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A federated generalization prediction method for
non-stationary ship roll motion

ZHANG Qin, LIU Dun—kang, LI Jia=bing, ZHOU Fu-na, HU Xiong
(School of Logistics Engineering, Shanghai Maritime University, Shanghai 201306)

Abstract: Ships are susceptible to wind and waves causing the declines of installation accuracy and mainte-
nance safety of offshore wind turbines. The most seriously affected case is the non—stationary ship roll motion
under long—peaked random wave spectrum. To ensure the stability of offshore operations under complex sea
conditions, it is necessary to improve the generalization of the prediction model. In this paper, a preferential
feature federation method was proposed. Firstly, the non—stationary ship roll motion was decomposed into
multi—component stationary sequences by using the variable modal decomposition method. Then, the long
and short—term memory neural network with attention mechanism was used to build a local multi—dimension-
al multi-step prediction model with error correction. Finally, in order to improve the prediction effect of new
type ship motions in complex sea conditions, a federation method was used to combine some ship motion data
holders for best model parameters, which were selected with the maximum mean discrepancy method with
high similarity for preferential feature federated training. The experimental results show that the federated
model has higher prediction accuracy and better generalization ability, which can help the stability control of

wave compensation during offshore wind turbines installation.
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Tab.2 Statistical table of federal MMD values

e K E 2255 MMD N Num
MMD_AUMMD_B 0.18 042 060 061 063 - 81
MMD_ANMMD_B 153 173 157 179 1.81 28
MMD_A-
0.18 042 060 061 063 - 31
(MMD_ANMMD_B)
MMD_B-
201 249 281 260 2.69 - 22

(MMD_ANMMD_B)
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Tab.3 Prediction results for different models before/after federated learnings
RMSE AHNGAET A BERHIREE_ A AR B BB B
pIFAES 0.538 15 0.323 80 0.496 04 0.303 41
gl 0.627 88 0.400 23 0.549 84 0.313 54
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