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Schematic of the modeling framework : gait segmentation (A), plug-in system for synergies computation (B),
data processing (C), joint torque computation (D-E). Inertial Motion Capture system were used to capture
joint angles and moments. The synergies model was used to predict joint moments. At each timestep it re-
qguires an accurate gait phase estimation using sensory information from the treadmill, specifically ground re-
action forces together with speed and elevation . Data from markers and Force plates were used to compute
iInverse dynamics and kinematics to validate our resuilts.

The aim of the current research is to
interface the synergies model of the
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ized musculoskeletal model to esti- . Joint Ankle Torque at 4 kmih Results
mate muscle-tendon units forces and verse dynamics
joint moments in real-time with no 0 Synergy model The differences in the ankle torques computation from in-
need for EMG sensing [4]. ol / verse d_ynamlcs and the model were analysed for one leg,
computing the root mean square error (RMSE) and corre-
Method | lation factor. The RMSE ranged between 0,175 and 0,367
s 60y Nm/Kg across the speeds (3 km/h, 4 km/h and 5 km/h) .
Speed Synergios S ol The red moment represent the result of the inverse dyne-
T Muscle activation mics from motion capture systems. The blue line is the
. -100 | . .
Elevation | _~_ X ||| output of the synergy model given speed and gait phase
120 information.
-140 ' ' ' ' ' ' ' ' ' '
0 10 20 30 40 50 80 70 8 90 100
v Gait Phase (%) -0 Joint Ankle Torque at 3 km/h
0.25_ Inverse dynamics
0.20 1 Synergy mode|
D -
| Joint Ankle Torque at 5 km/h ?
0.15 20 . T T . .
Inverse dynamics |
0.10 0 Synergy :mdel - -20
/ — _
0.05 - 20 F i E
| | | . | | E -4[} ]
0 Gait cycle (%) T =
B o
Z 60 S -60 i
Activation of the soleus muscle, derived from the syn- -
ergy model with no need for EMGs, at the three speed | 80 ‘
considered ( 3km/h, 4 km/h, 5 km/h ) during the gait cy-
cle 10T -100 |
-140 |
1 IMusclle excitlaticn Frnfilelnf thel scIEuls durirlng gaitl 120 . . . . . . . . . .
I ] o0 0 1ID 2ID 3ID 4ID 5ID E:‘:D ?ID BID QID 1 EIJD 0 10 20 30 40 50 60 70 80 90 100
0.9 2 Gait Phase (%) Gait Phase (%)
0.8 F 5 km/h
0.7 b
06 | Acknowledgments and references
E 0.57 | | wish to acknowledge the contribution of Lucas Avanci Gaudio for his help with the software development. | would like to thank Huawei Huang for his assistance. This work is supported by
< 04| the Marie Sktodowska-Curie Actions (MSCA) Innovative Training Networks (ITN) H2020-MSCA-ITN-2019 - 860850 - SimBionics (Neuromechanical Simulation and Sensory Feedback for the
| Control of Bionic Legs)
0.3F
[1] M. R. Tucker et al., “Control strategies for active lower extremity prosthetics and orthotics: a review,” J. Neuroeng. Rehabil., vol. 12, no. 1, p. 1, 2015, doi: 10.1186/1743-0003-12-1.
0.2 [2] M. Sartori, G. Durandau, S. DoSen, and D. Farina, “Robust simultaneous myoelectric control of multiple degrees of freedom in wrist-hand prostheses by real-time neuromusculoskeletal
01k modeling,” J. Neural Eng., vol. 15, no. 6, 2018, doi: 10.1088/1741-2552/aae26b.
| [3] J. Gonzalez-Vargas, M. Sartori, S. Dosen, D. Torricelli, J. L. Pons, and D. Farina, “A predictive model of muscle excitations based on muscle modularity for a large repertoire of human
0 ' ' : : : ' : ' : locomotion conditions,” Front. Comput. Neurosci., vol. 9, no. SEP, pp. 1-14, 2015, doi: 10.3389/fncom.2015.00114.
0 W 22 0 4 S 6 0 s 0 W0 [4] G. Durandau, D. Farina, and M. Sartori, “Robust Real-Time Musculoskeletal Modeling Driven by Electromyograms,” IEEE Trans. Biomed. Eng., vol. 65, no. 3, pp. 556-564, 2018, doi:
Gait Phase (%) 10.1109/TBME.2017.2704085.
Contacts

LinkedIn : Federica Damonte
Twitter : @DamonteFederica

Roessingh ((‘

Research and Development AALBORG
UNIVERSITY

NEUROMECHANICAL MODELING
AND ENGINEERING LAB OF TWENTE.

#

* *
* 4 %




