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Section 1: Relative humidity, wind direction and wind speed equations 73 

Relative humidity (in %) computation using temperature and dewpoint temperature. 74 

R code and formula (eq. 1) for the calculation of relative humidity (%) from dewpoint 75 
temperature (d2m) and ambient temperature (temp) adapted from the National Physics 76 
Laboratory (National Physics Laboratory, 2023). 77 

  rh <- ((6.11*exp(((2.456*10^6)/461)*((1/273)-(1/d2m)))) / 78 
(6.11*exp(((2.456*10^6)/461)*((1/273)-(1/temp)))) )*100 79 

6.11×exp(
2.456×106

461
×(

1

273
−

1

d2m
))

6.11×exp(
2.456×106

461
×(

1

273
−

1

temp
))

× 100        (1)    80 

 81 

Wind direction in radians 82 

R code and formulas used to obtain wind direction (eq. 2) and speed (eq. 3) from (u, v) wind 83 
components. Adapted from the Copernicus ERA5 database manual (Copernicus Knowledge 84 
Base, 2023). 85 

wind_direction <- (270-atan2(v,u)*180/pi) %% 360 86 

𝑊𝑖𝑛𝑑 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 =  (270 −
atan2(v,u)×180

π
) \mod360     (2) 87 

 88 

Wind speed in m/s 89 

wind_speed <- sqrt((u^2)+(v^2)) 90 

𝑊𝑖𝑛𝑑 𝑠𝑝𝑒𝑒𝑑 =  √u2 + v2          (3) 91 
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Section 2: Traffic data linkage and reconstruction 93 

Linkage of the Ordnance Survey Open Roads dataset with annual traffic-flow data 94 

The OS OpenRoads dataset is a high level, link-and-node map of motorways, primary, 95 
secondary, and local roads in the UK (OS, 2023). The link features identify unique road 96 
segments, which have attributes describing their length, road properties and their location. 97 
The traffic dataset (DfT, 2023) consists of count-points, each identified by the name and 98 
category of the road they lie on, as well as by their coordinates, and unique id label. Finally, 99 
count-points are associated with a yearly traffic-flow value. 100 

We considered count points to be linkable if they lied on a named road. Importantly, almost 101 
19% of count points had “U”, “C”, and “B” as road names indicating their belonging to 102 
unclassified, and unnamed B and C-type roads. We first matched count-points with segments 103 
in the OS dataset, linking them by road name. Within this set, we paired each segment with 104 
the nearest count-point, and we repeated this for all named roads for which we have count-105 
points. 106 

Two facts are to be noted. First, 98% of the roads present in the traffic data were also found 107 
in the OS roads dataset. This meant that nearly all the linkable traffic count points were 108 
evaluated to be linked to road segments. Second, a single count-point may have been linked 109 
to several road segments, and similarly, a count point may have remained unlinked to any 110 
road segment. This would have occurred when a count-point was the nearest to many 111 
segments or when it was not the nearest to any segment. A manual check comparing the total 112 
linkable count points, and the eventual linked count points determined that nearly all (97%) 113 
count points were linked to road segments. 114 

Reconstruction of road traffic flow annual averages 115 

We used the linked dataset of segment-count-points to reconstruct annual traffic values for all 116 
major and secondary road segments in the OS roads dataset. First, we computed each road 117 
segment’s centroid, and used them to extract predictor values. Then, we computed the mean 118 
traffic values by segment id (ID.MEAN). Finally, we specified and trained a random forest 119 
model (eq. 4), which we used to predict missing yearly traffic values.  120 

𝐴𝑛𝑛𝑢𝑎𝑙. 𝑇𝑟𝑎𝑓𝑓𝑖𝑐𝑖
(𝑦)

=121 

𝑓 (
𝐼𝐷. 𝑀𝐸𝐴𝑁𝑖 , 𝑅𝑂𝐴𝐷. 𝐶𝐴𝑇𝑖, 𝐸𝐿𝐸𝑉𝑖, 𝐷𝐼𝑆𝑇. 𝐴𝐼𝑅𝑃𝑖, 𝐿𝐶. 𝑈𝑅𝐵𝐴𝑁𝑖 , … , 𝐿𝐶. 𝐵𝐴𝑅𝐸𝑖,

 𝑁𝐷𝑉𝐼𝑖,𝑦 , 𝑁𝐼𝐺𝐻𝑇. 𝐿𝐼𝐺𝐻𝑇𝑖, 𝑅𝐸𝑆. 𝑃𝑂𝑃𝑖 , 𝑊𝑂𝑅𝐾. 𝑃𝑂𝑃𝑖 , 𝑥𝑖, 𝑦𝑖 , 𝑦𝑒𝑎𝑟𝑦
)    (4) 122 

We set default hyperparameters (mtry=5,num.trees=500,min.node.size=5). In the equation, i 123 
indicates the segment id and y refers to the year. The model performance was very high, with 124 
a 10-fold cross-validated R2 of 0.96. 125 

Rasterization of linked traffic data 126 

We translated segment-level traffic data to grid-cell-level data. First, we intersected the 127 
segment geometries with the grid, resulting in many more, smaller, segments, each only 128 
spanning one grid cell at most. Then, we standardized the traffic values for each segment, 129 
considering their new length. Lastly, we summed each segment’s standardized values by cell, 130 
resulting in a gridded traffic dataset, with a traffic value per 1km2. 131 
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Section 3: Data harmonisation 133 

Predictor values were calculated at both the monitor locations and over the entire study 134 
area (see Tables S10 and S11 in this document). Specifically, all predictors were harmonised 135 
by resampling their values to 1-km resolution, matching the underlying grid cell structure of 136 
the British National Grid. To achieve complete coverage of the study grid, a small number of 137 
predictors required minimal filling which was carried out by bilinear interpolation, nearest-cell 138 
value, or by 0-value filling in the case of population data. The spatial lag predictors were 139 
calculated as points corresponding to monitor locations for use in the modelling stage, and in 140 
grid format (using the cell centroids) for use in the prediction stage.  141 



