
 = 0.1
95.06 % 88.89 % 88.89 %
 = 0.2
95.47 % 82.83 % 84.57 %
On the both figures 16 and 17, only the component Fz of the force is taken into account.
This is due to the fact that, even alone, this component enables to recognize the tested motion,
in the same way that it enables to correctly make the correlation to re-cut the motions. For
some other movements in the database, this component is not sufficient to recognize and one
or more components of F are necessary to study. Thus we compute the mean of the criteria c
obtained for the 6 components. The result for our motion M2 is presented on the figure 18.
The recognition is still correct : the tested motion is recognized as corresponding to a motion
M2 of the database.
In order to know which of the 26 movements M2 is the closest of the tested movement,
the criteria c obtained for each are represented in a new graph, here the figure 19. The tested
motion is the third according to our rating that is why the graph doesn’t presents a line at the
abscissa x = 3. The closest motion of the tested motion is the sixth. The 6 columns of the
matrix F of the tested motion are plotted together with the 6 columns of the sixth motion on
the figure 20. Some components are not so close, like Mx and Fy . However, the recognition is
still correct which confirms our choice to take into account only certain columns of the matrix
F for the correlation part of this experiment.
We also can impact on the quality of the recognition by changing the value of  in our
algorithm. Four different values are tested on all the movements of the three series : 0.001,
0.05, 0.1, and 0.2, in order to determine empirically which one of these values is best. The
table 3 presents the obtained results.  = 0.05 seems to be the best threshold for taisou1 and
taisou2 while  = 0.1 leads to better results for warmup.
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F IGURE 20 – Tested motion and motion evaluated as its closest motion
Results of the recognition for the motions made by the subjects S2 and S3
We apply our recognition algorithm on movements made by the subjects S2 and S3 . These motions are thus compared to the motions made by S1 , i.e. those in the database. The recognition
conducted is called crossed-recognition. The table 4 contains the results of recognition tests
for 36 motions of taisou1 - 4 repetitions of 9 motions of taisou1 -, 44 motions of taisou2 and
24 motions of warmup. The results display in the table are the number of recognized motions
over the number of tested motions. The table 5 presents in the same way the results obtained
for 18 motions of taisou1, 22 motions of taisou2 and 12 motions of warmup. The recogniTABLE 4 – Number of correctly recognized motions for the crossed-recognition : subject S2
taisou1 taisou2 warmup
 = 0.001 20/36
28/44
12/24
 = 0.05
32/36
28/44
21/24
 = 0.1
28/36
31/44
18/24
 = 0.2
32/36
25/44
18/24

TABLE 5 – Number of correctly recognized motions for the crossed-recognition : subject S3
taisou1 taisou2 warmup
 = 0.001
3/18
4/22
7/12
 = 0.05
7/18
6/22
5/12
 = 0.1
6/18
6/22
5/12
 = 0.2
7/18
3/22
7/12
tion is not as good as for the tests done on motions made by S1 . Furthermore, the results of
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F IGURE 21 – Results of dynamic parameters identification
the crossed-recognition with the motions made by S2 are better than those obtained with the
motions made by S3 .
Results of dynamic parameters identification
When the tested motion is recognized, we have the regression matrix YB1 associated to its
closest motion. Using the equation 2.18 we obtain the vector ΦBidentif of the dynamic parameters that describes the subject who has made the motion. The figure 21 presents the results
of this dynamic parameters identification. The parameters names are noted in abscissa on this
figure and their value in ordinate. The blue color represents the dynamic parameters computed from the motion capture initially conducted, that we call original parameters. The green
color represents the parameters identified with our results of the motion recognition, that we
call crossed parameters. The parameters identified with error lower than 5% are illustrated
by stars, those identified with an error of 5 to 10% by circles with a size proportional to the
value of this error, and those identified with an error higher than 10% by triangles with black
interior. The triangles with white interior represents parameters with very low value. There
are two blue icons and two green icons by parameters on the graph thigh, shank, foot, arm,
forearm and hand to represent the parameters relative to the right and left limb.
The error rates are computed statistically from the motion capture data or forceplates.
The exact values of the parameters we compute is unknown so we can not compute the error
between these values and those of the identified parameters.
We can notice that the parameters are quite well identified even if there is an error rate
higher on the identified parameters. On the 128 original dynamic parameters, 6 are not identified (represented by triangle with black interior) whereas this number rises to 24 among the
crossed dynamic parameters.
We obtain similar values for most identified original parameters and identified crossed
parameters. The majority of these parameters are those which have a great impact on the
human body dynamic : the torso and the thighs.
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F IGURE 22 – Efforts re-computation from the identification results
In order to verify if the identified dynamic parameters are correct, we re-compute the
matrices F containing the efforts with the both relations :
F = YB1 ΦB

