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Hybrid Convolutional Neural Net (CNN) outperforms
dynamical ENSO forecast systems
(Ham et al. 2019)
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Correlation skill
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» skillful forecasts up to 18 months

» improves long standing issue of the spring
predictability barrier

How well does this DL approach
translate to the SPNA prediction
problem?



A CNN based model to predict SST over the SPNA Box
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Conclusions and Future Work

it translates well for seasonal
predictions; not so much for multi-year

tendency to overfit the training
data for longer leads
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