Section 4: Stage 2 hyperparameter specification 142 

The RF model is defined with three key hyperparameters: mtry controls the number of 143 
randomly selected variables at each decision tree split, min.node.size refers to the minimum 144 
number of observations at a node that will cease the tree-fitting procedure, and num. trees 145 
indicates how many decision trees to fit as part of the random forest algorithm (Wright and 146 
Ziegler, 2017). In this case, the RF hyperparameters were chosen from previous work 147 
(Schneider et al., 2020) for the Satellite.AOD model (50 trees, 4 randomly selected variables 148 
by split, and a minimum of 5 observations in each node) and from default settings for the 149 
Satellite.NO2 model (500 trees, 2 randomly selected variables by split, and a minimum of 5 150 
observations in each node).  151 



Section 5: Ensemble-model cross validation 152 

These are the cross-validation steps taken to evaluate ensemble-model performance. The 153 
dataset refers to the input to the machine-learning modelling stage (Stage 3). 154 

1. We divided our dataset into ten monitor-blocked folds, ensuring that all observations 155 
from the same monitor were contained within the same fold. 156 

2. We obtained out-of-sample predictions for the entire dataset from each base learner 157 
(RF, XGB, LGBM, RIDGE, LASSO) by resampling on the partitioned dataset. Each 158 
learner was iteratively fit on nine folds and then used to predict the remaining fold. 159 

3. Then we carried out the same process to obtain cross-validated predictions from the 160 
meta-learner algorithm using the predictions from Step 2. This cross-validation was 161 
also monitor-blocked as it employed the same fold partitioning set in Step 1. 162 

We opted for the above method as it employed one-tenth of the computing time and 163 
showed almost identical performance results to the full-outer cross-validation of the ensemble, 164 
its steps are outlined below. 165 

1. We divided our dataset into ten monitor-blocked folds, ensuring all observations from 166 
the same monitor were contained within a single fold. We repeated this grouping ten 167 
times, each time defining a test dataset represented by a single fold and a training 168 
dataset using the other nine folds. 169 

2. At each iteration, we first fitted each base learner on the train dataset, and then 170 
obtained out-of-sample predictions for the train data using monitor-blocked cross-171 
validation. 172 

3. We used the out-of-sample predictions from the previous step to fit the meta-learner 173 
on the same train dataset. 174 

4. Finally, we used each fitted base learner to predict on the test dataset, and then passed 175 
such output to the meta-leaner to obtain predictions on the same data. 176 

We repeated steps 2-4 until we had obtained predictions for the entire dataset, from 177 
which we calculated performance statistics.  178 



Figure S1: Ensemble improvement over base-learners 179 

Figure 1: Comparison of R2 values between base- and meta-learner. top) yearly R2 value by pollutant and dimension. 
bottom) visualisation of whether any base-learner out-performed the meta-learner. 



Figure S2: Base- and meta-learner yearly performance 180 

 181 

Figure 2: Yearly performance statistics computed. Intercept values of temporal dimension not shown as all ≈ 0. 182 
RMSE, Intercept and Slope units are ug/m3 183 



 184 

Figure S3: Base-learner contribution 185 

  186 

Figure 3: Base-learner contribution to the prediction of each pollutant (NO2, 
PM2.5, and PM10) by year (2003-2021), represented as coefficients of the non-

negative least squares meta-learner. 



 187 

Figure S4: Observed vs predicted density scatterplot 188 

 189 

Figure 4: Hexagon-binned density and regression line of cross-validated predictions against 
observed values in 2019. All base-learners (RF, XGB, LGBM, RIDGE, LASSO), and the 
ensemble (NNLS) are shown for each pollutant (NO2, PM10 and PM2.5). Bisector in dashed 
black. Axis limits are symmetrical and fixed by pollutant for ease of comparison. 



Figure S5: Annual average over entire study grid. 190 

  191 

Figure 5: Annual average of entire prediction grid for each pollutant. 



Figure S6: Map of contributing NO2 and PM monitors in 2003 and 2021. 192 

 193 

Figure 6: Map of the monitors observing air pollution values in 2003 and 2021 and for each pollutant, NO2 and 194 
PM. 195 
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Table S1: Summary of datasets and products used.  197 
Table 1: Summary of source data and datasets used with long name, identifying variable name, spatial and 198 
temporal resolution, units, and period when applicable. 199 

Dataset/Product 
name 

Variable  
(variable id) 

Origina
l 

Spatial 
Resolu

tion 

Original 
Tempor

al 
Resoluti

on 

Units 
Perio

d 
Source Link 

VIIRS night-time 
lights/Annual VNL 

V1  

Night-Light 
(nightlight) 

750m NA 
nanoWatts/c

m2/sr 
2015-
2016 

https://eogdata.mines.edu/products/v
nl/ (Elvidge et al., 2017) 

UK Gridded 
Population 

Residential 
and Workday 

Population 
Density 
(respop, 
workpop)  

1km NA nPop/km2 2011 
https://catalogue.ceh.ac.uk/documen

ts/0995e94d-6d42-40c1-8ed4-
5090d82471e1 (Reis et al., 2017) 

Road Traffic 
Statistics 

Road traffic 
density 

(trafficmajor, 
trafficminor) 

Road 
segmen

t 
yearly 

count points - 
annual 

average for 
daily traffic 

flow 

2003:
2021 

https://roadtraffic.dft.gov.uk/downloa
ds (DfT, 2023) 

CAMS Global 
Reanalysis (EAC4)  

Reanalysis 
AOD 0.47 
(aod47ra) 

80km 
00:00 
and 

12:00 

dimensionles
s 

2003:
2021 

https://ads.atmosphere.copernicus.e
u/cdsapp#!/dataset/cams-global-
reanalysis-eac4?tab=overview 

(Inness et al., 2019)  

Reanalysis 
AOD 0.55 
(aod55ra) 

Reanalysis 
AOD 0.67 

Reanalysis 
AOD 0.86 

Reanalysis 
AOD 1.24 

Total Column 
Nitrogen 
Dioxide 

(tcno2ra) 

kg/m2 

European 
Monitoring and 

Evaluation 
Program for the UK 

(EMEP4UK)  

Modelled 
Surface PM2.5 

at 50% 
rel.hum. 

(EMEP_pm25_
rh50) 

3km daily μg/m3 
2003:
2021 

https://catalogue.ceh.ac.uk/documen
ts/ca302d30-7b8b-46ec-90b6-

67b79df00c92 (Scheffler and Vieno, 
2022) 

Modelled 
Surface PM10 

at 50% 
rel.hum. 

