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Tab. 6 Results of segmented sea ice thickness inversion based on the fusion of remote sensing features and

thermodynamic features
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Fig .9 Scatter plot of sea ice thickness inversion in different segment intervals
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Tab.7 Accuracy of inversion of sea ice thickness for

each model

l\ﬁfﬁlﬁﬁe R’ MSE RMSE MAE
SVR 0.478 0.053 0.230 0.153
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Fig. 10 Scatter plot of sea ice thlckness for each model
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Sea ice thickness inversion method based on segmented filtering feature
fusion of heterologous remote sensing data

JIA Piaopiao', HAN Yanling', HE Haiyang’, WANG Jing', YANG Shuhu', ZHANG Yun', HONG

Zhonghua'
(1. College of Information, Shanghai Ocean University, Shanghai 201306, China; 2. Shanghai SenseTime Intelligent
Technology Co., Ltd.,Shanghai 201306, China)

Abstract: To address the issue that the reliance on a single data source in current sea ice thickness detection
limits the further improvement of sea ice thickness inversion accuracy. This paper proposes a sea ice
thickness inversion method based on segmented feature fusion of heterogeneous data, the experiment uses
Sentinel-1 synthetic aperture radar (SAR) data and ERAS reanalysis data, by dividing sea ice thickness
intervals (e.g., (0, 1.5) m, (0, 2) m, (0, 3) m), optimal feature combinations are selected for sea ice in
different segmented intervals, a sea ice thickness inversion model based on stacked ensemble learning is
constructed, which realizes complementary advantages through the series-parallel cascade of multiple base
models and meta-models, this approach fully explores the hidden correlations between heterogeneous
features and sea ice thickness to achieve accurate inversion of segmented sea ice thickness.The results show
that compared with other traditional machine learning methods, this method achieves better overall
inversion performance across different segmented intervals, notably, the interval of (0, 1.5) m exhibits the
best performance, with a coefficient of determination (R?) reaching 0.923 and a root mean square error
(RMSE) as low as 0.089 m.The study demonstrates that segmented feature optimization and heterogeneous
data fusion can effectively improve the inversion accuracy of sea ice thickness, verifying the advantages of
the proposed stacked ensemble learning model in heterogeneous data fusion. This research provides a new
method for achieving high-precision inversion of sea ice thickness.

Key words: sea ice thickness inversion; heterogeneous data fusion; segmented filtering feature fusion;

stacking ensemble learning; Arctic
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