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The EASTERN project addresses the

growing challenges posed by flooding by

integrating Earth Observation (EO) data and

Artificial Intelligence (AI). It targets both

direct geohazards (landslides) and

indirect public health risks (vector-borne

diseases). This poster presents results from

two use cases combining Copernicus

Sentinel-1 SAR imagery, GNSS ground

data, and entomological datasets with

machine learning models for early warning,

monitoring, and risk classification.
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RESULTS

Aedes caspius

Culex pipiens

METHODS

Floods increasingly impact society due to

climate change, intensifying infrastructure

damage, economic disruption, and

vector-borne disease risks. Monitoring

their direct (e.g. landslides) and indirect

effects (e.g. mosquito outbreaks) requires

continuous, scalable, and automated

systems. Traditional methods based solely

on ground sensors are limited in coverage

and cost. EASTERN builds on:

•EO data: Sentinel-1 SAR for ground

displacement and surface properties.

•GNSS networks: Precise but sparse

measurements of land deformation.

•AI/ML techniques: For fusing, calibrating,

and predicting phenomena from diverse

data sources.

•Entomological and environmental data:

For training mosquito density classifiers.

OBJECTIVE 

Estimate high-resolution 3D deformation fields by calibrating InSAR LOS (line-

of-sight) displacements with GNSS data, via a deep learning pipeline.

OBJECTIVE 

Predict risk areas for mosquito abundance (Aedes caspius - Ac, Culex pipiens -

Cp) based on environmental and meteorological conditions using supervised 

classification. Cp risk is defined with respect to its positivity to West Nile Virus.METHODS

Data

o Ground truth: Mosquito counts of 

pools from adult traps from 80 

Piedmont sites (IPLA S.p.A., 

Piedmont, 2017–2024).

o Vector-borne disease: pool positivity

to West Nile Virus (WNV).

o Predictors: Sentinel-2 NDVI, NDWI, 

NDMI [4,5,6] + meteorological data 

(humidity, rain, temperature, wind), 

human population density.

ML Methods

o Binary classification: High risk (Class 1) 

vs. Low Risk (Class 0) using thresholds:

• Aedes caspius: >30 (risk), ≤30 (no risk)

• Culex pipiens: >20 (risk), ≤20 (no risk)

o Logistic regression: compute odds ratio 

for the risk of pool positivity.

o Feature selection: Pearson correlation, 

logistic regression p-value (p<0.05).

o Trained models: Logistic Regression, 

Random Forest, Gradient Boosting.

• EASTERN demonstrates the power of

combining satellite (InSAR, Sentinel-1),

ground (GNSS), and AI tools for

geospatial intelligence.

• 3D ground deformation can be

estimated using a deep learning pipeline

that fuses InSAR and GNSS data.

• GNNs effectively bridge spatial gaps

between sparse GNSS stations and

dense satellite observations.

• AI-driven risk maps help predict and

visualize areas prone to mosquito

outbreaks (Aedes caspius, Culex

pipiens).

• Gradient boosting models perform best

for mosquito risk classification when

environmental and meteorological data

are used.

• Results support early warnings for

geohazards and vector-borne diseases—

key for climate adaptation and health

protection.

• EASTERN’s methodologies are scalable

and transferable across Europe using

open Copernicus data.

Species
Balance 

technique
Accuracy

F1 

(Class 0)

F1 

(Class 1)

Precision 

(Class 0)

Precision

(Class 1)

Recall

(Class 0)

Recall 

(Class 1)

Ac SMOTE 0.82 0.87 0.71 0.90 0.67 0.85 0.75

Cp
Random 

Undersampling
0.72 0.80 0.54 0.92 0.41 0.70 0.78

Table 1: Average RMSE for the LS combination.

Component vs InSAR vs GNSS

East [mm] 2.59 1.73

North [mm] 1.24 1.01

Up [mm] 2.11 5.69

LOS [mm] 0.01 5.30

Figure 5: Feature importance of Gradient Boosting classifier for Ac species

Figure 7: Feature importance of Gradient Boosting classifier for Cp species

Figure 6: Confusion matrix – Gradient Boosting with oversampled 

dataset for Ac species

Figure 8: Confusion matrix – Gradient Boosting with undersampled

dataset for Cp species

InSAR PSI 2492h3stSM ~16 m away from the GNSS station VEEN

Figure 4: RMSE for all the PSI points near the GNSS station w.r.t. the LS combination, for different trainings of the forecast 50% scenario. 

Figure 3: RMSE for all the PSI points for the LS combination with 

respect to the InSAR LOS 

Figure 2: Results for one point near the GNSS station for the different training epochs for the forecast 50% scenario. 

ENU 3D displacement + LOS

• PSI time series from European Ground 
Motion Service  (2018–2022) [1, 2]

• GNSS time series (60 stations) [3]

Figure 1: Input data and output for the non-machine learning approach and the machine learning

Input data

LS combination

ML approach

Graph Neural Network (GNN) based on DGCNN

Output

Rotational LOS-to-ENU 

transformations using geometry-based 
models, and least-square combination
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Training 

experiments

30, 60, and 90 epochs 

equally distributed within the 
training window 

Best classification model: Gradient Boosting
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Predictor Coefficient P-value C.I

Month 0.4898 0.0017 [1.2017 2.2162]

Altitude −0.0059 0.0073 [0.9898 0.9984]

Weekly average temperature 0.5021 0.0007 [1.2341 2.2118]

Weekly min temperature −0.1663 0.0032 [0.7582 0.9458]

Weekly max humidity −0.0987 0.0057 [0.8448 0.9717]

Weekly max rain 0.0536 0.0276 [1.0059 1.1067]

Mosquitoes 0.0059 0.0000 [1.0039 1.0080]
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