EcoCast: A Spatio-Temporal Model for Continual Biodiversity and Climate Risk Forecasting S,
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Key Contributions EcoCast Temporal Alignment: Unified Processing of Satellite and Climate Data
e We introduce the first transformer model for operational
Obperatlodn?IZForecmstmq: Predlc:slnext month based on Temporal Sequence Construction (L = 12 months) African biodiversity forecasting
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e API development: Enable local data integration
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