
PIPELINE DESCRIPTION

i) Match image–mask–metadata IDs and extract acquisition geometry: off-

nadir, look azimuth, sun elevation, and sun azimuth.

ii) Sample fixed crop windows to define where input–target pairs are created.

iii) Select the least-shadowed acquisition as the weak shadow-free reference 

for each crop.

iv) Filter candidate inputs using season, footprint overlap, viewing geometry, 

no-data, and shadow-contrast constraints.

v-vi) Link DSM priors and save crop coordinates, metadata, and pair IDs for 

reproducible training.

2.4) Correct orientation using RPC Jacobian information to detect flips and 

rotations.

2.5) Register pairs with LoFTR–RANSAC [2,3] to align the shadowed input 

with the weak reference target.

vii) Use only reliably aligned pixels for supervision and apply scene-level 

train/validation/test splits to avoid spatial leakage.

GEOMETRY- AND PHYSICS-AWARE DATASET CREATION FOR 
SHADOW REMOVAL IN HIGH-RESOLUTION SATELLITE IMAGERY

ENSURE MONITORING IN ADVERSE CONDITIONS 

Shadows are a major limitation in satellite imagery 

analysis. They degrade tasks such as classification, 

detection, and 3D reconstruction, especially in urban and 

mountainous regions. 

However, no public dataset provides geometry-

consistent paired shadowed and shadow-free satellite 

images, making supervised learning infeasible. 

Existing datasets:

• Focus on shadow detection, not removal

• Lack true shadow-free references

• Ignore multi-view geometry and seasonal variation

Our goal:

Transform existing Earth observation datasets into paired 

training data for shadow removal. We use S-EO [1] as a 

demonstration.
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deSEO pipeline [4]

How to test the pipeline? 

A conditional GAN with a residual U-Net 

generator and local PatchGAN discriminator 

performs satellite-specific deshadowing:

• RGB + DSM input

• Residual U-Net predicts shadow-reduced RGB 

• PatchGAN + shadow attention focuses on 

shadow-transition regions 

• Validity masks restrict losses to well-aligned 

pixels 

• Perceptual + colour losses reduce blur and 

colour drift 

Key ablation results: DSM conditioning and perceptual 

supervision improve visually coherent shadow reduction; 

L1-only training tends to preserve shadows. 

Ablation Study on Validation Set
Mean +/- standard deviation. Metrics computed on RGB channels.

Configuration PSNR up RMSE down SSIM up L1 down VGG19 L1 down LPIPS down

Baseline 18 +/- 2 32 +/- 5 0.6 +/- 0.1 0.09 +/- 0.01 0.44 +/- 0.04 0.41 +/- 0.07

RGB only (remove DSM) 9 +/- 2 90 +/- 20 0.18 +/- 0.06 0.30 +/- 0.05 0.57 +/- 0.06 0.71 +/- 0.02

No G self-attention 17 +/- 2 37 +/- 8 0.5 +/- 0.1 0.10 +/- 0.02 0.47 +/- 0.05 0.42 +/- 0.07

Gamma features disabled 17 +/- 2 35 +/- 9 0.6 +/- 0.1 0.10 +/- 0.03 0.46 +/- 0.04 0.42 +/- 0.06

No HV regularisation 16 +/- 2 39 +/- 9 0.4 +/- 0.1 0.11 +/- 0.03 0.46 +/- 0.05 0.45 +/- 0.08

L1-only (no perceptual) 18 +/- 1 31 +/- 5 0.6 +/- 0.1 0.09 +/- 0.01 0.55 +/- 0.05 0.47 +/- 0.04

Reduced latent channels 17 +/- 2 35 +/- 7 0.5 +/- 0.1 0.10 +/- 0.01 0.46 +/- 0.04 0.44 +/- 0.06

No spectral normalisation 16 +/- 2 39 +/- 7 0.5 +/- 0.1 0.12 +/- 0.02 0.49 +/- 0.05 0.46 +/- 0.07

Shadow attention disabled 18 +/- 1 34 +/- 3 0.6 +/- 0.1 0.10 +/- 0.01 0.45 +/- 0.05 0.42 +/- 0.06

No Pretraining 17 +/- 2 36 +/- 8 0.5 +/- 0.1 0.10 +/- 0.01 0.46 +/- 0.05 0.42 +/- 0.06

No dropout 17 +/- 2 37 +/- 7 0.6 +/- 0.1 0.10 +/- 0.02 0.47 +/- 0.05 0.42 +/- 0.06

Bold values indicate the best reported configuration for each metric.

QUALITY CONTROL

Pairs are filtered by footprint overlap, camera/solar 

geometry, missing data, seasonal gap, and minimum 

shadow contrast.

Rejected pairs include excessive azimuth difference 

(a), off-nadir mismatch (b), and seasonal change (c).

(a) (b) (c)

(a) Input (b) Target (c) Full model (d) 𝐿1 only
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