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A Robust Learning Model for Deck Motion Prediction of Aircraft Carrier

WANG Ke' XU Ming-Liang' LI Ya-Fei' JIANG Xiao-Heng' LU Ai-Guo®* LI Jian®

Abstract The irregular deck motion of the aircraft carrier in six-degree freedom is generally caused by wind,
waves, and currents, which affects the precision of aircraft landings. Aircraft carrier deck motion prediction and
compensation are important functions of automatic landing systems as well as key technologies improving the safety
and success rate of aircraft landing. In this paper, a robust learning model for deck motion prediction was presented,
which constructs complex learning systems through the adaptive evolution of basic building blocks. The training of
these building blocks employs a non-gradient pseudoinverse learning strategy, which improves training efficiency
and simplifies the tuning of learning control hyperparameters. The architecture design of the building blocks adopts
a data-driven approach, simplifying architectural hyperparameter tuning. A graph Laplace regularization term was
employed in order to enhance the robustness of the model against noise and unexpected perturbations. Through
simulation experiments conducted on a specific aircraft carrier cruising at a typical speed under moderate sea condi-
tions, the effectiveness and robustness of the proposed method in predicting the pitch, roll, and heave of the deck
are verified.
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Fig.3 The prediction results of deck pitch with
different SNR,
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Fig.7  The deck roll prediction results comparison
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Fig.8 The deck heave prediction results comparison
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Fig. 10

The network architectures generated by our proposed method and its motion prediction performance
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Table 1  Comparison of prediction MSE between
our proposed method with others

J7 i Pitch Roll Heave
BPNN 0.021 2 0.016 5 0.075 4
ELM 0.019 8 0.116 5 0.076 5
KELM-PSO 0.012 4 0.013 7 0.056 0
Kalman filter 0.022 4 0.573 7 0.026 1
Autoregression 0.006 6 0.016 8 0.020 8
A7 0.001 5 0.025 4 0.002 9
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