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Results 2: U-Net GAN
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* Discriminator outperformed generator right from the
beginning, not allowing the generator to learn

* Decreasing LR for Discriminator helped reduce the
difference between the losses, but did not fix it

Source: US Geological Survey’s EarthExplorer

Data Description:

Digital Surface Model (DSM) and Digital Terrain Model (DTM)
Interferometric Synthetic Aperture Radar (IFSAR) data spanning
85,000 km? of Alaskan forests. Resolution: 5 m? per pixel
Preprocessing:
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Approach 2: U-Net GAN
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We employed a conditional Generative Adversarial
Network that uses a U-Net as the Generator and a typical
2-layer CNN as the discriminator
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* Produced same output but for different input
Images (either black or a weird grid pattern)

* This issue was fixed using label smoothing
and increasing generator LR
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