(4.1)

F = YB1 ΦBidentif

(4.2)

On the figure 22 are represented the efforts (forces and torques) re-computed from our identification and the equation 2.18. The 6 efforts are represented one after the other and separated
by black vertical lines for more visibility. The black curve represents the initial efforts, recording by the forceplates. The blue curve represents the efforts computed from the relation
4.1 where ΦB has been computed from the motion capture data. The green curve represents
the efforts computed from the equation 4.2 where ΦBidentif contains the dynamic parameters
identified with our method. The reconstructed curve of the efforts via the crossed parameters
is very close to the curve obtained from the forceplates data even if the original parameters
give better results.t de meilleurs résultats.
4.1.4

Discussion

The use of efforts curves for the motion recognition give great results. Particularly for the
recognition of motions made by S1 . The database contains motions made by this subject only
which is definitely the reason of the less good results obtained with S2 and S3 . Actually, the
subject S1 is an experimented subject who has repeated 27 times each motion of the three
series in addition of the preceding training sequences. Contrarily to the subjects S2 and S3
who have repeated respectively 4 and 2 times each motions. Thus we can assume that the
subject S1 has reproduced each movement enough to make them similarly every time unlike
the other two subjects. The same explanation can be applied to the differences between the
results of S2 and those of S3 , the first one being more experimented than the second one.
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We can also notice that the results obtained for warmup are less good than those obtained
for taisou1 and taisou2, and that the value of the  associated to the best recognition is not
the same as for the other two series. These results are certainly due to the kind of motions
that compose the three series. For certain movements of warmup, only the hands move which
don’t imply noticeable forces and torques store by the forceplates. The recognition of these
motions is then more difficult and  has to be correspondingly higher.
The reconstructed curves of the efforts for some movements are not so close to the original curves. Thus the informations given by the forceplates enable to correctly recognize
motions and to identify the dynamic parameters that most affect the human body. But these
informations are not sufficient to identify fairly accurately the parameters with a lower impact
on the dynamics. This leads to a misidentification of the vector ΦB and it is necessary to use
supplementary informations to improve the identification using for example new sensors.

4.2

Database from gyro-sensors

The dynamic parameters identified from the forceplates data have to be improved and the
experiment introduced here has been done in this context. The goal of this experiment is to
compute the inverse kinematics of a human arm, with three degrees of freedom and then with
six degrees of freedom, using for only tool a gyro-sensor. The obtained data will provide
additional informations that can serve to identify more accurately the dynamic parameters of
the human body. We don’t compute here the vector ΦB but we introduced the way we retrieve
the data that will serve subsequently to identify its components.

F IGURE 23 – Gyro-sensor fastening system for the both experiments

4.2.1

Protocol

We use a Pocket-IMU gyro-sensor that contains a gyroscope and three accelerometers.
For the experiment on the three-degrees-of-freedom human arm, the gyro-sensor is fixed on
the subject wrist ; for the experiment on the six-degrees-of-freedom human arm, the sensor
is fixed on the subject palm. The modelisation of the both arms is presented on the figure 13
in the section 3.1.2. The images regrouped on the figure 23 represent these both cases. Two
subjects were asked for the experiment : one for the three-degrees-of-freedom arm and one
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F IGURE 24 – Experimental protocol in the case of a three-degrees-of-freedom arm and a sixdegrees-of-freedom one
for the six-degrees-of-freedom arm. Each has made several times some motions in order to
work on several data sequences to verify our results comparing them from one experiment to
an other. It is asked to the first subject, a male aged 21 years, to reach out his arm to down and
to make circles keeping the elbow joint blocked, i.e. having constantly his arm extended. Thus
only the three rotations of the shoulder are permitted which correspond to the three degrees
of freedom in our model. The second subject, a female aged 22 years, has total freedom on
her movements. The six degrees of freedom of the arm can be used, to be faithful to our
model. These six degrees of freedom are the three rotations of the shoulder, the rotation of the
elbow, the rotation of the wrist and the rotation between the elbow and the wrist. The figure
24 illustrates these both protocols.
Il est demandé au premier sujet, un homme de 21 ans, de tendre son bras vers le bas et de
décrire des cercles en gardant bloquée son articulation du coude, i.e. en ayant constamment le
bras en extension. Ainsi seules les trois rotations de l’épaule sont permises ce qui correspond
aux trois degrés de liberté de notre modèle. Le deuxième sujet, une femme de 22 ans, a une
totale liberté sur ses mouvements. Les six degrés de liberté du bras peuvent être utilisés, pour
être fidèle à notre modèle. Ces six degrés de liberté sont les trois rotations de l’épaule, la rotation du coude, la rotation du poignet et la rotation que nous pouvons situer entre l’articulation
du poignet et du coude. La figure 24 illustre les deux protocoles.
4.2.2

