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A Positioning Data Prediction Method for Deep-Sea Mining Vehicles
Based on Physics-Informed Neural Networks
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(1.Changsha Research Institute of Mining and Metallurgy Co. Lid., Changsha 410012, Hunan, China; 2.State Key
Laboratory of Exploitation and Utilization of Deep-Sea Mineral Resources, Changsha 410012, Hunan, China)

Abstract; To improve the positioning accuracy and real-time performance of deep-sea mining equipment in complex
nonlinear environments, a positioning data prediction algorithm was proposed based on Physics-Informed Neural Network
(PINN). This method introduces the kinematic equations of deep-sea mining vehicle into the neural network structure
and achieves the synergistic fitting of sensor data and physical models by constructing a composite loss function
integrating physical constraints. Furthermore, two test scenarios under different working conditions were constructed on
the Gazebo simulation platform to systematically compare the prediction performance between the proposed PINN and a
traditional Feedforward Neural Network ( FNN). The results show that, compared with the FNN model, the PINN model
reduces the mean absolute error (MAE) from 0.621 3 m to 0.128 3 m, the root mean square error (RMSE) from 0.674 0 m
to 0.1370 m, and the maximum error from 0.938 6 m to 0.196 2 m in working condition 1; while in working condition 2,
the MAE is reduced from 0.823 9 m to 0.3354 m, the RMSE from 0.9352 m t0 0.379 5 m, and the maximum error from
1.585 8 m to 0.640 2 m. PINN demonstrates significant advantages in extreme error control and robustness, exhibiting
lower sensitivity to outliers under complex working conditions in particular.
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kinematic modeling; positioning system
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Fig. 12 Comparison of errors under working condition 1
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Fig. 13 Comparison of errors under working condition 2
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