RECONSTRUCTING 3D CLOUD
PROFILES FROM 2D SATELLITE
IMAGERY USING DEEP LEARNING
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A. Motivation
Missing puzzle piece: Real-time 3D global cloud maps

\ Current cloud satellites: Global coverage ~25 days
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Clouds represent
major uncertainty
in climate models

B. Goal

C. Data 2-stage approach with unsupervised
pre-training, followed up with fine-tuning
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Terabytes of
unpaired images

2D Imagery from /
MSG / SEVIRI o

Gigabytes of
cloud-image pairs

Infer 3D cloud maps using 2D satellite imagery

D. Methodology E. Details & Results! ourmodel

Step 1: Masked autoencoder to learn from unpaired data by reconstructing gaps Encoder architecture: Space & Time RMSE: 3.18 + 1.67 dBZ

Aware Vision Transformer

11 input channels

PSNR: 25.92 + 4.48

Decoder architecture: Convolutional

neural network SSIM: 0.84+0.09
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RMSE: 3.73 £ 1.97 dBZ

PSNR: 24.39 £4.15

Tokenize
Image

SSIM: 0.82+0.09

Step 2: Replace
decoder with 3D
CloudSat

reconstruction
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Secret sauce: The
model does not know
where it will be
evaluated, so it must
predict everywhere in
3D space
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