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Fig.1 Study domain (blue box)
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Fig.2 Stacking model structure
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Fig.3 Correlation analysis between SST and other meteorological characteristics
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Tab.1 Hyper-parameters adjustment of Extra Tree model

HSH RS PHREL R RMSE MAPE R?
TR 5L [50,100,200,300] [200]
F KRR [2,3,4,5] [3] 0.446 8 1.246 6 0.956 8
R [5,10,15,20] [15]

F2 6MAEEMRRREHEE MR RMSE.MAPE #1 R H{E
Tab.2 The average of RMSE, MAPE and R? of all grids in the study domain by the six methods

Y RMSE MAPE/% R? I gt a)/s
AdaBoost 0.564 1 1.704 3 0.928 8 95
ET 0.526 9 1.596 9 0.936 2 38
GBDT 05317 1.612 6 0.9351 57
LightGBM 0.5309 1.6120 0.9351 2
RF 05285 1.602 4 0.9358 74
XGBoost 0.5412 1.642 4 0.9317 8
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%3 5% Stacking REYTERTA = 18 = L B F 41E

Tab.3 Average value forecasted by five stacking models at all spatial points

LAY S )RR o R RMSE MAPE/% R? BIEATENS
1 ET-RF-LightGBM PEmIA 0.537 3 16221 0.9345 171
2 ET-RF PEmIA 0.526 1 15915 0.936 3 137
3 ET-ET kA 0.5227 15817 0.9372 81
4 ET-ET ET 0.588 8 1.8010 0.906 5 161
5 ET-ET RF 06123 1.9115 0.907 7 181
g gg 2 (Support Vector Machine, SVR) 71 | A T #1258 X 4%

(Artificial Neural Network, ANN )£ AU Fi1 K 45 19012
4 >} Stacking (ET-ET) #&% %1 5 37 £ i) & #L  (Long Short-Term Memory, LSTM) ## % ) RMSE .

%14  FIJH Stacking(ET-ET) .SVR .ANN FI LSTM 77 ¥ 158 X 3 RMSE . MAPE (51437 : % ) Fl R4 25 (8] 43
Fig.4 The spatial distribution of RMSE , MAPE (unit: % )and R? in the study domain use Stacking(ET-ET),SVR, ANN and
LSTM methods
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Tab.4 Comparison of forecast results between Stacking
(ET-ET) model and SVR, ANN and LSTM models

A RMSE  MAPE/% RZ  IZEHA]/s
Stacking(ET-ET) ~ 0.5227  1.5817 0.9372 81
SVR 05353 16269 0.9344 103
ANN 05664 17122 0.9229 111
LSTM 05595 16972 0.9282 866

6 4ithitit
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Sea temperature forecast in the northern South China Sea base on Stacking
machine learning model

SUN Zhao'’, LI Yun', JIANG Yuwu?, WANG Zhaoyi'

(1. Key Laboratory of Marine Hazards Forecasting, National Marine Environmental Forecasting Center, Ministry of Natural Resources, Beijing 100081,

China; 2.College of Ocean and Earth Sciences,Xiamen University, Xiamen 361102, China)

Abstract: In this paper, an efficient long-term SST forecast method is established based on Stacking (ET-ET)
machine learning algorithm using reanalysis data of National Centers for Environmental Prediction and Mergid
satellite and in situ data Global Daily sea surface temperature (SST) fusion data, and long-term SST forecast
experiment is carried out in the northern South China Sea for one year. The results show that the root mean square
error of long-term SST forecast based on Stacking (ET-ET) machine learning model is reduced to 0.52 °C, and the
mean absolute percentage error is reduced to 1.58%, which is significantly better than the forecast results based
on the support vector machine, artificial neural network and long short-term memory model.

Key words: machine learning; Stacking: northern South China Sea; sea temperature forecast