(EMEP_pm10_
rh50) 

Modelled 
Surface Dust 
(EMEP_dust) 

Modelled 
Surface 

Coarse Sea 
Salt 

(EMEP_seasal
t) 

Modelled 
Surface SO2 
(EMEP_SO2) 

Modelled 
Surface SO4 
(EMEP_SO4) 

Modelled 
Surface NO2 

(EMEP_NO2) 

Modelled 
Surface NO 
(EMEP_NO) 

https://eogdata.mines.edu/products/vnl/
https://eogdata.mines.edu/products/vnl/
https://catalogue.ceh.ac.uk/documents/0995e94d-6d42-40c1-8ed4-5090d82471e1
https://catalogue.ceh.ac.uk/documents/0995e94d-6d42-40c1-8ed4-5090d82471e1
https://catalogue.ceh.ac.uk/documents/0995e94d-6d42-40c1-8ed4-5090d82471e1
https://roadtraffic.dft.gov.uk/downloads
https://roadtraffic.dft.gov.uk/downloads
https://ads.atmosphere.copernicus.eu/cdsapp#!/dataset/cams-global-reanalysis-eac4?tab=overview
https://ads.atmosphere.copernicus.eu/cdsapp#!/dataset/cams-global-reanalysis-eac4?tab=overview
https://ads.atmosphere.copernicus.eu/cdsapp#!/dataset/cams-global-reanalysis-eac4?tab=overview
https://catalogue.ceh.ac.uk/documents/ca302d30-7b8b-46ec-90b6-67b79df00c92
https://catalogue.ceh.ac.uk/documents/ca302d30-7b8b-46ec-90b6-67b79df00c92
https://catalogue.ceh.ac.uk/documents/ca302d30-7b8b-46ec-90b6-67b79df00c92


MCD19A2  

Satellite AOD 
0.47 µm 

(aod47mod) 
1km daily NA 

2003:
2021 

https://lpdaac.usgs.gov/products/mcd
19a2v006/ (Lyapustin and Wang, 

2018) 
Satellite AOD 

0.55 µm 
(aod55mod) 

L3-OMNO2d 

Total Column 
Nitrogen 

Dioxide Cloud 
Cover 

Screened 
(tcno2mod) 

0.25° x 
0.25° 

(~30km
)  

daily 
Molecules/cm

2 
2005:
2021 

https://disc.gsfc.nasa.gov/datasets/O
MNO2d_003/summary (Krotkov et 

al., 2013) 

DEFRA-Pollution 
Climate Mapping 

Annual 
Modelled 

Surface PM10 

(DEFRA_pm10
) 

1km yearly μg/m3 
2003:
2021 

https://uk-air.defra.gov.uk/data/pcm-
data (DEFRA, 2023) 

Annual 
Modelled 

Surface PM2.55 
DEFRA_pm25) 

Annual 
Modelled 

Surface NO2 
(DEFRA_no2) 

AURN, SAQN, 
WQN, NI, KCL, EU 

Air Pollution 
Monitor Data 
(NO2, PM2.5, 

PM10) 

NA hourly μg/m3 
2003:
2021 

https://uk-air.defra.gov.uk/networks/ 
(DEFRA, 2024) 

ERA5  

Mean Sea 
Level Pressure 

(mslp) 
0.25° x 
0.25° 

(~30km
) 

00:00 
and 

12:00 

Pa 

2003:
2021 

https://cds.climate.copernicus.eu/cds
app#!/dataset/reanalysis-era5-single-

levels?tab=overview (Hersbach et 
al., 2020) 

Boundary 
Layer Height 
(blh00, blh12) 

m 

ERA5-Land  

Temperature 
at 2 m 

(temp2m) 

0.1° x 
0.1° 

(~9km) 

00:00 
and 

12:00 

K 

2003:
2021 

https://cds.climate.copernicus.eu/cds
app#!/dataset/reanalysis-era5-

land?tab=overview (Muñoz-Sabater 
et al., 2021) 

Total 
Precipitation 

(precipitation) 
m 

U-Wind 
component 

m/s 

V-Wind 
component 

m/s 

Dewpoint 
temperature at 

2m 
K 

Surface 
pressure 

Pa 

Computed from 
ERA5-Land  

Wind Speed 
(windspeed) 

0.1° x 
0.1° 

(~9km) 

00:00 
and 

12:00 

m/s 

2003:
2021 

 
Wind Direction 
(winddirection) 

radians 

Relative 
Humidity 

(relhumidity) 
% 

CORINE Land 
Cover 

Nine land 
classes (lc1, 
lc2, … lc9) 

100m NA NA 2012 
https://land.copernicus.eu/pan-

european/corine-land-cover/clc-2012 
(CLMS, 2019) 

CLMS EU-DEM 
v1.1 

Elevation 
(elevation) 

25m NA m 2011 
https://land.copernicus.eu/imagery-
in-situ/eu-dem/eu-dem-v1.1 (CLMS, 

2016) 

IMD 
(Imperviousne

ss) 
100m NA % sealed 

2006, 
2009, 
2012, 
2010 

https://land.copernicus.eu/pan-
european/high-resolution-

layers/imperviousness (CLMS, 2020) 

MOD13A3 

Normalized 
Difference 
Vegetation 

Index 
(ndvi) 

1km monthly 
NDVI (-

2000,10000) 
2003:
2021 

https://lpdaac.usgs.gov/products/mo
d13a3v061/ (Didan, 2021) 

https://lpdaac.usgs.gov/products/mcd19a2v006/
https://lpdaac.usgs.gov/products/mcd19a2v006/
https://disc.gsfc.nasa.gov/datasets/OMNO2d_003/summary
https://disc.gsfc.nasa.gov/datasets/OMNO2d_003/summary
https://uk-air.defra.gov.uk/data/pcm-data
https://uk-air.defra.gov.uk/data/pcm-data
https://uk-air.defra.gov.uk/networks/
https://uk-air.defra.gov.uk/networks/
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land?tab=overview
https://land.copernicus.eu/pan-european/corine-land-cover/clc-2012
https://land.copernicus.eu/pan-european/corine-land-cover/clc-2012
https://land.copernicus.eu/imagery-in-situ/eu-dem/eu-dem-v1.1
https://land.copernicus.eu/imagery-in-situ/eu-dem/eu-dem-v1.1
https://land.copernicus.eu/pan-european/high-resolution-layers/imperviousness
https://land.copernicus.eu/pan-european/high-resolution-layers/imperviousness
https://land.copernicus.eu/pan-european/high-resolution-layers/imperviousness
https://lpdaac.usgs.gov/products/mod13a3v061/
https://lpdaac.usgs.gov/products/mod13a3v061/


