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Abstract

Air quality is the largest environmental health risk in the UK, contributing to chronic illness.
Long-term exposure to ambient PM2 s results in more than 29,000 premature deaths each year
and leads to a reduction in life-expectancy of 7-8 months. However, throughout the year air
pollutant concentrations vary, controlled by the complex interaction between emissions,
meteorology, chemistry and topography, leading to short-term high pollution events. The
complexity of the relationships between these factors means that it is challenging to untangle
the drivers of high air pollutant concentrations. An improved understanding of the drivers and
impacts of high air pollution episodes is vital in informing policy to reduce the impact of short-

term air pollutant exposure on population health.

The aim of this thesis was to quantify the impact of different sources and processes on short-
term changes in ambient PM2 s across the UK as epidemiology studies have shown that short-
term exposure to PM2s is associated with increased mortality and morbidity. Several studies
had previously shown that the varied meteorology the UK experiences plays a large role in
controlling the concentrations of nitrogen dioxide and ozone. Therefore, we extend this
analysis to ambient PM. s concentrations. Additionally, wildfires are an emerging threat in the
UK due to climate change. The impacts of UK wildfires on air quality and health had not
previously been studied, since they had been so rare in the past. Quantifying the impacts of
wildfires on air quality and health is particularly important as wildfires since projected to
continue to occur more often in the future due to climate change. This is likely to result in
pollution from wildfires representing a larger fraction of the population’s annual exposure to
air pollution in the future. Therefore, it is important that the impacts are minimised through

effective science-led policy. This thesis is split into two key themes as a result: the impact of
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synoptic weather on ambient PM2 s concentrations and the impact of wildfires on air quality

and health.

Ground-based observations of PM2s concentrations, a back-trajectory model and output from
an atmospheric chemistry transport model were used to investigate the impact of synoptic
weather on ambient PM2s concentrations. This indicated that synoptic meteorology has a
substantial influence on ambient PM2 s across the UK. Easterly, south-easterly and southerly
winds transport pollutants from continental Europe to the UK, increasing ambient
concentrations observed. Alongside this, anticyclonic conditions lead to higher PMazs
concentrations due to the build-up of local emissions under slack winds. This indicates that
population exposure to ambient PM.s concentrations is closely linked to synoptic weather.
Therefore, policies which only consider reductions in local emissions may not yield the greatest

reductions in PM2s and international cooperation is also required.

The Saddleworth Moor and Winter Hill fires in 2018 were one of the first large wildfires in the
UK to occur close to a large urban population. They were used as a case-study for the potential
impacts of a UK wildfire on ambient air pollutant concentrations and human health. A
combination of observational data from satellites, ground-based monitoring, an aircraft flight
and an atmospheric chemistry transport model (WRF-Chem) were used to investigate the
impacts of the fires. Observations showed that concentrations of pollutants close to the fires
were high but, in areas downwind (> 80 km away), concentrations were also enhanced above
background values, exposing populations to high concentrations far from the fires. Alongside
this, secondary pollutants, such as ozone, were formed in the downwind smoke plume.
Modelling results indicated that a large proportion of the population in the region to the west
of Saddleworth Moor and Winter Hill were exposed to PM2s concentrations above the WHO

guideline limit and the moderate DAQI limit. The fires led to increases in the number of deaths
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brought forward due to exposure to PM2s compared to if there were no fires and as a result had

a large economic impact.

Finally, the impacts of the 2019/2020 Australian bushfires were estimated using WRF-Chem.
Fire emissions from FINN indicated PM2s emissions from the fires were unprecedented. The
WRF-Chem model was used to quantify the air quality and health impacts of PM2 s from the
fires. This indicated that large proportions of the population were exposed to dangerous
(‘Poor’,’V. Poor’ and ‘Hazardous”) air quality levels between September 1% 2019 and January
31t 2020. The impacts of the bushfires on AQ were concentrated in the cities of Sydney,
Newcastle-Maitland and Canberra-Queanbeyan and Melbourne, with Brisbane and Adelaide
less severely affected by the fires. Exposure to PM2s from the fires led to an estimated 180
(95% CI: 74, 294) deaths being brought forward between October 1% and January 31%. The
health impacts were largest in New South Wales, Queensland and Victoria. At a city-level the
health impacts were concentrated in Sydney, Melbourne and Canberra since they have large
populations that were exposed to high PM2 s concentrations for prolonged periods during the

fires.

Overall, this thesis aimed to quantify the drivers and impacts of short-term air pollution
episodes across the UK. Synoptic weather was shown to play and important role in ambient
PM2 s concentrations through the build-up of local emissions and long-range transport of PMz s
to the UK under continental air masses. This highlights the need for continued cooperation to
reduce emissions across Europe. The impact of short-term emerging threats, such as wildfires,
was also quantified. This indicated that short-term high pollution events have the potential to
have a substantial impact on air quality and health. With increased wildfire frequency projected

in the future due to climate change, the results of this work highlight that more research is
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required to quantify the cost-benefits of public health interventions or changes in land-

management practices that may reduce the risk of wildfires in the UK and Australia.
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Figure 18. Source categories responsible for the largest impact on mortality linked
to outdoor air pollution in 2010. Source categories that are colour coded are:
IND, industry; TRA, land traffic; RCO, residential and commercial energy
use (e.g. heating, cooking); BB, biomass burning; PG, power generation;
AGR, agriculture; and NAT, natural. In the white areas, annual mean PMz2s
is below the concentration—response threshold. (Lelieveld, et al., 2015). . 54

Figure 19. Annual average PM2s concentrations due to combustion emissions from
(a) power generation; (b) commercial, institutional, residential, and
agricultural sources; (c) industry; (d) road transport; (e) other transport; and

(F) all UK combustion sources (Yim, and Barrett, 2012)...........cccccvevurenenne. 59
Figure 20. Flowchart of the WRF-Chem Modelling System (Peckham, et al., 2015).
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Figure 21. WRF-Chem domain for Saddleworth Moor Fires 2018 simulations76
Figure 22. WRF-Chem domain for Australia wildfires 2019/2020 simulations 77

Figure 23. An overview of the datasets and method used in this study. Lamb weather
types (LWT) are combined with observations of PM2sconcentrations from the
Automated Urban and Rural Network (AURN), back trajectories from the
Reading Offline Trajectory Model (ROTRAJ) and a gridded emission dataset.
We also compare our results to a chemistry transport model (EMEP4UK).

....................................................................................................................... 103

Figure 24. Gridded emissions of primary PMzs for 2010 are shown as an example
(annual varying emissions were used between 2010 and 2014). For the outer
domain (Purple Box), gridded annual EMEP emissions at 0.5° resolution from
the Centre for Emission Inventories and Projections (CEIP, www.ceip.at) are
used. While for the inner domain (Red Box) gridded annual National
Atmospheric Emissions Inventories (NAEI) emissions at 0.01° resolution are
aggregated to 0.05° resolution. Emissions outside of Europe are provided by
the Emission Database for Global Atmospheric Research with Task Force on
Hemispheric Transport of Air Pollution (EDGAR-HTAP) version 2.2
emissions for 2010 at 0.1° resolution (Janssens-Maenhout, et al., 2015). More
information in Supplementary Material: Emissions section. .................. 108

Figure 25. (a) Annual observations and (b) seasonal: (i) spring (ii) summer (iii)
autumn (iv) winter observations of PMzsconcentrations from 42 UK AURN
sites between 2010-2016 under different Lamb Weather Types (LWTS) (ug m
%). Mean concentrations are shown in red, with the 10t 25t 75" and 90t
percentiles in blue. The mean of all LWTs, is shown by the green dashed line.
The frequency of each LWT (in %) for the 2010-2016 period, annually and
seasonally is also INdiCated. ... 111
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Figure 26. Multi-annual mean PMz2s concentrations from 42 UK AURN monitoring
sites (2010-2016 average in pug m-3) averaged over all LWT regimes. The mean,
75" and 90t percentile PM2s concentration calculated from all sites is shown
on the top right of each panel. ..........cccccoooe e, 113

Figure 27. The multi-annual mean PMg2s anomaly relative to annual mean
concentration averaged over all LWT regimes (relative to multi-annual mean
concentration averaged over all LWT regimes (2010-2016) (in pg m2), shown
in Figure 26) under different flows directions is shown in panels (a) to (f). For
clarity, we show the three flow directions with the largest positive anomaly ((a)
easterly, (b) south-easterly and (c) southerly) and the three flow directions
with the largest negative anomaly ((d) northerly, (e) westerly and (f) north-
westerly). The mean, 75" and 90™ percentile PM25 concentrations calculated
from all sites are shown on the top right of each panel. Sites where the anomaly
is statistically significant (p <0.05) are indicated by black contouring and the
percentage of sites where anomalies are statistically significant is also
indicated in the top right panel (% sig). The frequency of each LWT (in %)
for the 2010-2016 period is also indicated. ...........c.ccoovvvriiieiiniieiiiens 115

Figure 28. AURN annual mean PMzs anomalies (relative to multi-annual mean
concentration averaged over all LWT regimes (2010-2016 (in pg m3), shown
in Figure 26). Concentrations and anomalies sampled under (a) anticyclonic
(b) cyclonic and c¢) unclassified weather types are shown. The mean, 75" and
90™" percentile PM2s concentration calculated from all sites is shown on the
top right of each panel. Sites where the anomaly is statistically significant (p
<0.05) are indicated by black contouring and the percentage of sites where
anomalies are statistically significant is also indicated in the top right panel
(% sig). The frequency of each LWT (in %) for the 2010-2016 period is also
INAICATEA. ...t e e e sae e 116

Figure 29. Median UK (background AURN sites) integrated PMz2.s emissions (ug m-
2) accumulated over the daily (12 UTC, 2010-2014) ROTRAJ back trajectories
(4 days — 15-minute time steps), with a 7-day e-folding lifetime, binned by
LWT flow directions. Red circles represent the UK fractional contribution to
trajectory accumulated PM2.5 @MISSIONS. ......cccuviieivereiieseene e nee e 118

Figure 30. The multi-annual mean PM2s anomaly relative to annual mean
concentration averaged over all LWT regimes (relative to multi-annual mean
concentration averaged over all LWT regimes (2010-2016) (in pg m3)) under
different flow directions from the EMEP4UK model. 10m winds, also from the
EMEP4UK model (nudged to 3-hourly GFS analysis), are over plotted. All
LWT wind directions and synoptic types are Shown.............cc.ccocevvenvnnne 121

Figure 31. Percentage occurrence (defined as the percentage of occurrences of
easterly, south-easterly and southerly (and westerly north-westerly and
northerly) LWTs in each bin) of easterly, south-easterly and southerly
weather types and westerly, north-westerly and northerly in each DAQI PM2s
concentration bin. Bins 1-10 indicate PM2.5 concentrations of 0-11, 12-23, 24-
35, 36-41,42-47,48-53,54-58,59-64,65-70, >71 (all in pg m3)..........c......... 123
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Figure 32. CEISIN population count (2015). Black triangles indicate the locations
of Saddleworth Moor (SM) and Winter Hill (WH), the cities of Manchester
(Man) and Liverpool are also marked. Black circles indicate AURN
observation sites used in Figure 33. The flight path of the FAAM aircraft on
29" June 2018 is also shown in grey, with near-field and downwind sections
(Figure 35-Figure 37) of the flight highlighted in red and blue............... 140

Figure 33. AURN observations of volatile and non-volatile PMzs for 16™ June — 14t
July 2018. Non-volatile PM2s is indicated by the red solid line (2018) and pink
shading (2013-2017 standard deviation). Volatile PMzs s indicated by the blue
solid line (2018) and light blue shading (2013-2017 standard deviation). The
total PM2s concentration for 2018 is also indicated by the black dashed line
and the fire period in grey. The WHO 24-hour guideline limit is also in green
TOF FETEIENCE. ... 144

Figure 34. TROPOMII total carbon monoxide (TCCO, moles m-?) measurements of
the Saddleworth Moor wildfire (25" — 30" June 2018). Black and purple
polygon-outlined regions represent the fire plume (>0.03 moles m-2) and edge
of plume (0.025-0.03 moles m?). Black dots show pixels where MODIS fire
radiative power (FRP) is > 50 mW m2. White dots show the location of the
Saddleworth Moor and Winter Hill fires. Blue dots show the location of
Manchester and Liverpool. The box and whisker schematics represent
TROPOMI tropospheric column nitrogen dioxide (TCNO2, 10-5 moles m)
sub-sampled “in-plume”, “edge of plume” and “out of plume” TCCO
thresholds. TCNO2 is also sub-sampled under fire pixels (FRP > 50 mW m)
and non-fire pixels (FRP < 50 mW m). Red, green and blue represent the
median, 251" and 75" percentiles and 10" and 90" percentiles, respectively.
....................................................................................................................... 146

Figure 35. Facility of Airborne Atmospheric Measurements (FAAM) observations
of carbon monoxide (CO, ppbv) and ozone (Os, ppbv) from the Saddleworth
Moor wildfires on 29th June 2018. (a) CO concentration along flight path (b)
Os concentration along flight path (c) time-altitude CO profile, (d) time-
altitude Os profile, ) CO (black) and Os (red) time-series. Time stamps for
the flight are included in (a) for reference to in (c) and (d). The sections
bounded by the red and blue dashed lines in panels (a), (b), () and (f)
represent the near-field (NF) and downwind (DW) time phases of the flight.
The horizontal purple dashed line in (e) indicates the “in-plume” (> 125 ppbv)
versus “out of plume” (< 125 ppbv) threshold. .....................cccoi 150

Figure 36. Box and whisker schematic of CO (left, ppbv), Os (centre, ppbv) and NO2
(right, ppbv) “in-” and “out of plume” (CO > 125 ppbv). Red, green and blue
represent the median, 25th and 75th percentiles and minimum and maximum
concentrations, respectively. NF and DW represent the near-field and
downwind phases of the pluMe. ... 153
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Figure 37. CO (ppbv) and Os (ppbv) relationship for different Saddleworth Moor
fire plume phases (29th June 2018). Black circles represent all data defined as
“out of plume” (<125 ppbv CO), red circles are “in plume” near field and blue
symbols are “in plume” downwind. Blue crosses, diamonds and circles
represent measurements between 0.25-0.5 km, 0.6-0.85 km and above 0.9 km.
Dashed lines represent the CO-Os regression for different fire plume altitudes
where all downwind relationships are significant at the 95% confidence level
) TSSOSO 155

Figure 38. Population count (km-2) (2015) in model domain with Automated Urban
and Rural Network (AURN) sites used in model evaluation over plotted
(Supplementary Material: Table 12). Sites where elevated PM2.s was observed
are indicated by red stars and those where concentrations remained below 50
ug m3 by black circles. The locations of Saddleworth Moor and Winter Hill
are indicated by black triangles. Fire emissions, from FINNv1.5 (time-varying
scaling), between June 23" and June 30t are indicated by red circles — each
circle represents a fire hotpot from MODIS, while the size of the circles is
relative to the mass of PMzsemitted in kg day (scale on left). The area over
which scaling was applied to the FINN fire emissions is also shown by the blue
box. More details on AURN sites can be found in Supplementary Material:
TADIE 12, .. e 176

Figure 39. Hourly observed and simulated surface PM2s between June 16™ 2018
and July 14% 2018. Modelled values are from the time-varying scaling
simulation (see Wildfire emissions and Model Evaluation sections and Table
8), in magenta, and observations from AURN sites are in black. Locations
where PMzs observations are elevated are shown by red stars and time series
site names in red. The period when the Saddleworth Moor and Winter Hill
fires occurred is indicated in grey shading. .......c.ccocovvvinieiiienc s 185

Figure 40. (a) Areas of low (<36 ng m), moderate (36 - <53 ng m3), high (54 - <70
ug m3) and very high (>71 ug m=) PMzs as defined by the Daily Air Quality
Index (DAQI). Coloured numbers correspond to total number of people
exposed to each DAQI level on at least one day between June 23" and June
30t 2018. See Supplementary Material: Table 13 for more information on the
DAQI. (b) Areas where PM2s is above the WHO 24-hour limit of 25 ug m-3
and total population exposed to PMzs below (green) and above (red) this
threshold on at least one day between June 23" — June 30™. (c) Mean increase
(%) in PMz2:s due to fires between June 23" and June 30t 2018. Calculated as,
PM2.5 Fires — PM2.5 No FiresPM2.5 No Fires x 100, where 10
represents a 10% increase in PMzs. Locations of large urban areas and
Saddleworth Moor (SM) and Winter Hill (WH) are also indicated for
] (=] =T ot USSR 191
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Figure 41. (a) Total Excess Mortality (Em) across the entire simulation domain from
PMzs in the fires and no fires simulations. The fraction of mortality due to
fires across the model domain between June 16" — July 14t 2018 is also shown,
calculated as (E m FIRES — E m NO FIRES Em FIRESx 100). 95%
confidence intervals, based on uncertainty in the concentration-response
function, are indicated by red and blue shading. (b) Percentage increase in
excess mortality (Em) due to fires (Em FIRES —
E m NO FIRES Em NO FIRESx 100), with the economic cost of mortality
from fires (in millions of pounds (M GBP)) also shown..............ccccc....... 194

Figure 42. PMz2s fire emissions (Tg day?) across Australia between March 2019 and
March 2020 from the FINN near-real time fire emission dataset. The
timeseries shows the 2010-2018 25" and 75" percentiles of daily PMz2s
emissions each day (red) and the mean 2019-2020 daily PM2.semissions (blue).
Inset map: Map of PMzs fire emissions (Tg day™) across eastern Australia
between March 2019 and March 2020. ..........ccoceveieiieieeie e 223

Figure 43. (a) Observed (black) and simulated (magenta and cyan) daily mean PMzs
concentrations. Simulations shown are no fires (cyan) and fires (magenta).
The mean PMz2s concentration from all 64 observational sites across eastern-
Australia is shown for the model and observations. (b) The same as above but
for individual cities. The observed (black) and simulated (magenta and cyan)
mean PMz2s concentrations are shown for each city. The total number of sites
in each city is also shown on the left of each panel. ...........c..cccoiienni. 225

Figure 44. Daily population exposure (in millions) to Australian Air Quality Index
Values across eastern-Australia (nudged BL_fires simulation) between
September 1t and January 31%t. More information on how the AQI is
calculated in Supplementary Material: Table 25. Daily population-weighted
bushfire PMz:s exposure across all states in model domain (red) and regionally
for Victoria (green), Australian Capital Territory blue (yellow) and
Queensland (purple) (nudged BL_fires-nudged BL_no_fires simulation)
between September 15t and January 315 ... 228

Figure 45. Daily population exposure (in millions) to Australian Air Quality Index
Values in individual cities (Brisbane (Queensland), Sydney (NSW), Newcastle-
Maitland (NSW), Canberra-Queanbeyan (ACT) and Melbourne (Victoria))
between September 15t and January 31%t. More information on how the AQI is
calculated in Supplementary Material: Table 25. Daily population-weighted
bushfire PMz2s concentration in the cities of Brisbane (blue), Newcastle-
Maitland (purple), Sydney (green), Canberra-Queanbeyan (yellow),
Melbourne  (grey) and  Adelaide  (orange) (nudged BL _fires-
nudged_BL_no_fires simulation) between September 1%t and January 31%
....................................................................................................................... 232
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Figure 46. Estimated increase in the number of deaths brought forward across
model domain (red) and the states of Victoria (green), Australia Capital
Territory [ACT] (blue), New South Wales [NSW] (yellow) and Queensland
(purple) due to PMa2s from bushfires (fires only) between October 1%t and
January 31%t. Shading indicates the 95% confidence intervals of the estimate.
The number of deaths brought forward due to bushfire PM2s (fires only) (red)
between October 1%t and January 31% is also broken down by city and region
and the total number of deaths shown above the bars. The estimated number
of deaths brought forward in each state due to bushfire PMzs (fires only) (red)
in this study are compared to the Borchers Arriagada et al. (2020) estimate
(indigo) and Ryan et al. (2021) for the same period..........ccccocevervrnnnne. 235

Figure 47. Sources of uncertainties within modelling health impacts from wildfire
POHULANTS. ...t es 261

Figure 48. Median UK (background AURN sites) total accumulated PM2.semissions
(ug m?) accumulated over the daily (12 UTC, 2010-2014) ROTRAJ back
trajectories (4 days — 15-minute time steps), with a (a) 1-day (b) 3-day (c) 7-
day and (d) 14-day e-folding lifetime, binned by LWT flow directions. Red
circles represent the UK fractional contribution to trajectory accumulated
PIM2.5 BMISSIONS. ...ttt sttt e sreens 329

Figure 49. 2010-2016 daily modelled (cyan and magenta) and observed (blue and
red) PM2.5 concentrations, binned by LWT. Mean (red/magenta), 10th, 25th,
75th and 90th percentiles are shown. The mean modelled (magenta) and
observed (red) PM2.5 concentration for all LWTs is shown by the dashed line.
....................................................................................................................... 332

Figure 50. Annual mean concentration and anomaly between 2010-2016 for daily
modelled (EMEP4UK) and observed PMz2s concentrations at AURN
observation sites, binned by LWT. The Pearson correlation (r) is shown at the
top of eaCh PANEL. ........oovviicee 332

Figure 51. ERA-Interim 1200Z mean sea level pressure (hPa 0.5° x 0.5° grid)) with
ERAJ5 geopotential height (m) at 850 hPa overplotted in red for June 19t-30t
2018 over Northern England. The black dots represent the location of
Saddleworth Moor and Winter Hill............ccoco o 337

Figure 52. ECMWEF ERA-Interim 2-m temperature (K, 0.5° x 0.5° grid) for June
19t-30t 2018 over Northern England. The black dots represent the location
of Saddleworth Moor and Winter Hill..............ccoooveiiieiii e 338

Figure 53. ECMWF ERA-Interim 10-m wind speed (m s-1, 0.5° x 0.5° grid) for June
19t-30t 2018 over Northern England. The black dots represent the location
of Saddleworth Moor and Winter Hill..............ccoooveiiieiii e 339

Figure 54. MODIS visible images, from NASA’s Aura and Terra satellites, of the
Saddleworth Moor and Winter Hill fires between June 25%-30t. The locations
of Saddleworth Moor and Winter Hill are indicated in white, while the
locations of Manchester and Liverpool are shown in cyan..................... 341

Figure 55. MODIS fire radiative power (FRP, mW m-2, 0.1° x 0.1° grid) for June
19t-30t 2018 over Northern England. The white dots represent the location
of Saddlworth Moor and Winter Hill. ... 343
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Figure 56. Back trajectories from HYSPLIT for the aircraft flight on June 29t 2018.
Trajectories are released from various locations at 250-1000m heights based
on the aircraft altitude and track during the near-field and downwind sections
of the flight. The path of each trajectory is indicated on the map, while the
altitude above ground level is indicated on the bottom plot. ................... 345

