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Introduction
Motivation

* Joint impedance is important for controlling biomimetic devices and understanding changes in gait
following injury
e Characterizing impedance has been done using a bootstrapping method [1] which takes a lot of data

bootstrapping method for ankle impedance
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average of perturbed profiles minus average of unperturbed profiles gives
us ankle angle and torque reaction to perturbation, 8, and T, respectively
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8, and T, allows us to solve this 2" order differential
equation to find damping b, and stiffness k,
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Objective
* Build a time-series forecasting model to predict ankle angle e s —= :/
profile following varying points during early to mid-stance

proposed method for ankle impedance
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subtract predicted profiles from perturbed profiles to find torque
and ankle angle reaction to pertubation, T, and 8, respectively

use models to predict torque and ankle angle
profiles from data leading up to perturbation
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Validation of models: RMSE is calculated from the 150
ms following a given % of the gait cycle

Representative ankle angle prediction: XGBoost
subject dependent model used for prediction

Methods

Gradient boosted decision trees

* Used the gradient boosted decision trees XGBoost and LightGBM regressors to build models and compare
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* Formatting the features as an upper
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ensemble prediction

predictions of varying length can
be done by the same model

Discussion
Future work
Improving ankle angle model

* Currently the input feature space only consists of the sagittal ankle angle
*  We will expand the feature space to include ankle acceleration, velocity and other (transverse, frontal)
plane data as well which might help in improving the performance of the model

* Try different architectures like TCN, LSTM, and boosted neural networks
Evaluating overall performance

* Use ankle angle and torque models to characterize impedance for multiple trials from each subject

then compare distribution to values calculated using bootstrapping method
Build torque model
* Torque model will be built in the same way as the ankle angle model at first

* Might be able to build a model that calculates ankle toque from ankle angle predictions using method
laid out in Rouse et al [2]

Alternate application of models

* Kinetic and kinematic prediction models can be used to build exoskeleton controllers or be used as an
error feedback to optimize an existing controller
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