OS OPRoads 

Major, 
Secondary and 

Local road 
density 

(lroadsmajor, 
lroadsecondar
y, lroadslocal) 

Road 
segmen

t 
NA 

segments - 
metres 

2019 
https://beta.ordnancesurvey.co.uk/pr

oducts/os-open-roads (OS, 2023) 

UK Airport Data 

Inverse 
distance to 

airport 
(d2airport) 

NA NA metres 
2015:
2019 

https://www.caa.co.uk/data-and-
analysis/uk-aviation-

market/airports/uk-airport-data/ 
(CAA, 2023) 

UK Boundary 
Inverse 

distance to sea 
(d2sea) 

NA NA metres NA 
https://geoportal.statistics.gov.uk 

(ONS, 2023a) 

Severity of 
government-
imposed safety 
policies 

Stringency 
Index Simple 

Average 
(SIsimpAv) 

Nation daily NA 
2019:
2021 

https://github.com/OxCGRT/covid-
policy-

tracker/blob/master/data/United%20
Kingdom/OxCGRT_GBR_latest.csv 

(Hale et al., 2021) 

Coronavirus-19 
cases 

New Lab-
confirmed 
Cases per 
Specimen 

Date 
(c19cases) 

Nation daily 
Number of 

cases 
2019:
2021 

https://coronavirus.data.gov.uk/detail
s/download (ONS, 2023b) 
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https://beta.ordnancesurvey.co.uk/products/os-open-roads
https://beta.ordnancesurvey.co.uk/products/os-open-roads
https://www.caa.co.uk/data-and-analysis/uk-aviation-market/airports/uk-airport-data/
https://www.caa.co.uk/data-and-analysis/uk-aviation-market/airports/uk-airport-data/
https://www.caa.co.uk/data-and-analysis/uk-aviation-market/airports/uk-airport-data/
https://geoportal.statistics.gov.uk/
https://github.com/OxCGRT/covid-policy-tracker/blob/master/data/United%20Kingdom/OxCGRT_GBR_latest.csv
https://github.com/OxCGRT/covid-policy-tracker/blob/master/data/United%20Kingdom/OxCGRT_GBR_latest.csv
https://github.com/OxCGRT/covid-policy-tracker/blob/master/data/United%20Kingdom/OxCGRT_GBR_latest.csv
https://github.com/OxCGRT/covid-policy-tracker/blob/master/data/United%20Kingdom/OxCGRT_GBR_latest.csv
https://coronavirus.data.gov.uk/details/download
https://coronavirus.data.gov.uk/details/download


Table S2: Observations (days), number of contributing monitors, and yearly 201 

mean (ug/m3) of NO2, PM10, and PM2.5. 202 

 203 

Table 2: Yearly summary of retrieved pollutant data, number of observations, number of contributing monitors and 204 
mean. 205 

  NO2 PM10 PM2.5 

Year Obs. Mon. 
Mean 

(ug/m3) 
Obs. Mon. 

Mean 

(ug/m3) 
Obs. Mon. 

Mean 

(ug/m3) 

2003 101,697 322 42.04 60,996 179 29.03 3,435 10 16.65 

2004 103,968 322 38.14 71,667 209 24.91 3,426 10 14.93 

2005 112,733 347 37.69 72,504 217 25.66 4,714 14 14.25 

2006 119,377 370 37.86 79,783 238 26.17 5,297 17 14.65 

2007 125,175 397 37.21 79,476 238 24.3 5,088 16 13.01 

2008 139,012 426 37.29 100,862 301 22.38 9,091 52 12.09 

2009 142,418 436 36.78 98,502 302 21.62 23,329 77 12.53 

2010 138,769 435 38.18 92,824 284 21.61 26,486 83 13.3 

2011 138,375 430 35.2 90,189 272 22.78 25,596 82 14.18 

2012 137,768 430 36.54 87,882 263 20.55 27,897 84 12.93 

2013 139,315 427 34.87 83,598 252 21.33 26,780 82 13.04 

2014 134,480 425 34.37 84,546 258 19.76 28,427 91 12.27 

2015 154,133 470 32.01 88,808 268 18.25 34,854 109 10.1 

2016 172,965 528 33.6 103,521 309 18.1 50,101 157 10.28 

2017 182,779 538 30.97 106,485 316 17.12 55,945 175 9.48 

2018 179,341 530 29.09 100,771 296 17.75 57,711 172 9.33 

2019 190,214 568 28.33 112,599 337 17.15 66,175 198 9.14 

2020 232,436 700 20.33 110,651 323 15.4 68,243 204 7.49 

2021 230,039 697 21.87 111,654 326 14.84 74,954 226 7.62 

Mean 151,315 463.05 33.81 91,438 273.05 20.98 31,450 97.84 11.96 

Total 2,874,994 
  

1,737,318 
  

597,549 
  

  206 



Table S3: Land cover reclassification 207 

 208 

Table 3 Grouping of the 44 land classes was carried out to allow for the inclusion of land-cover data in the model. 209 
As well as reducing the number of features, grouping land-cover types with rarer, yet similar ones, avoids issues 210 
at the prediction stage that would arise from underrepresentation in the training data. 211 

Original class New class New class id. 

