Preliminary Results on Deep Sensor Fusion for Endpoint
Prediction in Transhumeral Prostheses
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* We propose a multi-modal sensor fusion model and no sensors conditions using the proof-of-concept predictor with our pilot data. Elevation angles
as an endpoint predictor for a prosthetic arm refer to the elevation angles of the upper arm according to Soechting & Flanders [3].
_ controller. ) |* The baseline model performs surprisingly well, with a 3D MAE of 6.5 cm.
~ |* The pilot data collected by us was limited in duration and biased in terms of contents.
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 Targets: Hand coordinates.
* Trained the UNet with a loss function the
penalizes Euclidean distance and differences in
velocity, and minimizes jerk.
e Compared the accuracy of the LR when using
individual predictors and when using all Fig 3. Distance graphs for a representative portion of the test data, specifically for 100-300s of one of the
predictors. Project Nymeria recordings, showing segments with higher and lower LR prediction accuracy (a),
corresponding to the hands being used to gesture while walking (b) and the hands being used to hold a
C pool cue (c).
r ) * The LR predictor achieved a 3D MAE of 17.3 cm over 8 subject and 16 hours of data.
* The UNet predictor achieved a 3D MAE of 11.8 cm over 8 subject and 16 hours of data.
A A * Both predictors showed strong generalizability between subjects and tasks.
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Conclusions and Future Work

* The full results were submitted in a paper to IEEE BSN 2026.

* Acquire full dataset combining MoCap, IMU, sEMG, and gaze-tracking data
recorded during simulated ADLs.

* |dentify relevant synergies between sensor modalities.

* Create an efficient real-time endpoint predictor and controller.

* Control a robotic hand and FRANKA arm to demonstrate real-time prediction
of user intent.

i Test controller with transhumeral amputees user and custom prosthesis. Y

Fig 5. lllustration of the experimental setup and sensors
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