Figure 57. TROPOMI tropospheric column nitrogen dioxide (TCNOz2, 10-5 moles
m-2) measurements of the Saddleworth Moor wildfire (June 25" — 30t 2019).
Black and purple polygon-outlined regions represent the TROPOMI total
column carbon monoxide (TCCO) fire plume (>0.03 moles m-?) and edge of
plume (0.025-0.03 moles m?). Black dots show pixels where MODIS fire
radiative power (FRP) is > 50 mW m2. White dots show the location of the
Saddleworth Moor and Winter Hill fires. Blue dots show the location of
Manchester and Liverpool. The box and whisker schematics represent TCNO:2
sub-sampled under the plume, edge of plume and out of the plume TCCO
thresholds. TCNO: is also sub-sampled under fire pixels (FRP > 50 mW m)
and non-fire pixels (FRP < 50 mW m2). Red, green and blue represent the
median, 25t & 75™ percentiles and 10t & 90t percentiles, respectively.349

Figure 58. Total column averaging kernels reflecting the altitude sensitivity of the
CO total column TROPOMI retrieval during the Saddleworth Moor fire days
(June 25"-30t 2018) for three specific location, Manchester, Liverpool and
SaddIEWOrth IMOOK . ..o 350

Figure 59. Facility of Airborne Atmospheric Measurements (FAAM) aircraft path
(hours since 00 UTC) and altitude(m above ground level (AGL)) from the
Saddleworth Moor wildfires on June 291 2018. ..........cccccceevevereveeererenee. 352

Figure 60. Facility of Airborne Atmospheric Measurements (FAAM) aircraft
measurements of nitrogen dioxide (NOz2, ppbv) (red) and carbon monoxide
(CO, ppbv) (black) from the Saddleworth Moor wildfires on June 29th 2018.
The sections bounded by the red and blue dashed lines represent the near-field
(NF) and downwind (DW) time phases of the flight. The horizontal purple
dashed line indicates the “in-plume” (> 125 ppbv) versus “out of plume” (<
125 pphbv) threshold. .........coooiieee e 355

Figure 61. Facility of Airborne Atmospheric Measurements (FAAM) time-series
observations of carbon monoxide (CO, ppbv) (black) and PM2s concentration
(ug M) (red) from the Saddleworth Moor wildfires on June 29t 2018. The
sections bounded by the red and blue dashed lines represent the near-field
(NF) and downwind (DW) time phases of the flight. The horizontal purple
dashed line indicates the “in-plume” (> 125 ppbv) versus “out of plume” (<
125 ppbv) threshold. ... 356

Figure 62. Box and whisker schematic of PM2s aerosol concentration (ug m=) and
CO (right, ppbv “in-” and “out of plume” (CO > 125 ppbv). Red, green and
blue represent the median, 25" and 75" percentiles and minimum and
maximum concentrations, respectively. NF and DW represent the near-field
and downwind phases of the plume..........cccocoiiiiin 357
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Figure 63. Aircraft transect representing the fire plume the near-field (NF) flight
segment. Red crosses represent where the aircraft was sampling “in-plume”
air defined as CO concentrations > 125 ppbv. The plume width is
approximately 4482 m and the plume thickness is approximately 52 m,
representing an approximate rectangular cross-section. ...........cc.ccoeveeeee 359

Figure 64. 1ASI total column carbon monoxide (TCCO, 1018 molecules cm2) for
June 25 - 30t 2018. Daily background concentrations have been subtracted
based on the 1-0°W, 55-56°N average sub-region column value. The black
circle representations the location of the Saddleworth Moor fires. ........ 361

Figure 65. Area over which scaling was applied (blue) to FINNv1.5 emissions for
use in WRF-Chem simulations over plotted on peat coverage in domain (Xu,
BL AL, 2018) ...t 368

Figure 66. Hourly observed and simulated surface PM2s between June 16™ and July
14% 2018. Modelled values are from the no fires (green), no scaling (yellow),
10x scaling (cyan) and time-varying scaling simulations (magenta) (see
Manuscript: Model Evaluation and Table 8). Observations from AURN sites
are indicated iN BIACK. ........ccooviiiii 369

Figure 67. (a) Time-varying scaling, (b) 10x scaling and (c) no scaling simulated and
observed hourly PMzs concentrations at all sites. Individual sites are shown in
(d-f), with the mean for each observational site between June 16" — July 14t
2018 indicated by coloured crosses. The 1:1, 0.5:1 and1:0.5 lines are shown for
reference. The mean correlation coefficient (r), mean bias (MB), normalised
mean bias (NMB) and root mean squared error (RMSE in ug m3) across all
sites for the simulation period (June 16" — July 14™ 2018) are also indicated in
(B)7(C)- cre et ns 370

Figure 68. Areas of low (0-35 pug m-3), moderate (36-53 pug m-3), high (54-70 pg m3)
and very high (>71 pg m3) PMzs, as defined by the Daily Air Quality Index
(DAQI). Coloured numbers correspond to total number of people exposed to
each DAQI level on each day. Saddleworth Moor (SM) and Winter Hill (WH)
are indicated by black triangles, while highly populated urban areas are
indicated by black circles and abbreviated in line with definitions in Figure
65. See Table 13 for more information on the DAQI. .......cccocoevveievenee. 375

Figure 69. Areas where PMz2sis above the WHO 24-hour limit of 25 ug m- and total
population exposed to PMzs below (green) and above (red) this threshold on
each day between June 23" and June 30t 2018. Saddleworth Moor (SM) and
Winter Hill (WH) are indicated by black triangles, while highly populated
urban areas are indicated by black circles and abbreviated in line with

definitions iN FIQUIE B5........ccoiiiiiiiiee e 376
Figure 70. Daily mean percent increase in PM2s due to fires between June 23" and
June 30t 2018. Calculated as, PM2.5 Fires —

PM2.5 No sFiresPM2.5 No Fires x 100, where 10% represents a 10%
increase in PM2s. Saddleworth Moor (SM) and Winter Hill (WH) are
indicated by black triangles, while highly populated urban areas are indicated
by black circles and abbreviated in line with definitions in Figure 65. .. 377
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Figure 71. Areas of low (0-35 pug m), moderate (36-53 pug m3), high (54-70 pg m-3)
and very high (>71 pg m=) PMzs as defined by the Daily Air Quality Index
(DAQYI) in the no fires simulation. Saddleworth Moor (SM) and Winter Hill
(WH) are indicated by black triangles, while highly populated urban areas are
indicated by black circles and abbreviated in line with definitions in Figure
38. See Table 13 for more information on the DAQI. .......ccooviviiiveenn. 378

Figure 72. Comparison of FINNv1.5 and FINN near-real time (NRT). 2010-2019
FINNv1.5 PMzs emissions (red) and 2018-2020 FINN near real time (NRT)
PMzs emissions are plotted against MODIS hotspots. The linear fit for 2010-
2019 FINNV1.5is Shown in DIUE. .....ccvoiiiiiiecc e 392

Figure 73. Annual fire PM2s emission estimates for Australia in 2019. The five key
fire emissions datasets are shown: GFED, FINN, GFAS, QFED and FEER

(Liu, et al., 2020)....c.ccieieiiieiiesiesieee e 393
Figure 74. Ground-based observational sites used in model evaluation of daily mean
PM2.5 CONCENTIALIONS. ...o.vvevieeieiiie ittt staeee e sne e 394

Figure 75. Comparison of PM2s concentrations from model sensitivity simulations
with PMz2s observations from 80 observational sites across eastern-Australia.
The fires, no_fires, plume_rise and scaled_1.5 simulations, in which all
meteorological variables above the BL were nudged, while within the BL only
horizontal and vertical winds were nudged. In the fires and scaled 1.5
simulations fire emissions were released evenly through the BL, while in
plume_rise the plume rise module was used. The fires and plume_rise
simulations used FINN NRT emissions and in the scaled_1.5 simulation these
emissions were scaled by 15 in Australia. In the nudged BL,
nudged BL_no_fires and nudged BL scaled 1.5 simulations nudging was
performed for all vertical levels and all meteorological variables. The
nudged_BL and nudged_BL _1.5 simulations used FINN NRT emissions and
in the nudged BL_1.5 simulation these emissions were scaled by 1.5 in
Australia and fire emissions were released evenly through the BL. In both the
no_firesand nudged_BL_no_fires simulations no fire emissions were released.
....................................................................................................................... 397

Figure 76. Comparison of daily mean PMzs concentrations from model sensitivity
simulations with PMz2s observations from 80 observational sites across
eastern-Australia. Observations are shown in black, nudged BL_fires in
magenta and nudged_BL_no_fires in cyan for each site............c.cc.cocoe.... 400

Figure 77. Monthly mean modelled PMz2s concentrations across eastern-Australia
from the fires (nudged_BL _fires) simulation. Monthly mean observations are
OVEE PIOTEEA. ... 401

Figure 78. Monthly mean percentage of PMzs attributable to fires, calculated as
PM2.5 fires — PM2.5 no fires PM2.5 fires using the nudged_BL_fires
and nudged_BL_no_fires simulations. Monthly mean PMa2s concentrations
from the nudged BL _fires simulation are also over plotted in contours for
] (=] =T (ot USSR 402

Figure 79. Monthly mean percentage increase in PMgs attributable to fires,
calculated as PM2.5 fires — PM2.5 no fires PM2.5 no fires using the
nudged_BL_fires and nudged_BL _no_fires simulations. ..........c..c.......... 403
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Figure 80. Daily population exposure to Air Quality Index Values across eastern-
Australia between September 15t and January 31% in the nudged_BL_no_fires
simulation. More information on how the AQI is calculated in Table 25.404
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Chapter 1 - Introduction

Motivation

Exposure to ambient air pollution has been shown to increase mortality, as well as shorten life
expectancy (United States Environmental Protetion Agency (US EPA), 2009); World Health
Organization, 2005). Within the UK, air quality is the largest environmental health risk,
contributing to chronic illness (Department for Environment Food & Rural Affairs, 2019).
Health is adversely affected through both exposure to short-term high pollution events, such as
long-range transport or a wildfire, and long-term lower-level pollution, from ambient
concentrations (Department for Environment Food & Rural Affairs, 2019). Long-term
exposure to ambient PM_ s in the UK results in more than 29,000 premature deaths each year
(Committee on the Medical Effects of Air Pollutants, 2010) and leads to a reduction in life-
expectancy of 7-8 months (Department for Environment Food and Rural Affairs, 2007). The
main economic cost of air pollution stems from the adverse health impacts of population
exposure to PM2sand is estimated to be between £8.5 and £20.2 billion each year (Department
for Environment Food and Rural Affairs, 2007). It is estimated that if no additional measures
are implemented, on top of current targets, the economic cost will remain high, at £6.2 to £14.7
billion in 2020, and average life expectancy will continue to be reduced, by 5.5 months

(Department for Environment Food and Rural Affairs, 2007).

The concentration of air pollutants varies in space and time, meaning that the air pollutant
concentrations which a population is exposed to at any one location is affected by several

sources (Figure 1):



B LOCAL
EEN LRT
B EVENTS

Air Pollutant Concentration

Time

Figure 1. Schematic profile of source contributions to air pollutant concentrations at a given
location. Local emissions, which determine the background concentrations, in grey
(LOCAL), long-range transport of regional and international emissions, in magenta
(LRT), and emissions from events such as fires, in cyan (EVENTS).

1) Local emissions, such as those from traffic or power generation.
2) Long-range transport of non-local (regional or international) emissions.

3) Sporadic events, such as wildfires.

Additionally, other secondary factors can interact with these sources to enhance or decrease air

pollutant concentrations, including:

1) tropospheric chemistry (through the production of secondary pollutants and the removal
of primary and secondary pollutants)
2) meteorology (through accumulation and removal processes)

3) topography (through accumulation and removal processes)

These secondary factors vary both spatially and temporally (Vallero, 2014). Therefore, their
relative contributions vary throughout the year on monthly, daily and hourly timescales, and
also vary between different pollutants. This leads to concentrations and population exposure in
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a specific location being influenced by a range of sources and factors at different scales and
magnitudes (Figure 1). The complexity of the temporal and spatial variability between
emissions, secondary factors and concentrations means that it is challenging to untangle the
drivers of high air pollutant concentrations. This inhibits effective legislation to reduce
population exposure over both short- and long- time scales, since both long-term and short-
term exposure to air pollutants have a measurable impact on health. In order to reduce the
negative health impacts of air pollution by half the UK Government set stringent emission
reduction targets for 2020 and 2030 (Department for Environment Food & Rural Affairs,
2019). However, in order to achieve these targets in 2030, an improved understanding of the
sources of pollutants and their relative contribution to concentrations at a given location are

vital in providing a robust evidence base.

1.1 Air Pollutants

Air pollution can be defined as any natural or man-made trace constituent that has a measurable
effect on humans, animals, materials or the natural environment between emission and removal
(Seinfield, 1986). Pollutants can exist in gaseous, particulate (aerosol) or semi-volatile form.
They can either be directly emitted as ‘primary pollutants’, or formed through reactions
between primary emissions after they have been released into the atmosphere, known as
‘secondary pollutants’. Primary pollutants include sulfur dioxide (SO>), nitrogen oxides (NOx
which includes NO and NO.), carbon monoxide (CO), ammonia (NH3) and particulate matter
(PM) (Figure 2) (Public Health England, 2018). These are emitted from a range of
anthropogenic sources, shown in Figure 2, but can also be emitted from natural sources such

as deserts and oceans.
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Figure 2. UK anthropogenic air pollution sources sectors. The fractional contribution of each
pollutant to emissions from each sector are shown as a percentage (white) and the
dominant air pollutant of each sector is indicated (orange). (Public Health England,
2018).

Secondary pollutants include nitrogen dioxide (NO2), ozone (O3) and several species of PM,
including ammonium sulfate (NHsNOs3) and ammonium nitrate (NaNOgz). Once emitted,
pollutants generally exist as trace constituents, however concentrations can vary greatly
spatially and temporally depending on emission, chemical transformation, transport and

removal processes.



1.1.1 Atmospheric Particles

Aerosol particles are suspensions of solid, liquid, or mixed particles (Putaud, et al., 2010). They
are very variable in chemical composition and have a wide range of sizes, dependent upon their
formation (Figure 3). Particles can be separated into four distinct modes based on their particle
diameter: the nucleation, Aitken, accumulation and coarse modes (Figure 3). The particle
diameters, sources, formation, growth and removal of each of these particle modes are shown

in Figure 3 and Table 1. Table 1 also gives the number/mass concentration and atmospheric

lifetime.
gaseous aequous haze mineral dust pollen, bacteria, spores
precursors nano particles soot particles smoke particles volcanic ash plant debris
(H,SO,,...) seasalt - cloud droplets
_ nucleation _ condens condensation -> condensation -> condensation _ _ _ _ _ _ _ _________ 3
o Sk i -> coagulation > coagulation > coagulation
H;50, evaporation abrasion
NOE %" S € 2 = — = T e e e e e e s s e e e e e ———
NO;
ST e R S Activation as
g::‘pr{::e‘ nucleation- accumulation- Cloud Droplet
reactions mode mode

| | | ] |
Particle Diameter[nm]

Figure 3. Schematic multi-modal particle size distribution. The four key size modes are labelled
— ‘nucleation’, ‘Aitken’ ‘accumulation’ and ‘coarse’. Typical transformations and
example particle types within each mode are also shown (Deutscher Wetterdienst, 2017).



Table 1. Overview of aerosol modes shown in Figure 3 (Willeke, and Whitby, 1975).

Aerosol Mode Particle = Formation Growth Removal Number Atmospheric
diameter Processes Processes Concentration  Lifetime
(um) / Mass
Nucleation <0.01 Nucleation Gas to particle | Growth to High number
conversion larger modes by : concentration
(condensation | condensation <1 hour
) and coagulation = Low mass
Aitken <0.1 Condensation = Coagulation Growth to High number
and larger modes by | concentration
coalescence = condensation A few days
and coagulation = Low mass
Accumulation 0.1-2.5 | Condensation/ = Collision of Inefficient Low number 1-2 weeks
particles, removal and concentration
coagulation condensation = slow growth to
of gases onto  larger modes High mass
particles
Coarse 25— Condensation/ . Coagulation Sedimentation Low number Hours to days
concentration
10 coagulation

High mass

1.1.1.1 Particulate Matter

The three largest aerosol modes (Aitken, accumulation and coarse (Figure 3 and Table 1)) are

often used to classify particulate matter aerosol (PM), based on particle diameter. PM is split

into the ultrafine fraction (diameter <0.1 um), the fine fraction (diameter >0.1 um and <2.5

pm — PMas) and the coarse fraction (diameter >2.5 um but <10 um — PMyo) (Figure 3 and

Table 1). Though PM is generally classified by its size, the composition and shape of PM within

each size fraction can vary greatly (Seinfield, et al., 2016), based on many factors including



emission sources, secondary formation, meteorology and geography (Department for

Environment Food & Rural Affairs, 2019).

The size of PM and duration of exposure are key in determining the potential adverse human
health effects. Generally, PMyis too large to be respirable so is deposited in the nose or throat
(Figure 4). However, PM2sis small enough to be inhaled deep into the lungs, where it can have
a negative impact on health (Figure 4, Figure 5). PMy can penetrate into the alveoli, through

the bronchioles (Figure 4) and PMo.1 can cross through the capillaries in the alveolar walls into

the blood (Figure 4).

Figure 4. Particulate matter size and penetration into the body (Clean Fuels Development
Coalition, 2019)

The strongest epidemiological evidence is associated with exposure to PMas (Harrison, et al.,
2004; Pope 111, 2007; Pope 111, and Dockery, 2006; Public Health England, 2018). Exposure to
PM2 5 is associated with increases in morbidity and mortality over short and long-time scales
(GBD Collaborators 2015, 2017) (Figure 5). The exacerbation of asthma and respiratory
inflammation is shown to be associated with short-term exposure (Public Health England,

2018) (Figure 5). Long-term exposure is associated with increases in heart disease, stroke, lung



cancer and lower respiratory tract infection (GBD Collaborators 2015, 2017; Pope Ill, and

Dockery, 2006).
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Figure 5. Dominant UK primary PM2s emission sources and health impact mechanisms
(Department for Environment Food & Rural Affairs, 2019).

1.1.2 Atmospheric Gases

1.1.2.1 Nitrogen Oxides
Nitrogen oxide (NOx) is formed of two species; Nitric oxide (NO) and nitrogen dioxide (NO2)
and is produced during the combustion of fossil fuels (in 2017 99% of NOx was from the
combustion of fuels) (National Atmosphere Emissions Inventory, 2017a). Road transport
(~34%), other forms of transport (16.8%) and power/energy production (22%) dominate
emissions (Figure 2) (National Atmosphere Emissions Inventory, 2017a; Public Health
England, 2018). In the transport sector emissions are largely from diesel vehicles, which emit

a larger fraction of NO; (between 12% and 70% of total NOx emissions) (European



Environment Agency, 2013). Alongside this, total NOx emissions are higher for diesel vehicles

(European Environment Agency, 2013).

NOx emitted as NO, can interconvert to form NO: (and back to NO) very quickly (~100s)
(Department for Environment Food & Rural Affairs, 2019). This occurs through the reaction
with ozone (O3) (Equation (1)) and the photolysis of NO2 by sunlight to return to NO (Equation

(2)). This process leads to a net null reaction to re-form Os (Equation (3)) (Wood, et al., 2009).

NO + 03 - NO, + 0, (1)
NO, + hv (. <400nm) - NO + O(3P) (2)
OCP)+ 0,+ M > 0;+M (3)

Hydroperoxy radicals (HO2) and organic peroxy radicals (RO) can also oxidise NO to NO>
(through the reactions in Equations (4) and (5)), leading to Os formation through NO:
photolysis in the daytime (Equations (2) and (3)) (Wood, et al., 2009) (Figure 6). Typically >
95% of NO- formed (Equations (4) and (5)) undergoes photolysis, leading to the production of

O3 (Wood, et al., 2009).



HO, + NO - OH + NO, (4)

NOy emissions have reduced by 72% since 1990 due to reductions in emissions from all sectors.
In the road transport sector the introduction of catalytic converters (77% reduction) and tighter
regulations in production of new vehicle engines (Euro standards) have reduced emissions
(National Atmosphere Emissions Inventory, 2017a). Though, real-world emissions are higher
than in laboratory tests and also higher than emission standards (European Environment
Agency, 2017a). In other transport types, emissions have halved due to reductions in emissions
from vehicles and changes in fuel types in shipping. Power/energy emissions have also been
reduced by >75% due to the combination of better emission control, reduced fuel oil usage and

reduced kiln emissions (National Atmosphere Emissions Inventory, 2017a).

Despite reductions in NOx emissions, the UK is currently in breach of the EU limit for 24-hour
NO- concentrations of 200 pg m3in two cities and in breach of the annual mean limit (40 pg
m3) in 37 cities. As a result, the UK has been taken to court over failures to meet these targets,
which should have been met by 2010. This is as a result of population exposure to NO> being
shown to cause respiratory irritation and inflammation, which can lead to lower resistance to
respiratory infections such as bronchitis (Public Health England, 2018). The Department for
Environment Food & Rural Affairs (DEFRA) estimates that in areas exceeding the EU legal
limit 80% of NOy emissions are from transport (largely diesel cars and vans) (Department for

Environment Food and Rural Affairs, 2017).
10



1.1.2.2 Carbon Monoxide

Carbon monoxide (CO) is a tasteless, colourless and odourless gas released during incomplete
combustion in vehicles, wildfires and biomass burning, as well as some industrial activities.
CO is associated with negative impacts on human health, passing into the bloodstream and
replacing oxygen on haemoglobin, thus reducing oxygen uptake. If exposed to high enough
CO concentrations (>700 ppmv) this can lead to death through suffocation, however ambient
concentrations are much below this at ~2-100 ppmv. CO is also associated with ozone

formation in rural areas where NOy concentrations are low (Figure 6).

The largest CO source in the UK in 2017 was residential combustion, accounting for 25% of
the UK’s total emissions (National Atmosphere Emissions Inventory, 2017a). This represents
a doubling in contribution since 1990 and is due to much more rapid reductions in emissions
from transport (from 65% in 1990 to 16% of emissions in 2017) and industry. These reductions
have been driven by the transition from solid fuels to cleaner fuels, such as gas and electricity,
and decline in the metal industries. The net effect has been total CO emissions reducing by
79% since 1990. This is in line with the aim of meeting the EU limit on CO concentrations of

10 mg m3, which the UK has met since 2005.

1.1.2.3 Non-Methane Volatile Organic Compounds (NMVOCs)

Non-Methane Volatile Organic Compounds (NMVOCs/VOCs) are carbon containing
compounds that vary extensively in chemical composition but exhibit very similar behaviour
in the atmosphere (National Atmosphere Emissions Inventory, 2017b). VOCs are emitted from
a wide range of sources, including combustion and vapours from solvents/petrol. The key
sources of VOCs are the industry, transport, fossil fuel extraction, agriculture and residential

sectors (National Atmosphere Emissions Inventory, 2017b). However, VOCs can also be

11



naturally emitted by vegetation (Biogenic VOCS (BVOCs)) (Carlton, et al., 2009; Kroll, and
Seinfeld, 2008; Scott, et al., 2014). Once in the atmosphere, VOCs are involved in the
formation of secondary air pollutants, such as Oz and secondary organic aerosols (SOA). SOAs
are formed when VOCs are oxidised to form lower volatility products that can partition into
the aerosol phase (Scott, et al., 2014). Oz is formed as a result of photochemical reactions of
VOCs in the presence of nitrogen oxides (NOx), heat and sunlight (European Environment
Agency, 2016). Some VOC species are directly associated with negative health impacts (e.g.
benzene) due to being carcinogenic (National Atmosphere Emissions Inventory, 2017b). Other
VOCs are associated with negative health impacts due to their role in forming secondary
pollutants in the atmosphere (e.g. Oz and PMzs) (Atkinson, et al., 2016; Jerrett, et al., 2009;

Pope Il1, and Dockery, 2006).