Continuous_urban_fabric 

CONTI-URBAN / 

DISCONT-URBAN / 

ROADS-RAIL / 

INDUSTRIAL / 

COMMERCIAL 

 

lc1urban 

 

Discontinuous_urban_fabric 

Industrial_or_commercial_units 

Road_and_rail_networks_and_associated_land 

Construction_sites 

Airports AIRPORT lc2airport 

Port_areas 
PORT / MINERAL 

EXTRACTION / 

DUMP SITES 

 

lc3industr 

 

Mineral_extraction_sites 

Dump_sites 

Green_urban_areas 

VEGETATION 

 

 

lc4vegetation 

 

Sport_and_leisure_facilities 

Agro-forestry_areas 

Broad-leaved_forest 

Coniferous_forest 

Mixed_forest 

Natural_grasslands 

Moors_and_heathland 

Sclerophyllous_vegetation 

Transitional_woodland-shrub 

Sparsely_vegetated_areas 

Non-irrigated_arable_land 

AGRICULTURE/ARA

BLE/CROP 
lc5agric 

 

Vineyards 

Fruit_trees_and_berry_plantations 

Olive_groves 

Annual_crops_associated_with_permanent_crops 

Complex_cultivation_patterns 

Land_principally_occupied_by_agriculture_with_significant_areas_of_natural_vegetation 

Pastures PASTURES lc6pastures 

Permanently_irrigated_land GREEN + WATER 

 

lc7greenwater 

 



Rice_fields 

Inland_marshes 

Peat_bogs 

Salt_marshes 

Glaciers_and_perpetual_snow 

WATER 

 

lc8water 

 

Salines 

Intertidal_flats 

Water_courses 

Water_bodies 

Coastal_lagoons 

Estuaries 

Sea_and_ocean 

Beaches_dunes_sands 
NO.URBAN / NO.VEG 

/ NO.WATER (BARE 

ROCKS, BURNT 

 

lc9bare 

 

Bare_rocks 

Burnt_areas 

   212 



Table S4: Yearly hyperparameters for the Light Gradient Boosting Machine 213 

algorithm.  214 

Table 4: Fine-tuned yearly hyperparameters used in Stage 1, PM2.5 reconstruction from co-located PM10 215 
observations. Hyperparameter definitions can be found in the software documentation (Shi et al., 2017). 216 

Stage 1 - LGBM hyperparameters 

  
learning_rat

e 
num_leaves max_depth 

min_data_i

n_leaf 

bagging_fra

ction 

bagging_fre

q 

feature_frac

tion 
lambda_l1 lambda_l2 max_bin 

2003 0.05702477 3,936 12 10 0.7941480 5 0.5634852 0.5343096 0.9901066 600 

2004 0.09902572 2,276 8 20 0.6760309 4 0.5065622 0.5535724 0.6625608 600 

2005 0.07221124 1,188 8 10 0.9376545 3 0.5760032 0.8942990 0.6577916 600 

2006 0.08962929 3,437 8 6 0.7783517 5 0.5928006 0.5761560 0.9376865 600 

2007 0.05660319 262 4 6 0.8426807 3 0.6010858 0.8488871 0.7602141 600 

2008 0.06268912 2,722 12 10 0.7090095 3 0.5297345 0.9175661 0.7358471 600 

2009 0.06530549 2,052 12 10 0.9134461 5 0.5443306 0.7155563 0.5731831 600 

2010 0.05288689 194 12 20 0.9948003 5 0.5752803 0.9012010 0.9693651 600 

2011 0.05943258 2,354 12 6 0.9322447 5 0.6525382 0.5682312 0.5424670 600 

2012 0.07907751 3,734 12 6 0.8177437 3 0.6621830 0.6013039 0.6477878 600 

2013 0.05702477 3,936 12 10 0.7941480 5 0.5634852 0.5343096 0.9901066 600 

2014 0.05861061 2,438 12 6 0.8470912 4 0.5374229 0.6773021 0.8047911 600 

2015 0.08655718 2,804 12 6 0.9081467 5 0.5173889 0.7863310 0.8509979 60 

2016 0.08549376 726 12 6 0.8646732 3 0.5661136 0.6707187 0.5971954 600 

2017 0.09016895 1,294 12 10 0.7905904 3 0.5292214 0.5825929 0.6321441 600 

2018 0.08549376 726 12 6 0.8646732 3 0.5661136 0.6707187 0.5971954 600 

2019 0.09833150 885 12 6 0.8856171 4 0.5938525 0.5539369 0.9510897 600 

2020 0.09598678 3,359 12 6 0.6282238 5 0.5488714 0.6761535 0.5735367 600 

2021 0.08201795 1,705 12 6 0.8903414 4 0.5596326 0.7885133 0.8646700 600 
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Table S5: Variables included in stage 3 base-learner models. 218 
Table 5: Variables included in the stage 3 base-learner models. Note Land cover class bare, “lc9bare”, was never 219 
included. All remaining land-cover classes were always included. 220 

Variable 
NO2 PM10 PM2.5 

DEFRA_PM10 
 X X 

DEFRA_PM25 
 X X 

DEFRA_no2 
X   

EMEP_NO 
X   

EMEP_NO2 
X   

EMEP_SO2 
 X X 

EMEP_SO4 
 X X 

EMEP_dust 
 X X 

EMEP_pm10rh50 
 X X 

EMEP_pm25rh50 
 X X 

EMEP_seasalt 
 X X 

SIsimpAv 
X X X 

aod47ra 
 X  

aod55ra 
 X  

aod47mod 
 X X 

aod55mod 
 X X 

blh00 
X X X 

blh12 
X X X 

c19cases 
X X X 

elevation 
X X X 

imperviousness 
X X X 

d2airport 
X X X 

d2sea 
X X X 

lroadslocal 
X X X 

lroadsmajor 
X X X 

lroadssecondary 
X X X 

mslp 
X X X 

ndvi 
X X X 

nightlight 
X X X 

precipitation 
X X X 

relhumidity 
X X X 

respop 
X X X 

stdelevation 
X X X 

surfpressure 
X X X 

tcno2ra 
X   

tcno2mod 
X   

temp2m 
X X X 

trafficmajor 
X X X 

trafficminor 
X X X 

winddirection 
X X X 



windspeed 
X X X 

workpop 
X X X 
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Table S6: Stage 1, overall, spatial, and temporal performance results of yearly 222 

LGBM models.  223 

Table 6: Ten-fold monitor-blocked cross-validated predictions were regressed against observations to obtain R2, 224 
RMSE (ug/m3), slope (ug/m3) and intercept (ug/m3) values. Overall R2 ranged from 0.661 (2006) to 0.926 (2017) 225 
with an average R2 of 0.80 and RMSE of 3.731 over 19 years. 226 

