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Motivation

« Among the large number of people surviving stroke every year,
50-70% experience motor dysfunction, 80% in the upper limb [1].

 Physical therapy is expensive, subjectively applied, and must
be highly customized, which limits access and efficacy.
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Five typical arm spasticity patterns [2]
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Solution: Robot-Mediated Rehabilitation

Robots can enable rehabilitation
exercise that is: - =7

® acceSSible KUKA Robot FO:ce/TorqueSensor A
* customizable ™. 5

=

« quantifiable and repeatable [1]

?ta n.dard control formulllatlon: OpenRobotRehab platform [2]
assistance as needed” (error
correction to desired motion) ~

Is the motion actually

rehabilitative?

UNIVERSITY [1] Raji et al. (2025), BioMedical Engineering OnLine [2] Anand et al. (2025), ICORR
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KEY HYPOTHESIS:
If we design robots to optimize neuromusculoskeletal engagement
in addition to motion quality, rehabilitation will be more effective.

How can we fill

- in this block? What does healthy
| 2l § l 0 engagement look like?
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Quantifying Engagement:
Neuromusculoskeletal Modeling (OpenSim)

We aim to simulate detailed

kinematics and muscle M s
/nverse dynamics [1]

activations (“engagement”)
of the upper limb when
interacting with an end-
effector rehabilitation robot.

- Do these models work
for end-effector robot
interactions?

UNIVERSITY [1] Uchida & Delp, Biomechanics of Movement
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Baseline Model: MoBL-ARMS

e N=1

* 4 isometric tasks
* 0% effort (baseline)
* 50% effort
* 100% effort
« 0->50->100% effort sequence

» Scaled the model and solved
inverse kinematics &
dynamics - joint torques

» Ran static optimization -
muscle forces and activations

« Compared predictions w/
measured sEMG

THE

UNIVERSITY [1] Saul et al. (2015), Comp. Meth. Biomed. Engin. [2] McFarland et al. (2019), J. Biomech. Eng.
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Results: Static Optimization vs. SEMG
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Results: Exemplar Predicted Muscle Activations
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Key Takeaways

* The MoBL-ARMS model converged for our end effector robot
interaction, predicting activation of 50 muscles of the arm and
torso.

» Most predicted activations using static optimization were
consistent with measured seEMG, but some predicted activations
were physiologically implausible.
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Current Directions

- Comprehensively quantify model
performance
* Nn>1 (more participants)
« SEMG from more muscles
« 6D isometric tasks

- Address model limitations
« Dynamic optimization
« Combine/expand model components
(e.g., missing shoulder DOF)

- Expand model capabilities
« Dynamic tasks

 Participants w/ neuromotor pathology
(e.g., stroke)
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