Data processing

The gyro-sensors store the angular velocities around the three axis of the space and the
translational accelerations along these three axis. These data are respectively contained in
matrices of size (n × 3), where n is the number of samples stored during the experiment,
and noted respectively Vang exp and Atrans exp. The angular velocities are expressed in the
gyro-sensor frame and the translational accelerations in the accelerometers frame that is not
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the same frame and that is different of the chosen frame in our modelisation of the section
3.1.2. The both matrices of change of frame computed to express all the data in our frame are
noted respectively Rgyro and Racc . It is also necessary to remove the gravity component that
impacts along the three directions of the space on the stored accelerations. So we remove to
the accelerations stored during the experiment, the accelerations in the three directions of the
space stored when the gyro-sensor does not move. We note these gravity accelerations gravx ,
gravy and gravz . The pseudo-code 4 explains briefly these two steps.
Algorithm 4 Algorithm of change of frame and suppression of the gravity on the stored
accelerations
1: Rgyro = [0, 1, 0; −1, 0, 0; 0, 0, 1] ∗ [−1, 0, 0; 0, 1, 0; 0, 0, −1]
2: Racc = [0, −1, 0; 1, 0, 0; 0, 0, 1]
3: for i from 1 to n do
4:
Vang new = Rgyro ∗ Vang exp(i, :)
5:
Vang (i, :) = Vang newT
6:
Atrans new = Racc ∗ Atrans exp(i, :)
7:
Atrans (i, :) = Atrans newT
8: end for
9: Atrans x = 9.8/abs(gravx ) ∗ Atrans x
. ditto for the axis y and z
We have to process the obtained data before them exploitation, especially by applying to them
a lowpass filter that enables to reduce the noise stored during the measures. It is necessary to
determine the cutoff frequency we have to use to construct this filter. The algorithm 5 presents
our method that use the Fourier transform (FFT : Fast Fourier Transform). We use in particular
Algorithm 5 Algorithm for the determination of the cutoff frequency
1: N F F T = 2n extpow2(n)
. number of points for the FFT
2: fe = 60
. sample frequency, in Hz
3: f = (0 : N F F T − 1)/n ∗ f e
. frequency vector constructed for the FFT
4: tf = abs(real(F F T (V ang(:, 1), N F F T )))
. FFT of the first component of Vang
5: [pick_max; absc_pick_max] = max(tf (20 : N F F T /2))
6: f req_pick_max = f (absc_pick_max + 19)
7: wn = f req_pick_max
a Matlab function to determine the number of points for the FFT : nextpow2(A), where A is a
real, that enables to obtain the smallest power of 2 that is higher than or equal to the absolute
value of A : p = nextpow2(A) ⇒ 2p ≥ abs(A). This enables to optimize the number of
operations made for the FFT that decrease when we use a number of points exactly equal to a
power of 2. After the computation of the FFT of Vang , we determine the pick of the maximum
frequency without taking into account the pick of frequency at the abscissa 0 that is endlessly.
That is why we are searching for the maximum from some samples after 0. The obtained
frequency is the cutoff frequency, that we note wn . It is represented by a green point on the
figure 25 in the case of the FFT of the angular velocity around the axis y.
The lowpass filter is constructed using two Matlab functions : butter and filtfilt. The first
one takes as input the filter order, the reduced cutoff frequency and the kind of the filter
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F IGURE 25 – Détermination of the cutoff frequency
(lowpass here) and gives as output the coefficients of the associated filter, regrouped in the
vectors b and a as :
H(z) =

b(1) + b(2) ∗ z −1 + ... + b(n + 1) ∗ z −n
B(z)
=
A(z)
1 + a(2) ∗ z −1 + ... + a(n + 1) ∗ z −n

