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1. Introduction 2. StUdy DeS|gn continued

Humans are remarkably agile [1]. We think of agility as the ability to rapidly execute motor
control strategies that redirect body motion and reposition our limbs. When we navigate the
environment, our legs interact with the ground producing reaction forces that either maintain or
change the state of our motion. Each reaction force is a vector quantity with a force-magnitude
and a force-position acting at a point on the body. Varying the force-magnitude of the force can
result in linear changes to our motion. A runner seeking to increase their linear speed does so by
selectively increasing the force-magnitude. Varying the force-position of the force can result in
changes in the moment of the force, which has rotational effects on our motion. A gymnast
wishing to initiate a front flip does so by selectively shifting the force-position. A greater

Task Adaptation

We are interested in quantifying the optimal performance of leg force control. To
accomplish this, we determine the number of trials 1t takes for the performance of subjects
to plateau. We determine the learning rate by having subjects perform many repeats of
the same task (e.g. force-control at 1.5x body weight ). We then fit an exponential function
to the error data, which gives us the learning rate, and use 3x the learning rate to
determine the number of trials until people have stopped adapting [3].
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3. Results and Discussion

We collected pilot data of one subject performing 3 force-magnitude control experiments
at 1.25, 1.5 and 2x bodyweight of force. We also collected force-position control data
) where one subject performed two anterior-posterior control experiments ( 3 and Scm) and

e F two medial-lateral control experiments (0.5 and 1cm). We presented real-time data to the
subject such that the target changed roughly every 5s with 6 target steps occuring per
The goal of this research is to quantify the control performance (rise time, steady state = minute. We then presented them with their error score and a 30 second break betore the
error and steady state variability) of humans using their legs to voluntarily control the next trial. We collected 60 target steps of each condition and used the last 30 for analysis.
force-magnitude and force-position of external forces.
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2. Study Design 20!

To study the performance of controlling force-magnitudes and force-positions with our legs, we g | arget Step Function

have designed and built a ri1g that constrains subjects from motion while allowing them to exert D 16l

variable forces onto the ground . We mount a force plate below the subject’s feet to measure the z v

ground applied force-magnitudes and derive the medial-lateral and anterior-posterior S A
force-positions [2]. We send signals from the force-plate to a data acquisition unit which L 12| Avg Real-Time -
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Human Subject Experiments
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We adjust the rig to fit subjects comfortably such that their torso 1s constrained and their arms Time(s) |
and shoulders can selectively push against the rig. We constrain the height of the rig such that Time(s)
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Task Motivation
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