 227 

Stage 1: PM2.5 reconstruction - LGBM performance 

 Overall Spatial Temporal 

 R2 
RMS

E 
Inter. Slope R2 RMSE Inter. Slope R2 RMSE Inter. Slope 

2003 0.667 6.386 1.370 0.908 0.372 4.173 6.925 0.591 0.797 4.456 -0.000 1.072 

2004 0.735 4.522 0.289 0.979 0.709 2.634 1.872 0.875 0.756 3.631 -0.000 1.055 

2005 0.678 5.617 0.549 0.952 0.563 3.525 3.487 0.770 0.739 4.345 -0.000 1.086 

2006 0.661 5.712 2.058 0.848 0.497 4.299 4.663 0.705 0.791 3.573 0.000 1.021 

2007 0.735 4.550 -0.823 1.079 0.635 2.507 2.226 0.858 0.748 3.807 -0.000 1.159 

2008 0.693 4.740 -0.236 1.034 0.609 4.655 -3.443 1.375 0.779 3.578 0.000 1.123 

2009 0.738 4.460 0.608 0.967 0.410 2.742 5.400 0.592 0.834 3.252 0.000 1.070 

2010 0.723 4.708 -0.182 1.059 0.502 2.847 3.202 0.800 0.794 3.640 0.000 1.119 

2011 0.829 4.439 0.046 1.025 0.351 3.057 6.211 0.577 0.878 3.521 0.000 1.063 

2012 0.834 3.838 0.379 0.972 0.417 2.437 4.139 0.688 0.889 2.954 0.000 1.004 

2013 0.829 3.755 0.060 1.034 0.487 2.142 4.131 0.710 0.886 2.893 0.000 1.086 

2014 0.883 3.100 -0.174 1.046 0.651 1.751 1.430 0.907 0.912 2.546 -0.000 1.062 

2015 0.865 2.754 0.189 1.009 0.674 1.455 2.002 0.821 0.894 2.291 0.000 1.041 

2016 0.919 2.240 -0.077 1.019 0.850 1.205 0.461 0.966 0.934 1.872 0.000 1.029 

2017 0.926 2.067 0.042 1.010 0.849 1.158 0.546 0.957 0.939 1.732 0.000 1.020 

2018 0.908 1.993 -0.096 1.023 0.830 1.057 0.301 0.983 0.922 1.700 0.000 1.032 

2019 0.923 2.025 0.046 1.010 0.753 1.179 1.024 0.897 0.941 1.678 0.000 1.020 

2020 0.897 1.886 0.010 1.022 0.815 0.985 0.600 0.939 0.912 1.615 0.000 1.035 

2021 0.838 2.106 0.023 1.020 0.782 1.011 0.693 0.927 0.849 1.860 -0.000 1.038 

Mean 0.804 3.732 0.215 1.001 0.619 2.359 2.414 0.839 0.852 2.892 0.000 1.060 



Table S7:  Stage 2, overall model performance results for satellite data 228 

reconstruction.  229 

Table7: Stage 2, overall performance statistics. NO2 column reconstruction showed good performance (R2 230 
ranging between 0.739 and 0.840) and a persistent but small bias in the intercept and slope. AOD reconstruction 231 
models, for both 0.47nm and 0.55nm wavelengths, displayed very high performance (R2 between 0.941 and 232 
0.976) and little to no bias. NO2 column data was not available for 2003 and 2004. 233 

Stage 2: Satellite data reconstruction - Overall RF performance 

  L3-OMNO2d - NO2 MCD19A2 - AOD 0.47nm MCD19A2 - AOD 0.55nm 

 R2 
RMSE  

(molec./cm2) 
Inter. Slope R2 

RMSE  

(dimensionless) 
Inter. Slope R2 

RMSE 

(dimensionless) 
Inter. Slope 

2003     0.976 0.023 -0.001 1.004 0.976 0.016 -0.000 1.004 

2004     0.952 0.027 -0.001 1.008 0.952 0.019 -0.001 1.008 

2005 0.796 1.787 -0.476 1.116 0.958 0.025 -0.001 1.007 0.957 0.018 -0.001 1.007 

2006 0.792 1.845 -0.472 1.116 0.972 0.024 -0.000 1.004 0.972 0.017 -0.000 1.005 

2007 0.833 1.685 -0.366 1.089 0.975 0.024 -0.000 1.004 0.975 0.017 -0.000 1.004 

2008 0.829 1.579 -0.390 1.105 0.956 0.025 -0.001 1.007 0.955 0.018 -0.001 1.008 

2009 0.814 1.364 -0.389 1.121 0.959 0.025 -0.001 1.007 0.959 0.018 -0.001 1.007 

2010 0.812 1.481 -0.409 1.121 0.947 0.025 -0.001 1.009 0.947 0.018 -0.001 1.009 

2011 0.840 1.411 -0.373 1.106 0.973 0.023 -0.001 1.005 0.973 0.016 -0.000 1.005 

2012 0.830 1.320 -0.350 1.108 0.960 0.024 -0.001 1.007 0.960 0.017 -0.001 1.007 

2013 0.818 1.239 -0.375 1.123 0.963 0.025 -0.001 1.006 0.963 0.018 -0.000 1.006 

2014 0.799 1.237 -0.421 1.140 0.947 0.026 -0.001 1.008 0.947 0.018 -0.001 1.008 

2015 0.816 1.124 -0.373 1.128 0.945 0.025 -0.001 1.009 0.945 0.018 -0.001 1.009 

2016 0.822 1.137 -0.381 1.128 0.950 0.025 -0.001 1.007 0.950 0.018 -0.001 1.008 

2017 0.805 1.031 -0.388 1.149 0.942 0.025 -0.001 1.009 0.941 0.018 -0.001 1.010 

2018 0.798 0.976 -0.361 1.143 0.953 0.023 -0.001 1.008 0.953 0.016 -0.001 1.008 

2019 0.823 0.957 -0.337 1.127 0.958 0.024 -0.001 1.007 0.958 0.017 -0.001 1.007 

2020 0.750 0.869 -0.412 1.185 0.955 0.023 -0.001 1.008 0.955 0.016 -0.001 1.008 

2021 0.739 0.980 -0.453 1.195 0.956 0.024 -0.001 1.007 0.956 0.017 -0.001 1.007 

Mean 0.807 1.295 -0.396 1.129 0.958 0.024 -0.001 1.007 0.958 0.017 -0.001 1.007 

 234 
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Table S8: Top 15 features by average relative importance by ML algorithm 236 

