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Solar energy plays a pivotal role in the global energy 
transition, yet identifying new sites for solar plants 
remains challenging due to land scarcity and land use 
conflicts. Floating photovoltaic (FPV) systems provide 
new opportunities to expand solar generation capacity. 
These systems are particularly advantageous for 
industrial or private inland water bodies, such as 
quarry lakes and irrigation basins. However, their 
implementation is often constrained by fluctuations in 
water levels. Utilizing remote sensing can assist in the 
FPV site pre-selection stage by effectively identifying 
suitable water bodies and monitoring their temporal 
changes.
This work introduces an innovative automated solution 
that leverages machine learning to detect both 
artificial and natural water bodies from satellite 
images. It can evaluate the optimal water surface area 
for FPV systems over time and automatically propose 
a preliminary FPV layout. This versatile solution can be 
deployed worldwide.

Introduction and objectives 
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Creating a high-quality dataset from satellite images involves many steps

• Format: raster .tiff
• 12 Bands (MSI 

instrument)
• Projections: EPSG 3035
• 1 year mean

Keep only patches 
that include labeled 
polygons

From regular grid

Model improvement and Results

  

• A: Predicted segmentation
• B: Ground truth
 - Ranges from 0 (no overlap) 
to 1 (perfect overlap).

“Shallow” Unet:
- A simplified version of standard UNet (fewer layers)
- Faster training and inference (reduced complexity)

Semantic segmentation: Convolutional Neural Network

Dice Loss : Effective for 
handling class imbalance 
in segmentation tasks.
- Measures overlap 
between predicted and 
true segmentation.

• We built an in-house solution for water bodies detection based on 
satellite images that is
• demonstrating high performance, achieving an accuracy of 97%,
• accurately delineating the perimeters of water bodies,
• easily reproductible​ and applicable worldwide, and
• offering advanced features beyond simple detection such as the 

detection of seasonal surface area variation and automatic FPV 
layout generation

• Future perspectives:
• Detailed analysis of the coverage ratio 

of existing FPV systems
• Automatic estimation of the potential 

energy output of FPV systems

The algorithm 
enables the 
automatic 

generation of 
FPV layout, 

accounting for 
seasonal 

variations in the 
surface area of 

water bodies

edge = 20 m
"length": 10 m
"width": 10 m
Azimuth : largest 
circumscribed 
polygon or fixed

Number of tiles:
• Total: 5039
• Training: 4031
• Test: 1008

Ground-truth data 
Automatic training dataset 

building

Multi-spectral images
12 Bands (IMM)

Assess results 
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Accuracy / Loss

False Positive/ 
False negative rates

The algorithm demonstrates satisfactory performance with a 
final accuracy of 86% and visually performs better than OSM in 

delineating the perimeters of water bodies. However, a 
substantial number of false negatives are present.

Red = false negative 
Blue = false positive

Water index images (IMw)
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The workflow consists of the 
following steps:

1. Retrieve OpenStreetMap 
(OSM) water body polygons as 
ground truth (a)

2. Build patches around these 
polygons and download raw 
multispectral Sentinel-2 
images IMM(a)

3. Pre-process the raw images by 
computing water spectral 
indices IMW(a)

4. Train and apply a deep-learning 
segmentation model on 
images captured at different 
time periods (b)

5. Compute the optimal available 
water surface (c) for FPV 
installation (d)

Raw Polygon
Patch Building

Image
Download

Image
Preprocessing
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Detection pipeline

The algorithm was tested on over 9000 images in 
Spain including tiles containing sea coastline (less 

dependent on seasonal effect, tide, etc.).
The results demonstrate high accuracy (97%), 

effectively delineating the perimeters of water bodies.

MBWI : Multi Band Water 
Index   

( x B3) – B4 – B8– B11 – 
B12

The model was successfully tested at different 
sites in Europe (e.g., Portugal, France, and Belgium)

Portugal France Belgium 

GoogleEarth

Automatic FPV layout: examples

Conclusions & Perspectives 

SWM Sentinel Water Mask
 (B2 + B3) / (B8+B11)

AWEInsh Automated water 
extraction index 

4.0 x (B3 -B11) – 0.25 x B8 + 
2.75 x B12

AWEIsh Automated Water 
Extraction index with 

shadows
B2 + 2.5 x B3 – 1.5 x (B8 + 

B11) – 0.25 x B12
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RGB image with Prediction contour

RGB image with Prediction contourRGB image with Ground Truth contour

Spain 

Tr
u

e 
La

b
el

P
o

si
ti

ve
   

   
   

  N
e

ga
ti

ve

Negative              Positive 
Predicted Label

96.81

96.51

3.19

3.49

x (pixel)

y 
(p

ix
e

l)

Contact
Emanuela Matrullo
TotalEnergies OneTech
emanuela.matrullo@totalenergies.com

mailto:emanuela.matrullo@totalenergies.com

	Slide 1

