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Abstract
Specifically, two robotic fish were fixed in the flow tank against the current with constant left-right distance and
front-back distance; the body posture of the front robotic fish was controlled to generate dynamic fluid
environments, which would affect the rear robotic fish. Based on reinforcement learning, a relationship was
established between energy cost and the body posture of the robotic fish. According to this relationship, the body

The authors studied energy saving in fish school utilizing a bio-inspired robotic fish platform.

posture could be acquired which resulted in minimum energy cost for the rear robot. This information was further

transferred to the locomotion controller of the robot to adjust its body posture to save most energy.
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Fig. 1 A snapshot of our robotic fish
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Table I Main parameters of the robotic fish
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Fig. 2 Result of dye liquor flow display
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Fig. 3 Definition of the body phase
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Table 2 Control parameters for our robotic fish
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Fig. 4 Verification of the effectiveness of the CPG
with body phase difference feedback
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Fig. 5 Reinforce learning schematic diagram
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Fig. 6 Schematic of the experimental design
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Fig. 7 Experimental platform
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Fig. 8 Comparison of energy costs of the robotic fish
with and without reinforce learning
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