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 L&R eye position, optical axis, head IMU
* elevation angles
 upper-arm and shoulder sEMG

o Outputs: 3D coordinates of palm, L&R sides of wrist. * Elevation angles, particularly upper arm yaw (n), are highly
* Compared predicted coordinates to MoCap ground truth. predictive of hand endpoint position.
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* sEMG from Trapezius Descendens, Posterior Deltoid, and Biceps
contributed most amongst recorded muscles.
* Early analyses show that delaying certain sensors improves
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* Acquire full dataset combining MoCap, IMU, sEMG, and gaze-tracking
data recorded during simulated ADLs.

e |dentify relevant synergies between sensor modalities. o ong
* Create an efficient real-time endpoint predictor and controller. usion 96X200 — GRU (X2)

96X9 — Extraction

e Control a robotic hand and FRANKA arm to demonstrate real- 7X200 - Input
time prediction of user intent. i

32X200 — Causal CNN
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e Test controller with a transhumeral amputee user and custom

\ prosthe5|s. / Fig 5. lllustration of our model’s architecture
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