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Satellite-based machine learning models 

to estimate high-resolution 

environmental exposures across the UK



Current issues in environmental epidemiology

Specific aspects:

• Widespread exposure to environmental factors - e.g. air pollution -

often affecting the whole population;

• Often small risks - e.g., a RR of 1.0051 (95%CI: 1.0007-1.0093) for

an increase of 10𝜇gr/m3 of PM10 (Samet NEJM 2000);

• Need to perform epidemiological analyses on large populations.

Traditional Limitations

• Outcomes/exposures with low temporal and/or spatial resolution,

roughly aggregated, and lack of individual / small-area information;

• Partial coverage, especially in rural areas and in low/middle income

countries, posing limitations in country-wide or global analyses.

• Linkage between various temporal and spatial scales



Novel data sources for environmental epidemiological studies

Wildfires

PM / Dust

Pollen



Project ST- UK
(Spatio-temporal UK exposure modelling)

Estimation of daily PM10 and PM2.5 concentrations using 

satellite-based machine learning models



CASE STUDY

Case Study: Great Britain

Time series: 2003-2018

Temporal resolution: daily

Spatial resolution: 1 x 1km2

Variable estimated: PM10 + PM2.5

UK = 234.429 pixels

London = ~1.830 pixels



Multi-stage machine learning spatio-temporal model for PM2.5

Predict PM2.5 concentrations 

from co-located PM10 stations.

Predict PM2.5 concentrations 

at the monitor level using 

small-scale predictors

Predict daily PM2.5

concentrations at 1 km2 using 

the parsimonious satellite-based 

machine learning model.

Test different satellite-based 

machine learning models to 

predict PM2.5 concentrations 

from the predictors.

Predict satellite-aerosol from 

Copernicus atmospheric 

reanalysis aerosol.

Stage 1 Stage 2 Stage 3 Stage 4 Stage 5
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Measured PM2.5

2008

Distribution of monitors 

across Great Britain

STAGE 1: Gap-filling Model

Predict daily PM2.5 concentrations from co-located PM10 stations



Measured PM2.5

2008

Distribution of monitors 

across Great Britain

Measured PM10
Predicted PM2.5

Random

Forest

Impervious

Surfaces
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STAGE 1: Gap-filling Model

Predict daily PM2.5 concentrations from co-located PM10 stations



STAGE 2: AOD GAP-FILLING MODEL

Predict AOD (2 𝜆 / day) from MAIAC-MODIS using AOD (5𝜆, 7𝑡) from CAMS

AOD MAIAC – 1km AOD REANALYSIS – “10km” PREDICTED AOD – 1km

23.07.2014



STAGE 3: Test ≠ Satellite-based ML Models 

Predict PM2.5 at 1 km2 using the parsimonious satellite-based ML model

Spatial predictors

Air Tmean Total

Precipitation

EMEP4UK Wind Speed Relative 

Humidity

Highways Elevation Light-at-Night Population 

Density

Airport 

Distance
Administrative

Regions

STAGE 1

NDVI

Spatio-temporal predictors

STAGE 2



Data Synchronisation + Gap-filling Model + Advanced Statistical Modelling
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Methods: Machine Learning Algorithms

Random Forest Gradient Boosting Neural Network

Decision Tree



Results: STAGE 1 - Gap-filling Model

R2 all ntree=100 ntree=500 ntree=1000

mtry=3 0.860 0.861 0.861

mtry=5 0.849 0.850 0.850

mtry=7 0.842 0.843 0.843

variable.importance

pm10       15351814.3

longitude     1158180.8

latitude      1066338.3

julian 875359.1

year           868112.3

month          505182.1

SiteTypeCode 292421.0

dow 266770.8

Measured PM2.5

Predicted PM2.5

Predictors: 8 variables

Train/Test data: Air Quality monitors

Total Size: ~ 260.000

Model Design: 1 model for 16 years

TESTTRAIN



Predicted AOD 470

Predicted AOD 550

variable.importance

Julian                        9926.3528

CAMS_469_12         4722.1932

CAMS_550_12         4340.4057

y           2176.8599

x           1818.0451

CAMS_AOD670_12    874.2431

CAMS_AOD865_12    572.2148

CAMS_AOD469_15    531.0689

CAMS_AOD1240_12  513.8520

CAMS_AOD1240_18  479.6304

Predictors: 43 variables

Train/Test data: Satellite 1km2 grid

Total Size: ~ 7 Million by year and AOD type (112 Million for 16 years)

Model Design: 1 model by year and AOD type (i.e. 16 models for AOD 470 and 16 for AOD550)

TESTTRAIN

R2 .stage 2 AOD 470 AOD 550

2003 0.960 0.960

2004 0.926 0.926

2005 0.935 0.934

2006 0.955 0.955

2007 0.960 0.961

2008 0.932 0.931

2009 0.935 0.935

2010 0.919 0.918

2011 0.957 0.970

2012 0.939 0.939

2013 0.942 0.942

2014 0.921 0.920

2015 0.914 0.914

2016 0.923 0.923

2017 0.911 0.910

2018 0.921 0.921

 Optimised RF : ntree=50 | mtry=20

Results: STAGE 2 – AOD Gap-filling Model



Predicted PM2.5

Predictors: 42 variables

Train/Test data: Air Quality monitors

Total Size: ~ 100.000 by year 

Model Design: 1 model by year

TESTTRAIN

Variable Importance 

Wind Direction                               3774.673120

Distance from Sea                         2921.701911

Wind Speed                                  1803.228131

Day of year                                   1780.716491

Mean Precipitation                        1725.783224

Month(factor)                                1700.169657

Planetary Boundary Layer_12h    1471.014341

Mean Temperature                       1408.845640

Planetary Boundary Layer_0h      1291.013732

Mean Sea Pressure                     1103.636722

Elevation                                        873.211102

Stage2-AOD550    833.542341

Stage2-AOD470 822.952578

R2.all ntree=100 ntree=500 ntree=1000

mtry=7 0.670 0.675 0.675

mtry=10 0.687 0.691 0.691

mtry=20 0.700 0.702 0.702

Results: STAGE 3 – Test ≠ Satellite-based ML Models



Next Steps



Random-effects 

Regression

Random Forest

Gradient 

Boosting

Support Vector 

Machine

Neural Network

PM2.5

Estimation

Predictor Variables
PM2.5

Estimation

PM2.5

Estimation

PM2.5

Estimation

PM2.5

Estimation

Final PM2.5

Estimation

Explore the Ensemble ML Models 

Super Learner

Spatially Lagged 

Observed PM2.5

Spatially-Temporally 

Lagged 

Observed PM2.5



STAGE 5: Downscaling the PM2.5 Estimations
Predict PM2.5 concentrations at the monitor level using small-scale predictors

The Regent’s Park

Hyde Park

St James’s Park

1 km

1 km



~ 2.8 Billion PM10/2.5 estimations
=

16 years

365 days

234.429 pixels

Hospital 

Episode 

Statistics (HES)

Longitudinal 

studies

(cohorts)

Connect with Health Data



United Kingdom

Global MCC Locations

European MCC Locations

Connect with Worldwide Health Data



Modelling Area–specific Environmental Risks



Analysis of Health Effects of Transboundary Pollution
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