The reduced cutoff frequency asked by the function butter is by definition equal to the cutoff
frequency divided by the Nyquist frequency : wn / f2e . The vectors b and a and the vector we
want to filter are given as input to the function filtfilt that creates the filter via b and a and
applies it to the vector we want to filter.
An offset is also stored by the sensors during the experiments. The algorithm presented in
the pseudo-code 6 enables to eliminate this offset. The angular velocities and translational
Algorithm 6 Algorithm of offset elimination
1: for i from 1 to 3 do
2:
offset_Vang (i) = mean(Vang (40 ∗ f e : 110 ∗ f e, i))
. mean between 40 and 110
seconds
3:
offset_Atrans (i) = mean(Atrans (40 ∗ f e : 110 ∗ f e, i))
4: end for
5: for i from 1 to n do
6:
for j from 1 to 3 do
7:
Vang (j, i) = Vang (j, i) − offset_Vang (i)
8:
Atrans (j, i) = Atrans (j, i) − offset_Atrans (i)
9:
end for
10: end for
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accelerations stored by the sensor and then treated, are represented on the figure 26 for the
three-degrees-of-freedom arm.
The obtained data are exploitable. We can integrate the accelerations to obtain the translational
velocities, and integrate the angular velocities to obtain the angles around the three directions
of the space at the sensor’s point of fixation. The method is briefly presented by the pseudocode 7 in the case of the integration of the translational acceleration (the method is the same
for the integration of the angular velocities).
Algorithm 7 Algorithm of the integration of the translational accelerations
1: Vtrans _int = zeros(size(Atrans , 1), size(Atrans , 2))
2: for i from 1 to n-1 do
3:
Vx = Vtrans _int(i, 1) + [Atrans (i + 1, 1) + Atrans (i, 1)] ∗ [t(i + 1) − t(i)] . t : time
vector recorded by the sensor
4:
Vy = Vtrans _int(i, 2) + [Atrans (i + 1, 2) + Atrans (i, 2)] ∗ [t(i + 1) − t(i)]
5:
Vz = Vtrans _int(i, 3) + [Atrans (i + 1, 3) + Atrans (i, 3)] ∗ [t(i + 1) − t(i)]
6:
Vtrans _int(i + 1, :) = [Vx , Vy , Vz ]
7: end for
It os necessary to filter the integrated data with a highpass filter in order to correct the errors
that may accrue during the calculations. This filter is created in the same way than the lowpass
filter.
Otherwise, the gyro-sensor wa use computes the angles around the three directions of the
space. Processing these data in the same way than the previous ones, it is possible to compare them to the angles computed with our integration. The results for the experiment with
the three-degree-of-freedom arm are illustrated by the figure 27. However, we do not know
the computation method implemented in the sensor. Thus we prefer to work with the data we
compute. Even so the obtained results show that the data processing and the integrations give
good results.
The algorithm ??, presented in the section 3.1.2 is then used to compute the inverse kinematics of the arm and thus determine the joints angles of this arm over time.
4.2.3

Results

The algorithm 2 gives as output the joints angles evolution of the studied system. For the
three-degree-of-freedom arm, it gives the angles evolution generated by the three rotations
of the shoulder. These angles are represented in green on the figure 28. The three angles
computed by integrating the angular velocities stored by the sensor correspond to the three
rotations of the shoulder, modulo the distance between the sensor and the shoulder. These
angles are represented in blue on the figure 28 to enable a comparison. The two curves for
the three angles are almost superimposed The errors between the both curves are listed in the
table 6.
The percentages of error between the curves are computed based on the number of degrees
resulting on the difference between the two compared angles. We can notice that the two

37

F IGURE 26 – Angular velocities and translational accelerations before and after the data processing
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F IGURE 27 – Angles around the three axis of the space, computed by the sensor and computed
by our method

F IGURE 28 – Angles over time for the 3-degrees-of-freedom arm
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TABLE 6 – Errors between the angles (in degrees) obtained by computing the inverse kinematics and those stored by the sensor
1˚
3˚
5˚
α 52.4268%
5.378%
0%
β
71.50%
12.4390% 0.1463%
γ 50.4024% 7.5366% 0.1341%
curves rarely exceed 3˚ of difference and almost never 5˚. The integrations and data processing
calculations can cause this error between the two curves. But we can not quantify it.
Besides, the obtained curves match with the reality considering the motion that the subject
has been asked to make : the angles he applied to his shoulder for the movement are of the
same order of magnitude than the angles obtained with our calculations.
The angles obtained via the algorithm 2 in the case of the six-degrees-of-freedom arm are
the angles induced by the three rotations of the shoulder, the rotation of the elbow, the rotation
of the wrist and the rotation located between the elbow and the wrist. They are all represented
on the figure 29 for one of the conducted experiments. This time, it is not possible to compare
the computed angles with the angles stored by the sensor. Nevertheless, we can notice that
the ordre of magnitude of the obtained angles is the same for the angles made by the subject
during the experiment.
4.2.4

