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Fig.1 ArcIOPS old and new versions of sea ice numerical prediction products and ConvLSTM prediction error of

sea ice concentration from August to September 2018
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Fig.2

Prediction error (MAE) of sea ice concentration in 2020 ( The DIFF in the figure is derived from the green line

minus the purple line) : (a) single-factor versus multi-factor comparison of ConvLSTM ; ( b) comparison between

Grad-Loss (after introducing gradient constraint) and MAE loss function; ( ¢) comparison between ConvLSTM

and PredRNN++
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Application of deep learning methods to Arctic sea ice prediction
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Arctic sea ice continues to shrinking with the global warming, creating a significant chance to shipping on the
Arctic routes.However, some issues still hinder the opening of Arctic shipping routes. Especially, the navigation
safety is threatened by the uncertainty of sea ice prediction due to the complex physical mechanism of sea ice
change.In recent years, deep learning algorithms, having excellence in tackling nonlinear fitting problems, have
shown increased evidence of potential to address the problem of sea ice prediction.This paper provides a critical
review of existing deep learning methods developed for sea ice prediction.First,the deficiency of numerical model
in sea ice prediction was analyzed,leading out the advantage of deep learning methods.Second, the limitations of
adopting deep learning methods only were pointed out in light of the characteristics of sea ice.Finally,the possible
paths to adopting specialized knowledge of meteorology and oceanography into deep learning methods so as to

provide a better prediction model were discussed.
Arctic sea area;sea ice prediction;deep learning; Arctic shipping route
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