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Air pollution is one of the main environmental health risks

The EU urban population exposed to air pollutant concentrations above 
certain EU standards and WHO guidelines in 2022 (Source: EEA, 2024).

• Globally, nearly one-third of asthma

cases are associated with long-term fine

PM exposure.

• 96% of the EU’s urban population is exposed to unsafe

levels of fine PM (PM2.5) above WHO guidelines.
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• To assess such impacts of air quality on different sectors (public health policies and environmental 
planning, etc.…), high-resolution maps of air pollutants concentrations are essential.

• Applying state-of-the-art machine learning algorithms to construct daily, long-term, 1-km gridded 
maps of near-surface concentrations of  the main atmospheric pollutants:

1. PM10 (particles ≤ 10 µm aerodynamic diameter)

2. PM2.5 (particles ≤ 2.5 µm aerodynamic diameter)

3. NO2 (Nitrogen dioxide )

4. O3 (Ozone)

Objectives

# Longitude = 1,192 

# Latitude = 1,045

# valid grid cells (Earth) = 332,346

• Study Domain: The Italian territory

• Spatial resolution: 0.01° × 0.01° (~1 km)

• Covering period: 2002-2024 (possible extension)
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Source: European Air Quality Portal (AQP), managed by the European Environmental Agency (EEA)
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Training/ cross-validation approach

Info on cross-validation and Training/Test Split found in:
Mansour et al., 2023 (https://doi.org/10.1016/j.scitotenv.2023.162123) 
Mansour et al., 2024a (https://doi.org/10.5194/essd-16-2717-2024)

Info on Nested cross-validation for ML evaluation on limited datasets found in:
Mansour et al., 2024b (https://www.nature.com/articles/s41612-024-00830-y)

Methodological Framework

Validation (20%)

All Data

Training (80%)

Training #1 (subsets A, B, C & D) Test #1 (subset E)

Training #2 (subsets E, A, B & C) Test #2 (subset D)

Training #3 (subsets D, E, A & B) Test #3 (subset C)

Training #4 (subsets C, D, E & A) Test #4 (subset B)

Training #5 (subsets B, C, D & E) Test #5 (subset A)

- Normalized Difference 

Vegetation Index (NDVI)

- Aerosol Optical Depth (AOD)

- Air Temperature (AT) 

- Boundary Layer Height (BLH)

- Total Precipitation (TP)

- Surface Pressure (PMSL)

- Solar Radiation Flux (SSF)

- Specific Humidity (SH)

- Low Cloud Cover (LCC)

- Ventilation Coefficient (VC)

- Wind Speed (WS)

-Wind Speed (WD)

Input
Sp

at
io

-t
e

m
p

o
ra

l

PM2,5

Day of year

Weekdays

Years

Sp
at

ia
l Land Cover (LC)

(Agriculture + Artificial + Forest)

Population Density

Digital Elevation Map (DEM)

Te
m

p
o

ra
l

PM10

NO2

O3

Predictors Response(s)

We implement three types of CV:
• Random 5-fold CV: this method randomly divides all data into five 

equal-sized subsets.
• Space-block 5-fold CV: the data are divided based on spatial 

location (stations).
• Time-block 5-fold CV: the data are divided based on measurement 

time (years).
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Linear
Fine Tree

Medium Tree
Coarse Tree
Linear SVM

Quadratic SVM
Cubic SVM

Fine Gaussian SVM
Medium Gaussian SVM

Coarse Gaussian SVM
Rational Quadratic GPR

Squared Exponential GPR
Matern 5/2 GPR
Exponential GPR

SVM Kernel
Least Squares Regression Kernel

Boosted Trees
Bagged Trees

Narrow Neural Network
Medium Neural Network

Wide Neural Network
Bilayered Neural Network

Trilayered Neural Network

Random CV Space CV

Example of training 23 ML models on PM10 in 2022. Based on the RMSE, the best model is Ensemble Bagged Trees (EBT).
It offered strong performance (based on both Random and Space CV) and higher predictive speed which is important when 

considering Big data analysis. Therefore, EBT was selected as the optimal regressor.

prediction speed = 1,964 obs/sec

prediction speed = 18,978 obs/sec

Various kernel functions 
and hyperparameters in 
each ML type is detailed 
in Table 1 of Mansour et 
al., 2024a
(https://doi.org/10.5194/
essd-16-2717-2024)
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O3

Comparison of predicted and measured daily air pollutants based on EBT model. The validation subsets are used to 

compute the model’s performance.

Number of data points
Coeff. of determination
Root Mean Squared Error
Mean Absolute Error
Spearman Corr. Coeff.

PM2.5

PM10

NO2
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PM2.5 PM10 NO2 O3

MAE ρs MAE ρs MAE ρs MAE ρs

4.52 
±

0.21 

0.76
±

0.04

5.95 
±

0.36

0.77 
±

0.02

8.13 
±

0.22

0.68 
±

0.02

11.05 
±

0.75

0.84 
±

0.02

When using space CV, evaluated on unseen stations, the EBT still performs well. These 
values confirm the model's ability to generalize beyond the measuring sites.
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Comparison of predicted and measured daily air pollutants based on EBT model. The validation subsets are the 

left-out years not included in the model.

Importantly, the model demonstrates robust performance across different spatial clusters (urban, suburban, rural).
Performance based on station-wise in different types.

Why Important!
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The 1km resolution outputs from EBT offer significantly 
improved spatial detail.

EBT explains a greater percentage 
(82%) of the observed variance.

And in terms of time series, EBT 
has a lower biased error.
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CAMS shows NO2

underestimated concentrations.
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The maps present the annual mean of each pollutant concentration predicted by EBT at a daily – 1 km resolution
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The maps present the annual mean of each pollutant concentration predicted by EBT at a daily – 1 km resolution
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• We developed daily, long term, 1 km maps of PM₂.₅, PM₁₀, NO₂, and
O₃ over Italy from 2002-ongoing.

• The EBT model performs strongly across random, spatial, and
temporal CV and across different Regions/Types.

• Our product outperforms CAMS in both resolution and accuracy.

• These maps provide a unique resource for public health, urban
planning, and climate air quality co benefit studies.
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Thank you for your attention!
Questions?

Correspondence: k.mansour@isac.cnr.it

Project funded under the National Recovery and Resilience Plan (NRRP), Mission 04 Component 2 Investment 1.5 – NextGenerationEU, Call for 

tender n. 3277 dated 30/12/2021. Award Number: 0001052 dated 23/06/2022 (ECS_00000033_ECOSISTER).
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