Discussion

The experiment on the three-degrees-of-freedom arm enables to validate our algorithm
of the inverse kinematics computation. The comparison between the angles obtained with
our calculations and the angles stored by the gyro-sensor enables to deduce that the used
algorithm is correct. Nevertheless, some errors appear that are surely due to the accumulation
of calculations done on the data.
These remarks enable to use the algorithm on experiments where more degrees of freedom
are allowed, the six-degrees-of-freedom arm being a more faithful modelisation of a human
arm. In this case, the angles computed via the inverse kinematics can not be compared to
some angles that have been recorded. We can only notice that the order of magnitude of the
computed angles and those made by the subject is the same. We can also suppose that the
errors appeared on the calculations on the three-degrees-of-freedom arm are also involved
here. Furthermore, the increase of the degrees of freedom number leads to an increase of the
calculations number in our algorithm. Thus the final error on the six computed angles mays
be more important than the one obtained on the angles of the three-degrees-of-freedom arm.

4.3

Database from the forceplates coupled with data from gyro-sensors

We are now able to retrieve the angles q of the joints of an arm during a motion via a
gyro-sensor and without the use of the motion capture. By deriving this vector we retrieve the
angular velocities q̇ and by deriving this new vector we retrieve the angular accelerations q̈.
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F IGURE 29 – Angles over time of the 6-degrees-of-freedom arm
We are able to construct the triplets (q, q̇, q̈) for an arm during a movement. Besides, we can
recognize a motion via the data stored by a forceplate.
The experiment presented in this section uses a forceplate to recognize the movement and
a gyro-sensor to retrieve the triplets (q, q̇, q̈) related to the movement. The aim is to use all
these informations to re-compute the dynamic parameters specific to the subject who has made
this movement.
4.3.1

Protocol

We use for this experiment a Bertec forceplate and a Pocket-IMU gyro-sensor. The experiment is to reproduce the motions contained in the database we use for the motion recogni41

F IGURE 30 – Experiments combining a forceplate and a gyro-sensor (fixed successively on
the hand, the foot and the waistline)
tion : the motions M6 and M8 of taisou1. The motion M6 requests the arms and the upper
body while the legs stay stationary ; the motion M8 requests all the body. The motions of the
arms and the legs are symmetrical for the both movements.
A first subject, a male aged 21 years, has conduct the experiment on the both motions. A
second subject, an other male aged 21 years, has only reproduce the motion M8 . The both
subjects have been trained several times before the experiment watching the screen where
the movements was made on, in order to reproduce them as closely as possible during the
measure. During each experiment, the subjects are on the forceplate and reproduce the motions
at the same time that it is made on the screen.
For the experiments on the movement M6 , the first subject has reproduced six times the
movement with a gyro-sensor fixed on his right palm and then six times with the sensor fixed
on his waistline. For the experiments on the motion M8 , the both subjects have reproduced six
times the motion with a gyro-sensor fixed on their right palm, then six times with the sensor
fixed on their right foot, and then six times with the sensor fixed to their waistline.
The images regrouped on the figure 30 illustrate the three cases of gyro-sensor fixation.
4.3.2

Project of data utilization

The forceplate data have to be treated in the same way than those in the motion recognition
part in order to compare them with those of the database. After this treatment and using the
motion recognition algorithm 1, the motion that have been made can be recognized and we
can obtain the closest motion contained in the database.
The treatment of the data stored by the gyro-sensors has to be identical to the one that leads
to the kinematics inverse computation in order to obtain the triplets (q, q̇, q̈) for the arm and,
for the motion M8 , the leg, and the triplet (q0 , q̇0 , q̈0 ) related to the waistline. The arms and
legs make symmetrical movements during the motions M6 and M8 . Then we can duplicate
the triplets (q, q̇, q̈) to have the triplets for the both arms and the both legs.
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The algorithm of the regression matrix computation introduced in the section 2.1.6 takes
as input (q, q̇, q̈) for the whole body. We have all these triplets in the database thanks to the
motion recognition. We can know replace the triplets related to the arms, the legs and the
waistline by those we have computed via the gyro-sensors. Thus these new triplets have to be
re-sampled in order to have the same size than the old triplets of the motion in the database.
The obtained regression matrix takes into account characteristics that are specific to the
subject who has made the motion and the dynamic parameters computed from this matrix
must have values closer to reality.
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5

