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Abstract: A hexapod robot platform was established by emulating the structural configuration of
an animal torso. An online adaptive motion controller was introduced, which achieved impedance con-
trol parameter online learning by mimicking the compliant joint motions of the human arm. Integrated
with the existing virtual motoneuron system, the hexapod robot dynamically adapted walking gaits
and sped online to cope with diverse complex terrains. The adaptive motion controller exhibited versa-
tility in accommodating different tasks and unknown robot dynamics, enhancing trajectory tracking
stability. Finally, through simulation models and physical testing of the hexapod robots, the results
demonstrate the effectiveness of the proposed approach in enhancing the robot’s adaptability.
Key words: hexapod robot; adaptive control; central pattern generator(CPG); virtual motoneu-
ron network
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