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Learning Gait Control for Quadrupedal Robots Operating on Ships
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Abstract: To deploy quadruped robots for inspection tasks on ships, the locomotion controller must maintain stability under the six
degrees-of-freedom motion of the ship. In this work, we propose a robust locomotion control policy trained using the proximal policy
optimization algorithm to maintain robustness against dynamic disturbances from ship motion. To achieve this, a ship motion
simulation platform is developed in Isaac Sim, where periodic roll and pitch motions are applied to simulate realistic ship dynamics.
In addition, a reward function to improve gait stability and velocity tracking under dynamic disturbances is developed, and the
training hyperparameters are tuned to enhance robustness. The proposed controller is compared with controllers trained on flat and
unstructured rough terrain. The simulation results show that all three policies stably converged, achieving stable walking on the
terrains used for training each controller. However, under disturbance conditions such as ship motion, the proposed policy maintained
a stable posture and reliably tracked the commanded speed, whereas the baseline controllers failed to maintain a stable performance.
These results demonstrate the effectiveness of the proposed controller for onboard inspection tasks.
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Fig. 1. Reinforcement learning-based training and validation

framework for stable locomotion control in oscillating ship
environments
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Fig. 2. Ship motion simulation platform.
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Table 1. Reward function.

Term Equation (r;) Weight (w;)
Lin. velocity tracking | exp(— W)Z 1.5
Ang. velocity tracking exp(— %)2 0.75
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Angular velocity (xy) |0y |2 0.05
Joint torque |z|? 2.0e-4
Joint acceleration lg|? 2.5¢-7
Action rate la; — a;_q]? -0.01
Orientation | 82y | : 2.5
Body height h? 300
Foot torque balance std(|Tse0t ) -le4
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Table 2. Domain randomization parameters used during training.

Term Range
Static Friction Coefficient [0.3,1.25]
Dynamic Friction Coefficient [0.3,1.25]
Add Mass (kg) [-1.0,3.0]
Initial Joint Position [-1.0,1.0]
Push Robot (m/s) [-0.5,0.5]
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Table 3. Training hyperparameter configuration.
Term Value
€ 0.2
cl 1
) 0.01
Learning Rate 1.0e-3
A 0.99
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Fig. 3. Simulation environment for training (a) original and SAC,

(b) baseline, and (c) proposed controllers.
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