and pollutant modelled. 237 

Green: EMEP and DEFRA Orange: Spatial lag Blue: Atmospheric reanalysis 238 

Table 8: Fifteen most important variables by pollutant and base-learner. As tree-based algorithms, ranger, 239 
extreme gradient boosting, and light gradient boosting machine compute measures of importance based on 240 
information gain calculated at the splitting of each variable. Variable belonging to the EMEP dataset are shown in 241 
green, those referred to as spatial lag are shown in orange, and those derived from atmospheric reanalysis are 242 
shown in blue.  243 

 no2rang no2xgb no2lgb pm10rang pm10xgb pm10lgb pm25rang pm25xgb pm25lgb 

1 EMEP_NO2 EMEP_NO2 EMEP_NO2 EMEP_pm25rh50 EMEP_pm25rh50 EMEP_pm25rh50 EMEP_pm25rh50 EMEP_pm25rh50 EMEP_pm25rh50 

2 EMEP_NO EMEP_NO d2hs EMEP_pm10rh50 EMEP_pm10rh50 EMEP_pm10rh50 EMEP_pm10rh50 EMEP_pm10rh50 EMEP_pm10rh50 

3 d2hs d2hs EMEP_NO EMEP_SO4 EMEP_SO4 doy EMEP_SO4 EMEP_SO4 doy 

4 DEFRA_no2 DEFRA_no2 respop precipitation winddirection precipitation winddirection doy EMEP_SO4 

5 d2bkg respop DEFRA_no2 winddirection precipitation winddirection blh00 winddirection idw1background 

6 workpop d2bkg temp2m mslp doy mslp precipitation blh00 winddirection 

7 idw2background workpop doy blh00 mslp idw1background idw1background precipitation idw2hotspot 

8 idw1background temp2m windspeed doy blh00 EMEP_SO4 idw2background mslp precipitation 

9 respop idw1background idw2hotspot EMEP_dust EMEP_dust EMEP_dust idw2hotspot idw1background blh00 

10 idw1hotspot windspeed d2bkg EMEP_SO2 temp2m blh00 doy idw2background idw2background 

11 idw2hotspot idw1hotspot workpop idw1background idw1background d2hs EMEP_SO2 idw2hotspot mslp 

12 temp2m idw2background idw1hotspot idw1hotspot d2hs idw1hotspot mslp EMEP_seasalt EMEP_seasalt 

13 windspeed doy idw2background idw2hotspot EMEP_seasalt idw2hotspot EMEP_seasalt EMEP_dust EMEP_dust 

14 nightlight idw2hotspot idw1background temp2m idw1hotspot EMEP_seasalt EMEP_dust idw1hotspot temp2m 

15 imperviousness blh00 blh00 EMEP_seasalt idw2hotspot temp2m idw1hotspot blh12 idw1hotspot 

 244 
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Table S9: Total average spatial and temporal performance 246 

 247 

 248 

 249 

 250 

 Stage 3 - Base and ensemble learner spatial and temporal cross-validated 

performance 

   Spatial Temporal 

  R2 RMSE Inter. Slope R2 RMSE Inter. Slope 

NO2 RF 0.665 9.472 2.670 0.993 0.691 8.286 --- 1.093 

XGB 0.664 9.472 2.428 1.001 0.701 8.126 --- 1.031 

LGBM 0.666 9.452 2.445 0.989 0.679 8.423 --- 1.018 

RIDGE 0.520 11.311 6.173 0.895 0.486 10.690 --- 0.924 

LASSO 0.510 11.428 6.625 0.874 0.490 10.648 --- 0.902 

NNLS 0.665 9.471 2.513 0.985 0.707 8.053 --- 1.040 

PM10 RF 0.504 3.794 1.517 0.972 0.751 5.126 --- 1.065 

XGB 0.498 3.816 1.880 0.958 0.761 5.023 --- 1.048 

LGBM 0.496 3.824 1.774 0.955 0.750 5.137 --- 1.033 

RIDGE 0.423 4.092 2.350 0.964 0.476 7.416 --- 1.194 

LASSO 0.423 4.091 2.713 0.942 0.482 7.372 --- 1.134 

NNLS 0.497 3.820 1.828 0.951 0.763 5.006 --- 1.045 

PM2.5 RF 0.646 1.862 0.692 0.979 0.853 2.560 --- 1.059 

XGB 0.639 1.878 0.974 0.954 0.858 2.515 --- 1.031 

LGBM 0.642 1.870 0.834 0.963 0.853 2.564 --- 1.034 

RIDGE 0.578 2.036 0.923 0.997 0.575 4.360 --- 1.222 

LASSO 0.574 2.044 1.268 0.960 0.583 4.321 --- 1.167 

NNLS 0.641 1.872 0.891 0.956 0.861 2.484 --- 1.034 

 251 

  252 

Table 9: Full-period (2003-2021) average of spatial and temporal R2, RMSE (µg/m3), slope (µg/m3), 
and intercept (µg/m3) for each base learner and ensemble learner.  

All temporal intercept values are shown as blank as they are 0 by default. 



Table S10: Summaries of predictor values at monitor locations. 253 
Table 10 Summary values (minimum, maximum, mean, standard deviation and median) of variables at monitor 254 
locations. Values are the full period average. 255 