1.1.2.4 Ammonia

Ammonia is a gas that is emitted largely by agricultural processes (e.g. 87% of the total
ammonia in 2016) such as manure, slurry and fertilizer storage and spreading (Department for
Environment Food & Rural Affairs, 2019) (Figure 2). The remaining 12% of ammonia

emissions are split equally between other emissions sources (Figure 2).

Ammonia has an important role in a range of environmental issues such as nitrification,
eutrophication, acidification (National Atmosphere Emissions Inventory, 2017a). Alongside
this, ammonia is also indirectly linked to the health impacts of exposure to PM2s due to being
a precursor species in the formation of secondary PM. The atmospheric lifetime of ammonia
increases from a few hours, as a gas, to a few weeks, as a particle, meaning ammonia is
important on both local and regional, even national, scales (Department for Environment Food

& Rural Affairs, 2019).
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In contrast to emissions of primary PM.s, which decreased by 55% between 1990 and 2017,
emissions of ammonia only decreased by 13% between 1990 and 2017. However, there has
been a trend of increasing emissions from 2015 to present. The increase has been attributed to
increased cattle emissions and spreading resulting from the widespread increased use of
anaerobic digestion for non-manure waste (National Atmosphere Emissions Inventory, 2017a).
As a result, agricultural emissions of ammonia have been identified to be drivers of several of
the high PM2 s episodes in the UK in recent years (Vieno et al., 2016; Vieno et al., 2016; Public

Health England, 2018).

1.1.2.5 Secondary PM2s

Secondary PM2s (ammonium/sodium nitrate (NHsNO3/NaNOz) and ammonium sulfate
(NH4S04)) contributes to between 50 and 75% of total UK PM.s mass in ambient and high
pollution conditions. These secondary PM species are formed from the mixing of precursor
emissions of NH3, SO2 and NOx in the atmosphere (Air Quality Expert Group, 2005). The
reactions involved in PM formation are predominantly inorganic in nature, complex and
compete with each other (Sharma, et al., 2007). They depend on solar radiation and

meteorological factors such as relative humidity and temperature.

The mechanism forming sulfate and nitrate species of PM2 s are described below in Equations

(6) - (10) (CENR, 2000).

1.1.2.5.1 Sulfate PM species

Sulfur dioxide (SO) is created during combustion, through the oxidation of sulfur. SO; is
subsequently oxidised by the hydroxyl radical (OH) to form sulfuric acid (H2SO.) (Equation
(6)). Sulfuric acid can then react with ammonia (NHs) to create ammonium sulfate ((NH4)2SOa)

(Equation (6)).
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(6)
20H + SO, — H,SO0,

2NH; + H,S0, - (NH,),SO0, @)

1.1.2.5.2 Nitrate PM species

The formation of ammonium nitrate is shown in Equation (8). Nitric acid (HNO3) is formed
when nitrogen dioxide (NO3) reacts with the hydroxyl radical (OH) (Equation (8)). Ammonia
(NHs3) and nitric acid (HNO3) can then react on pre-existing particles to form ammonium nitrate
(NH4NO3) (Equation (9)). As a result, ammonium nitrate is associated with an increase in
overall PM mass, but not an increase in number density. Ammonium nitrate is a semi-volatile
species meaning it can readily transition between the gas (ammonia and nitric acid) and
particulate phase (ammonium nitrate). The phase change of ammonium nitrate can occur over

minutes to hours, dependent upon atmospheric conditions (Air Quality Expert Group, 2012).

Finally, the formation of sodium nitrate (NaNO3) (Equation (10)) requires nitric acid (HNO3)
and sodium chloride (NaCl) as precursor emissions. This reaction forms sodium nitrate

(NaNO:s) as well as hydrochloric acid (HCI) (Rossi, 2003).

NO, +OH+M — HNO; + M (8)
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NH; + HNO; «— NH,NO; 9)

HNO; + NaCl — NaNO; + HCI (10)

The formation of ammonium sulfate (Equation (6)) is favoured over the formation of
ammonium nitrate (Equation (9)). However, where sulfate concentrations are low and nitrogen

oxide concentrations are high ammonium nitrate is formed preferentially (CENR, 2000).

1.1.2.6 Ozone

Tropospheric ozone (O3) is a gaseous secondary pollutant, formed by photochemical reactions
between precursor emissions of carbon monoxide (CO), methane (CH4) and Volatile Organic
Compounds (VOCs) in the presence of nitrogen oxides (NOx), heat and sunlight (Crutzen, et
al., 1999). Tropospheric Oz precursors are largely emitted from the transport, industrial and
chemical sectors, though VOCs are also emitted by natural sources (vegetation) (National
Atmospheric Emission Inventory, 2016). Although emission sources are predominantly located
in urban areas, NO> can be transported away from source regions to rural areas, leading to

ozone formation downwind.
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O3 formation

The various mechanisms for tropospheric Oz formation (Figure 6) will be discussed below.

Chemical Chemical
Troposphere production loss
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Figure 6. Schematic of the annual tropospheric ozone budget from a global chemistry-transport
model. Data is taken from (Denman, et al., 2007). Adapted from (Centre for Ecology and
Hydrology, 2016).

Tropospheric Osz is formed by the oxidation of CO, CHs and VOCs (also known as non-
methane hydrocarbons (NMHCs)) by the hydroxyl radical (OH) in the presence of nitrogen
oxides (NOy) (Figure 6). This leads to the formation of hydroperoxyl radicals (HO, and RO>),
which can then react with NO to form NO:z (Figure 6). Finally, NOz is photolysed to form Og,

leading to net O3 production (Wood, et al., 2009).

However the formation of tropospheric Oz is highly non-linear, dependent upon the relative

amounts of NOx and VOC:s in a given location (Monks, et al., 2015).
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Figure 7. Tropospheric 0zone mixing ratio (in parts per billion (ppb)) as a function of VOC and
NOx emissions. Regions of (A) high-NOx (Os titration), (C) high-VOC (O3 loss) and (A-
C, B-C) efficient conversion of NO-NO: to then form tropospheric Os with increasing
NOyx and VOC emissions. (Archibald, et al., 2011; Monks, et al., 2015).

1)

2)

3)

In VOC-limited regimes (high NOy, low VOC) (Figure 7 (A)) Os formation is inhibited
by the availability of VOCs. There is a null Oz cycle, due to the titration of Oz by high
levels of NOy, and therefore NO, to form NO2. NO> is then photolysed to form Os
(Equation (1)). In this regime, NO2 is reduced over time as it is converted to HNO3
through the reaction with OH and then washed out.

In NOx-limited regimes (low NOx, high VOC) (Figure 7 (C)) Oz formation is inhibited
by the availability of NOx. Here, net Oz loss occurs through the reaction with HO> to
form OH (Figure 6).

O3 production is most efficient in high NOx, high VOC regimes (Figure 7 (B)) due to
an abundance of VOCs and NOx to form hydroperoxyl radicals (HO2 and RO.), which

can convert NO to NO (Figure 6). In this regime NOxy is a catalyst to Oz production.
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4) In regimes between these, the relative contribution of both VOC and NOx emissions
must be considered in order to achieve reductions in Os. This is because Os
concentrations do not decrease linearly with VOC and NOx emission reductions. For
example, reducing VOC emissions in a high NOx regime would lead to an increase in

O3 mixing ratios (Figure 7).

The dependence of tropospheric Oz formation on sunlight and heat means ozone is a spring and
summer pollutant. As a result of the complex formation cycles, dependent on the relative
amounts of precursor emissions (Figure 7), reductions in O3z can be difficult to achieve by
reducing a single precursor in isolation. This is important because human exposure to Oz has
been shown to be associated with inflammation of the respiratory tract, eyes, nose and throat
and long-term, chronic exposure has been linked to increased mortality (Department for

Environment Food and Rural Affairs, and Department for Transport, 2017).

Alongside this, Oz can also cause a wide-range of damage to crops and other vegetation through
stomatal conductance during photosynthesis (Emberson, et al., 2018). This can lead to cell
damage during respiration and leads to plant leaf damage, visible via discolouration, and
subsequent reductions in photosynthesis (US Environmental Protection Agency, 2020). As a
result, plant Oz exposure can lead to reductions in the quality and quantity of crop yields

(Emberson, et al., 2018).

Os removal

The dominant source of Os loss in the troposphere is through photolysis in the presence of
water vapour or with the hydroxyl radical (OH) and the hydroperoxyl radical (HO.) (Figure 6).
Os is photolyzed to form molecular oxygen (O2) and ‘excited oxygen’ (O(*D)). The excited

oxygen atom subsequently reacts with water vapour (H20) to form the hydroxyl radical (20H).
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Tropospheric Oz can also be removed by OH and HO>, though these mechanisms of removal
generally account for a much smaller fraction of the total ozone sink (Tadic, et al., 2020). In
urban environments where NOx concentrations are high, the removal of Oz by NO dominates.
Here, O3 is quickly removed through titration with NO (Equation (1)). This leads to very low

O3 concentrations and high NO2 concentrations in urban environments (Figure 7 (A)).

1.2 Physical Atmospheric Processes

1.2.1 Removal of Air Pollutants

The removal of air pollutants has a strong influence on pollutant lifetime and therefore plays a
crucial role in determining whether pollutants are subject to long-range transport. Removal

occurs through both wet and dry deposition.

1.2.1.1 Dry Deposition of Air Pollutants

Dry deposition is the removal of gases and particles from the atmosphere in the absence of
precipitation (Seinfield, et al., 2016). Particles and gases are transferred to the Earth’s surface
by turbulent fluxes toward the surface. The efficiency of dry deposition is determined by the
deposition velocity, which is a function of turbulence (Harrison, 2014; Seinfield, et al., 2016).

The key processes which affect the deposition of particles and gases are:

e The shape and surface and the species reactivity of aerosol particles affects the
efficiency of dry deposition (Harrison, 2014; Seinfield, et al., 2016). Generally, high
levels of turbulence and rougher, less spherical particle surfaces lead to increased
deposition (Seinfield, et al., 2016).

e Theefficiency of dry deposition of gases is affected by turbulence and species reactivity
(Harrison, 2014; Seinfield, et al., 2016). In general, higher levels of turbulence and

higher reactivity of gases lead to increases in deposition (Seinfield, et al., 2016).
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Aerosol particles can also be removed through sedimentation as they grow to larger sizes,
causing the mass of particles to increase (Figure 3). Growth reduces the likelihood of the
particle remaining airborne and they eventually fall out of the air (sedimentation) (Vallero,

2014). This process occurs continuously in the boundary layer due to turbulent fluxes.

The time taken for different particulate species to be removed through dry deposition varies
but for some species, such as sulphate and nitrate, it is large enough (~5 days) to allow for their

transport over long distances to occur (Harrison, 2014).

1.2.1.2 Wet Deposition of Air Pollutants

Wet deposition of air pollution occurs when rain (or snow, hail etc.) removes chemical species

from the atmosphere. The process occurs in three steps:

1) The species of gas or aerosol comes into contact with precipitation in a cloud or when
rain is falling.
2) The species is scavenged by a hydrometeor in precipitation or forms a cloud drop.

3) The species is deposited at the surface, thus removing it from the atmosphere.

Large, soluble aerosol particles are efficiently scavenged by precipitation meaning wet
deposition significantly reduces their atmospheric lifetime (Harrison, 2014). However, this

process is episodic in nature.

1.2.2 Dispersion of Air Pollutants

1.2.2.1 Impact of Meteorology

Once emitted into the atmosphere, pollutants move away from the emission source in a plume
in the direction of the mean wind (Harrison, 2014). As the plume moves away from the source,
cleaner air is entrained, leading to an increase in plume size and a decrease in concentrations
within the plume over time (and therefore distance). However, the dispersal of pollutants within
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the atmosphere varies spatially and temporally. Conditions can vary between the effective
dispersal of pollutants (and lower concentrations) and conditions inhibiting dispersion (thus,
accumulation and higher concentrations). Several key processes control the dispersion of
pollutants in the vertical and horizontal. Atmospheric stability controls the vertical movement,

while wind speed and direction control the horizontal movement of pollutants.

1.2.2.1.1 Atmospheric Stability

The stability of the atmosphere is determined by the vertical temperature gradient (Jacob,
1999). The vertical temperature structure of the atmosphere is controlled by solar heating of
the Earth’s surface, causing changes in the vertical structure of the atmosphere close to the
surface (boundary layer) diurnally and seasonally (Hu, 2015). The boundary layer grows in
height during the day due to solar heating of the Earth’s surface, and is also higher in summer
than winter for the same reason. Since temperature changes with changes in height (and
therefore pressure), potential temperature is often used to describe the evolution of the
atmosphere with height. Potential temperature (0) can be defined as the temperature of a parcel
of air if it were returned to 1000 hPa without any heat transfer between the parcel and its
surroundings (adiabatically), allowing for easy comparison of temperature at different heights.
The structure of the boundary layer can be characterised most basically by three states, shown

in Figure 8.
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Figure 8. Examples of stability and instability in relation to air parcel temperatures (adapted
from Nugent et al. (2019)).

Potential temperature can either:
1) increase with height (inversion conditions) (‘;—z < 0)

In an unstable atmosphere, the potential temperature of an air parcel is higher, and density
lower, than the surrounding air (due to solar heating). This leads to the air parcel rising until it
reaches a region in the atmosphere where it is in equilibrium with the surrounding environment.
These conditions promote turbulence and dispersal of pollutants, therefore decreasing

concentrations (Department of Environmental Affairs and Tourism, 2018).
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2) decrease with height (lapse conditions) (';—Z > 0)

In lapse conditions (a stable atmosphere), the potential temperature of an air parcel is the lower,
and density higher, than its surroundings. The air parcel therefore remains at the surface,
resisting movement upwards. This would lead to pollution accumulation and increased

concentrations at the surface (Department of Environmental Affairs and Tourism, 2018).
3) be constant with height (isothermal) ( )

Finally, in a neutral atmosphere, an air parcel would remain at the same height it was released
because the potential temperature of the air parcel would be in equilibrium with the surrounding
environment (Department of Environmental Affairs and Tourism, 2018). If emitted from a

stack the parcel would remain at the same pressure/height it was emitted at.

Thus, inversion conditions inhibit stability, while lapse and isothermal conditions generally
favour stability. The stability of the atmosphere varies throughout the year and the day, due to
seasonal and diurnal variations in solar heating (Hu, 2015). Generally, the boundary layer is
more stable in the winter than summer and more stable at night and the early morning than in

the middle of the day.

1.2.2.1.2 Wind Flow

Wind speed and direction govern the horizontal movement of pollutants within air (Jacob,
2000). Increases in wind speed lead to increased dispersion of pollutants, while wind direction
controls the course of pollution transport. Large-scale wind is caused by atmospheric pressure
gradients and so varies with space and time. At the synoptic scale, pollution dispersion is

controlled by high and low-pressure systems.

High-pressure systems are generally associated with:
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e the subsidence of air and therefore stable conditions, with generally light winds.

e reduced pollutant dispersal and increased pollutant concentrations locally.

Low-pressure is usually associated with:

e rising air and instability with increased wind speeds due to large pressure gradients.
e improved pollutant dispersal and often wet deposition, leading to lower pollutant

concentrations.

Locally, the topography of the Earth’s surface can affect wind direction and speed. Examples
of this include sea breezes, urban heat islands and mechanical turbulence caused by buildings
(Cheremisinoff, 2002). This can have an impact of the concentrations of pollutants at local and

regional scales.

1.2.2.1.3 Long-range transport

The long-range transport of pollutants is linked to both atmospheric stability and wind flow.
Usually plumes of pollutants are released just above the surface, within the turbulent boundary
layer, so that pollutants are dispersed but do not travel far from the source before being
deposited at the surface. However, if the height at which a plume of pollutants is released is
above the height of these convective and turbulent processes, it is capable of travel for hundreds

of miles in favourable winds and weather conditions (Vallero, 2014).

The long-range transport of air pollutants was not known about until the 1960s when scientists
discovered that air pollutants emitted thousands of kilometres away were a significant
contributor to acid rain in the northern hemisphere (United Nations Economic Commission for
Europe, 1979). This led to the establishment of the Convention on Long-Range Transboundary
Air Pollution (CLRTAP), which sought to create understanding that air pollution can cross

borders (United Nations Economic Commission for Europe, 1979). The key air pollutants
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identified to be subject to long-range transport were SOx, NOx, tropospheric Oz and PM. This
is because the lifetimes of these species are large enough (days to weeks) for them to be
transported over large distances under favourable meteorological conditions. The long
atmospheric lifetime of PM2s means that, on an annual basis, long-range transport has a
significant contribution (20%) towards UK PM2 s concentrations (Department for Environment

Food and Rural Affairs, 2016) (Figure 10).

Secondary PM_s has been shown to represent a relatively large fraction of total UK PMazs
(Figure 9) (Department for Environment Food and Rural Affairs, 2016). As a result, several
studies have investigated the impact of reductions of precursor emissions on PM2s
concentrations to identify which precursors to target for the most effective reductions in PMz s
(Air Quality Expert Group, 2013; Harrison et al., 2013; Megaritis et al., 2013; Vieno et al.,
2016). All studies identified that reductions in precursors led to a much smaller reduction in
total PM2 (i.e. X% reduction in precursor — reduction in PM2s < X%) due to the non-linear
relationship between emissions and PM..s concentrations. On a species specific basis studies
suggest that the largest reduction in UK PMz2s concentrations could be achieved through
reductions in ammonia (Air Quality Expert Group, 2013; Megaritis, et al., 2013) or sulfate
(Harrison et al., 2013; Vieno et al., 2016). However, there is less clarity between studies on the
magnitude of resulting reduction in PM2s from reductions in precursors, and whether the
reduction in UK or continental European precursors are most important. Despite this, when
public exposure is taken into account, reductions in primary PM_ s yield the largest reductions
in population-weighted PM2s (Air Quality Expert Group, 2013). In urban areas, where the
largest proportion of the population live, primary PM2s emissions dominate, while in rural

areas reductions in ammonia lead to the greatest reductions in PM2s.
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UK concentrations of PM2s were not routinely monitored until 2008. Therefore, previous
studies focussing on the drivers of high pollution episodes have analysed PM1o observations or
specific pollution episode case-studies, using atmospheric chemistry transport models. Vieno
et al. (2016) showed that a large spring pollution episode in 2014 was driven by ammonium
nitrate, which was formed from agricultural emissions released outside of the UK and
subsequently transported to the UK under favourable winds. Other studies have used back
trajectories alongside PMzio observations to investigate possible source regions of PMio
episodes (King, and Dorling, 1997; Stedman, 1996). These studies found that on days that high
PMyo concentrations were observed, the contribution of local emissions to the total
concentration was small. The high PMzo days were dominated by easterly flow, suggesting that
there was a large contribution from long-range transport to the overall PM1o concentrations
observed, since the back trajectories emanated from mainland Europe. The study concluded
that more work was required to confirm this, over a longer period with observations at rural
sites. More recent studies have used PM2 s observations, from 2009, to investigate processes
affecting PM2s concentrations (Harrison, et al., 2012). PM2 s concentrations were also found to
be highest for south-easterly, easterly and north-easterly flows and lower for westerly flows.
The increase in PM2swas attributed to the long-range transport of emissions from continental
Europe under easterly and south-easterly flow. The results suggested that the long-range
transport of pollutants to the UK is associated with specific meteorological conditions.
However, due to the short observational record at the time, the sample size for individual wind
directions was small. This meant relationships between wind direction and PM2 s observations

could not be established over a longer period of time to be statistically robust.

The influence of different synoptic conditions on total column NO2 and O3 across the UK was
investigated using Lamb weather types, a classification system for synoptic meteorology (Pope

etal., 2015; Pope et al., 2016). The study highlighted that pollutant concentrations are strongly
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influenced by wind and circulation patterns. The highest Oz concentrations occurred under
summer anticyclonic conditions due to large scale subsidence limiting vertical mixing. South-
easterly and north-easterly flow also increased mean UK O3 concentrations by between 10 and
15 pg m= (Pope et al., 2016). NO, concentrations were found to significantly increase under
winter-time anticyclonic conditions through pollutant accumulation. Concentrations were also
enhanced under south-easterly flow due to long-range transport of pollutants from continental
Europe (Pope, et al., 2015). The wintertime increase was attributed to the combined effect of
increased emissions, more stable conditions and decreased photolysis, allowing accumulation
over emission sources. Due to the relatively short UK PMg2s observational record and
frequently cloudy conditions inhibiting satellite retrievals of aerosol optical depth (AOD) the

same analysis is yet to be applied to UK PM_ s concentrations,

1.2.2.2 Impact of Topography

The topography of regions can enhance or reduce pollution concentrations and is therefore an
important factor controlling the ambient concentrations. The topography of some regions can
be conducive to the development of temperature inversions, which can increase concentrations
of pollutants at the surface, leading to high pollution events (Wallace, et al., 2010). A
temperature inversion occurs when the potential temperature of air at the surface is lower than
air above, leading to the cooler, denser surface air becoming trapped below less dense, warmer
air aloft. These conditions aid the accumulation of pollutants by preventing vertical mixing and
dispersion, trapping pollutants at the surface and therefore increasing their concentrations.
There are three key types of inversions caused by topography, which subsequently impact

pollutant concentrations at the surface:

1) Radiation inversions — usually occur on cold nights under clear skies. Radiation

inversions are characterised by rapid heat loss at the Earth’s surface, warming air above.
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2)

3)

If this occurs in a valley or basin, cold air from the side of the valleys flows down slope,
becoming trapped beneath the layer of warmer air that was heated by the surface.
Advective inversions — occur close to coastlines which are bordered by cold oceans or
lakes. The differential heating between the air over the land and sea in the daytime
causes a pressure gradient to form. As a result, a land-sea breeze is initiated where cold
low-level oceanic/lake air moves landwards, underneath the warm continental air,
setting up a return flow of continental air aloft.

Subsidence inversions — are associated with areas where high pressure dominates and
a large layer of air descends. As the air descends it is heated by the increase in
atmospheric pressure (adiabatic heating). This can also occur as air is compressed in
flow over a hillside. The adiabatic heating can lead to the air aloft being warmer than
at the surface, therefore forming a temperature inversion at the surface or within a

valley.