Conclusion

Our project is to identify the dynamic parameters of the human body by bypassing the
motion capture that is an instrument hardly transportable in other domains than research,
as rehabilitation for example. Therefore the method we propose uses forceplates and gyrosensors.
The motion recognition from forceplates data gives good results : the tested motion is correctly recognized with our algorithm in most cases. Besides, we notice that the criteria related
to certain forces components are much more influential than other on the recognition. In particular, the force component along the axis z is associated in almost all cases to the highest
criterium among those of the six components. It might be interesting to determine how each
component is important for the motion recognition in order to refine the computed criteria and
to obtain better results. An empiric research has been done to determine the weighting that
has to be applied to the criteria of the six efforts components while the average. This does not
lead now conclusive results.
The crossed-recognition, during which the tested motions are made by other subjects, give
poorer results. The experience of the subject seems to be the main reason. It will be then
judicious to study if to add to the database some data of experienced and mid-level subjects
can improve the motion recognition.
80% of dynamic parameters on average are identified after the motion recognition. This
percentage is below the percentage of parameters identified with original data that is instead
around 90−95%. The efforts curves we reconstruct with the data related to the recognized motion are mostly very close to the original data. The errors observed on certain motions suggest
that the forceplates data enable to correctly identified the parameters that have an important
impact on the human body dynamic, contrary to the parameters that have a minimal effect.
This impact on the efforts curves reconstruction. The errors may be obtained with the efforts
matrix chosen when the tested motion is recognized : the efforts are not close enough of those
involved in the tested motion. The errors may also come from the matrix YB1 that does not
take into account the characteristics of the tested movement but of the original movement. The
experiments conducted with the gyro-sensors tend to improve the consistency of the terms of
the regression matrix with the tested movement.
The experiments conducted on the three-degrees-of-freedom arm are used here to validate
our algorithm and use them on more complex system, that are then closer of a human arm
model. Actually, the angles obtained with the inverse kinematics computation of the threedegrees-of-freedom arm are very close to those obtained with the gyro-sensor. We can then
assume that our algorithm and the processing of the data stored by the gyro-sensor are correctly implemented. This enable us to use it on the six-degrees-of-freedom arm.
The obtained angles for this system are of the same order of magnitude than those the
subject has made during the experiment. However, it is difficult to quantify the errors that
possibly appeared during the calculations on the data stored by the gyro-sensor. Actually, the
system is more complex than the three-degrees-of-freedom arm therefore more calculations
are done to obtain the angles which facilitate the apparition of errors/ An other tool that store
the angles between the joints could be used to validate more formally our calculations. The
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motion capture seems to be a good way in an experiment that will serve only to validate our
results, and thus that is not in contradiction with the constraint set for our project.
The data stored during the last series of experiments, using at the same time a forceplate
and a gyro-sensor, have to be studied. They will enable us to know if it effectively possible
to re-compute the regression matrices YB1 with only some data, in this case those related to
the arms, legs and waistline motions. The results will enable us to know if the experiment
imagined provides a higher percentage of identified dynamic parameters.
Other experiments have been conducted for the motion recognition and the identification of
dynamic parameters that have not been exploited yet. We have stored the motions of a Taiko
player (the Taiko is a japanese drum), Isaku Kageyama, with a motion capture system and a
gyro-sensor. Several series of motions have been made that will enable us to study two axis of
our project.
The first one is the inverse kinematics computation of the arms of the Taiko player. The
coupled data of the gyro-sensor and of the motion capture could enable to validate our algorithms on this point of our project.
The second one is the motion recognition. The collaboration with Isaku Kageyama has
begun on his request with this goal. We now have to develop a method of motion recognition
via the gyro-sensor data. This could be an interesting march because we have noticed that
certain movements misidentified via the forceplates are movements that involve almost only
the hands, that has not a noticeable impact on the efforts. The gyro-sensors will be able to
store these differences, which gives some new tracks to make a motion recognition via these
sensors.
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