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Background
Mineral dust aerosols are small particles suspended in the atmosphere emitted from soils and lifted by winds and turbulence in arid and semi-arid regions. Sand and dust storms have
significant impacts on human health and large concentrations can create hazards for vulnerable populations and industries. Recent studies incorporate Al to leverage vast
data sets for reanalysis and simulations. However, few works directly train models on observations due to challenges like missing information in observations. A widely used
kmetric for aerosols monitoring is Aerosol Optical Depth (AOD), a measurement of the extinction of light due to interaction with aerosols in the atmosphere.
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Figure 2: Location and grouping of AERONET network
ground stations.
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Figure 6: Validation statistics across regions and day forecasted. Red dots correspond to 25, 50, 75, 95 and 99 percentiles. o _ _
N Figure b: Lead time forecast starting on 08-10-2024. Y
Conclusion Key References
We present a lightweight deep learning model that forecasts aerosols in dust-dominant regions up to three e Liu, G, et al (2018). ECCV 2018, 89-105,
. . . . : : . o Nowak, T. E., et al.(2025). Geosci. Model Dev., 18.
days ahead using partial convolutions. While performance degrades noticeably as lead time increases, early ( )
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forecasts remain competitive with those of MONARCH model. Inheriting biases and errors produced
by models is avoided by learning directly from observational data rather than reanalysis products. Our approach circumvents

kthese limitations while maintaining the computational efficiency of deep learning.
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