Introduction

Soft robotics has shown promise due to its
safety, bio-adaptability, and flexibility
compared to traditional rigid body robots.
Modeling a soft robot is crucial to its
usability and applicability in
manufacturing, human interaction, and the
medical field.

However, soft robots are challenging to
model due to their non-linear nature [1].
Neural networks have shown promise in a
purely data-driven approach but including
physics parameters in the training can lead
to usable results [2]
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qg= Alg,p)g+ Blg, p)u

*Neural network predicts the k(q,p) and ¢(q,p)
coefficients in the physics model

*Predicted output is compared to experimental values
to compute error

*Error feeds into the loss function to guide training

Methodology

*Network updates weights/biases to improve
prediction accuracy while staying consistent with

A pneumatically actuated soft robotic arm
is used. Motor wire encoders and pressure
sensors are used for data collection.

Ramp cycle inputs are given into the soft
arm and experimental data is collected
Experimental data is processed in MATLAB
which is then used as training for our
physics informed neural network (PINN)
The PINN model is created to predict the
angle of the soft robotic arm under
different ramp inputs

The PINN model is evaluated to understand
its learning capabilities and room for
Improvements

g= Alq,p)g+ Blg,p)u+d

B(p) =

c(q, p)

*State space representation of LPV
model based on PCC assumption [3]
*Input (p): measured pressure
*State variable (q): soft arm angle
*Neural network learns ¢(q,p) and
k(q,p) to estimate gdot for g (angle)
*Disturbance (d) is estimated to be 0

® Use more advanced physics-model

® Add physical constraints into the
PINN

® Neural Network fine tuning

® Use larger data sets for training

Conclusion

PINN Model Results
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® The loss function is the error from 250
consecutive neural network predictions
plus the sum of the square of the weights

® This penalizes the loss function for poor
predictions and large weights

® Lower weight values = more generalized
model

® Current model has good prediction
accuracy

® Model follows physics model but
violates physical laws

® Generalizes well but not ideally,
struggles at peaks and troughs of
experimental trials
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