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ABSTRACT

In the context of fish locomotion, the selection of swimming gait and the relationship between fish kinematics and swimming speed remain among the most fundamental
and open questions at the same time. To address these questions, we employ deep reinforcement learning algorithms to maximize the thrust production of biomimetic
robotic fish, utilizing various sensors. We also develop a simple model describing fish dynamics without any free parameter. By comparing the learning in simulation and
experiment using different approaches, we find excellent agreement on the optimal gait, the frequency and amplitude of caudal fin oscillation. We propose an intuitive
procedure for driving robotic fish in an optimal way. The best control consists in a square-wave function whose frequency can be selected with simple principles. We also
\study the speed optimization of fish both in simulation and in experiment.
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e Robotic fish of length L ~ 10 cm
e Undamped angular frequency of the oscillator wg ~ 13 rad.s™
e Damping coefficient § ~ 1.2

e Servomotor's maximum angular velocity 2 ~ 6 rad.s*

e Coefficient of thrust efficiency K ~ 1.29:1072 N.rad2.s?

e Normalization constant A¢p ~ 0.29 rad
: 1
e Maximum servo-motor’s instruction angle ® (2) ¢ =1 tanh(g (e — ¢))

Modeled as forced harmonic oscillator

BIO-INSPIRED ROBOTIC FISH MODEL

o Servomotor’s instruction angle ¢,
o Servomotor’s angle ¢

o Fininstruction angle a,

o Finangle a

o Undulation period T=21t/w
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REINFORCEMENT LEARNING

\ / RESULTS

1. Optimal swimming gait for thrust maximization is a square-wave
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SPEED MAXIMIZATION
COMSOL Multiphysics
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sgquare-wave gait maximizes the speed

- Sine O developed a simple model describing fish dynamics.

0.05 f::::e 5D numerical simulation We conducted thrust optimization with different
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\ swinging strategy : ¢, = td® whena = 0,a <> 0

Y CONCLUSION

We have studied the interrelation of kinematics and

Next : learning to free swim

thrust production of a bio-inspired robotic fish. We

model allows for a manageable experiment and has

demonstrated strong predictive abilities.
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