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4) LR and RF for

downscaling of Aqua

MODIS and GCOM-C
CHL-a (4km → 300 m)

The study presents satellite data and AI as an innovative alternative to the

limited traditional methods for monitoring chemical pollution in the

Mediterranean Sea, aiming to:

 Develop satellite-based methods for monitoring water quality (chlorophyll-a, turbidity).

 Enhance the spatial resolution of global satellite products (MODIS, GCOM-C) using machine

learning models to improve consistency with in-situ measurements.

 Investigate the relationship between anthropogenic activities and water pollution.

 Assess the potential of PRISMA hyperspectral imagery for pollutant detection.

Data used
• Satellite data:

1) Sentinel-2 (10m)

2) Sentinel-3 (300m)

3) Aqua MODIS (4 km)

4) GCOM-c (4 km)

• In-situ measurements 

(at depths of 0-10 m): 

1) Coriolis

2) SeaDataNet CDI 

1) Сorrelation analysis between satellite data and in-situ measurements

2) Calculating the Normalized Difference Chlorophyll Index

3) MLP and RF regression

models to estimate CHL-a

using Sentinel-2 satellite

and in-situ Coriolis data.

𝑁𝐷𝐶𝐼 =
𝐵5 − 𝐵4

𝐵5 + 𝐵4
Sample 

Number

Depth 

(m)
R² Corr.

377 5 0.35 0.59

466 10 0.30 0.54

600 20 0.32 0.57

886 50 0.18 0.43

1569 All 0.01 0.11

• Results of CHL-a prediction using 

Sentinel-2
• Correlations between in-situ 

data with the GCOM-C

Aqua MODIS:                 

R2 = 0.74,                  

RMSE = 0.006 (LR, 

RF)

GCOM-C:             

R2 = 0.60,                    

RMSE = 0.008 (RF)

• Aqua MODIS and GCOM-C downscaling

1) Identified zones of high, medium, and

low density

2) Research for relationship between

maritime density and pollutant levels

3) Pollutant considered: Volume

absorption coefficient of radiative flux in

sea water due to dissolved organic matter

and non algal particles

4) Kruskal-Wallis test applied to compare

zones with high density with zones with low

density.

5) Results determined a p significantly

under 0.05 between groups

Hyperspectral detection

1) Hyperspectral 

data from PRISMA 

with 236 bands 

(400-2500 nm) and 

30m resolution

Traffic & Pollutants

The results of the PRISMA correlation shows a R2 of 0.7648
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3) Geospatial rescaling of hyperspectral coordinates using 

interpolation techniques to match the pollutant data grid

4) Tested different models, from classic regression to neural networks

5) Tested preprocessing: MSC, SNV, Svitzky-Golay derivates, PCA. 

Did not improve the result

6) Implemented a feedforward neural network with two hidden 

layers (128 and 64 neurons, ReLU activations), trained with Adam 

optimizer and MSE loss for regression

2) Sentinel-2 

data resampled 

from originally 

4km to 30m
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