1.3 UK PM25 Concentrations

1.3.1 PM2s Chemical Composition

The chemical composition of PM2 s can vary greatly, dependent upon emission source (Figure
2), chemical transformations and atmospheric conditions (Air Quality Expert Group, 2012).
This means PM_s concentrations measured in a specific location can be a mixture of many
different chemical species from different sources. Some of the common species of PM2 s (and

their emission sources) include:

Elementary carbon (soot) (emitted by burning fossil fuel by traffic and biomass
burning)

Calcium salts (CaSOs4 e 2H>0) (from construction and demolition dust and wind-blown
soil)
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e Sea salt (NaCl) (from sea spray).

e lron-rich dusts (emitted from combustion (traffic, shipping and industry), brake and
tyre wear (traffic) and wind- and traffic-generated suspension of crustal material).

e Organic matter, including dioxins, polycyclic aromatic hydrocarbons and alkanes
(emitted as a result of combustion in industry and engines and naturally from biomass
burning).

e Secondary inorganic ions, such as nitrate, sulfate and ammonia (the primary precursors
for which are emitted from agriculture, industry and transport).

e Secondary Organic Aerosol (SOA) (formed through the oxidization of VOC emissions
from fuel combustion, industrial processes, vehicles and fires and BVOCs from

vegetation).

The composition of UK PM2.s was characterised using observations from a background site in
Birmingham between 2004 and 2006 (Figure 9) (Yin, and Harrison, 2008). Overall secondary
species, including ammonium nitrate, sodium nitrate and ammonium sulfate, accounted for
45% of the total PM..s mass (Figure 9 (a)). However, on high pollution days (PM1o > 50 pug m
%) the contribution of secondary PM2 s increased to ~75%, with a doubling of the ammonium
nitrate and sodium nitrate contribution (from 21% to 46%) (Figure 9 (b)). Although these
findings are for one location, the increase in nitrate PM species during polluted days is in line
with findings elsewhere in Europe (Vieno et al., 2016). This also fits with the results of a
modelling study which examined an extended pollution episode (Vieno et al., 2016). This study
indicated that nitrate, from a combination of local emissions and long-range transport

dominated during the pollution episode (Vieno et al., 2016).
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Figure 9. (a) Average composition of UK PM:.5 (2004-2006) and (b) on days where PMz1o > 50
ug m3. From (Air Quality Expert Group, 2012), adapted from (Yin and Harrison, 2008).

1.3.2 PM25 Sources

The relative contribution of UK emissions to total PM2s mass can vary between background
conditions and high pollution events. On an annual basis a combination of local emissions
(traffic and non-traffic) and long-range transport (regional and international emissions) have
been shown to affect the concentration of PM2s at monitoring sites (Figure 10) (Department
for Environment Food and Rural Affairs, 2016). The largest contributions to concentrations at
background locations comes from regional UK emissions (45%) and then from international

emissions (20%) and urban non-traffic emissions (21%). Regional and international emissions
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can include primary emissions, such as those from anthropogenic sources (e.g. industry) or
natural sources (e.g. dust or wildfires), and secondary species formed in the atmosphere from

precursor emissions (e.g. ammonium nitrate from ammonia emissions) (Figure 9).

Source Contribution
International
Regional

B Urban Traffic
B Urban non Traffic

Figure 10. Percentage contributions (%) to total modelled annual mean ambient PMas
concentrations at UK urban background locations (Department for Environment Food
and Rural Affairs, 2016).

However, the relative contribution of each source varies during high pollution episodes
(Department for Environment Food & Rural Affairs, 2019), reflected by changes in
composition (Figure 9 (a) and (b)). Increases in PM2s concentrations across the UK, which
often occur under easterly winds, are thought to be linked to the long-range transport of PM25
and secondary PM2s precursor emissions (Harrison, et al., 2013). However, the relative

contribution of UK and non-UK emissions on UK PM2 s concentrations is yet to be quantified.

1.3.3 Seasonal Cycle in PM25s Concentrations

There is clear seasonal variation in monthly PM2 s concentrations across all regions of the UK

(Figure 11), with the highest concentrations observed between January and April and the lowest
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concentrations between June and September (Harrison, et al., 2012). The combination of an
increase in local emissions of primary PM2s and secondary PM precursors, alongside a more
stable boundary layer during winter months is believed to lead to higher PM2 s concentrations.
While in summer months, increased boundary layer height, a decrease in emissions and the
evaporative loss of semi-volatile PM is believed to lead to lower PMas concentrations.
However, the relative contributions of emission sources to PM2 s concentrations observed is yet
to be quantified. Alongside this, the mechanisms leading to the large increase in PM2s

concentrations in April have not been studied.
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Figure 11. 2009 monthly variation in PM25 concentrations (ug m>) at urban background sites
at sites in ‘Northern UK’ (n = 8), ‘Central UK’ (n = 17), ‘Southern UK’ (n = 8) and
‘London’ (n = 8). The 95% confidence interval is indicated by shading. (Harrison, et al.,
2012).
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1.3.4 Spatial Variations in Air Pollutant Concentrations

Air pollutant concentrations also vary spatially, based on their emission sources, chemical
reactions in the atmosphere and therefore lifetime, as pollutants disperse. Environmental
inequality, especially with regards to air pollution, is well documented since socioeconomically
disadvantaged areas are often located close to emissions sources, such as roads (Williams, et
al., 2018). Socioeconomically disadvantaged communities may also have higher rates of
morbidity and may therefore also be more susceptible to the negative health-effects of air
pollution (Forastiere, et al., 2007; O’Neill, et al., 2003). This has been shown in urban areas
where the negative health impacts of exposure to air pollutants are not as prevalent within less
deprived populations (Forastiere, et al., 2007). It is estimated that in England 1.3-3.5 million
years of life are lost as a result of health inequalities (Marmot, and Bell, 2012). Substantial
differences in mean air pollutant concentrations were identified between the most and least
deprived fifth of wards across the UK in 2011 (Williams, et al., 2018). The difference was
highest for NO-, likely due to the short lifetime and steep concentration gradients in the
pollutant from emissions sources (roads). In the UK, wards with higher proportions of Black,
Asian and minority ethnicity (BAME) residents and deprivation were found to be closer to
roads. The study found that the differences in NO> were larger between white and BAME
populations than deprived and non-deprived populations (Williams, et al., 2018). Differences
were also observed for PM2s and Os between the most and least deprived fifth wards, though
these were smaller (Williams, et al., 2018). This is likely to be due to the large secondary
component and long lifetime of PM.s, and due to Os being titrated in high NOx conditions

(close to roads).

1.4 Pollution Monitoring and Legislation

The concentration of an air pollutant can be measured in several ways. For emission sources,

such as power generation, emissions are measured at source through point source measurement
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within the stack (Environment Agency, 2019) or remote sensing (Liu, et al., 2016; Wang, et
al., 2010). Emissions are reported to the United Nations Economic Commissions for Europe
Convention on Long-Range Transboundary Air Pollutants (CLRTAP) and must fall within
emissions ceilings guidelines (Department for Environment Food and Rural Affairs, 2011).
Alongside this, the Gothenburg Protocol sets national emissions reductions targets to be

achieved by 2020 (Department for Environment Food and Rural Affairs, 2011).

Once pollutants have been emitted they can be detected by ground-based observation sites (Lin,
et al., 2010), satellites (Beirle, et al., 2011; Pope, et al., 2018) and aircraft (Martin, et al., 2006;
Wang, et al., 2004) as the plume begins to disperse into the atmosphere. Ground observation

sites are used by governments to monitor pollutant concentrations (Liang, 2013).

1.4.1 Automatic Urban and Rural Network Observations

In the UK, Automatic Urban and Rural Network (AURN) observation sites are used to ensure
that concentrations are within the limits set by the European Union Air Quality Directive
(European Parliament, 2008; Stevenson, et al., 2009), which are legally binding and must not
be exceeded (European Environment Agency, 2017b). The concentration limits chosen for each
pollutant are based on epidemiological and toxicological evidence for the adverse health
impacts due to exposure (Liang, 2013). The concentrations at which adverse effects are seen
in the human population vary with pollutant and exposure time, leading to different limits and

averaging periods for different species (Table 2) (European Comission, 2017).

The 2005 World Health Organisation guideline limits are also shown (Table 2) (World Health
Organization, 2005). These are global guidelines on thresholds for key air pollutants that pose
health risks and limits are based on associations between exposure and increases in non-

communicable diseases.
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Table 2. EU Directive Limits (European Comission, 2017) and WHO Guidelines (World
Health Organization, 2005) for air pollutants.

EU Air Quality Directive Limits

WHO

Guidelines

Pollutant Time Period European Objective Date to be Concentration
achieved by
PMio Annual mean Limit - 40 pg m 01/01/2005 20 ug m®
24-hour mean Limit - 50 pug m?* (<35 01/01/2005 50 pug m3
exceedances year?)
PM:s Annual mean Limit - 25 ugm?3 01/01/2015 10 ugm?3
24-hour mean - 25 ug m®
NO> 1-hour mean Limit - 200 pg m?3 (<18 01/01/2010 200 pg m
exceedances year?)
Annual mean Limit - 40 ug m 01/01/2010 40 pg m3
Os 8-hour mean Target - 120 pg m?3 (<25 31/12/2010 100 pg m
exceedances year! averaged
over 3 years)
CcO Maximum daily 8- Limit - 10 ug m? 01/01/2005 -
hour running mean
NOx Daily mean Limit - 30 ug m3 19/07/2021 -
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The UK AURN includes ~170 sites, ranging from rural to kerbside sites and measures a large
range of meteorological variables (e.g. wind speed, ambient temperature and relative humidity)
as well as key air pollutants (including those in Table 2) (Stevenson, et al., 2009). The sites are
generally situated in or close to areas of high population and provide high time-resolution

(hourly) measurements of pollutants (Stevenson, et al., 2009).

PM2sand NO; are the two pollutants of most concern in the UK and Europe currently. UK air-
quality management areas have been declared (Committee on the Medical Effects of Air
Pollutants, 2010; Royal College of Physicians, 2016; World Health Organization, 2013). For
NO2 an annual mean of 40 pg m™ and an hourly mean of 200 ug m™> (with no more than 18
exceedances per year) have been set as targets. While for PM. s the annual mean target is 25 pg
m~. Alongside this, the European Commission (EC) Directive 2008 also required member
states to determine the average exposure index (AEI) for PM_ s through measurements of PM2 s
over a ten-year period. A national exposure reduction target (NERT) was then calculated for
2020, using the AEI. Measurements used to calculate the AEI were taken from background
locations over a 3-year period between 2009-2011 and will be compared with measurements
between 2018-2020 in order to assess compliance. The UK AEI was calculated to be 13.6 pg
m3 using measurements from 47 of the UK AURN sites. The NERT for 2020 was therefore a
reduction of 15%, equating to 2 pg m= (i.e. an AEI of 11.6 pg m3). However, since the
monitoring network is sparse, representing the exposure of the whole population is challenging

(Willocks, et al., 2012).

1.4.2 Satellite Observations

Concentrations of air pollutants can also be measured by satellites; these measurements are
more spatially complete than ground observations, which generally give sparse coverage.

However, they lack the temporal detail of ground observations since they are often in sun-
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synchronus polar-orbits, meaning they only pass over a region once a day. Satellites measure
a range of air pollutants, including CO, NO- and Oz (e.g. Tropospheric Monitoring Instrument
(TROPOMI) (Veefkind, et al., 2012)). Satellites provide measurements of the total
tropospheric column for NO2 and CO, this is a measure of the total number of molecules (e.g.
CO molecules) per unit area (e.g. cm) in the atmosphere (specifically between the surface of
the Earth and the tropopause) (WMO OSCAR, 2020). Satellites use different spectral bands in
order to measure the total column of different pollutants (e.g. ultraviolet-visible (UV), infrared
(IR) and visible). Differential Optical Absorption Spectroscopy (DOAS), based on Lambert
Beer’s Law, is used to measure gaseous species. Since the intensity of light at the end of a light
path is dependent upon the absorption by a particular air pollutant species, the total column of
the air pollutant species can be derived based on the total absorption. Oz is measured in the UV,
visible, IR wavelengths (Gorshelev, et al., 2014). Satellite measurements focus on using the
Hartley (200-300 nm) (Miles, et al., 2015), Huggins (310-340 nm) (Katayama, 1986; Miles, et
al., 2015; Zhu, et al., 2005), Chappuis (450-650 nm) (Chappuis, 1880; Miles, et al., 2015) and
infrared (4.7, 9.6 and 14.1 um) (Boynard, et al., 2009; Miles, et al., 2015) bands, all of which
are absorbed by O3z, to measure the concentration of Oz through the atmosphere. For aerosols,
the extinction as a function of wavelength at specific points between the UV and IR, per km

through the atmosphere, is used to measure concentrations (Remer, et al., 2013).

1.4.3 Aircraft Observations

Aircraft flights are also used to measure key air pollutants in field campaigns. They provide
measurement at high temporal resolution (often a few seconds) through their flight path.
However, they lack coverage over long time periods or large areas. The UK Facility for
Airborne Atmospheric Measurements (FAAM) aircraft has been used for many field
campaigns and measures a range of pollutants, including NOx (NO and NOy), PM, Oz, and CO,

among others (Harris, et al., 2017). The transect of measurements the aircraft can collect is
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very useful in understanding the evolution of pollutants over space and time, from emission at
source to a population’s exposure, characterising emissions, meteorological and chemical

processes.

1.4.4 Model Predictions

Atmospheric-chemistry transport models, such as WRF-Chem (Grell, et al., 2005), can also be
used to give more spatially complete predictions of many air pollutants, using ground and
satellite observations to evaluate simulated concentrations. Concentrations can be simulated at
a range of resolutions, from global models at ~100 km to regional models at ~5-30 km and to
high resolution models at ~1 km (Seigneur, and Dennis, 2011). This allows concentrations to
be predicted where observational networks are sparse or do not measure the species of interest.
Models also allow for a range of scientific scenarios to be investigated (Jacob, 2006), for
example emissions reductions or sectoral contributions to air pollutant concentrations.

Therefore, they are a very useful tool in atmospheric science.

1.5 Health Impacts of air pollution

1.5.1 Attributing exposure to health impacts

Two main approaches are used to understand the effect of air pollutants on health:

e Epidemiology is used to determine if exposure to a pollutant is associated with disease
outcomes; it is the study of how often diseases occur in an exposed population (Coggon, et
al., 2009).

e Toxicology is able to identify the specific biologically plausible mechanism responsible
for the associations found in epidemiology (United States Environmental Protetion Agency

(USEPA), 2009).

38



Epidemiology

Epidemiological studies use comparisons between groups to discover whether exposure to a

risk factor (e.g. air pollution) is associated with a particular outcome (e.g. death from heart

disease). There are three main study designs used in epidemiology: cross sectional, cohort and

case-control. For exposure to air pollution two study designs are primarily used, (1) cross

sectional and (2) cohort:

1. cross-sectional

Cross-

section

/'
\

Figure 12. Cross-sectional study design and study outcome.

2. retrospective cohort studies.
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Figure 13. Cohort study design and outcome.

Cross-sectional studies allow a snapshot of a particular population at one point in time (Figure

12) (Song, and Chung, 2010). Usually, subjects are chosen because they are part of a target

population at a certain time (e.g. smokers and non-smokers and in London). Data is collected
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on participants regardless of exposure or disease status. This study design can determine
disease prevalence within the population (e.g. how many smokers have lung cancer). However,
a relative risk cannot be directly derived (i.e. how much smoking increases the relative risk of

lung cancer) (Song, and Chung, 2010).

In contrast, cohort studies look at a population group over time retrospectively or prospectively
(though for air pollution this is generally retrospectively) (Figure 13) (Song, and Chung, 2010).
In this study design the population is categorised based on whether they were exposed to risk
factors of interest, regardless of disease status. They are then followed over time to determine
whether health outcomes develop. Since this study type follows participants over time, the

relative risk can be directly derived (Song, and Chung, 2010).

Two key concerns in all epidemiology studies are confounding variables and effect-measure
modification (Bovbjerg, 2020a, 2020b). Confounding variables distort the association
observed, because both the exposure being measured and the outcome are affected by another
factor (Bovbjerg, 2020a; Howards, 2018). Effect-measure modification occurs when the
magnitude of a health outcome being measured varies dependent on a third variable (e.g.
temperature) and can often vary based on circumstances (Bovbjerg, 2020b; Corraini, et al.,
2017). Within epidemiology confounding variables and effect-measure modification are
controlled for through statistical adjustments (Corraini, et al., 2017). For example, in the
association of physical activity with heart disease, age is a confounding factor because old
people tend to exercise less, but also have a higher risk of heart disease. Though confounders
can be controlled for through statistical adjustments, identification and measurement of all
confounding variables is required (Howards, 2018). Therefore, prior knowledge of both the
likely sources and magnitudes of the confounders and effect-modifiers, as well as their

distribution within the population, is needed.
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Toxicology

Alongside identifying associations, a plausible mechanism needs to be identified to infer
causality of a relationship (Adami, et al., 2011). As a result, toxicology is used alongside
epidemiological studies to identify causality through biologically plausible mechanisms, using
tightly controlled conditions in a laboratory setting (Adami, et al., 2011; United States

Environmental Protetion Agency (USEPA), 2009).

Four key factors affect toxicity (Figure 14):

1) Dose — the amount of pollutant in the body, which is controlled by 3 variables:
a. Intake: how much pollutant someone is exposed to.
b. Type/Route of exposure: Inhalation, dermal, ingestion.
c. Time period: how long someone is exposed for.
2) Subject susceptibility — factors which could impact someone’s response to exposure
e.g. underlying health conditions, age.
3) Substance — varying properties affecting absorption e.g. PM2s composition.

4) Interactions — how different substances mix and affect response e.g. multi-pollutants.

The risk associated with a substance is then assessed against the four toxicity factors using a

3-step risk assessment:

1) Exposure assessments on mice/rats and humans. Within exposure assessments
subjects are exposed to pollutants, and the effects are monitored in air and within the
body (biomonitoring) using biomarkers of inflammation from urine and blood.

2) Effects and consequence assessments on mice and rats in vivo (live mice/rats) and in

vitro (cells from mice/rats) methods. These assess the effects of exposure on organs.
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3) Risk characterization integrates all of the toxicological information, including dose-

response curves to estimate a risk associated with a substance.

The ethical concerns regarding randomised control trials of exposure to air pollutants means
that causality of the associations identified between air pollutants and health impacts are
determined by combining evidence from epidemiological and toxicological studies (Figure 14).

There is overlap in many principles used to infer causality (Figure 14).

Toxicology Epidemiology

5 \
Target Organ(s) 9 Strength of Assoc.
Z [
Mode of Action e s o) ~=1—=| Biol. Plausibility
-
Delivered Dose 6
Species -Specificity Specificity

Figure 14. Evidence that is combined from toxicological and epidemiological studies to infer
causal inference (Adami, et al., 2011).

The level of agreement between epidemiology studies over different time periods and locations,
toxicological and controlled human exposure studies are combined to determine causality
(Figure 14, Figure 15). Causality cannot be proven, only inferred with varying degrees of
certainty (Adami, et al., 2011). For a ‘likely’ causal relationship, there must be strong
epidemiological evidence for an association and toxicological evidence of a biologically

plausible mechanism for the association (Figure 14, Figure 15) (Adami, et al., 2011).
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Figure 15. Schematic indicating how causal inference is inferred combining epidemiological
and toxicological evidence (Adami, et al., 2011).

1.5.2 Mechanism for Health Impacts from PM2s

The mechanism for the health impacts of PM exposure are complex and change with the length
of exposure. Epidemiological studies suggest that the fine fraction of PM (PM25s) plays a
substantial role (Pope 111, and Dockery, 2006). These particles are small enough to be inhaled
deep into the lungs. Exposure and dose are also likely to be higher for PM2 s since atmospheric
lifetime is long, meaning transport over long distances can occur and infiltration into indoor
environments is much more likely due to the small diameter of PM25 (Pope 111, and Dockery,

2006).

Toxicological studies have identified a range of biologically plausible pathways, following
inhalation, that may lead to the association between cardiovascular morbidity and mortality
and long-term exposure to PM2s, which have been identified in epidemiological studies (Pope

111, and Dockery, 2006) (Figure 16). Exposure to PMas has been linked to inflammation and
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oxidative stress within the lungs, changes in blood characteristics and changes to vein structure,
altered heart function and changes within the brain (Figure 16) (Pope Il1, and Dockery, 2006).
Though this is still an active area of research, it is now widely acknowledged that there is a
causal, mechanistic link between exposure to PM2sand cardiovascular morbidity and mortality

(Pope 111, and Dockery, 2006).
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Figure 16. The hypothetical physiological processes that link PM exposure with
cardiopulmonary morbidity and mortality (Pope 111, and Dockery, 2006).

Although the composition of PM.s can vary greatly, dependent upon emission source and
chemical processes, the associations found between PM2 s and various disease endpoints has
been fairly consistent (Pope 11, and Dockery, 2006). However, there is currently a lack of
understanding as to which characteristics of PM2 s are most responsible for toxicity. Alongside
this, the role of specific pollutants, pollutant sources, co-pollutant mixtures and pollutant
characteristics in the health outcomes observed is not well understood. The concept that

characteristics of PM do not have any significance on its health effects contradicts basic
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toxicological principles and has led to scepticism from some in the plausibility of the
associations observed (Harrison, and Yin, 2000; Schwarze, et al., 2006). However, others
studies have highlighted that the similarity in health outcomes of exposure, despite differences
in PM components, may be due to the inflammatory reactions that are thought to be central to
the development of cardiovascular and pulmonary diseases associated with PM exposure

(Schwarze, et al., 2006).

Due to the lack of understanding regarding the specific components responsible for the health
impacts of PMas, the concentration response functions currently used in health impact
assessment studies assume that all PM.s is equally toxic, independent of composition

(Atkinson, et al., 2014; Liu, et al., 2019; World Health Organization, 2013).

1.5.3 Epidemiological Studies

Prior to the 1990s it was largely believed that PM acted as a vector, which allowed SO to be
transferred deep into the lung. Thus, this SO, and PM mixture was believed to be the
mechanism responsible for the negative health impacts associated with exposure (Harrison,
and Yin, 2000). However, a number of studies later demonstrated that ambient concentrations
of particulate matter previously thought to be safe, unless in the presence of high SO

concentrations, were associated with a negative effect on health (e.g. (Schwartz, et al., 1996)).

As a result, many studies have since investigated the association of exposure to particulate
matter and mortality. The associations found by studies between PM and increased risk of
cardiopulmonary morbidity and mortality over both long- and short-time scales have been
relatively consistent (Nemery, et al., 2001; Pope 111, 2007; Schrenk, et al., 1949). Exposure to
PM25 is the most consistent and robust predictor of mortality in studies of long-term air
pollutant exposure (Kivimaki, et al., 2015; Yang, et al., 2013). Associations for long-term

exposures have been found to be much larger than with exposures over short-time periods
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(Pope I11, 2007). Short-term studies focus on daily variations in ambient PM and the impacts
of this on health, using time-series designs (Figure 12). Whereas long-term studies focus on
the impacts of spatial changes in ambient PM between regions over years or decades on health,

using cohort studies (Figure 13) (Pope 111, 2007).

