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MOTIVATION AND OBJECTIVES RESULTS

Motivation COM Displacements Induced by the Perturbations

Averaged projected COM, from 5 participants (4 male, 1 female; median age = 23;
median height = 1.71 m, median weight = 61.7 kg) are shown in Fig. 2.

e (Commercialized powered exoskeletons (Fig. 1a) are an
emerging trend to restore mobility for individuals with
spinal cord injuries
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Objectives during (a) the internal perturbations and (b) the

: : .. : external perturbation trials.
1 Design an experimental protocol, using internal and external perturbations, P

that causes measurable changes in a subject’s center of mass position (COM,)

2 Develop a COM Estimation Algorithm that predicts COM, using COM Estimation Algorithm Pertormance

accelerometers

e Each perturbation type averaged across all participants

ABLE-BODIED DESTABILIZATION EXPERIMENTS e Performance was quantified by calculating the Root Mean Square Error (RMSE)

, and the Coefficient of Determination (R%) between the measured and predicted
Experimental Setup COM, for each movement type (Fig. 3)

e 5 able-bodied experiments performed in our Motion Study Laboratory (MSL)

o A successful algorithm will achieve high R¢(>0.7) and a low RMSE error

e 16 motion capture cameras estimated the participants’ COM; using 48
reflective markers (Vicon, Oxford Metrics, UK)

-used to measure COM, as the “gold-standard”

Internal Perturbations, Mediolateral COM
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e 10 accelerometers measure changes in acceleration (petsys 7rigno)
-used to estimate COM, through the algorithm
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External Perturbations
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e [inear actuators pull participant in 4
directions: (Copley Motion Control, Canton, MA)

front (0), right (1), back (2), left (3)

C3: R?=0.97

e
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Mean Cycle (%)

e 3 pull magnitudes:

small (S), medium (M), large (L)
Fig 3. Representative results with measured (orange) and predicted (blue)
COM in the mediolateral direction for the internal perturbations, averaged
across all participants. The R? for the particular movement is shown at the
top of each plot. Shaded regions correspond to one standard deviation

* MATLAB code randomly generates
pull order and perturbation

magnitude (10 trials, 24 pulls each) 4 Linear 2 Force Plates
Actuators e In 90% of the perturbation types, the algorithm achieved an R? > 0.7,
suggesting the measured and predicted COM are highly correlated
Internal Perturbations e Across all trials and subjects, the RMSE is 7.3% in the ML and 22% in AP,
* Participants move a weighted jar to 4 which is less than 0.5 cm and 1.0 cm error, respectively

target locations:

“P (1), left (2), right (3), bottom (4 CONCLUSION AND FUTURE WORK

e 3 different weights:
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Heavy (A), Medium (B), Light (C) Completed Objectives
| (. e The prescribed perturbations cause measurable changes in COM; in response
“ \ * MATLAB code randomly generates to the magnitude and direction

c(j;roegc;gg a3ng gz'tvﬁl])%%ons each) e The COM Estimation Algorithm can predict most COM changes in the sagittal

2 Force Plates 3 Loaded Jars and coronal planes, with errors in an acceptable range for use as a balance
feedback term for our exoskeleton

COM Calculation FUture Work
o - e Expand the protocol to include able-bodied walking

I Measured !
ICOM Position :
I

-------- * Devise a procedure to better estimate COM changes in the IS direction
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Perturbation Experiment
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e Artificial neural network

e |[nputs: 30 accelerometer signals
(10 sensors x 3 axes)

o Qutputs: 2 COM; signals
(AP, ML directions)




