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Super-Resolution in EVOLAND context

About EVOLAND (evo-land.eu)

» 3-years Horizon Europe Project
» Coordinated by Vito
» Partners: IIASA, CLS, UT3, SINERGISE, Joaneum
Research, CNES, DLR, GAF and Eventflow
» Evolution of Copernicus Land Monitoring
Service
» 11 new candidate products for Copernicus
Portfolio
» Agriculture, water, forests, urban, general land
cover

» Methods development (WP2) = Prototypes
development (WP3)

SISR in EVOLAND: why, how ?

> Task T2.5: improved spatial/spectral/temporal
resolution led by UT3 (CESBIO)
» Task T2.51: Improved resolution — Single Image
Super-Resolution applied to Sentinel-2
» To be used by CLMS prototypes :
» Process all useful bands
» Radiometric Faithfulness is critical
P Inference time is critical
» Super-resolved image size vs. upscaling factor



Super-resolution or super-restoration ?

Example of Sentinel2 10m Red band (MTF=0.223)
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The sen2venyus dataset - extended r‘

Description [1]
» Open Dataset on Zenodo:
https://zenodo.org/record/6514159

» 133k cloud-free patches, 29
locations

> B2, B3, B4, B5, B6, B7, B8, B8A
» from 10m/20m (S2) to 5m (Venps)
» L 2A products from theia.cnes.fr

Extension
» 20m B11 and B12 patches
» Also L2A from theia.cnes.fr
» No 5m reference!
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https://zenodo.org/record/6514159

Models and architecture

10m patch
BS, B6, B,

Zom pateh
&5, 86, 57,
88, 81, 12
1b.6.64.64]

Bicubic Up-
Sampling 2

[6.6.128,128]

Concatenate
along bands
dimension
10m patch
B2, 83,84, 88
[b,4,128,128]

B2, B3, B4,
B8, 85, B6, 87,
B8A, B, B12
[b,10.256.256]

B8A, B, 812
0,10,128,128]

Models and parameters Complexity vs. perf. [4]

» CARN [2] + ESRGAN (RRDBNet) [3] PSNR vs Mult-Adss

» Shallow: only 3 to 4 residual blocks o
Model #params  Recept. Field ‘E}'Z‘GL 2
carn_1x3x64gdsw 1243 530 29 U Ohm s
carn_2x3x64gdsw 1867 914 17 B | o
carn_3x3x64gdsw 2492298 41 o
carn_4x3x64gisv 3116 682 53 S
carn_3x3x64gd 4 659 594 41 E
carn_3x3x64glsw 5146 506 41 sl
esrgan_3x64x32 2280 662 36 ]



Discrepancies in the dataset




Discrepancies in the dataset




» [, loss will drive models towards warping of the input

» At 1 pix. of registration error, Ly loss no longer favors sharpness
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Impact on training and evaluation - spatial registration

» at 1 pix. registration error, PSNR can not distinguish sharp images from blurry ones
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Impact on training and evaluation - spectral consistency

» [, loss will drive models towards spectral distorsion
» |f there is spectral distorsion, PSNR can not distinguish sharp images from blurry ones

80 mtf=0.001
0.0007 m:=g.gc1n mtf=0.01
mtr=0.
mtf=0.1 # mtf=0.1
0.0006 — o 70 A -—- mtf=0.2
-—- mtf=0.2 )
——- mtf=0.4 il ~—- mtf=0.4
0.00051 ___ mtf=None A -—- mtf=None
%
— | ;' 60 -
2 0.0004 1 g <
£ 4 =
o 47 wn
o | " a
S 0.0003 b4
(2] %'
{ 59
EA
0.0002 A ~S45%%
|- 4%
i
0.0001 2o gh?
2%°
282
=z3°
0.0000 =~
25 50 7.5 10.0 125 150 17.5 20.0 T T

Spectral distorsion (%)

25 50 75 100 125 15.0 17.5 20.0
Spectral distorsion (%)




Pre-training stage (20 epochs): use simulated data

» Simulate Sentinel-2 patches from Venps

ptarget(n, i ) ® d’aSPGf(Z,m)) Lo+~ N(O, UI_SPECL') i=1...4
PO (nui- ) = q (PI199H(n, i) @ Bspor(amy ) b4 6 ~ N(0,0P%%) i=5...8
pinput(n’i,”) i=9,10

» Simulate downscaled S2 patches (x4) to train B11 and B12 (Wald trick)

wald

PN ) = (PTPU(, i) ® 6 yspot(amy ) 4 +ei ~ N(0,07P°)

ptarget(n . ) _ (panUf(n,i. . ) ® ¢Uspct(27m)) 1o +ei ~ N(O, g-I,SPECt) i=1.4%
wald \'" pinpuf(,—,7 i) i=5...10

» Total loss
Lpretrain(e) = »CFR(G) + ﬁ\/\/a/d(e)
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GAN fine-tuning stage (10 epochs): use real data

GAN setup 55 1
» Standard UNet discriminator with High Pass 50
Filtering of inputs
> Relativistic GAN formulation w 451
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The PSNR Failure, illustrated
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The PSNR Failure, illustrated
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Pre-training performances
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Bicubic FFT

J. Michel. E. Kalinicheva

And in Fourier domain (B7)

super-resolution FFT

FFT difference



Performance gain from GAN fine-tuning
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Fine-tuning visual assessment: minor improvements
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Conclusions

Lessons learned
» Spatial and spectral discrepancies in multi-sensors dataset impairs training and evaluation
» Learning on simulated data allow to overcome this issue, with limitations
» Proper pre-training achieves a solid part of the final perf. wrt. GAN (for our shallow models)

EVOLAND
» Waiting for feedback from prototypes
» Now focusing on T2.5.2 and T2.5.3 (spatio-temporal fusion)
» Integration as a User Defined Function in OpenEO

Model available for inference on Sentinel-2 LI1C and L2A products
https://github.com/Evoland-Land-Monitoring-Evolution/sentinel2_superresolution
CPU (1core) CPU (8 cores) GPU (A100)

L1cC 6 hours 1T hour 6 minutes
L2A  5hours 50 minutes 5 minutes



https://github.com/Evoland-Land-Monitoring-Evolution/sentinel2_superresolution







Thank you

A‘Evoland

LAND MONITORING EVOLUTION

THANK YOU! Any questions ?

» This work was partly performed using HPC resources from GENCI-IDRIS (Grant

2023-AD010114835)
» This work was partly performed using HPC resources from CNES.

Views and opinions expressed are however those of the author(s) only and do

not necessarily reflect those of the European Union or the European
Commission. Neither the European Union nor the European Commission can

Funded by
the European Union
be held responsible for them.
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