Gait Phase Intent Decoding from Electroencephalography

Kazuma Hakushi, Zoelie Kim, Anika Awasthi, Devah Schaefers, Adan Sanchez, Larielys Nieves-Rivera
Software Division, Neurotech@Berkeley

Abstract Model Architecture

This project proposes a hybrid Temporal Convolutional
Network (TCN) and Long Short-Term Memory

(LSTM) pipeline to decode gait phase and ankle angle LSTM
from 64-channel EEG data. Trained on each subject . TCN Phase Logit ~——>  Cyclic LSTM Recurent Uit
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predicted angle at each timestep. In 6/8 of the subjects, Lt Vaetion )

the TCN successfully detects the heel-strike with a
mean AUC of 0.924. Among these subjects, the

architecture also achieves a mean accuracy of 72.8% in Training

4-class gait phase classification. Furthermore, a 0.735

mean R2 value is demonstrated in 5/8 of the subjects in Stage 1: TCN - Classification Training Stage 2: LSTM - Regression Training Stage 3: TCN + LSTM - Full Model Fine-Tuning
predicting the right ankle angle. The inter-subject Train TCN Layers > Freeze TCN Layers _— Unfreeze all Parameters
Variability Of these preliminary results indicate the Freeze LSTM layers Train LSTM layers Train on full model

Loss: Cross Entropy Loss: Huber Total Loss: Cross Entropy + Huber

necessity for further improvements. However, this
model builds upon existing research to present a

potential new model architecture for non-invasive, Results

real-time BCI and prosthetic control systems.
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Brain-computer interfaces offer a solution for people
with spinal cord injuries, stroke, and neuromuscular
disorders who have lost the ability to walk. By
reading movement intent from the brain, these
devices have demonstrated the potential to trigger a
prosthetic or exoskeleton 1n real time. Most BCI
research uses invasive intracranial electrodes, -
limiting real-world applicability. We test whether
non-invasive EEG can decode gait events to enable oo LI I s ——— B
deployable BClIs in rehabilitation and neuroprosthetic - B

applications. Conclusion & Future Directions References
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