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Fig 4: Measured vs Predicted Values: bending angle as measured using motion capture
(red) and predicted response from current best NN model (black). Error can be observed
to be small compared to ¢ and spikes as the robot changes direction.
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Fig 3: Final Neural Network model structure: using the 3 chambers

pressures as input and the bending direction as output, the current : : .
best NN model as 141 and 181 nodes on its fully-connected layers. ® The current best model, Fig 3, with an RMSE of 0.0747 radians

or a 2.9048% error is a feasible tool for further work with the
soft arm manipulators, like creating a controller.
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Support Vector Machines.

Fig 1: Soft Arm Manipulator
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