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ReferencesConclusion & Future Directions 

● Cross-session validation: train on T01, test on T02; quantify how much AUC drops across recording 
sessions for the same subject

● Cross-subject decoding: leave-one-subject-out evaluation; a practical BCI cannot require per-user 
calibration data

● Latency analysis: shift the label window backward in 50ms steps to find how early before heel strike 
the model can reliably fire; critical for prosthetic timing

● Fix SL05-type failures: log electrode impedance during recording; add automated bad-channel 
detection and interpolation in preprocessing

● Improve the regression task: explore stride-synchronous averaging or longer windows (2–3s) to 
make continuous angle prediction tractable

● Domain adaptation: apply methods that align EEG representations across sessions and subjects to 
reduce calibration burden

Abstract

Introduction & Literature Review
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 in 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 
deployable BCIs in rehabilitation and neuroprosthetic 
applications.

● TCNs use dilated convolutions to capture 
patterns across multiple timescales, making them 
well-suited for gait decoding where fast 
heel-strike events and slower stride rhythms 
coexist in EEG signals (Altaheri et al., 2025).

● Most EEG-to-gait models predict joint angles at 
isolated time points and ignore gait-cycle 
structure. Fu et al. (2026) shows that encoding 
phase information into EEG representations 
improves continuous angle prediction (r = 0.70) 
across 50 subjects, supporting multi-task 
approaches that jointly decode gait events and 
kinematics.

This project proposes a hybrid Temporal Convolutional 
Network (TCN) and Long Short-Term Memory 
(LSTM)  pipeline to decode gait phase and ankle angle 
from 64-channel EEG data. Trained on each subject 
individually, the TCN outputs the gait phase 
probability, heel-strike probability, and a latent vector. 
The latent vector and cyclically encoded gait phase 
value are inputted into an LSTM which outputs the 
predicted angle at each timestep. In 6/8 of the subjects, 
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 
4-class gait phase classification. Furthermore, a 0.735 
mean R2 value is demonstrated in 5/8 of the subjects in 
predicting the right ankle angle. The inter-subject 
variability of these preliminary results indicate the 
necessity for further improvements. However, this 
model builds upon existing research to present a 
potential new model architecture for non-invasive, 
real-time BCI and prosthetic control systems.
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Our results demonstrate that TCNs and LSTMs could be suited for gait decoding as they capture the 
multi-scale temporal dependencies inherent in EEG signals that simpler linear models often miss. For 
most of the tested subjects, the model is able to identify heel-strike, gait phases, and ankle angle 
measure, proposing a non-invasive approach to real-time BCI control in robotic exoskeletons and 
neuroprosthetics. However, the observed inter-subject variability highlights the need for more robust 
decoding techniques. We propose training on more data and testing other temporal architectures such 
as sequence transducers and state space models for improved latent space estimation. Implementing 
more advanced EEG preprocessing such as spectral decomposition through Wavelet transform or ICA 
could also enhance feature extraction. Future iterations will also explore ways to integrate multi-task 
learning to simultaneously decode multi-joint kinematics, including knee and hip as well as model 
generalizability across subjects. Moreover, investigating the underlying reasons for subject-specific 
performance drops could provide critical insight to potential biases from our training data or 
architecture, allowing us to develop a universal gait-decoding pipeline. 

Immediate technical refinements will focus on cross-session validation, latency-based timing 
optimization, and automated artifact rejection to stabilize performance across diverse recording 
conditions. Longer-term, cross-subject domain adaptation to move toward "plug-and-play" clinical 
systems can be implemented, eliminating per-user calibration and bringing real-time BCI control into 
practical, real-world use for mobility-impaired individuals.
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