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Multi-step sea surface wind speed spatio-temporal prediction based on
residual Unet

XIE Ju-peng', ZHANG Hua-jun'’, HUANG Shuang?®, CAO Xu?

(1. College of Automation, Wuhan University of Technology, Wuhan 430070, China; 2. Fifth Research Laboratory,
Wuhan Second Institute of Ship Design, Wuhan 430205, China)

Abstract: Accurate sea surface wind speed prediction is an important condition to ensure the navigation safety and
energy conservation of ocean ships. In terms of the two problems of difficult spatial feature decoding and low multi-step
prediction accuracy of sea surface wind speed predicition in the field of ocean navigation, we design an improved multi-step
spatio-temporal prediction method. For the problem of multi-step prediction, we use the lead time strategy to achieve that
an individual model learns and distinguishs the data at multiple prediction time. We take the sea surface wind direction
as an exogenous variable, take the month, date and time as covariant variables, and combine them with the historical wind
speed data to expand sample space. For the problem of spatial features, the residual U-shaped convolutional network with
encoder-decoder structure is used to extract and decode the multi-level spatial information, and the lead time features are
input into the encoder and decoder at the same time, which strengthens the effect of decoding the deep features into the
corresponding prediction time. The 12-hour prediction experiments on global major oil transportation routes show that
the proposed method has lower prediction error than the other six prediction methods.

Keywords: deep learning; spatio-temporal prediction; multi-step prediction; wind speed; convolutional neural network;
exogenous variables
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A A1, ResUNet+LT (1) 34~ F 38R 5 A I, 72 e A
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Y MRMSE MMAE MMAPE
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PSTN 0.9748 0.7742 17.8433
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CPNet-v2 1.028 22 0.7802 18.604 1
ResUNet+LT 0.8208 0.6505 14.798 6
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ELU 08215 0.6480 15.0488 x4 BIEHZTEHMAGROEEIENER
GELU 0.8364 0.6603 15.1284
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Leaky ReLU 0.8208 0.6505 14.7986
HIPANE T IE 0.8406 0.6652 14.8172
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X POF 58 S5 3¢ S AN [ Rt st ) 9 T K A< 22, A
M5 80P N L RAF AR SR 22, 7R %7 Al B AR KRR
Bl PRk, RGIEORT RG] 35 S T i 0 i T A B 1K 2
K. IR ST A A A TN 2R P B T 4 R i T IR
) 1 A A AR B AT SR 00, 45 R UNR S PR, RS
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x5 AEIMNEZENFITTFNER

G AR MRMSE MMAE MMAPE
& 0.8386 0.6629 15.7940
K] 0.8208 0.6505 14.798 6
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St Frp AR MK IR ZE 0 B N B 2 R,
fbn B B AH R, S 45 SRR W, K F H R AR A AR Y
MRMSE.MMAE 1 MMAPE 43 5] F&IK 7 2.3 %+ 2.3 %
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