1.5.3.1 Short-Term Exposure

Short-term exposure studies have developed in complexity, from simple methodologies that
assumed a linear relationship between variables, to more complex methods that allowed
flexible fitting for non-linear associations (e.g. season and temperature), through to case-
crossover designs, multicity studies and meta-analyses most recently (Pope 111, and Dockery,
2006). Case-crossover studies replace the need for statistical modelling to account for non-
linear associations (e.g. seasonality) by choosing control periods which account for this. Case-
crossover studies match exposures at the time of death (e.g. within a high pollution episode) to
control periods when the death didn’t occur, so that deceased individuals act as their own
controls (Jaakkola, 2003). Excess risk is estimated using regression, where logistic regression
is applied to the exposed and unexposed individuals (Jaakkola, 2003). A benefit of this study
design is that it allows the impact of susceptibility to be observed (Pope IlI, and Dockery,
2006). However, results are sensitive to the selection of control periods and case-crossover
studies also have a lower statistical power than the short-term time series analysis because only
control periods are included (and so information is lost outside of these) (Pope 111, and Dockery,

2006).

Multi-city studies reduce the risk of biases (e.g. city or publication) (Pope Il1, 2007) but are
less common. A study of six US cities (Schwartz, et al., 1996) was one of the first multicity
studies. The study found that daily mortality was significantly associated with PM1o, PM25 and

sulfate exposure, and most strongly with PM2s. Every 10-ug m= increase in two-day mean
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PM2s was associated with a 1.5% increase in daily mortality. The study has been repeated
several times (Klemm, et al., 2000; Laden, et al., 2000) and similar associations remain (1.2 %

per 10 ug m3).

Many short-term single-city PM mortality studies have been carried out since the 1990s, which
means that it is possible to estimate the pooled effects by combining multiple published studies
in a large quantitative review or meta-analyses (Pope I11, and Dockery, 2006). There have been
several multi-city and meta-analysis studies for short-term exposure of PMzs in recent years
(Atkinson, et al., 2014; Franklin, et al., 2007; Liu, et al., 2019; Mills, et al., 2015; Ostro, et al.,
2006; World Health Organization, 2013; Zanobetti, and Schwartz, 2009). PM2s associated
mortality estimates ranged from 0.4 to 1.2 % per 10 ug m increase in concentrations. The
meta-analysis of Atkinson et al. (2014) found that there was a large degree of variation in

estimates worldwide (0.25% to 2.08%) and that associations for specific diseases varied.

Despite this, overall the results of short-term exposure mortality studies are very consistent,
regardless of the method applied, indicating total mortality increases by ~1% (0.4 — 1.3%) per
10 pg m* increase in PM concentrations (Atkinson, et al., 2014; Harrison, and Yin, 2000; Liu,
et al., 2019; Pope 111, 2007; World Health Organization, 2013). As with toxicological studies,
this appears to be irrespective of location and therefore composition (Harrison, and Yin, 2000).
However, since studies are observing small effects, the uncertainties in estimating these effects

are relatively large (Harrison, and Yin, 2000).

1.5.3.2 Wildfire pollutant exposure and mortality

Emissions for biomass burning are the dominant air pollution source in many areas of the
world, including Canada and Australia (Lelieveld, et al., 2015). Therefore, epidemiology of
smoke exposure from wildfires is an area of increasing research (Johnston, et al., 2012). This
is also owing to the increased statistical power gained from studying prolonged high exposure
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fire events, regions with frequent wildfires and high populations or much more common

outcomes (e.g. prescriptions for medicine) (Johnston, et al., 2012).

Studies have found consistent associations between wildfire smoke exposure and respiratory
morbidity and asthma and chronic obstructive pulmonary disease (COPD) exacerbations
(Alman, et al., 2016; Borchers Arriagada, et al., 2019; Cascio, 2018; Delfino, et al., 2009;
Dennekamp, and Abramson, 2011; Liu, etal., 2015; Morgan, et al., 2010; Rappold, et al., 2011,
Reid, et al., 2016; Shaposhnikov, et al., 2014). These have been documented through increased
healthcare visits (including doctors, emergency departments and hospitalizations) (Borchers
Arriagada, et al., 2019; Delfino, et al., 2009; Johnston, et al., 2014; Morgan, et al., 2010; Yao,
et al., 2016). There is also increasing evidence to suggest that exposure to wildfire smoke is
associated with all-cause mortality (Borchers Arriagada, et al., 2019; Faustini, et al., 2015;

Johnston, et al., 2011).

However, in order to better understand the impact of wildfires on mortality and diseases (e.g.
cardiovascular disease) more large studies with increased statistical power are needed.
Alongside this, little information is currently available on whether health effects vary from
different smoke pollutants or the age of smoke. However, recent toxicological evidence
suggests the age of smoke may lead to changes in toxicity (Paraskevopoulou, et al., 2019). Due
to there currently being very few epidemiological studies of wildfire health impacts, it is not
possible to determine whether the shape of the concentration response function for PM
represents the health impacts of wildfire smoke accurately (Cascio, 2018; Reid, et al., 2016).
As a result, studies on the short-term health impacts of wildfires commonly use concentration
response functions derived for un-speciated anthropogenic PM (Borchers Arriagada, et al.,

2020; Crippa, et al., 2016; Johnston, et al., 2012).
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1.5.3.3 Long-Term Exposure

More recently, studies have used cohort populations to examine the effects of exposure on
mortality over long-time periods. Some of the first cohort mortality studies focused on chronic
exposure to PM.sin the USA (the Harvard Six Cities Studies (HSCS) and the American Cancer
Study (ACS)) (Dockery, et al., 1993, 1989; Pope, et al., 1995). The studies used a 14-16- year
and 7- year follow-up of 8,000 and 500,000 adults in 6 cities and 151 areas, respectively.
Information on pollutants was taken from the national air quality monitoring network in the
ACS. Both studies controlled for confounders such as age, sex and smoking among others and
both found cardiopulmonary mortality to be most strongly and significantly associated with
exposure to PM2 s and sulfate. Long-term exposure to PM2 s is associated with a larger increase
in mortality relative risk (~6 to 17% per 10 pug m) than short-term studies (~ 1 % per 10 ug

m-3) (Pope I11, 2007).

1.5.3.4 Concentration response function shape

The shape of the concentration response (CR) curve describes the increase in mortality with
increasing air pollutant concentrations. In these relationships the population-weighted PM2s
concentration is used as a proxy for dose (Avery, et al., 2010). This is because PM2 s exposure
is generally through inhalation, and the particles at this size are respirable, but also because
there is currently a lack of data on personal exposures within populations. However, several
recent studies have developed methods to account for population mobility in pollutant exposure

estimates (de Nazelle, et al., 2009; Reis, et al., 2018; Shekarrizfard, et al., 2017).

The CR curve is affected by several variables:

1) the toxicity of a pollutant.
2) the susceptibility of the population.

3) the conditions that the pollutant interacts with (e.g. weather).
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The shape of the PM-mortality concentration response functions and the no-effects threshold
(theoretical minimum risk exposure level (TMREL)) is one of the large areas of continuing
research. The TMREL is particularly important in setting and evaluating ambient air quality
limits across the world and in public policy estimating the health costs of pollution (Pope III,

and Dockery, 2006; Wong, et al., 2008).

Many studies have focused on trying to constrain the shape and no-effect threshold (TMREL),
using methods that vary in complexity. Initially studies focused on single cities (Pope Ill, and
Kalkstein, 1996; Schwartz, 1993; Schwartz, et al., 1996; Schwartz, and Marcus, 1990), finding
that the function was linear or near-linear with no clear no-effects threshold (Schwartz, and
Marcus, 1990). However, these single city studies could not be generalized for other areas and
lacked statistical power to make strong statistical inferences regarding the shape of the
function. As a result, studies moved onto calculating the shape of the concentration-response
function across multiple cities using daily time-series studies (Daniels, et al., 2000; Samoli, et
al., 2005; Schwartz, et al., 2001). These studies were based in North America and Europe and
found the function shape to be near linear with no clear no-effect threshold. Therefore, for
regions where concentrations are within those observed in these analyses, this suggests that
reductions in ambient air quality are likely to improve health even at low levels. However, it
should be noted that the shape of the concentration-response function remains uncertain at
concentrations above those observed in these regions (i.e. developing countries) (Cohen, et al.,
2004). This problem has become increasingly challenging as the ambient PM2 s concentrations
in many developing countries, and during high pollution episodes, are much above the levels
studied previously. As a result, integrated exposure-response (IER) functions were developed
to help account for these high concentrations. IER functions combine risk estimates from
studies of ambient air pollution, household air pollution, second-hand smoke and active

smoking (GBD Collaborators 2015, 2017). This allows the shape of the IER to be determined
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for much higher concentrations. However, this approach requires the assumption of equal
exposure and toxicity between sources to be made. A recent study by Burnett et al. (2018)
combined the results of 41 cohort studies, from 16 countries, examining PM2s associated
mortality to construct the Global Exposure Mortality Model (GEMM). The large number of
cohort studies included allowed the study to consider population-weighted average PMazs
concentrations over a much larger range than any previous study (15 to 84 ug m™). For the five
specific causes of death that were examined in the Global Burden of Disease (GBD) (Lower
Respiratory tract Infection, Stroke, Lung cancer, Ischemic Heart Disease and Chronic
Obstructive Pulmonary Disease) the GEMM predicted a PM_ s disease burden that was 30%
higher than the GBD estimate (GBD Collaborators 2015, 2017). This suggests that there may
be additional causes of PM2s-associated mortality that were not considered in the GBD
(Burnett, et al., 2018). Additionally, it may suggest that creating an IER function using PM2s
sources such as cigarette smoking may underestimate the PM. s disease burden, particularly at

higher concentrations (Burnett, et al., 2018).

1.6 Burden of Disease from Air Pollutants

1.6.1 Global and Regional Burden of Disease from PMzs

In the UK, long-term exposure to PMzsand Os are the third and seventh leading environmental
risk factors for mortality (Institute for Health Metrics and Evaluation, 2015). Long-term
exposure to PM2 s is also the second leading environmental risk factor for Years Lived with
Disability. Each year 29,000 deaths are brought forward across the UK due to long-term

exposure to PMzs.

Globally, exposure to ambient air pollution increases morbidity and mortality and is also a
leading cause of disease burden (GBD Collaborators 2015, 2018). Ambient air pollution is the
fourth highest-ranking risk factor for mortality globally, with 85% of the global population
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living in areas where recommended air quality guidelines are exceeded (GBD Collaborators
2015, 2018). Long-term exposure to PM2 s alone is estimated to have caused 4.2 million deaths
and 103.1 million lost years of healthy life in 2015 (GBD Collaborators 2015, 2016). This

represents 7.6% of global mortality.

Thus, reducing population exposure to ambient PM_ s could yield large public health benefits.
However, in order to achieve this, targeted reductions (e.g. sector specific/region specific) are

necessary.

1.6.1.1 Long-Term (Chronic) Exposure

1.6.1.1.1 Global

The most recent Global Burden of Disease (GBD) study estimated that long-term exposure to
ambient PM2s was responsible for 4.2 million deaths and 103.1 million lost years of healthy
life in 2015 (GBD Collaborators 2015, 2018, 2017). This accounted for 7.6% of total global
mortality in 2015. Mortality from PM.s was calculated using disease-specific IERs developed
by Cohen et al. (2017), for ischemic heart disease (IHD), cerebrovascular disease (ischemic
stroke and haemorrhagic stroke (stroke)), lung cancer, chronic obstructive pulmonary disease
(COPD) and lower respiratory infections (LRI). Age-specific functions were applied to IERs
for IHD and stroke. The study found that PM.s attributable mortality was dominated by

cardiovascular disease.

Trends in PMgys attributable mortality reflect population demographics and underlying
mortality rates, as well as ambient PM2s concentrations. Since there has been a decrease in
both the underlying cardiovascular mortality rates and ambient PM25 in World Bank high-
income countries, such as the UK, this has led to a decrease in PM2s attributable mortality
(Figure 17) (GBD Collaborators 2015, 2017). Despite this, in England, where the majority of

the UK population live, long-term exposure to ambient particulate matter led to ~12,500 (~23
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per 100,000 population) deaths being brought forward in 2015 (Figure 17) (GBD Collaborators

2015, 2017; Institute for Health Metrics and Evaluation, 2015).
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Figure 17. Total deaths (per 100,000 population) attributable to ambient particulate matter
pollution in 2015 globally (GBD Collaborators 2015, 2017; Institute for Health Metrics
and Evaluation, 2015).

In order to achieve targeted reductions in PM2s concentrations, and therefore the associated
health impacts of exposure, the contribution of emission sectors to the total PM2 s burden must
be known. Atmospheric chemistry transport models can be used to simulate the impacts of
removing/reducing emissions from individual source sectors (industry, land traffic, residential
and commercial energy use, biomass burning, power generation, agriculture and power
generation) on pollutant concentrations (Seigneur, and Dennis, 2011). This allows the change
in annual mean PM_ s concentrations and the sectoral contribution to ambient PM2sand PM2s

attributable mortality due to population exposure to be investigated (Lelieveld, et al., 2015).
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Regionally, source categories responsible for the largest contribution to PM.; attributable

mortality are shown in Figure 18.
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Figure 18. Source categories responsible for the largest impact on mortality linked to outdoor
air pollution in 2010. Source categories that are colour coded are: IND, industry; TRA,
land traffic, RCO, residential and commercial energy use (e.g. heating, cooking); BB,
biomass burning; PG, power generation; AGR, agriculture; and NAT, natural. In the
white areas, annual mean PMas is below the concentration—response threshold.
(Lelieveld, et al., 2015).

Globally, residential and commercial energy use (RCO) dominates the PM2 s health impact,
responsible for around a third of the total global PM2 s attributable mortality (~1 million deaths
brought forward) (Lelieveld, et al., 2015). This is because a large proportion of the global
population live in India and China where the RCO sector dominates the PM2 s contribution,
annual mean ambient PM2s concentrations are very high and underlying mortality rates from

disease are also high (Figure 18). By land area, agricultural and natural emissions dominate
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PM2 5 concentrations (AGR and NAT). Agricultural emissions contribute to around a fifth of
the total PM_ s attributable mortality, being the dominant source of PM_ s attributable mortality
in Europe (one fifth of the total 285,000 deaths brought forward in 2010 in Europe). This is
due to the release of ammonia from agricultural processes forming secondary PMa s species
(ammonium nitrate and ammonium sulphate). However, it should be noted that this study used
a coarse global model (~100 km resolution). As a result, the model is likely to be unable to
accurately represent local and regional scale processes, as well as the steep concentration

gradients within urban areas.

In Europe ammonium nitrate contributes significantly to PM concentrations, with mean
contributions of 6-16% to PM2s and 6-20% to PM1o (Putaud, et al., 2010). However, it should
be highlighted that secondary formation is complex, dependent upon whether a region is nitrate
or ammonia limited. In addition, the results of precursor reductions on total secondary PM2zs
formation is non-linear (Petetin, et al., 2015). Therefore, global models, at coarse spatial
resolutions, may not be able to capture these processes accurately. Observational sites across
the European Monitoring and Evaluation Program network have indicated that secondary PM2 s
formation is nitrate limited across continental Europe (Pay, et al., 2012). This indicates that
continental Europe is ammonia rich and therefore there is enough ammonia to neutralise
sulphate and nitrate, forming ammonia nitrate and ammonium sulphate (Petetin, et al., 2015).
However, large areas close to coasts, such as Spain and England, have been found to be
ammonia limited, meaning ammonium sulphate and ammonium nitrate formation are limited
by the amount of ammonia available (Pay et al., 2012). This is due to high emissions of sulphur
dioxide and nitrogen oxides from shipping and low emissions of ammonia over marine regions.
The coarse model resolution (100 km) is also unlikely to capture the regional variation in
regime seen in observational data. Particularly because the secondary fraction of PM2s is

difficult to quantify and predict from measurements due to the complexity of emitted precursors
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and transformational processes (Department for Environment Food & Rural Affairs, 2015). A
reduction in ammonia does not necessarily lead to a reduction in secondary PM2s in either of
these environments due to differences in the lifetime between the gas and aerosol phases of
secondary PMs. For example, a reduction in sulphate emissions leads to an increase in
secondary PM2s concentrations due to an increase in ammonia availability for ammonium

nitrate formation, and the increased lifetime of ammonium nitrate (Davidson, and Wu, 1990).

Biomass burning has a small global contribution to global mortality from PM2s (~5% of the
total 3,150,000 deaths brought forward in 2010 globally) (Lelieveld, et al., 2015). However,
in regions of the world frequently affected by large wildfires (e.g. Canada, South America,
South-east Asia and Australia) it is the main source of ambient PM2s. However, since the health
impacts of biomass burning emissions of PM2 s are uncertain, as well as the relative toxicity of

specific components of PM2s, this estimate is based on uniform PM2 s toxicity across species.

The global mortality burden from landscape fire smoke (LFS (PM25)) was estimated annually
between 1997 and 2006, using GEOS-Chem (Johnston, et al., 2012). 339,000 deaths were
attributed to LFS annually, of which 267,000 were in South-east Asia and sub-Saharan Africa.
LFS associated mortality was lower in Australia but the burden was concentrated around the
south-east coast of the country. 81% of the total global annual mortality due to LFS was a result
of chronic exposure and 19% was due to sporadic exposure. The total mortality burden
increased in El Nifio years and decreased in La Nifia years due to the associated change in

rainfall that lead to changes in the number and intensity of fires (Johnston, et al., 2012).

16.1.12 UK

In the UK 29,000 deaths are brought forward due to long-term exposure to PM.s annually

(Committee on the Medical Effects of Air Pollutants, 2010) and the associated Years of Life

56



Lost (YLL) is 340,000. YLL is a measure of morbidity, calculated as a function of mortality

and life-expectancy specific to an age group.

The number of deaths brought forward regionally due to long-term exposure to PM2 s has also
been estimated (Gowers, et al., 2014). Since the total PM s attributable deaths are influenced
by the total population, the population demographics and underlying mortality rate, comparison
between different regions is difficult. Therefore, the attributable fraction (AF) was presented
instead. The AF is the percentage of deaths that are attributable to long-term PM2s exposure
and is therefore independent of population characteristics and underlying mortality rates. Thus,
it allows for easy comparison of different regions more easily. The AF and annual mean PM25
concentrations indicated that England was worst affected by long-term exposure to PM2 5 (5.6%
and 9.9 pg m3), compared with Wales (4.3% and 7.5 pug m=), Scotland (3.9% and 6.8 pug m=)
and Northern Ireland (3.8% and 6.6 ug m=) (Gowers, et al., 2014). In England, there were large
regional variations in the AF and annual mean PM2s concentrations (4.6% to 7.2% and 8.1 ug
m=3to 12.7 pg m3) (Gowers, et al., 2014). The London region was worst affected by long-term
exposure to PMzs (7.2%). In contrast, the South East had largest PM2 s attributable mortality
(4,034 deaths brought forward) and years of life lost (YLL) (41,729 YLL). This reflects the
much higher population and underlying mortality rate in the South East, since the annual mean
PM_s concentration and AF were lower in the South East (9.7 ug m=and 5.5%) than London

(12.7 pg m2and 7.2%) (Gowers, et al., 2014).

Alongside this, a number of policy scenario experiments were also carried out in order to
estimate the impact of reductions in ambient PM2s on health (Committee on the Medical
Effects of Air Pollutants, 2010). The effect on health was described as life-years gained,
essentially a reduction in the YLL, and the corresponding increased life expectancy. Policies

simulated included the removal of all anthropogenic PM>.s emissions, reducing annual average
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PMg_ s concentrations by 1 pug m=and enforcing a maximum annual mean PM2s concentration

of 7 ug m* (Table 3). All scenarios were for the UK.

Table 3. Change in life expectancy for 2008 UK population following implementation of
different policy scenarios (Committee on the Medical Effects of Air Pollutants, 2010).

Policy

Population-weighted

mean concentration

Increased life expectancy (days) for 2008

birth cohort

removed
Men Women
Annual mean PM, s concentrations | 1 pug m 21 21
reduced by 1 pg m?
All anthropogenic PMzsremoved | 8.97 ug m 191 177
Maximum annual mean PMzs | 3.50 ug m3 74 69
concentration 7 ug m

Results from the scenarios tested indicated that there was a fairly linear response in life

expectancy increase with population weighted mean PM2 s concentrations (Table 3). As would

therefore be expected, the most effective scenario was to remove all anthropogenic PM2s,

which accounts for a population weighted mean concentration of 8.97 pug m=. Removing all

anthropogenic PM2s led to an increase in life expectancy of between 177 and 191 days (~6

months) for the 2008 birth cohort throughout their lifetime (Table 3) (Committee on the

Medical Effects of Air Pollutants, 2010). However, this is not plausible in a real-world

scenario. Modest improvements were made in the 7 pg m= maximum annual mean policy,

accounting for the removal of a population-weighted mean concentration of 3.5 pg m= (Table
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3). This, more likely scenario, led to an increase in life expectancy of ~70-75 days (~2.5

months).

In order to achieve reductions in annual mean PM:s concentrations it is essential to first
quantify the contribution of different emission sectors. Yim and Barrett (2012) investigated the
contribution of combustion emissions sectors on annual mean PM2s across the UK and the
subsequent impact on PM2 s-attributable mortality (Figure 19). In the study combustion sectors
were segregated into a) power generation, b) commercial, institutional, residential and

agricultural sources, c) industry, d) road transport, €) other transport and f) all UK combustion

sources.
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Figure 19. Annual average PM2 s concentrations due to combustion emissions from (a) power
generation; (b) commercial, institutional, residential, and agricultural sources; (c)
industry; (d) road transport; (e) other transport; and (f) all UK combustion sources (Yim,
and Barrett, 2012).
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Road transport contributed the largest fraction of population weighted PM2s (0.75 pug m?),
particularly in the south-east of England (Figure 19) (Yim, and Barrett, 2012). Other transport
and power generation were the next largest contributors to population weighted PM2s (0.51
and 0.42 pg m) (Figure 19) (Yim, and Barrett, 2012). The resulting annual health impact of
exposure to combustion PM s indicated 9,000 deaths were brought forward in total, with the
most substantial health burden from road transport, (3,300 deaths brought forward), other
transport (1,800 deaths brought forward) and power generation (1,700 deaths brought forward)
(Yim, and Barrett, 2012). Alongside this, the contribution of non-UK combustion emissions
on PM_s-attributable mortality was also estimated. Up to 2 pg m™ of the population-weighted
PM2 5 concentrations were from non-UK combustion emissions (Figure 19), this equated to
4,100 PM2s-associated deaths (Yim, and Barrett, 2012). Thus, indicating non-UK combustion

emissions have a considerable impact on UK PM2 s, and therefore health.

1.6.1.2 Short Term Exposure

Globally and regionally, short-lived high PM2.s concentration events can be caused by a variety
of factors, including meteorology (e.g. inversions, long-range transport) and emissions (e.g.
wildfires). Though short in duration these pollution events can have a substantial impact on

population exposure to PM2s and health.

