High-resolution Multi-spectral Image Guided DEM Super-resolution using
Sinkhorn Regularized Adversarial Network
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Overview of Proposed Framework

Digital Elevation Model (DEM) is an essential aspect in the remote sensing domain

Experimental Results

Quantitative comparison for DEM Super-resolution:

to analyze and explore different applications related to surface elevation informa-
fion. Here, we explore the generation of high-resolution (HR) DEMs guided by HR Method RMSE (m) MAE (m) SSIM(%) PSNR
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= Generator objective function: Experimental Results
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Qualitative comparison for DEM Super-resolution:

FDSR SIRAN (our
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Figure 1. Sample results of DEM super-resolution. (a) High = Discriminator objective function: e
resolution FCC of NIR(R), R(G), and G(B), (b) Bicubic inter- . R
polated coarser resolution DEM, (¢) Generated HR DEM. len _]EyNIP’yUOg(D(y)))] — EZQNIP’G9 log(1 — D(9))] + Apa£pa,

= Generated datset have SRTM coarse DEM (GSD=30m) as input, Cartosat-1
DEM (GSD=10m) as reference and Cartosat-2S MX data product (GSD=1.6m)
as guide. All samples interpolated to resolution of guide.

Key Contributions

Inside India

Our key contributions can be summarized as follows.

1. A novel architecture for DEM SR which utilizes sharp detail information from
a HR MX image as a guide by conditioning it with a discriminative spatial
self-attention.

2. We develop and demonstrate SIRAN, a framework based on Sinkhorn

Theoretical reasoning behind Sinkhorn loss

= Proposed Smoothness of Sinkhorn Loss: With Cost C' being Ly-Lipschitz,
and Li-smooth, and G being L-Lipschitz, smoothness I'.
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regularized adversarial learning. 2L2L ‘ |
3. We generate our own dataset by using realistic coarse resolution data E|[VoSc.(po,, V) — VoSce(pay, v)|| = O(L(L1 A =(1+ Beg)»H@l —6f|, () . e . . . . .
iInstead of bicubic downsampled. "

k= 2(Lo|X|+ ||Cl|s), B =d.max(||m]|, ||M||) with m amd M being the
minimum and maximum values in supporting sets of measures.

= Upper-bound of expected gradient in SIRAN set-up: [(-), g(-) and Sc.(-) be
the objectives of supervised losses, adversarial loss and Sinkhorn loss. 6* and
Y* be the parameters of optimal generator G and discriminator D. Let I(p, y),

4. Finally, we perform experiments to assess the accuracy of our model. .
HED ’ 4 Experimental Results

Brief overview of Sinkhorn and other Losses Line-profile comparison and 3-D visualization:

SRTM DEM

Our SR DEM

= Kantarovich formulation of entropic optimal transport (EOT): where p = Gy(z), is f-smooth in p. If ||0 — 6%[| < eand |[¢ —¢*|| <o, then [ -
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= Sinkhorn distance formulation: As W (v, v) # 0, normalization term added to 1(C+n)

define sinkhorn loss,

|V21(6)]] < fi. This also can be simplified to O(=

1 1 Empirical verification Ablation Study
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Dataset Link: https.//github.com/subhalSRO/DEM-Super-resolution.git ICLR Machine Learning for Remote Sensing (ML4RS) Workshop, 2024
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