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Science for Earth care

Context

Vegetation indices derived from optical satellite imagery, such as those from Sentinel-2 (S2), play a pivotal 
role in crop monitoring, early growth detection, yield estimation, and carbon accounting. However, optical 

data are significantly hindered by cloud coverage, leading to sparse temporal observations and reduced 
monitoring capability. Synthetic Aperture Radar (SAR) systems like Sentinel-1 (S1), which operate in the 

centimeter wavelength range of the electromagnetic spectrum, provide an attractive alternative due to their 
ability to acquire data regardless of weather conditions or illumination.

SAR data are sensitive to vegetation structure and water content, and indices like the Radar Vegetation 
Index (RVI) and Radar Forest Degradation Index (RFDI) highlight the information SAR can capture. Moreover, 
prior research has demonstrated correlations between SAR polarizations (VV, VH) and optical indices such as 

NDVI, as well as biophysical parameters like Leaf Area Index (LAI).

Subsequently, we aimed to estimate three vegetation indices—SAVI, EVI2, and NDRE—exclusively from S1 
data using deep learning networks trained with vegetation index generated from S2.

Datasets and Networks

Five regions were selected as Regions of Interest. For each site (except Grand Est) 
four S2 tiles were used. Three tiles (shown in red) served as the training/validation 
dataset, while one tile (shown in blue) was used as the test dataset for applicative 

evaluation. 
We trained several local networks, each specific to a single region, as well as a global 

network trained on data from all regions. The network architecture is U-Net-like, 
using an EfficientNet-B0 encoder. The decoder is common and shared across all 
outputs, except for the final layers, which branch out separately for each index.

Figures : Time series of vegetation index values averaged at the parcel level each 

month for a winter cereal. Each figure corresponds to a vegetation index: NDRE (A.1), 

EVI2 (B.1), and SAVI (C.1). Blue points indicate S2 observations (y_true), red points 

show predictions from the local model (y_pred_local), and dark red points represent 

predictions from the global model (y_pred_global). Gray points indicate invalid (cloudy) 

S2 acquisition dates. 

Despite discrepancies in absolute values, the predictions capture overall vegetation 

dynamics for main crop types.

Predictions from both the local and global models showed a similar and moderate 

level of temporal agreement with the reference data.

Applicative Evaluation with Early Crop Monitoring (Gers tile)

Qualitative Evaluation of the Predicted Indexes (Gers tile) 

Adresse
1, rue Ariane 31520 Ramonville-Saint-Agne, France

Contact
nathan.sobetsky@magellium.fr & earthobservation.magellium.com

Assessment of S1 data utility relative to S2 images

Fully  clouded S2 image S1 SAR image
 (vv polarization)

Distribution of F-score by crop type and by input type/modality. Each panel represents a different crop group: (A) 
Summer crops, (B) Winter crops and (C) Non-seasonal crops.

➔ S2 indexes and raw S1 data provide the highest performance, with F-scores ranging from 0.7 to 0.8.
➔ Indexes predicted from S1 images do not lead to a significant improvement compared to measured data, with F-scores between 0.6 and 0.7.
➔ A higher filling rate (i.e cloud rate) would probably result in a better assessment of the added value of gap-filled data compared to the original (non-filled) data.

Perspective : Replicating the test in a cloudier region—such as Grand Est—would enable the evaluation of prediction performance under more representative and challenging 
conditions.

Distribution of F-scores by data source for the early 
crop classification model. The crop classification ML 
model is trained with either S2-derived VI that are 
cloud free, our predicted indices (local or global), 

S2-derived VI where clouded pixels are replaced by our 
predicted indices (local or global), or S1 VV-VH only. 
The middle line corresponds to the median value.
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