1.6.1.2.1 Global

PM25 emissions from wildfires in south-east Asia and Australia are so large that they are the
dominant source of annual mean PM2 s concentrations in these regions (Lelieveld, et al., 2015).
During the fire season populations in these regions can be exposed to concentrations far above
the WHO guideline daily limit. Since these fires are generally episodic in nature, studies use
short-term exposure response functions to estimate the acute health impact (Borchers

Arriagada, et al., 2020; Crippa, et al., 2016).
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Studies that have focused on the impacts of exposure to PM2s from large wildfires, such as
those in Asia and Australia, indicate the health impacts are considerable. The fires in Equatorial
Asia in September and October 2015 led to an estimated 69 million people being exposed to
unhealthy air quality, leading to 11,880 PM2s associated deaths from short-term exposure
(Crippa, et al., 2016). The first estimate of the impact of PM2s exposure from fires during the
2019/2020 Australian wildfires indicates there were an estimated 417 PMoas-asscociated
deaths, 1124 cardiovascular and 2027 respiratory PM2s-associated hospital admissions due to
bushfire PM2s between October 1% 2019 and February 10" 2020 (Borchers Arriagada, et al.,
2020). However, this study may underestimate the impact on health due to reliance on
estimating population exposure using ground-based observations from the Australian air
quality monitoring network. The Australian monitoring network is sparse and sites are
generally located in city centres, meaning it may be difficult to capture the steep concentration
gradients between cities and suburban areas. The fire contribution to PM2 s concentrations was
estimated by using the 95" percentile of historical PM2s concentrations to identify “fire days’
and then subtracting the historical mean PM2s concentration of all days. This may lead to an
under or overestimation in the contribution of fires to PM.s concentrations dependent upon

whether this method accurately captures background concentrations.

1.6.1.2.2 UK

Due to the UK’s unique geographical location, close to continental Europe in the north Atlantic,
concentrations of air pollutants are subject to many different meteorological processes (e.g.
long-range transport, wash-out), which can influence concentrations on a range of time and

spatial scales.

Synoptic meteorology plays a large role in controlling concentrations (Pope et al., 2014; Pope

et al., 2016; Stirling et al., 2020). Lamb weather types, a classification for synoptic
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meteorology, have been used to investigate the influence of regional weather on NO and O3
concentrations throughout the year (Pope et al., 2014; Pope et al., 2016; Stirling et al., 2020).
Both NO2 and Os were found to be strongly influenced by wind and circulation patterns.
NO- concentrations were significantly increased under winter-time anticyclonic conditions,
through pollutant accumulation, and were also enhanced under south-easterly flow due to long-
range transport of pollutants from continental Europe (Pope, et al., 2014; Stirling, et al., 2020).
The winter increase in NO2 was attributed to the combined effect of increased emissions, more
stable conditions and decreased photolysis allowing accumulation over emission sources
(Pope, et al., 2014). The highest Os concentrations occurred under summer anticyclonic
conditions due to large scale subsidence and limiting vertical mixing. The study also identified
that south-easterly and north-easterly flow increased mean UK ozone concentrations by
between 10 and 15 ug m= (Pope et al., 2016). The health burden of short-term exposure to O3
was estimated to be 41 deaths per day under anticyclonic conditions and 42-53 deaths per day
under easterly flows. The meteorological drivers of two episodes of high Oz and PMzs
concentrations in 2006 were also found to be anticyclonic conditions with light easterly and
south-easterly winds (Fenech, et al., 2019), broadly in agreement with Pope et al. (2016). The
health impact from short-term exposure to Oz was estimated to be 70 deaths brought forward,
between 36% and 54% higher than if concentrations were at the seasonal-mean (Fenech, et al.,

2019).

Other studies have focussed on the impacts of specific high pollution events on health
(Stedman, 2004; Vieno et al., 2016; Macintyre et al., 2016). Population exposure to high
PM2 concentrations during a 10-day spring pollution episode in 2014 brought forward an
estimated 600 deaths, 840 emergency respiratory and 730 emergency cardiovascular hospital
admissions (Macintyre, et al., 2016). This equated to a doubling of hospital admissions

compared with those under typical springtime conditions. The impact of high ozone and PM1o
62



concentrations during the summer 2003 heatwave was also estimated (Stedman, 2004). The
study found that 471 deaths were brought forward, attributable to exposure to PM1o during the
two-week pollution event, representing an increase of 207 deaths compared to the same period
in 2002. This is in agreement with previous work that found a large proportion of the deaths
brought forward resulted from elevation of pollutant concentrations rather than the direct
impact of high temperatures (Rooney, et al., 1998). Previous work has therefore highlighted

the substantial short-term, acute impact of air pollution episodes on public health.

1.7 Thesis Aims

The work in this thesis aims to address several key gaps in current knowledge. This will be

achieved through four key aims:

Investigate the impact of synoptic weather on UK ambient PM2 s concentrations and

quantify the relative contributions of local (UK) and regional (non-UK) emissions to

PMzs.

e Explore the air quality impacts of the 2018 Saddleworth Moor fire using observational
data.

e Quantify the air quality and health impacts of the 2018 Saddleworth Moor fire using
the WRF-Chem model.

e Quantify the air quality and health impacts of the 2019/2020 Australian mega fires

using the WRF-Chem model.
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Chapter 2 - Methods

This thesis has two themes: the use of observational data and modelling. In Papers 1 and 2
observational datasets are used to understand factors affecting air quality at different spatial
and temporal scales. While, Papers 3 and 4 use an atmospheric-chemistry transport model to
quantify the impact of wildfires on PM2 s air quality and health. Papers 1, 2 and 3 are published
and Paper 4 is in draft format. Table 4 and Table 5 give an overview of the datasets used in
each of the papers. More detailed information on the datasets and methods is given in the

following sections and within the papers themselves.
Observational Papers

Paper 1: Ailish M. Graham, Kirsty J. Pringle, Stephen R. Arnold, Richard J. Pope, Massimo
Vieno, Edward W. Butt, Luke A. Conibear, Ellen L. Stirling and James B. McQuaid. Impact
of weather types on UK ambient particulate matter concentrations. Atmospheric Environment:

X, 5, p. 100061. DOI: https://doi.org/10.1016/j.aea0a.2019.100061, 2019.

Paper 1 used ground-based observational data to investigate the influence of synoptic scale
weather patterns (characterised by Lamb weather types) on ambient PM2 s across the UK (from
AURN ground-based observational sites). The contributions of local and non-local primary
PM2s emissions to changes in ambient PM2s concentrations under different weather patterns
were investigated using the ROTRAJ back trajectory model and bottom-up anthropogenic

emissions datasets.

Paper 2: Ailish M. Graham, Richard J. Pope, James B. McQuaid, Kirsty J. Pringle, Stephen

R. Arnold, Antonio G. Bruno, David P. Moore, Jeremy J. Harrison, Martyn P. Chipperfield,
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Richard Rigby, Alberto Sanchez-Marroquin, James Lee, Shona Wilde, Richard Siddans, Brian
J. Kerridge, Lucy J. Ventress and Barry J. Latter. Impact of the June 2018 Saddleworth Moor
wildfires on air quality in northern England. Environmental Research Communications, 2(3),

p.031001. DOI: https://doi.org/10.1088/1748-9326/ab8496, 2020.

Paper 2 used ground-based, satellite and aircraft observations to investigate the impact of the
2018 Saddleworth Moor fire on air pollutant concentrations across the north-west of England.
The emission and evolution of key air pollutants, including CO, NO2, Oz and PM2s, were

investigated using a combination of the time series and in-situ datasets that are listed above.

Modelling Papers

Paper 3: Ailish M. Graham, Richard J. Pope, Kirsty P. Pringle, Stephen R. Arnold, Martyn P.
Chipperfield, Luke A. Conibear, Edward W. Butt, Laura Kiely, Christoph Knote, James B.
McQuaid. Impact on air quality and health due to the Saddleworth Moor Fire in Northern

England. Environmental Research Letters. DOI: https://doi.org/10.1088/2515-7620/ab7b92,

2020.

Paper 4: Ailish M. Graham, Richard J. Pope, Kirsty P. Pringle, Stephen R. Arnold, Luke A.
Conibear, Helen Burns, Richard Rigby, Nicholas Borchers-Arriagada, Edward W. Butt, Laura
Kiely, Carly Reddington, Dominic V. Spracklen, Matt Woodhouse, Christoph Knote, James B.
McQuaid. Impact of the 2019/2020 Australian megafires on Air Quality and Health. Draft

Format

Papers 3 and 4 applied the same method to different regions of the world (UK and Australia).
The WRF-Chem model was used to investigate the impacts of the 2018 Saddleworth Moor
(Paper 3) and 2019/2020 Australian (Paper 4) wildfires on PM2 s concentrations. WRF-Chem
was used to calculate the impacts of the fires on air quality by simulating PM2.s concentrations

65


https://doi.org/10.1088/1748-9326/ab8496
https://doi.org/10.1088/2515-7620/ab7b92

with and without fire emissions. Observations of PM s (from ground-based monitoring) were
used to evaluate the model runs with fire emissions. Once the model performance was
quantified the increase in PM25 concentrations due to the fires was calculated using the two
simulations (PM2s Fires — PM2s No Fires). Using gridded population data (Australian Bureau
of Statistics, 2019; NASA Socioeconomic Data and Applications Center (SEDAC) Center for
International Earth Science Information Network (CIESIN), and Columbia, 2018) the
population-weighted PM2s concentration was determined and used as a proxy for dose. A
short-term concentration-response function (Atkinson, et al.,, 2014; World Health
Organization, 2013) was applied to the population-weighted PM2 s concentration, alongside
underlying mortality rates (Australian Bureau of Statistics, 2020; Institute for Health Metrics
and Evaluation, 2015) to quantify the health burden of population exposure to PM2 s from the

fires (PMzs Fires — PM2s No Fires).

Detailed information on the datasets used in the observational papers is provided in the
supplementary material of Papers 1 and 2 — therefore only an overview is provided in Table 4.
The focus of the following sections is to provide a more detailed model description and further
information on the methods used in the modelling papers (Paper 3 and 4), as these are not

described in detail in the papers themselves.
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Table 4. Overview of datasets used in Papers 1 and 2. These papers focused on the use of observational datasets, using models to support
understanding of relationships identified through the observational datasets.

Other
Air Pollutant Datasets Emissions Datasets Datasets Model
Paper [ Region Atmospheric
Ground Satellite Aircraft Anthropogenic | Fire Synoptic Back Chemistry
Observations | Observations | Measurements | Emissions Emissions | Meteorology | Trajectories Transport
Model
The European
Monitoring
EDGAR- Lamb Reading Offline  and Evaluation
1 UK AURN PM, s HTAP2, EMEP, Weather Trajectory Model | Program
NAEI PM_s Types (ROTRAJ) Unified Model
for the UK
(EMEP4UK)
FINN, The Hybrid
TROPOMI Single Particle
. FAAM NO; .
Tropospheric ' MODIS Lagrangian
2 UK AURNPMzs cotumn NO,, gl\?l CO:, Os, Fire Integrated
CcO 23 Radiative Trajectory Model
Power (HYSPLIT)
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Table 5. Overview of datasets used in Papers 3 and 4. These papers focused on the application of air quality modelling to quantify the impacts of
wildfires on health through population exposure to PM3s.

Air Pollutant Datasets | Emissions Datasets Other Datasets Model
Paper Region . . . . .
P g Ground Observations ?nrzghropog Fire Population Mortality Concentration Atmospheric Chemistry
L Emissions Count Rate . Transport Model
Emissions Response Function
Gridded .
. Global Burden = Atkinson et al.
ooy ofDiease oty 10a% | e o
3 UK FINNVL.5 (North-west  (95% CI: 0.52 - g .
HTAP2 England) 1.56%) per 10 coupled with Chemistry
(GPWv4) (20915) o PEETTHE L (WRF-Chem) v3.7.1
(2015)
nglzeiir?r?wzer:;l ations from Australia Australia
ge artments in Bureau of Bureau of WHO (2013): Weather Research and
. P EDGAR- FINN near- | Statistics - 1.0123 (95% CI: Forecasting Model
4 Australia J Queensland, New South - . Statistics (state ; .
. HTAP2 real time population e 1.0045, 1.0201) per | coupled with Chemistry
Wales, Australian count data specific) 10 pg m (WRF-Chem) v3.7.1
Capital Territory and (2018) HE o
Victoria (2018)
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2.1 WRF-Chem Model: Paper 3 and 4

Concentrations of pollutants in the atmosphere are controlled by four key processes: emissions,
chemistry, transport and removal (Jacob, 2006). These processes and interactions can be
represented numerically in 3-D Atmospheric Chemical Transport Models (Dore, et al., 2015),
such as the Weather Research and Forecasting Model with Chemistry (WRF-Chem) (Grell, et
al., 2005). Models can therefore be used to simulate concentrations of pollutants across many
scales, from global to local. Ground-based observations are often sparse, and are generally only
representative of a small region surrounding their location. In contrast, satellite observations
give a more complete picture spatially but often lack temporal detail due to their orbits (i.e.
polar orbiters overpass only once per day). Modelled concentrations can be very useful in
understanding the distribution of concentrations over larger areas than is available from
ground-based monitoring and at higher temporal-resolution than is available from satellites.
Despite this, ground-based and satellite observations are still useful in validating modelled
pollutant concentrations both spatially and temporally. Provided the simulated concentrations
agree well with observations, the impact of different scenarios can be simulated (e.g. changes
in emissions). In papers 3 and 4 PM2 s concentrations were simulated for two scenarios: 1) with
fire emissions 2) without fire emissions. This isolated the contribution of each wildfire event
to PM2 s concentrations and allowed the impact of pollutants emitted by wildfires on air quality

and health to be quantified.

2.1.1 The WRF-Chem Model System

The Weather Research and Forecasting Model with Chemistry (WRF-Chem) has become a
popular tool for investigating regional air quality across the world in recent years. The model

development was a collaborative effort, led by NOAA and ESRL scientists, to convert WRF

69



into a coupled model with chemistry that is free to use. WRF-Chem is a fully online-coupled
model, in which the air quality and meteorology are fully integrated using the same coordinate
system, transport and time-step (Grell, et al., 2005). This is achieved by including modules for
both gas-phase and aerosol chemistry. Online chemistry allows complex interactions between
emissions, chemistry, transport and removal to be captured (e.g. chemistry impacts on
meteorology through interaction of aerosols on CCN), since these interactions occur on time-

scales shorter than the model output (Grell, et al., 2005).

WREF is a fully compressible, non-hydrostatic model, which was designed for research and
forecasting. There are two dynamical cores in the WRF model: The Advanced Research WRF
(ARW) and Non-hydrostatic Mesoscale Model (NMM). Both cores are Eulerian mass
dynamical that use terrain-following hydrostatic pressure vertical coordinates and include
advection, Coriolis, diffusion, pressure gradients and time-stepping. The work presented in this
thesis used the ARW core (within WRF-Chem version 3.7.1). The ARW solver is used to
calculate chemistry and meteorology using the same coordinates, timestep and physics (Grell,

et al., 2005; Skamarock, and Klemp, 2008).

The WRF and WRF-Chem modelling systems are constructed of two main components, which

will be discussed in the following sections, with specific focus on the WRF-Chem model:

1. The WRF pre-processing system (WPS)

2. The WRF model (REAL and ARW model)

The WRF-Chem model differs from the WRF model due to the addition of chemistry, which
needs additional gridded data for emissions of chemical species (see ‘External Data Source’ in
Figure 20). This additional information is provided by the WPS (dust emissions) or read in
(e.g. fire emissions, biogenic emissions) during initialisation (see ‘External Data Source’ in

Figure 20). Alongside this, anthropogenic emissions are also read into the WRF ARW solver
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(see ARW model in Figure 20) and an additional step is added in post processing (3) to
calculate the concentrations of some air pollutant species (see ‘Post-Processing &

Visualisation’ in Figure 20).

In this work a set of scripts (WRFotron) written by Christoph Knote were used to automate
WRF-Chem simulations and scripts from and Christoph Knote and Luke Conibear were used

for post-processing. WRFotron scripts were used to submit the three key stages of simulations:

e pre-processing (pre.bash) (‘“WPS’, ‘Real data’ and ‘wrfchembc’ Figure 20)
e the ARW model (main.bash) (‘ARW model’ Figure 20)

e post-processing (post.bash) using Python/NCL scripts (‘NCL’ Figure 20).

This work used the same model set-up as has been extensively used in air quality studies across
many regions of the world previously (Conibear et al., 2018a, 2018b; Conibear et al., 2018;
Kiely et al., 2019, 2020; Reddington et al., 2019; Conibear et al., 2020; Silver et al., 2020;

Thorp et al., 2020).
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2.1.2 Domain and Model Set-up

An overview of the model set-up used for Papers 3 and 4 is provided in Table 6, further
information on the settings used is given in the following sections and within the papers and

their supplementary material.
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Table 6. Model and Domain settings used for Paper 3 and 4.

Model Configuration and

Parametrizations

Paper 3

Paper 4

Model Simulation Time Period

June 16" — July 14" 2018

September 1%t 2019 — January 31% 2020

Model Domain

-4.9 - 0.7°E and 53.0 — 54.4°N

128.9 - 170.6°E and -9 — -48°N

Horizontal Resolution

17x39 grid boxes 10 km

130x150 grid boxes 30 km

Vertical Resolution

33 levels and 27 meteorological
levels

33 levels and 38 meteorological levels

Model Timestep

60 seconds

180 seconds

Meteorological Initial § NCEP GFS and NCEP FNL 6-hourly | ERA5 6-hourly analyses at 0.1°
Boundary Conditions analyses at 0.5° resolution

Chemical Initial Boundary | WACCM 6-hourly simulation data WACCM 6-hourly simulation data
Conditions

Fire emissions

FINNv1.5

FINN near-real time

Fire emissions release

100% at the surface called every 30
seconds

Evenly distributed through the
boundary layer/plume-rise, both called
every 30 seconds

Anthropogenic emissions

EDGAR-HTAP 2010

EDGAR-HTAP 2010

Dust emissions

GOCART with Air Force Weather
Agency (AFWA) modifications

GOCART with Air Force Weather
Agency (AFWA) modifications

Land surface

NOAMH Land surface model

NOAH Land surface model

Boundary Layer Scheme

The Mellow-Yamada-Nakanishi-
Niino Level 2.5(MYNN2) scheme
called every 60 seconds

The Mellow-Yamada-Nakanishi-
Niino Level 2.5(MYNN2) scheme
called every 3 minutes

Gas-phase Chemistry

MOZART-4 with aqueous chemistry
(202) called every 60 seconds

MOZART-4 with aqueous chemistry
(202) called every 3 minutes

Photolysis Scheme

Madronich ~ fTUV
called every 10 mins

(phot_opt=3)

New full fTUV (phot_opt=4) called
every 30 mins

Aerosol Scheme

MOSAIC 4-bin  with aqueous
chemistry (202) (apart from in
stratocumulus clouds) called every 60
seconds

MOSAIC  4-bin  with  aqueous
chemistry (202) (apart from in
stratocumulus clouds) called every 3
minutes

Convection Parameterization

Grell 3-D ensemble

Grell 3-D ensemble
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Microphysics

Thompson scheme

Thompson scheme

Radiation Scheme

RRTM longwave called every 60
seconds and Shortwave radiation
RRTM shortwave called every 60
seconds

RRTM longwave called every 3
minutes and Shortwave radiation
RRTM shortwave called every 3
minutes

Meteorological Nudging

All vertical levels - potential
temperature, horizontal and vertical
winds and the water vapour mixing
ratio using 3-hourly GFS reanalysis.

1. All vertical levels - potential
temperature, horizontal and vertical
winds and the water vapour mixing
ratio using 6-hourly ERAS reanalysis.

2. Within the boundary layer
horizontal and vertical winds are
nudged using 6-hourly ERA5
reanalysis. Above the boundary layer -
potential temperature, horizontal and
vertical winds and the water vapour
mixing ratio using 6-hourly ERA5
reanalysis
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2.1.2.1 UK 2018 Saddleworth Moor Wildfire

Simulations for the Saddleworth Moor wildfire were performed between June 1% to July 14™
2018 at 10 km resolution for a domain covering northern England (Figure 21). The first two
weeks of the simulation were discarded as model to spin-up. Therefore, the simulation analysed
spanned June 16 to July 14" 2018. The domain size was 17x39 grid boxes with 33 pressure
levels (from the surface to 10 hPa). The domain included the north-west England region, which
ground-based and satellite observations indicated was most severely affected by pollutants
from the fires. The spatial resolution was 10 km, therefore a model timestep of 60 seconds was

used in order not to breach courant (C) stability (i.e. how much information (u) moves across
a grid cell (Ax) within a given model timestep (At), since C = ”A—it). This allowed the model

simulation time and cost to be reasonable, without the model becoming unstable.

WPS Domain Configuration

sae20N
e
S0

53°20'N

4°W 3°W 2°W 1°w 0°

Figure 21. WRF-Chem domain for Saddleworth Moor Fires 2018 simulations
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2.1.2.2 Australia

Simulations over Australia were performed for August 1% 2019 to January 31 2020 at 30 km
resolution for a domain covering eastern Australia and New Zealand (Figure 22). Model output
was discarded between August 1% and August 31% to allow the model to spin-up in the first
month. The domain size was 130x150 grid boxes with 33 pressure levels (from the surface to
10 hPa). For these simulations, only eastern Australia was included in the model domain for
several reasons. Firstly, ~90% of the population live in this region, secondly this was the region
the fires affected most severely, thirdly, satellite observations indicated that pollutants were
transported within this region by prevailing winds, and finally, computing cost and time meant
that including all of Australia and New Zealand would have been challenging. Since the
resolution of this model simulation was coarser (30 km) a larger model timestep was used (3

minutes).

WPS Domain Configuration

10°S

15°S

20°S

25°8

30°S

35°S
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130°E 140°E 150°E 160°E 170°E

Figure 22. WRF-Chem domain for Australia wildfires 2019/2020 simulations
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Data used for Initial Conditions
2.1.2.3 Initial Boundary Meteorology

Meteorological Reanalysis

UK
Meteorological conditions were initialised using NCEP GFS 6-hourly analyses at 0.5°

resolution on 27 pressure levels (NCEP, 2007). In between the 6-hourly analyses, GFS 3-hourly
forecasts were used for boundary conditions and nudging of meteorological variables (NOAA,
2020). Nudging was used in order to keep simulated meteorology in line with the
meteorological analyses. The variables which were nudged in all of the vertical levels included,
potential temperature, the horizontal and vertical winds and the water vapour mixing ratio.
Meteorology was re-initialised every week using meteorological boundary conditions in order
to minimise model drift.

Australia

Meteorological conditions were initialised using ERA5 6-hourly analyses at 0.1° resolution on
38 pressure levels (Hoffman et al., 2019; ECMWEF, 2020). Nudging was performed in the same
way as with GFS reanalysis but using 6-hourly ERA5 meteorological analysis. Two nudging
options were tested, firstly, meteorological variables (potential temperature, horizontal and
vertical winds and the water vapour mixing ratio) were nudged for all vertical levels. Secondly,
only horizontal and vertical wind components were nudged within the boundary layer and
above the boundary layer potential temperature, horizontal and vertical winds and the water

vapour mixing ratio were nudged.

