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Evaluating Assistive Robotic Devices

Real-time Estimation of Energetic Cost Brute-force mapping
from Respiratory Measurements of Cost Landscape
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Bodx-in-the-LooE Oetimization

Real-time Estimation of Energetic Cost Real-time Optimization
from Respiratory Measurements of Metabolic Effort
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[Koller, 2016; Felt, 2015]

S RAMIaD
O a Kimberly Ingraham — IEEE GlobalSIP 2017

Robotics and Motion Laboratory




5

Bodz-m -the- LooE Validation Studx
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* Optimize push-off
timing in powered
ankle exoskeletons
(n=8)

« Algorithm found a
minimum within 1.5%
of the brute-force
cost

« How can we improve
this method?

[Koller, 2016]

S RAMIaD
O a Kimberly Ingraham — IEEE GlobalSIP 2017

Robotics and Motion Laboratory




Challenges: Indirect Calorimetry

“Ground Truth”
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[Selinger, 2014; Lamarra, 1967]
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Challenges: Indirect Calorimetry

CHALLENGES:
Noisy
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[Selinger, 2014; Lamarra, 1967]
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Challenges: Indirect Calorimetry

CHALLENGES: Real-time Estimation of Energetic Cost Real-time Optimization
from Physiological Measurements of Energetic Cost
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°RAMIa0
O a Kimberly Ingraham — IEEE GlobalSIP 2017

Robotics and Motion Laboratory



Experimental Data Collection

10 healthy subjects (8 male, 2 female)
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Exeerimental Data Collection

O
kSpO2 o
o Wristbands (EDA, skin
< o temp., 3-axis accel.)

e seicaes. O 16 lower-limb EMG
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D saturation)
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Feature Extraction

Local Signals
o Accelerations (x, vy, z)
o Vector magnitude = \/x2 + y2 + z2
o 1-minute, 0.1 Hz Gaussian filter kernel

o EMG
o Linear envelope = full wave rectify, low-pass filter

o Composite sum = \/Z?zl LinEnv(muscle),*

o 1-minute, 0.1 Hz Gaussian filter kernel

o SpO,, HR, EDA, Skin temp.
o 1-minute sliding window average
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I\/Iultiele Linear Regression Models

o Multiple linear regression models trained for
each subject (concatenated all activities)

Ground Truth
Energy Cost (W/kQ)
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Various Combinations of
Physiological Sensors
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I\/Iultiele Linear Regression Models

Local
Signals
LiE .MEC;V. MeaITwZ-LSD
1 X 0.76x0.05
2 X X X X 0.77x0.09
3 X X 0.91+0.04
4 X X X X X X 0.94+0.02
<) X X X X X X X 0.95%0.02
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Time Series Predicted Energx Cost
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I\/Iultiele Linear Regression Models
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Future Directions

Real-time Estimation of Energetic Cost

from Physiological Measurements

Sensor Fusion
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Real-time Optimization
of Energetic Cost

X(p) Online Optimization
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Shape p

Control Parameters

Optimal Actuation Shape
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Questions?

Real-time Estimation of Energetic Cost Real-time Optimization
Acknowledgements from Physiological Measurements of Energetic Cost
C. David Remy X(p), Online Optimization
Dan Ferris )

Jeff Koller /

Funding sources /_b
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