Dynamics Identification of human-like systems

3 EXCITING TRAJECTORIES

A good estimation relies on:
(1) an appropriate model to describe the system,

Global [denftitication Me’rhOdO\Ogy

1. MODELLING THE DYNAMICS 2. IDENTIFICATION MODEL

obtained for multi-body systems. viscoelastic properties.

tT=1+ Q — H(Q9q9q9]p) + 17 1= Y(Q»Q9q) (I)

- T vector of joint torques - Y regressor matrix or observation matrix

- F vector of joint forces and forque due to actuation - (I) vector parameters to estimate

- Q vector of generalized efforts (projection of external efforts) After sampling along a trajectory, identification model
H , , o , , solved by linear least-squares method:
- vector of inertial, Coriolis, centrifugal, gravity forces - fast, reliable

_ . - allow to compute indicators to interpret the results:
q vector of joint angles Condition number of the regressor matrix and standard

- [ vector of inertial parameters: mass, inertia, first moment of inertio deviation for each parameter estimated
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vector of visco-elasticity and friction forces of joints
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Knowledge of the robot inertial parameters crucial data to

do simulation and confrol of robot dynamics.

Robot manufacturers and designers often give inertial

parameter values obtained by CAD software : don't take b A4

Into account the whole actuators and sensors information 4 | O

ldentification of the system dynamics thus expressly required. '

Conventionnal methods based on knowledge of all joints . -

Informations : joint angle, joint torque... / : : 5 X

Humanoid robot not always equuoped With torque sensors. - :

But have contact force-sensors. ° |

HOW? , \

Proposed method based on contact force measurement: |

- Using the property of the dynamic model by using the

base-link equations only.

- Required data are limited to joint angles, external forces, -

and generalized coordinates of the base-link. 7
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ldentification also a solution to measure dynamics in-vivo.

Knowledge of dynamics of human mandatory for simulations of body

motions, support of medical diagnosis, monitoring of body physical

condition...

HOW?<

Ecsed on similar methodology as for humanoid robots, extended to
umans.

Instead of sensors, joint angles provided by motion cature data and

computation of inverse kinematics making use of a skeletal model.

Motion capfuring advantages:

convenient, noninvasive, painless way to measure motion, assures

Inferaction-free measurement between subject and measuring system,

allow to perform all kind of motion:s.

Application to Human to Support the Dignosis of Neuromuscular Diseases

Type of mofion required to Passive tests used for idenftification during
clinical diagnosis of neuromuscular diseases

- Simultaneous mulfi-joint estimation.
Clinical diagnosis based on patient medical history,
observations of symptoms, neurologic examination :
- passive tests : patient not moving (no contraction
of muscles) but movements induced by the PT.
- semi-active tests: pafient asked to perform lower-body
motions resulting in upper-body passive motions.
- active tests: patient performs full body active motion.

WHY<¢ HOW.Z@

Neurological disorders : slowly progressive, Proposed Constraint-free method

degenerative diseases. Affected persons Capturing mofions during the clinical diagnosis
experience various symptoms such as tfrembling, and idenftitying joints parameters with constraint-free
muscle rigidity, slowed motion, difficulty in paAssive or semi-active motions.

walking, problems with body balance and

coordination. Features and advantages

Outcome assessments of neurological disorders - Use of a very detailed rigid-body model to allow

partly relies on the qualitative clinical rating of to use all kind of motions.

symptoms : bradykinesia, tremor, and rigidity using - Roll-out easy, positioning of markers over anatomical
rating scales... Objective quantification fools highly points robust and fast.

required, oppcrc’rus proposed so far too expensive, - Capture performed during the normal clinical diagnosis
foo complex and required foo much time to be used allowing the PT to perform simultaneously his visual rafing.
In a clinical setting. - Non-invasive, non-harrowing and painless.

Modellmg based on the fundamental equations of dynamics Dynamlc model linear in inerfial parameters and (

2) accurate measurements,
(3) properly chosen movements that can excite the
dynamics to identity, named persistently exciting trajectories

4. BASE PARAMETERS

Only minimal set of parameter describing the model can be
identify: Base parameters
Can be computed symbolically: essential base parameters,

dependant only on kinematic structure of the system.

Can be computed numerically
parametersparameters not exited by the motion are grouped
or suppressed.

5. VALIDATIONS

A-priori data often not known. Valic
joint forques or efforts measured to |

the identification model and the estimated parameters.

Direct validation : motion in the data set used for identification.

Cross-validation : motion not used for identification
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Dynamic model and |dentification model
of humanoid robots

afions consist in comparing
'he computed one using
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Cross validation with a left-fronted squat
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Cross-validation with a bending motion
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Modelling of joint passive visco-elastic properties
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