2.1.2.4 Initial Chemical Boundary Conditions

Initial boundary chemistry was provided by the Whole Atmosphere Community Climate
Model (WACCM) 6-hourly simulation data (Marsh, et al., 2013; UCAR, 2020a), since this is

the only dataset available at near-real time. WACCM meteorology is driven by the NASA
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GMAO GEOQOS-5 model. Anthropogenic emissions for 2014 from CEDS (used in CMIP6) and
FINN-v1 fire emissions are used in WACCM. Model output is given on 88 vertical levels at
0.9x1.25° (UCAR, 2020b). WACCM initial boundary conditions were used to initialise

chemistry at the start of the simulation in both the UK and Australia model simulations.

2.1.2.5 Anthropogenic Emissions

For both the UK and Australia model simulations, global anthropogenic emissions were taken
from the Emission Database for Global Atmospheric Research with Task Force on
Hemispheric Transport of Air Pollution version 2.2 (EDGAR-HTAP2) (Janssens-Maenhout,
etal., 2015) at 0.1° resolution for 2010. Sector specific diurnal cycles were subsequently added
to the emissions after they have been read in, using diurnal cycles from Olivier et al. (2003).
EDGAR-HTAP2 is a global, gridded, air pollution emission inventory compiled of officially
reported, national gridded inventories. Where national emissions datasets or specific sectors
were not available EDGAR v4.3 grid maps are used. Emissions include SOz, NOy, CO,
NMVOC, NHs, PM1, PM25, BC and OC. The resulting EDGAR-HTAP2 dataset provides
emissions of these pollutants on a monthly and annual grid map and contains emission factors
that are fuel-, technology-, process- and human activity- dependent, as well as considering end-
of-pipe abatement. Emissions include all anthropogenic emissions except large-scale biomass
burning (e.g. wildfires). Emissions are split into 7 sectors: aircraft, international shipping,

power industry, industry, ground transport, residential and agriculture.

Within EDGAR-HTAP2, European emissions are from the TNO-MACC-II (EMEP-TNO)
(Kuenen, et al., 2014) dataset at 0.125°x0.0625° (converted to 0.1° x 0.1°), spanning from
30°W-60°E and 30-72°N. EDGAR-HTAP2 2010 data for Europe is based on EMEP-TNO
2009 data but uses the trend in EMEP-TNO data between 2006 and 2009 to estimate 2010

emissions. The EMEP-TNO dataset includes all activities, except international shipping and
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international aviation (this was taken from EDGARVA4.3), and all emissions, except OC and
BC. OC and BC were derived using a ‘PM-split’ table, that provides recommendations on PM
composition carbonaceous profiles for each sector and country (Visschedijk, et al., 2009) using
PM2s and PMyo. From the annual totals, monthly profiles were calculated using monthly

scaling factors for each country and sector.

Australian emissions in EDGAR-HTAP2 are taken from EDGAR v4.3. The dataset provides
global emissions of anthropogenic and greenhouse gases between 1970 and 2010, including
OC, BC and PM.s. Emissions are provided at country level for individual sources. These are
mapped onto the EDGAR-HTAP2 grid using proxy data such as population data, roads,
railways and animal density, among others (more information in Janssens-Maenhout et al.
(2013)). Once the data has been mapped, monthly profiles for each HTAP sector from EDGAR
v4.3 are applied to create a monthly varying dataset — for Australia profiles for the southern

hemisphere are used.

EDGAR-HTAP2 emissions are used in place of local emissions datasets (e.g. NAEI emissions
for the UK) because during fire events the PMzs signal is likely to be dominated by fire

emissions of PM25 (e.g. PM2 fires — PM2 s no fires).

2.1.2.6 Fire Emissions

Wildfire emissions were taken from the Fire Inventory from NCAR version 1.5 (FINNv1.5)
(UK) and FINN version 1 near real time (FINNv1 NRT) (Australia), which were provided with
chemical speciation profiles for MOZART-4. Both versions of FINN combine satellite
observations, land cover, biomass consumption estimates and emissions factors to calculate
daily fire emissions globally at 1 km resolution. FINN emissions are chosen over GFED due
to their higher spatial resolution (1 km vs 5 km). FINN uses satellite observations from the
MODIS Thermal Anomalies Product to provide detections of active fires. Burned area is
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assumed to be 1 km? for each fire identified and scaled back based on the density of vegetation
from the MODIS Vegetation Continuous Fields (VCF) (i.e. if 50% bare = 0.5 km? burned area).
The type of vegetation burned during a detected fire is determined using the MODIS Collection
5 Land Cover Type (LCT). Each fire pixel is assigned to one of 16 possible land cover/land
use classes and also the density of vegetation at 500 m resolution, scaled to 1 km. The 16 land
cover types are then aggregated into 8 generic categories to which fuel loadings are applied
(Wiedinmyer, et al., 2011). Fuel loadings are from Hoelzemann et al. (2004) and emissions
factors are from Akago et al. (2011), Mcmeeking (2008) and Andrae and Merlet (2001). FINN
includes all emissions from above ground vegetation but not from the combustion of peat
(Kiely, et al., 2019). Fire types included are wildfires, prescribed and agricultural burning.

However, trash burning or biofuel use are not included.

The key difference between FINN v1 NRT and FINN v1.5 is that FINN v1 NRT uses MODIS
near real time fire counts rather than the reprocessed fire counts, which v1.5 uses. This is due
to FINN v1 NRT being a near real time product. The near real time product (FINN v1 NRT) is
used for paper 4 because FINNv1.5 emissions had not been released at the time of the model
simulations. However, the differences between the two datasets over Australia for the year
2018 (and 2019 following the v1.5 release) were quantified to identify any differences in PMzs

emissions.

Release of Fire Emissions

WRF-Chem is set-up to emit fire emissions using a plume-rise parameterisation by default
(Freitas, et al., 2007). Plume-rise is a 1-D cloud-resolving model that parameterises how
plumes transport hot gases and particles vertically. Plume-rise uses meteorological fields and

land-use from the WRF-Chem simulation as input and then explicitly simulates each plume.
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The height of each plume is then used as the injection height for flaming fire emissions within

the model (Freitas, et al., 2007).

Several studies focussed on peat fires have found that, due to the lower burning temperatures,
the plume-rise scheme potentially represents an incorrect vertical distribution of the emissions
(Archer-Nicholls, et al., 2015; Crippa, et al., 2016). Given the relatively small size of the
Saddleworth Moor fires (8 km?) and the low peak height of flames (4 m), the plume-rise
parameterization is likely to overestimate the injection height of the emissions from the fires.
Therefore, in these simulations 100% of emissions were released at the surface. The much
larger Australia bushfires are likely to have had a substantially higher flame height and
produced such intense heat that they created pyro-cumulonimbus clouds. Therefore, in these
simulation two emissions release options were implemented in order to investigate which lead

to the best comparison with observations:

1) distributing emissions evenly within the boundary layer, following the method of Kiely
et al. (2020, 2019).

2) Plume-rise.

Kiely et al. (2020, 2019) used a similar WRF-Chem set-up to the Australia simulations and
found that for simulations of Indonesian fires surface and boundary layer emission release
options improved agreement between simulated surface PM2 s concentration and observations

compared with the plume-rise module.

In both papers, the fire_emiss pre-processor was used to re-grid FINN emissions to the domain
spatial resolution and to map the FINN chemical speciation to the model aerosol scheme. The
size distribution of aerosol was then calculated online. Fire_emiss also applies separate diurnal

cycles to emissions from wildfire, prescribed burning and agricultural burning, using WRAP
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data (Western Regional Air Partnership, 2005). >90% of wildfire emissions are released

between 10:00 and 19:00 local time.

2.1.2.7 Dust Emissions

Three options to calculate dust emissions are available in WRF-Chem v3.7.1: 1) GOCART-
WREF (dust_opt=1) (LeGrand, et al., 2019), 2) GOCART AFWA (dust_opt=3) (LeGrand, et
al., 2019) and 3) GOCART UoC (dust_opt=4) (Shao, 2001). In this work the GOCART with
Air Force Weather Agency (AFWA) modifications (LeGrand, et al., 2019) scheme was used
(dust_opt=3), which calculates dust emissions online. The AFWA scheme is based on the
parametrisation of Marticorena and Bergametti (1995) and builds upon the original GOCART
dust emission scheme (Ginoux, et al., 2001), first incorporated into WRF-Chem as GOCART-
WRF. GOCART was designed to use a topographically based source function to fixed
geographic variability in substrate erodibility. This removed the need to obtain soil and surface
characteristic data, which are difficult to acquire. In GOCART AFWA the erodible fraction of
soil is fixed to a constant mix of sand, silt and clay. Dust emissions are calculated using wind
speed, soil moisture and general soil characteristics, which are already available in WRF-
Chem. Emissions are calculated separately for discrete soil grain size bins in a two-stage
process, where wind shear triggers large particle saltation, leading to the emission of fine
particles by saltation bombardment. The AFWA scheme is able to better represent dust
emissions by saltation bombardment and particle disaggregation than the GOCART-WRF
scheme by utilising an independent series of 9 bins for saltation (between 1.42 um and 250
um) and 5 bins for emitted dust (0.2-2 um , 2-3.6 um, 3.6-6 um, 6-12 um and 12-20 um)
(LeGrand, et al., 2019). Dust mass fluxes calculated by the scheme are used to represent the
dust mass flux that is injected into the surface atmospheric model level. Separate modules in
the model, for atmospheric transport and removal, are then used to estimate dust concentrations

in model levels above this.
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2.1.2.8 Land-use

Land-use (vegetation) data is from MODIS at 30 arc-second resolution (~1km) using
International Geosphere-Biosphere Programme (IGBP) classes. 18 land-use classes are used,
with 7 tree/shrubland, 3 savanna/grassland, 2 cropland, wetland, ice and snow, urban, bare-

ground and water categories. More information is available from UCAR (2020c).

2.1.3 Model set-up

2.1.3.1 Land-surface Model

The NOAH land-surface model (LSM) was used to represent land surface processes and
provide lower boundary conditions (Ek, et al., 2003). The NOAH LSM simulates surface
energy and water fluxes and the surface energy and water budgets due to near-surface
atmospheric forcing. The associated changes in soil moisture and temperature and snowpack
are important to the surface energy and water budgets on daily, seasonal and annual timescales.
This allows the model to account for sub-grid fluxes and also has knock on effects on boundary
layer and cumulus schemes. The three key inputs that the LSM needed as input were: land-use
(vegetation) type, soil texture and slope. From this, the LSM provides WRF with: surface
sensible heat flux, surface latent heat flux, upward long-wave radiation (or skin temperature
and surface emissivity), upward (reflected) short-wave radiation (or surface albedo, including

snow effect).

2.1.3.2 Boundary Layer Scheme

The planetary boundary-layer scheme (PBLS) used was the Mellow-Yamada-Nakanishi-Niino
Level 2.5 (MYNNZ2) scheme (Nakanishi, and Niino, 2006). The PBLS is important in
determining the concentration of pollutants. The most important variables within the PBL,
which determine concentrations, are PBL height, wind speed and direction, temperature and

relative humidity. These are characterised using parameterisations. Within the MYNN?2
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scheme a database of large eddy simulations was used to tune these variables, with the aim of
overcoming typical biases seen in PBLSs (e.g. a convective boundary layer which doesn’t grow

sufficiently and underestimated turbulent kinetic energy).

2.1.3.3 Gas-phase and Aerosol Chemistry Scheme

The Model for Ozone and Related Chemical Tracers, version 4 (MOZART-4) scheme was used
for gas-phase chemistry (Emmons, et al., 2009), driven by model meteorology. The MOZART-
4 scheme includes 85 gas-phase species, 12 bulk aerosol compounds, 39 photolysis
(phot_opt=3)/109 photolysis (phot_opt=4) reactions relevant to tropospheric and stratospheric
chemistry, and 157 gas-phase reactions (Emmons, et al., 2009). The scheme, which allows the
online calculation of aerosol, updates MOZART-2 (Horowitz, et al., 2003), which was based
on the Model of Atmospheric Transport and Chemistry (MATCH) (Rasch, et al., 1997). The
scheme has also been extended to include detailed treatment of monoterpenes, aromatics,
nitrous acid (HONO.- an important source of the hydroxyl radical), acetylene (C2H2) and an
updated isoprene scheme (Knote et al., 2014). This is coupled to the Model for Simulating
Aerosol Interactions and Chemistry (MOSAIC) sectional aerosol scheme with the Kinetic Pre-
Processor (KPP). Within MOSAIC, four sectional aerosol bin sizes are used: 0.039-0.156,
0.156-0.625, 0.625-2.5 and 2.5-10 um. The MOSAIC scheme includes the interaction of
aerosol with radiation through the direct effect of aerosol on radiation (scattering) and the effect
of aerosols and clouds on photolysis (Emmons, et al., 2009). MOZART-4 also includes aerosol
interactions with clouds via aerosol number determining cloud drop number and size, the first
indirect aerosol effect, aqueous chemistry (in these simulations aqueous chemistry in

stratocumulus clouds was not included) and wet removal through scavenging.

The physical processes within MOZART-4 are the same as within MOZART-2 (Horowitz, et

al., 2003). Within the MOZART model convective mass fluxes are calculated, using the
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shallow and mid-level convective transport formulation of Hack (1994) alongside the deep
convection scheme of Zhang and McFarlane (1995). A parameterisation is used for vertical
diffusion in the boundary layer (Holtslag, and Boville, 1993). Wet deposition is from Brasseur
et al. (1998). A flux form semi-Lagrangian transport algorithm is used for advective transport

(Lin, and Rood, 1996).

The updated gas-phase chemical mechanism in MOZART-4 uses a volatility basis set
description of secondary organic aerosol (SOA) formation, based on Lane, Donahue and Pandis
(2008a, 2008b) (Knote et al., 2014). This allows the oxidation of several biogenic and
anthropogenic precursor species to form new species with varying volatilities (Knote et al.,
2014). These then partition between the gas- and aerosol-phase, dependent upon total organic
aerosol load and temperature. The effect of continuous oxidation on reducing the volatility is
also included, as well as the removal of secondary inorganic VOCs. Primary organic aerosols
(POAS) are considered non-volatile in the model. More detailed information on the updated

scheme is available in Hodzic and Knote (2014) and Knote et al. (2014).

2.1.3.3.1 Aerosols

The MOZART-4 scheme includes the calculation of black carbon, sulfate, ammonium nitrate,
primary and secondary organic aerosol (POA and SOA) and sea salt. Sulfate aerosols are
formed from precursor emissions of SO, and DMS (Barth, et al., 2000). Black carbon (BC) and
organic carbon (OC) emissions are split between hydrophobic (50%) and hydrophilic forms
(80%) (Chin, et al., 2002). BC and OC are converted from hydrophobic to hydrophilic at a time
constant of 1.6 days (Horowitz, 2006; Tie, et al., 2005). SOA is formed through the oxidation
of monoterpenes and toluene (Chung, and Seinfeld, 2002). A parameterization of gas/aerosol
partitioning (Metzger, et al., 2002) and ammonia emissions are combined to determine the

distribution of ammonium nitrate. Based on the amount of sulphate present, the parametrisation
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applies a set of approximations to the equilibrium constant calculation (Seinfield, 1986). The
uptake of dinitrogen pentoxide (N2Os), HO2, NO2 and nitrate (NO3) onto aerosols is included.
The surface area is calculated, using the assumption of a lognormal distribution, using a
different geometric mean radius and standard deviation for each type of aerosol (Chin, et al.,
2002). Sea salt aerosol is calculated online (Mahowald, et al., 2006) and is included using four
size bins (0.1-0.5, 0.5-1.5, 1.5-5, and 5-10 um). Monthly mean distributions of dust in the
Community Atmosphere Model (CAM) are used to set the distribution of dust, in four size bins
(0.05-0.5,0.5-1.25, 1.25-2.5, and 2.5-5.0 um). Ambient relative humidity is used to determine
hygroscopic growth of aerosols, with different rates applied to individual types of aerosols
(Chin, et al., 2002). While, washout is 20% of the HNO3z washout rate for all aerosol species,

expect hydrophobic OC and BC (Horowitz, 2006; Tie, et al., 2005).

2.1.3.3.2 Photolysis
The online f-TUV (fast Tropospheric Ultraviolet-Visible) scheme (Tie, et al., 2003) (39

reactions) and the new TUV scheme (UCAR, 2020d) (109 reactions) were used in the UK and
Australia simulations, respectively. These settings are recommended for use with MOZART-4
(Hodzic, and Knote, 2014). The f-TUV scheme is a simplified, much faster and
computationally cheaper version of the TUV model (Madronich, and Weller, 1990). The f-
TUV scheme was updated to allow the impact of aerosols on clouds to also be included (Tie,
et al., 2003). A lookup table, which is based on the Mie calculations in the NCAR Community
Atmosphere Model (CAM3), is used in the treatment of aerosols in fixing photolysis
frequencies and aerosol optical depth. The new TUV scheme uses the updated TUV model
(TUV v5.3), which now includes aerosol and cloud feedback on photolysis rates, improving

TUV model performance when compared with observations (UCAR, 2020e).
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2.1.3.3.3 Dry Deposition

Dry deposition velocities were calculated online using the parameterisation of Wesley (2007),
Walmsley and Wesley (1996) and Wesley and Hicks (2000). The parametrisation uses the
distribution of vegetation, and the diffusion coefficient, reactivity and water-solubility of gases,
to calculate surface resistance. The distribution of vegetation is taken from monthly land cover
maps of plant functional type fraction and leaf area index (Bonan, et al., 2003). The flux of air
pollutants (aerosols and gases) to the surface is calculated by multiplying the spatio-temporal

deposition velocity by air pollutant concentrations in the model surface layer.

2.1.3.3.4 Biogenic Emissions

The Model of Emissions of Gases and Aerosols from Nature (MEGAN) (Guenther, et al., 2006)
was used to calculate biogenic emissions of isoprene and monoterpenes online (at 1 km
resolution). Therefore it should be used with the updated gas-phase chemical mechanism in
MOZART-4 (Hodzic, and Knote, 2014). MEGAN online emissions are based on the emission
factor of each compound, an emissions activity factor and a factor that accounts for canopy
gain or loss. Other biogenic emissions are taken from the POET inventory, these vary at
monthly temporal resolution but do not vary for different years. Lumped monoterpene
emissions in MOZART-4 are the sum of alpha-pinene, beta-pinene, limonene, myrcene,

ocimene, sabinene, and delta-3-carene in the MEGAN emission factor maps.

2.1.3.4 Radiation Scheme

The Rapid Radiative Transfer Model (RRTM) option was used for both short and long wave
radiation (lacono, et al., 2008). The RRTM includes several long-wave absorbing molecules:
water vapour, carbon dioxide, ozone, methane, nitrous oxide, oxygen, nitrogen and the
halocarbons, and short-wave absorbing molecules: water vapour, carbon dioxide, ozone,
methane and oxygen. Extinction from aerosols, clouds and Rayleigh scattering are also

included in the model.
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2.1.3.5 Microphysics Scheme

The Thompson scheme was used for cloud microphysics (Thompson, et al., 2008). The scheme
is a single-moment scheme, other than the double-moment ice. The mixing ratios of 5 liquid
and ice species (cloud water, rain, cloud ice, snow and graupel), as well the number
concentration of cloud ice, are explicitly simulated. The use of only one moment for all species

(except ice) means that computing costs and run time for simulations are reduced.

2.1.3.6 Convection Parameterisation Scheme

The Grell 3-D scheme was used for convection parameterisation (Grell and Dévényi, 2002) as
this is the only scheme integrated with cloud chemistry and tracer transport (Hodzic, and Knote,
2014). The parameterisation framework is based on an earlier convective parameterization,
which used dynamic control, static control and feedback to split cumulus parametrisation
(Grell, 1993). Dynamic control determines the modulation of convection by the environment,
determining where convection will occur and how strong it will be. Feedback distributes the
total integrated heating and drying in the vertical, therefore specifying the modification of the
environment by convection. Finally, static control controls updraft and downdraft
characteristics, including mechanisms such as entrainment, detrainment and microphysics. The
Grell 3-D scheme expands this scheme to enable the inclusion of other commonly used
assumptions. This gives a large spread in the solution calculated by the parameterisation.

Ensemble and data assimilation are then used to identify the most likely solution.

2.1.4 Model Uncertainties

Model uncertainties can arise from a range of factors. Uncertainties from input datasets include
the resolution of emissions datasets not capturing the strong concentration gradients of
emissions due to averaging (Kushta, et al., 2018; Thompson, et al., 2014). Alongside this,
model set-up can affect results. The trade-off between model resolution, computation time and

expense means that simulations are often performed at resolutions that do not capture strong
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concentration gradients in highly populated areas (Kushta, et al., 2018). This can lead to an
underestimation of population exposure to pollutants and can therefore lead to an
underestimation in the health impact calculated. Parameterisations of complex processes (e.g.
boundary layer height diurnal cycle, convection), and the subsequent poor representation of
them, can also lead to concentrations of air pollutants at the surface being in poor agreement

with observations.

2.2 Health Impact Assessment

2.2.1 Concentration-Response Function

The concentration-response function (CRF) of Atkinson et al (2014) was used to estimate the
impact of short-term exposure to PM..s on mortality in Paper 3. The CRF was derived using a
meta-analysis of 110 peer-reviewed time-series and case-crossover studies. The key strength

of meta-analyses is that they strengthen evidence by combining findings of many studies.

Studies within the meta-analysis were found using keyword searches on the main medical
journal databases and included studies published up to 2011. Once a relevant study was
identified, it was only included if the study design, statistical methods and regression estimates

fitted the criteria for the meta-analysis. This was achieved using 4 selection criteria:
1) estimates were for PM2s
2) daily data for at least one year
3) confounding factors were controlled for

4) sufficient information was available for the calculation of a regression estimate and

standard error for comparison in the meta-analysis.
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Studies selected were also filtered for the time lag between population exposure to PM2s and
health effects presented, selecting the results from only one lag (the lag that the author focused
on or was most statistically significant), if several were given. In order to reduce the over-
representation of a single city within the meta-analysis, single-city studies were also filtered

and only included if they were not within in any of the multi-city studies already selected.

Studies selected for the meta-analysis were grouped globally and also split into WHO regions
(Africa, Eastern Mediterranean, Europe, Americas, South-East Asia and West Pacific), which
were further split by the mortality rates for children and adults. For each of these regions, a
meta-analysis was performed if 4 or more single city-estimates or a multi-city study estimate
was available. Separate meta-analyses were performed for the single city-estimates and the
multi-city estimates in each region. The single-city and multi-city effect estimates were then
combined to calculate a global summary estimate. A random effects model was used to identify
the proportion of variability in effect estimates that was due to unobserved differences
(heterogeneity) across WHO regions. This indicated that there was a high level of heterogeneity
in all-cause mortality effect estimates across regions (12 = 93%) from 0.25% to 2.08% per 10

pg m increment in PMzs.

