
▪ Volitional, task-agnostic control of exoskeletons using instantaneous biological joint moment estimatior [1]

Challenges
▪ Deep-learning models demand extensive training data [2]
▪ No clear prioritization of locomotor tasks for biomechanical data collection

Aim: Train a task-agnostic hip joint moment estimator with a more data-efficient approach
▪ Characterize locomotor tasks with biomechanical features, and group tasks into similar tasks
▪ Select representative tasks from clusters and train the model
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▪ This study demonstrates that distinct locomotor tasks can be effectively grouped based on their underlying biomechanical features.

▪ Furthermore, the deep learning model is capable of capturing inter-task similarities and performing in a task-agnostic manner, without requiring extensive data 
collection and training process.

• Utilized an open-source biomechanical and wearable sensor dataset [3]

• Averaged hip joint angle, joint angular velocity, and joint moment profile per each task trial

• Dimensionality reduction via PCA + task grouping with k-means clustering

• Task-weight analysis for representative task selection and FCNN model training

Future works
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