Adaptive Expert-guided Deep Imbalanced Regression for Global PM2.5
Forecasting with Temporal Convolutional Networks and GEOS-FP Inputs
> 8 Junhyeon Seo’?, Algamah Sayeed3#, Pawan Gupta?

G ESTAR ” ' Goddard Goddard Earth Sciences Technology and Research (GESTAR) Il, Morgan State University, Baltimore, MD, 21251, USA
2 Goddard Space Flight Center (GSFC), National Aeronautics and Space Administration (NASA), Greenbelt, MD, 20771, USA

3 Universities Space Research Association Huntsville (USRA), Huntsville, AL, 35806, USA
4 Marshall Space Flight Center (MSFC) , National Aeronautics and Space Administration (NASA), Huntsville, AL, 35808, USA

INTRODUCTION DATA and METHODOLOGY

° Background Input & Output Data/Forecasting Location Model Architecture (TCN + ResMoE)

(a) Baseline model architecture (b) Model architecture with input & output
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RESULTS Discussion and Applications
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