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During decoding, we upsample 7 to I'* with a factor of 2, for k=0, ..., 2/N-1
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Figure 3. Images downsampled with 3x3 MaxPooling and then upsampled using
various upsampling techniques.

in #(I)"? and spatial frequencies apparent beyond array position N, will be
impacted by spectral artifacts if no appropriate countermeasures are taken.

Figure 4. Abstract representation of the encoder-decoder architectural
modifications. Our study focuses on the model decoder (in green).
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