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Introduction



Problem Definition
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Advantages Limitations

✓ All-weather capability

✓ Day/night operation

✓ Penetrates vegetation

× Speckle noise interference

× Limited spectral information

× Geometric distortions

✓ Rich spectral information

✓ Easy visual interpretation

✓ Excellent for vegetation analysis

× Cloud coverage impact

× Limited temporal availability

× Missing data in critical periods

SAR

Optical



Problem Definition
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Weather & Sunlight Independence Environmental Monitoring Urban Planning

Enhanced vegetation analysis and 

crop classification capabilities
Helps urban development, infrastructure 

monitoring and disaster management

Combine SAR’s weather and sunlight independence with optical imagery's 
interpretability through SAR-to-Optical (S2O) translation

Overcomes cloud coverage and night 

limitations in optical remote sensing

reliable and continuous Earth 

observation, even in regions with 

frequent cloud cover

clearer and more consistent insights to 

decision-makers

better agriculture and 

ecosystem monitoring
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Applications – Key domains

AGRICULTURE BARRENLAND

GRASSLAND URBAN

Use cases selection based 

because of different structures 

and impacts on the ecosystems



Challenges - Technical difficulties in SAR-to-Optical image translation
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Traditional Approaches

Multi-source Fusion

Cloud-free Selection

Deep Learning Challenges

Structural Preservation

Fine Detail Enhancement

Noise Reduction

Noise

Spectral vs backscatter 

information 
(color vs texture)

SAR off-nadir angles vs 

optical near-nadir
(layover and foreshortening leads to 

difficult alignment)

(altering object outlines and surfaces)

SAR speckle



Proposed method



Proposed Method: GAN-based Architecture with Multi-Attention 
Mechanisms
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Spatial Attention

Long-range dependencies

Preserves geometric information

Channel Attention

Maps SAR to RGB

Ensures realistic color distribution

Multi-scale Fusion

Captures multiple granularity levels

Balances global and local context

Enhance detail recovery from 
context

GANs (Generative Adversarial Networks)

Superior SAR-to-Optical image translation

Better structural preservation Accurate color reproduction



GAN-based Architecture with Multi-Attention Mechanisms
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Generative Adversarial Networks (GANs) combined 
with spatial and channel attention modules results in 
superior S2O translation. The Generator tries to fool 
the Discriminator, while this pushes the Generator to 
improve. This process helps the model learn complex 
mappings between SAR and optical, and produce 
high-quality, realistic images.

Encoder
Feature extraction

Decoder
Image 

reconstruction

Channel 

attention

SAR input

Sentinel-1

Optical 

output 

(synthetic)

Generator

looks at small patches 

Discriminator

Attention 

Layers
Critical regions

Real/Fake 

Classification

Ground Truth

Sentinel-2

Spatial 

attention

focus on the most relevant features combining 

global context and fine details

Multi-scale

function
looks at small patches 



Training setup
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Implementation Framework

Framework : TensorFlow (Python)

Hardware: NVIDIA GPU H100

Data Source: 𝑆𝐸𝑁1 − 2𝟏

Composite Loss Function Design (Weighted Loss Function)

1: SEN1-2 is a dataset consisting of 282,384 pairs of corresponding synthetic aperture radar and optical image patches acquired by the Sentinel-1 and Sentinel-2 remote sensing satellites, respectively. 

Schmitt, 2018

SEN1-2 is a dataset consisting of 282,384 pairs of corresponding synthetic aperture radar and optical image patches acquired by the Sentinel-1 and Sentinel-2 remote sensing satellites, respectively

Data (coupled SAR-optical)

Categories: Urban, Barrenland, Agriculture,  Grassland

Train Images: 12800

Validation Images: 1600

Test Images: 1600

𝐿𝑡𝑜𝑡𝑎𝑙  =  𝜆1 𝐿𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑟𝑖𝑎𝑙  +  𝜆2𝐿𝑝𝑒𝑟𝑐𝑒𝑝𝑡𝑢𝑎𝑙  +  𝜆3𝐿𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑎𝑙  +  𝜆4𝐿𝑝𝑖𝑥𝑒𝑙

features similarity pixel-wise accuracygeometric structuresreal-image similarity



Findings



Evaluation Metrics
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• Peak Signal-to-Noise Ratio (PSNR): how "clean" the generated image is. Higher means better image fidelity. 
PSNR → ∞ perfect match. For 8-bits images: excellent range >40 dB, good range 30-40 dB.

Quantitative accuracy

Perceptual quality

• Structural Similarity Index (SSIM): how much the structure and appearance of the generated image matches the 

real one [0,1]. Higher means better. SSIM = 1 is perfect match, excellent range >0.95, very good 0.9-0.95 .

• Fréchet Inception Distance (FID): measures the distance between the feature vectors of real and generated images. 

Lower means higher quality, i.e., more similar to a real image in terms of their statistical properties.

• No reference Image Quality Assessment (NIQE): evaluates how natural the image is. The lower the score the 

more perceptually natural is the generated image.



Results
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Methods PSNR (dB) SSIM (0-1) FID NIQE 

Pix2Pix 19.2 0.18 114 68.5

Cycle GAN 23.4 0.23 108 66.7

Our method 28.0 0.27 108 61.8

Comparative performance analysis on test set:

*While the current results are not yet fully optimized, the demonstrated improvements indicate a promising 

direction for further research and development.
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PixS2 (Optical)S1 (SAR) OursCycle

Agriculture

Barrenland

PSNR: 19.8 

SSIM: 0.20

PSNR: 24.4 

SSIM: 0.25

PSNR: 28.6 

SSIM: 0.27

PSNR: 16.4 

SSIM: 0.15

PSNR: 20.0 

SSIM: 0.16

PSNR: 23.4 

SSIM: 0.19

Results
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PixS2 (Optical)S1 (SAR) OursCycle

Grassland

Urban

PSNR: 16.3 

SSIM: 0.14

PSNR: 20.2 

SSIM: 0.17

PSNR: 26.9 

SSIM: 0.24

PSNR: 22.2 

SSIM: 0.14

PSNR: 22.4 

SSIM: 0.23

PSNR: 27.3 

SSIM: 0.27

Results



Conclusions
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• Novel Architecture: GAN-based framework that 
integrates multi-attention mechanisms to 
enhanced feature learning

• Superior Performance: PSNR and SSIM 
improvements over state-of-the-art

• Weather independence: overcomes cloud-

coverage limitations in optical remote sensing​

• Environmental monitoring: enhances vegetation 

analysis 

• Urban Planning: Reliable imagery for infrastructure 

and development analysis​

• Multi-modal fusion: integrate hyperspectral and thermal imagery to better understand the Earth’s surface
• Temporal Modeling: use time-series imagery to capture environmental change dynamics and to predict 

possible scenarios
• Scale Adaptation: generalizing to multi-resolution imagery to include global and local observations

• Real-time Processing: optimize the model with edge-computing to go towards real-time SAR-to-Optical 

image translation

Key Contributions Impact and applications

Future Research Directions



Thank you
for you time



Questions?

l.perez@stariongroup.eu



Starion Group S.A.
+32 (0)10 48 72 70

info@stariongroup.eu

Rue des Etoiles 140

6890 Libin | Belgium

Stariongroup.eu

https://www.linkedin.com/company/stariongroup/
https://x.com/stariongroupeu/
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