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changes at plume boundaries (i.e., shock front) of 3D CO, saturation data
pose significant challenges to dimension reduction models.
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 Step 1: Pre-training of dimension reduction and reconstruction models for 2D saturation data. | f
» Obtained by averaging in three directions: X, Y, and Z. 000020
» More effective non-zero values, making dimension reduction easietr.
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» Include three view-based reconstruction model, followed with a ensemble learning model. >

Dimension reduction and reconstruction of 2D saturation data are easy to implement and achieve high accuracy. In this
work, we used 384 latent variables in total for 2D data in three directions.
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