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Goal Approach Learn model from data
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To learn from 3-D visual data, models Divide and Conquer Xponr = X+ [ f(x(D),A)dT = F(x;,4)
which can describe the dynamics of Learn dynamical models for individual :
human body motion. These quels joints separately. While the human Vienr = GXpinr, A) + My As
could then be used for recognition and body has over 32 degrees of freedom
simulation of human actions. each joint has a maximum of 3. This From noisy observations (function of ¢,9)
approach has the advantage that the estimate the parameters, here mass,
"= Tc|e-immersion setup subsequent recognition can be done length and the input torques. Joint state
| 48 cameras in 12 clusters In a hierarchical manner. and parameter estimation is done by
' augmenting the state with the parameters
e Simplify | and using the Unscented Kalman filter.
We assume that all the mass is | —
concentrated at a single point on the Vmﬂm1 =

limb. This simplifies the equations of
motion and reduces the number of
parameters to be learnt.

3D visual data
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Equations of motion x s
M(0)0+C(0,0)0+N(0,0)=r1 Future Work
| T | Equations of motion State-space model
9=%+sin9msﬂ¢2—%sin9 x=f(x(),4)  Composition of the dynamical systems
m —— » = = = m
From the observed joint angle trajectories, | =0 =100),40, 00,401 Tor individual joints.
we wish to estimate the parameters of the *~ mi?sin?o -0 %? A=(m.L9.74) * Classification of actions using the
nonlinear dynamical model and the input estimated normalized torques and initial
torques. conditions
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