Variable Min. Max. Mean S.D. Median 

DEFRA_PM10 7.709 24.528 16.679 3.466 16.777 

DEFRA_PM25 4.769 16.761 11.239 2.471 11.477 

DEFRA_no2 2.915 53.257 22.44 9.436 21.094 

EMEP_NO 0.016 370.886 6.852 16.587 2.308 

EMEP_NO2 0.383 86.1 20.044 13.507 16.608 

EMEP_SO2 0.012 226.773 4.788 6.277 3.015 

EMEP_SO4 0.083 39.225 1.985 1.953 1.384 

EMEP_dust 0 18.335 0.308 0.878 0.051 

EMEP_pm10rh50 1.386 167.137 20.256 11.91 17.539 

EMEP_pm25rh50 0.877 124.198 12.738 10.501 9.231 

EMEP_seasalt 0.007 41.025 4.561 4.448 2.99 

SIsimpAv 1.218 9.259 5.619 2.661 6.189 

aod47mod 0.009 1.627 0.285 0.136 0.285 

aod47ra 0.009 1.038 0.186 0.119 0.162 

aod55mod 0.006 1.245 0.2 0.098 0.2 

aod55ra 0.007 0.874 0.158 0.098 0.139 

blh00 10.721 2183.243 448.478 343.147 367.932 

blh12 30.149 2431.663 936.009 393.715 919.993 

c19cases 1.105 15688.63 1315.357 1890.988 599.053 

d2airport 0.689 224.585 27.557 26.591 18.032 

d2sea 0.071 120.094 41.162 29.546 41.331 

elevation 1.145 672.885 50.886 58.702 31.95 

imperviousness 0.027 90.235 42.957 20.878 43.872 

lc1urban 0 1 0.756 0.307 0.89 

lc2airport 0 1 0.019 0.114 0 

lc3industr 0 0.537 0.011 0.059 0 

lc4vegetation 0 0.995 0.081 0.161 0 

lc5agric 0 1 0.055 0.157 0 

lc6pastures 0 0.951 0.056 0.149 0 

lc7greenwater 0 0.603 0.006 0.05 0 

lc8water 0 0.557 0.015 0.066 0 

lc9bare 0 0.153 0 0.008 0 

lroadslocal 0 24.001 11.233 4.629 11.526 

lroadsmajor 0 6.865 1.857 1.401 1.608 

lroadssecondary 0 3.181 0.458 0.637 0.048 

mslp 96665.69 104283.3 101474.1 1098.279 101573.2 

ndvi 3992365 87561661 47892452 13511435 48626660 

nightlight 0 141.146 36.046 28.212 28.693 

precipitation 0 0.033 0.002 0.002 0.001 

relhumidity 45.967 99.579 78.848 9.331 79.351 

respop 0 22620 4499.903 3700.249 3776.789 



stdelevation 0.682 90.734 7.471 8.501 5.157 

surfpressure 93412.95 104107.5 100561.4 1285.515 100696.5 

tcno2mod 0.016 38.612 5.21 3.348 4.575 

tcno2ra 0 0 0 0 0 

temp2m 267.331 297.641 283.621 5.195 283.62 

trafficmajor 0 539935.7 55951.31 74363.39 31289.87 

trafficminor 0 44239.25 4206.791 6605.654 302.881 

winddirection 0.004 359.993 200.088 90.061 220.519 

windspeed 0.014 16.567 3.782 1.872 3.572 

workpop 0 119894.5 7959.392 13301.41 4398.631 
  256 



Table S11: Summaries of variables over prediction grid 257 
Table 11: Summary values (minimum, maximum, mean, standard deviation and median) of variables throughout 258 
entire target grid. Values are the full period average. 259 

Variable Min. Max. Mean S.D. Median 

DEFRA_PM10 5.727 25.659 11.451 3.597 11.233 

DEFRA_PM25 3.493 17.88 7.353 2.447 7.156 

DEFRA_no2 1.02 53.739 7.144 5.124 5.786 

EMEP_NO 0 386.658 1.039 3.98 0.272 

EMEP_NO2 0.045 93.819 6.472 7.492 3.784 

EMEP_SO2 0.001 412.437 1.609 2.666 0.807 

EMEP_SO4 0.027 70.515 1.404 1.476 0.935 

EMEP_dust 0 106.569 0.253 0.828 0.034 

EMEP_pm10rh50 0.62 215.601 14.815 9.163 12.712 

EMEP_pm25rh50 0.511 176.229 8.246 8.056 5.194 

EMEP_seasalt 0.002 59.644 5.062 4.923 3.376 

aod47mod 0 3.008 0.278 0.131 0.275 

aod47ra 0.005 1.093 0.172 0.113 0.15 

aod55mod 0 2.343 0.195 0.094 0.192 

aod55ra 0.004 0.921 0.148 0.094 0.13 

blh00 10.008 2502.711 494.767 365.093 425.134 

blh12 14.699 2570.506 895.051 377.81 877.622 

d2airport 0.175 414.503 78.648 59.946 63.588 

d2sea 0 127.685 31.221 28.54 23.659 

elevation -2.559 1182.733 154.362 149.177 105.812 

imperviousness 0 91.196 3.205 8.807 0.329 

invd2airport 0.002 5.853 0.024 0.047 0.016 

invd2sea 0.008 452152 3.372 892.513 0.045 

lc1urban 0 1 0.065 0.193 0 

lc2airport 0 1 0.001 0.028 0 

lc3industr 0 1 0.003 0.033 0 

lc4vegetation 0 1 0.247 0.348 0.018 

lc5agric 0 1 0.265 0.365 0 

lc6pastures 0 1 0.266 0.34 0.06 

lc7greenwater 0 1 0.092 0.251 0 

lc8water 0 1 0.059 0.204 0 

lc9bare 0 1 0.001 0.024 0 

lroadslocal 0 34.813 1.886 2.698 1.199 

lroadsmajor 0 8.82 0.21 0.527 0 

lroadssecondary 0 4.401 0.118 0.339 0 

mslp 96250.79 104337.7 101365.2 1175.36 101476.5 

ndvi -2E+07 98684213 63357078 14764442 65459220 

nightlight 0 315.763 1.719 6.351 0.006 

precipitation 0 0.04 0.002 0.003 0.001 

relhumidity 42.763 99.942 80.654 8.937 81.23 

respop 0 22620 69.434 500.346 0 



stdelevation 0 238.14 18.565 20.707 11.495 

surfpressure 89227.59 104293.9 99571.94 1866.024 99864.01 

tcno2mod 0.001 41.495 3.33 2.702 2.453 

tcno2ra 0 0 0 0 0 

temp2m 263.967 297.884 282.58 4.992 282.581 

trafficmajor 0 1390257 4405.799 20748.36 0 

trafficminor 0 67881.84 661.139 2404.44 0 

winddirection 0 360 202.298 87.551 218.73 

windspeed 0 20.607 3.999 2.197 3.67 

workpop 0 126203 69.434 633.684 0 
  260 
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