Hybrid Statistical Downscaling in Reducing Bias in drivers of Compound wet-warm event during the West African Summer Monsoon
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Fig 2: Downscaled Precipitation from (1982 to 2005) during the West Africa
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Fig 1: Downscaled temperature from (1982 to 2005) during the West Africa summer ° Our study indicated that the adopted deep learning downscaling approach could significantly
MONSOON Season reduce the large warm and dry bias present in GCM during the West Africa Monsoon season .
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