In order to ensure that the results of Paper 4 were directly comparable to previous work by
Borchers Arriagada et al. (2020), the World Health Organisation (2013) CRF was used. The
WHO CRF was derived using the Air Pollution Epidemiology Database (APED) meta-
analysis, which included 12-single city time-series studies and 1 multi-city study, all of which
were all-cause, all-age mortality studies. All studies included were based in Europe (WHO
European region), with the multi-city study including 9 French cities. Studies included were
carried out between 1991 and 2006. Single-city study estimates ranged between -0.66% and

2.57% per 10 ug m3, while the multi-city study estimate was 1.59% per 10 pug m.
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2.2.2 Premature Mortality Estimate

In order to calculate the health burden of short-term exposure from PM. s three key factors were
used. Firstly, the ‘safe limit’, known as the theoretical minimum risk exposure level (TMREL),
below which there is no increase in mortality or morbidity. Secondly, the baseline mortality
rate of the population exposed. Thirdly, a CRF, which relates population exposure above the

‘safe limit’ to an increase in mortality or morbidity.

Paper 3 and 4 used different CRFs (as discussed above). However, the CRFs were applied in
the same way for both papers. For both papers, since there is little evidence to suggest a safe-
limit of exposure to PMz2s, a TMREL (Xo) of 0.0 pg m= was assumed, in line with others
(Borchers Arriagada, et al., 2020; Holgate, 1998; Macintyre, et al., 2016; Schmidt, et al., 2011).
However, a sensitivity analysis was also carried out in paper 3 to investigate the impact of the
assumed TMREL on the results, using a TMREL of 2.4 and 5.9 pg m=. These values were
chosen to match the lower and upper TMREL used in the Global Burden of Disease 2015 study
(GBD Collaborators 2015, 2017). For Paper 3 the all-cause, all-age background mortality rate
for north-west England was taken from the Global Burden of Disease (IHME, 2018). Whilst in
paper 4 state specific all-cause, all-age background mortality rates were taken from the

Australian Bureau of Statistics (Australian Bureau of Statistics, 2020).

In order to estimate the number of deaths brought forward due to exposure to PM2s the CRF,
TMREL and background mortality rate were combined together with population level exposure

to PM2sin three steps in Equation (11):
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(a) RR = expB(X_XO)

RR-1

(b) AF = (52

(11)

N
(©) Em= ) Ba.popiAF
i=1

Firstly, the relative risk (RR) was calculated (Equation (11)(a)). This is the probability of
mortality from a disease endpoint within an exposed population compared with the probability
of mortality within an unexposed population (B) (Equation (11)(a)). X is the concentration of
PM2 s the population is exposed to in a given grid box (i) and Xo is the TMREL below which
there is no risk from exposure. The beta values used were a 1.04% (95% CI: 0.52%, 1.56%)
increase in mortality per 10 ug m ™ increase in PM2s concentration in paper 3 (Atkinson, et al.,
2014) and 1.0123% (95% CI: 1.0045%, 1.0201%) in paper 4 (World Health Organization,
2013). Most North American and Western European epidemiology studies clearly show a linear
exposure-response relationship for short-term exposure to PM, without a threshold (Daniels et
al. 2000; Pope and Dockery 2006; Samoli et al. 2005). Therefore, a linear exposure-response
relationship was applied, like other studies (Crippa, et al., 2016; Macintyre, et al., 2016;

Schmidt, et al., 2011).

Secondly, the relative risk was then used to calculate the attributable fraction (AF) (Equation
(11)(b)). The AF is the fraction of the excess mortality attributable to exposure to PM2s.
Finally, the AF was combined with population count, from each grid box, and the baseline
mortality rate of the population to calculate the daily all-cause mortality burden of exposure to
PM2s. Short-term health impacts are assumed to be equal across ages, therefore baseline all-

cause, all-age mortality rates and population data for all ages were used in the calculations.
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In both papers 3 and 4, the health impact assessment was carried out using the “subtraction”
method, which is the one most commonly used in health impact studies (Crippa et al., 2016;
Macintyre et al., 2016b; Conibear et al., 2018a; Reddington et al., 2019). The number of deaths
brought forward due to exposure to PM2s in the simulations with fire (Em rires) and without
fire (Em no FiIres) emissions were both calculated. The number of deaths brought forward due
to PM2 s from fires alone (Em rires onLy) Was then calculated as the difference between Em Fires

onand Em rires orr (Equation (12)).

Em FIRESONLY = EmFIRESON - EmFIRESOFF (12)

2.2.3 Baseline Mortality Data

The 2015 baseline mortality rate data for north-west England was taken from the Institute for
Health Metrics and Evaluation (IHME) (Institute for Health Metrics and Evaluation, 2018),
originally from the Office of National Statistics (ONS) mortality statistics. The IHME is the
overarching body responsible for the GBD studies and data stored by the IMHE is used in the
Global Burden of Disease studies (GBD Collaborators 2015, 2016). Baseline mortality data for

2015 was used for this study since data for subsequent years is extrapolated.

State specific all-cause, all-age background mortality rates for 2018 were taken for Australia
from the Australian Bureau of Statistics (Australian Bureau of Statistics, 2020) to match the

method of Borchers Arriagada et al. (2020).

For both papers, the annual baseline mortality was equally divided by the number of days in

the year as others have also done (Stedman, 2004; Macintyre et al., 2016b; Pope et al., 2016).
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Uncertainties at the 95% confidence interval are provided in the IMHE baseline mortality data

for north-west England and these were applied within the health impact assessment (11).

2.2.4 Population Data

Population count data for north-west England was taken from the Gridded Population of the
World dataset version 4 (GPWv4) at the Centre for International Earth Science Information
Network () (v10.4) (CIESEN, 2018). GPWv4 is a minimally-modelled population dataset for
the distribution of the human population on a continuous global raster (pixel) surface. In order
to create a global dataset, population data was collected from the 2010 censuses (these were
carried out between 2005 and 2014) at the highest possible resolution. Population estimates
from the national statistics office or the United Nations were used for countries where census
results were not available or yet released. In some countries, multiple levels of administrative
data were available. In this case, the highest resolution data was always used for given regions
in the country and was merged with lower level data for the rest of the country. Annualized
growth rates were applied to the collected census data in order to account for discrepancies in
when census data was available (since this was between 2005 and 2014). The annualized
growth rate was then used to estimate the population count in the target years of 2000, 2005,
2010, 2015 and 2020 published in the GPWv4 dataset. The data was then proportionally
allocated to pixels by uniform areal-weighting. The resulting population count estimates used

in paper 3 were at 0.05° resolution for the year 2015.

Paper 4 used population count data for Australia from the Australian Bureau of Statistics
(Australian Bureau of Statistics, 2019) to match the method of Borchers Arriagada et al. (2020).
Population count data is from the 2016 census, with regional population growth applied each

year. Population count data used were at 0.01° resolution for the year 2018.
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Uncertainties

Previous work has shown that the largest uncertainties in health impact assessments stem from
the concentration-response function 95% CI (£30%), rather than from model resolution (2.4%),
vertical distribution of the PM2s (0.6%) or resolution of the RR (0.8%) (Kushta, et al., 2018).
Alongside this, uncertainty arises from the TMREL since it is not well established whether
there is a safe level of exposure to PM2s (Pope 111, and Dockery, 2006; Schwarze, et al., 2006).

Further work is required to reduce these uncertainties in the future.
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3.1 Abstract

Each year more than 29,000 premature deaths in the UK are linked to long term-
exposure to ambient particulate matter (PM) with a diameter less than 2.5 um
(PM25). Many studies have focused on the long-term impacts of exposure to PM,
but short-term increases in pollution can also exacerbate health effects, leading to
deaths brought forward within exposed populations. This study investigates the
impact of different atmospheric circulation patterns on UK PM; s concentrations
and the relative contribution of local and transboundary pollutants to variations in
PM2s concentrations. Daily mean PM_s observations from 42 UK background
sites indicate that easterly, south-easterly and southerly wind directions and
anticyclonic circulation patterns enhance background concentrations of PM2s at
all UK sites by up to 12 pg m. Results from back trajectory analysis and the
European Monitoring and Evaluation Programme for UK model (EMEP4UK)
show this is due to the transboundary transport of pollutants from continental

Europe. While back trajectories indicate under easterly, south-easterly and
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southerly flow 25-50% of the total accumulated primary PM,s emissions
originate outside of the UK, with a very polluted footprint (0.25-0.35 pg m).
Anticyclonic conditions, which occur frequently (21%), also lead to increases in
PM5 concentrations (UK multi-annual mean 14.7 pg m=3). EMEP4UK results
indicate this is likely due the build-up of local emissions due to slack winds. Under
westerly and north-westerly flow 15-30% of the total accumulated primary PMzs
emissions originate outside of the UK, and are much less polluted (0.1 pg m-2)
with model results indicating transport of clean maritime air masses from the
Atlantic. Results indicate that both wind-direction and stability under anticyclonic
conditions are important in controlling ambient PMas concentrations across the
UK. There is also a strong dependence of high PM2s Daily Air Quality Index
(DAQI) values on easterly, south-easterly and southerly wind-directions, with
>70% of occurrences of observed 48-71+ g m concentrations occurring under
these wind directions. While north-westerly and cyclonic conditions reduce PM2 s
concentrations at all sites by up to 8 pg m. PM2s DAQI values are also lowest
under these conditions, with >80% of 0-11 pug m concentrations and >50% of 12
to 23 pug m concentrations observed during westerly, north-westerly and
northerly wind directions. Indicating that these conditions are likely to be
associated with a reduction in the potential health effects from exposure to

ambient levels of PMas.

3.2 Introduction

Air pollution is the fourth highest-ranking risk factor for mortality globally, with 85% of the

global population living in areas where the WHO recommended air quality guidelines (10 pg

m~ for particulate matter with a diameter less than 2.5 um (PM2s)) are exceeded (GBD

Collaborators 2015, 2018). Exposure to air pollutants, including PM2 s, on both short and long-

time scales has been shown to be strongly associated with mortality and morbidity (GBD

Collaborators 2015, 2018). Exposure to PM2s is associated with increases in diseases such as

cardiovascular disease, ischemic heart disease, stroke, lower respiratory tract infections and
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chronic obstructive pulmonary disorder (Atkinson, et al., 2014; GBD Collaborators 2015,
2017). In the UK, it is estimated that more than 29,000 premature deaths each year are linked
to long term-exposure to ambient PM2s (Committee on the Medical Effects of Air Pollutants,
2010). Short-lived high pollution episodes can lead to acute health impacts from exposure to
PM2 s over shorter time periods, leading to deaths being brought forward among an exposed
population (Stedman, 2004). PM2s is composed of both solid and liquid droplets suspended in
the atmosphere, which are small enough to be inhaled deep into the lungs (Raaschou-Nielsen,
et al., 2013). Emissions of primary PM2s and secondary PMa s precursors come from a wide
range of sources including combustion for power generation, heating and from vehicles, as well
as dust and sea spray. There is little evidence to suggest which chemical constituents of the PM
present an increased health risk and whether there is a safe limit of exposure for health effects

(Committee on the Medical Effects of Air Pollutants, 2009).

Previous research on UK air pollution has focussed on the health impacts or mechanisms of
short-term high pollution event case-studies (Stedman, 2004; Vieno et al., 2016; Macintyre et
al., 2016b). Macintyre et al. (2016) found exposure to high PM. s concentrations (maximum
hourly concentration - 83 ug m~ at urban background sites) during a 10-day spring pollution
episode in 2014 brought forward 600 deaths, 840 emergency respiratory and 730 emergency
cardiovascular hospital admissions. This equated to a doubling of hospital admissions
compared with those under typical springtime conditions. Stedman (2004) quantified the
impact of high ozone and particulate matter with a diameter less than 10 pum (PMyo)
concentrations during the summer 2003 heatwave using a dose-response function. They found
that 471 deaths were brought forward, attributable to exposure to PM1g during the two-week
pollution event, representing an increase of 207 deaths compared to the same period in 2002.

This agrees with previous work that found a large proportion of the deaths brought forward
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resulted from elevation of pollutant concentrations rather than the direct impact of high

temperatures (Rooney, et al., 1998).

Since UK concentrations of PM2 s were not routinely monitored until 2008, when the New Air
Quality Directive was introduced by the European Union, previous studies focussing on the
drivers of high pollution episodes have analysed PM1g observations. These studies used back
trajectories to link observations of high PMio concentrations with possible source regions
(King, and Dorling, 1997; Stedman, 1996). King and Dorling (1997) found that on days where
PM 3o concentrations exceeded 50 pg m— in 12 UK cities and at two rural sites, local emissions
represented a small fraction of the total concentration and each episode was dominated by
easterly flow. They suggested that, since the back trajectories emanated from mainland Europe,
long-range transport has a large contribution in the overall PM1o concentrations observed. They
concluded that more work was required to confirm this, over a longer period with observations

at rural sites.

Harrison et al. (2012) used 37 urban-background observational sites from the UK Automated
Urban and Rural Network (AURN) to examine PM2 s concentrations for the year 2009 in order
to better understand processes affecting concentrations across the UK. The study used
meteorological data from 8 sites to determine the wind direction and wind speed at the AURN
sites. They found that PM2 s concentrations were below the annual mean when winds were from
westerly flows, while for south-easterly, easterly and north-easterly flows they were above the
annual mean. This was attributed to emissions from continental Europe under easterly and
south-easterly flow. The work of Harrison et al. (2012) suggest that the long-range transport
of pollutants to the UK is associated with specific meteorological conditions. However, due to
the short observational record at the time, the research used only one year of PMas

observations, the sample size for individual wind directions was small. This meant
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relationships between wind direction and PM2s observations could not be established over a

longer period of time to be statistically robust.

This study builds upon the work of Harrison et al. (2012) with observations that have increased
coverage both spatially (42 sites compared to 37) and temporally (2010-2016). Additionally,
we use Lamb Weather Types (LWTSs) rather than local meteorological observations to
investigate the relationship between synoptic meteorology and the transport of pollutants.
LWTs reflect the synoptic-scale conditions, rather than local meteorology, and so are more

closely related to the transport of pollutants.

In recent years Lamb weather types (LWT) (Lamb, 1972) and circulation weather types (CWT)
have become an increasingly popular method of investigating the impact of regional
atmospheric circulation patterns on pollutant concentrations (Demuzere et al., 2009; Tang et
al., 2009; Tang, Rayner and Haeger-eugensson, 2011; Pope et al., 2014; Russo et al., 2014;
Grundstrom et al., 2015; Pope et al., 2016; Grundstrom et al., 2017). These can be used to
classify synoptic scale atmospheric circulation patterns over regions such as the UK using wind
direction, speed and circulation strength. The application of LWTSs alongside observations of
pollutant concentrations (PM1o, NO2, O3 and birch pollen) allows the association of different
wind directions with the long-range transport of pollutants and the build-up or dispersion of
pollutants for large areas. This allows relationships to be derived between specific weather
types and higher pollutant concentrations over longer time periods. Previous work by
Demuzere et al. (2009) in the Netherlands found that PM1o concentrations increased when air
was transported from the east and south during summer when there were dry conditions and
high temperatures. Liu et al. (2017) also found that PM. s concentrations in the United States

were closely controlled by temperature, finding tropical weather types were associated with
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significantly higher PMa2s concentrations and polar weather types with low PMazs

concentrations.

The UK, given its close proximity to Europe, is often subject to pollution episodes propagating
from the continent. Pope et al. (2016, 2014) used LWTs to investigate the influence of
meteorology on NO2 and Oz concentrations in the UK. The research found that both pollutants
are strongly influenced by wind and circulation patterns. The highest Oz concentrations
occurred under summer anticyclonic conditions due to large scale subsidence limiting vertical
mixing. The study also identified that south-easterly and north-easterly flow increased mean
UK O3 concentrations by between 10 to 15 pug m™ (Pope et al., 2016). NO2 concentrations were
found to significantly increase under winter-time anticyclonic conditions through pollutant
accumulation and were enhanced under south-easterly flow due to long-range transport of
pollutants from continental Europe (Pope, et al., 2014). They attributed the winter increase to
be a result of the combined effect of increased emissions, more stable conditions and decreased

photolysis allowing accumulation over emission sources.

Here, we present the first study to use long-term (2010-2016) observations of PMas, sub-
sampled under LWTSs, back trajectories and an atmospheric chemistry transport model, to
investigate how climatological weather regimes influence UK surface particulate matter air

quality.

3.3 Data and Methods

An overview of the methods used in this study can be found in Figure 23 for reference.
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Figure 23. An overview of the datasets and method used in this study. Lamb weather types (LWT) are
combined with observations of PM2 s concentrations from the Automated Urban and Rural Network
(AURN), back trajectories from the Reading Offline Trajectory Model (ROTRAJ) and a gridded
emission dataset. We also compare our results to a chemistry transport model (EMEP4UK).

3.3.1 Observations
3.3.1.1 Lamb Weather Types

Lamb Weather Types (LWTS) are a synoptic classification of daily weather patterns across the
UK (Lamb, 1972). LWTs are a useful tool for UK air pollution studies. They indicate the large-
scale atmospheric flow and air mass origins, linking each air mass to specific dispersion
conditions and mesoscale meteorology that control the regional transport of air pollution
(Dayan, and Levy, 2004) . In this work we use LWTs calculated automatically (using the
algorithm from Jenkinson and Collinson (1977)) from NCEP reanalysis between 1948 and
present (Jones, et al., 2013). NCEP reanalysis are available at 2.5° at 00, 06, 12 and 18Z each
day (Kalnay, et al., 1996). The 12Z reanalysis is used to calculate the LWT each day. We have
confidence in the reliability of LWT classification from NCEP reanalysis since Jones et al.
(2013) found LWT calculated from NCEP reanalysis correlated well (0.65-0.79) with the
subjective LWTs of Lamb (1972). Each LWT is calculated using the daily mean of three
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variables from NCEP reanalysis, which characterise the circulation at the surface over the UK
at 1200Z. Variables used are (i) the mean flow direction, (ii) the strength of mean flow and
(iii) the mean strength of the circulation pattern (vorticity) (Jones, et al., 2013). Based on this
analysis, conditions on a given day are classified as one of 28 LWTs. The 28 different LWTSs
comprise of three circulation types: Anticyclonic (0), Cyclonic (20) and Unclassified (-1), and
eight wind types: N, NE, E, SE, S, SW, W, NW. We use a similar grouping method to O’Hare
and Wilby (1995) and Pope et al. (2014), grouping the LWTs into eight wind types (Table 7).
We however, use 0, 20 and -1 to classify the synoptic types, like Otero et al. (2018). This allows

the independent examination of circulation and wind direction on pollutant concentrations.
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Table 7. 27 LWT classifications (Jenkinson, and Collison, 1977), the 11 LWTs used in
this study are indicated in bold (NE, E, SE, S, SW, W, NW, N, Anticyclonic, Neutral &
Cyclonic). There are 8 wind types (NE, E, SE, S, SW, W, NW & N, shown in the left
columns, and 2 circulation types (anticyclonic, cyclonic), in the top row, and unclassified
days, where wind speed and shear were too low to allow classification. Following our
grouping of LWT into 11 types, LWT index 3 (ASE) would fall under the anticyclonic
and south-easterly classifications (see outer column and row of Table 7). There is also
one other LWT (-9: non-existent day) not used in this study.

This Study Anticyclonic Neutral Cyclonic
-1UC
- 0A - 20C
NE 1 ANE 11 NE 21 CNE
E 2 AE 12E 22 CE
SE 3 ASE 13 SE 23 CSE
S 4 AS 14S 24 CS
SW 5 ASW 15 SW 25 CSW
W 6 AW 16 W 26 CW
NW 7 ANW 17 NW 27 CNW
N 8 AN 18 N 28 CN
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3.3.1.2 Automated Urban and Rural Network

We use observed PM2s concentrations taken from the Automated Urban and Rural Network
(AURN). AURN is the largest automated air quality monitoring network in the UK with 145
sites measuring species including PM2s, NO2, SO and Oz. AURN sites are classified as urban
traffic/kerbside, urban or suburban background, and rural background. For this study
background sites are used (urban background, suburban background and rural background).
Background sites are chosen as they are considered to be more representative of the
surrounding region than kerbside sites. This is because their locations are chosen so as to be
influenced by the integrated contribution of all sources upwind rather than by a single souce or
street (Department for Environment Food and Rural Affairs, 2018a). Data from 42 sites is used,;
39 of which are urban background (UB), 2 rural background (RB) and 1 background suburban
(BS) (Supplementary Material: Table 10). We use daily mean PM..s concentrations (calculated
from hourly measurements) from the 42 background sites for the period of 1% January 2010 —
31% December 2016. Quality assurance checks are perfromed by Department for Environment
Food and Rural Affairs before data release (DEFRA, 2009). Thus, we only perform basic data
quality control on the daily data on two different time scales: annual and monthly. For annual
statistics, sites are only used if fewer than 10% of days (per year) are missing. Monthly data

for seasonal statistics is only used if fewer than 10% of days (per month) have missing data.

3.4 Back Trajectories and Integrated Emissions

Reddington et al. (2014) showed that the use of back trajectories and emissions can be a
powerful tool in understanding the influence of emissions on local air quality due to long-range
transport in air masses arriving in Singapore. Following a similar method, we quantify the

importance of the relationship between LWT and AURN PM2 s concentrations.
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3.4.1 Emissions

Emissions from the National Atmospheric Emission Inventory (NAEI), European Monitoring
and Evaluation Programme (EMEP) and Emission Database for Global Atmospheric Research
with Task Force on Hemispheric Transport of Air Pollution (EDGAR-HTAP) are combined to
create a gridded emission dataset (Figure 24). More details in Supplementary Material:

Emissions section.

—45 0 45

PM, s Emissions (107'% kg m™2 s™") 2010

0.00 0.25 0.50 0.75 1.00 1.25 1.50
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Figure 24. Gridded emissions of primary PM2s for 2010 are shown as an example (annual
varying emissions were used between 2010 and 2014). For the outer domain (Purple
Box), gridded annual EMEP emissions at 0.5° resolution from the Centre for Emission
Inventories and Projections (CEIP, www.ceip.at) are used. While for the inner domain
(Red Box) gridded annual National Atmospheric Emissions Inventories (NAEI)
emissions at 0.01° resolution are aggregated to 0.05° resolution. Emissions outside of
Europe are provided by the Emission Database for Global Atmospheric Research with
Task Force on Hemispheric Transport of Air Pollution (EDGAR-HTAP) version 2.2
emissions for 2010 at 0.1° resolution (Janssens-Maenhout, et al., 2015). More
information in Supplementary Material: Emissions section.

3.4.2 Reading Offline Trajectory Model (ROTRAJ)

We combine back trajectories and bottom-up emission estimates in order to investigate the
influence of long-range transport of pollutants on ambient pollutant concentrations under
different LWTs in the UK. We use primary PMzs emissions integrated over air mass back-
trajectories to determine the relative influence of direct PM2s emissions on air masses (i.e.
ROTRAJ back trajectories) arriving at different times and locations over the UK. Back-
trajectories are calculated using the ROTRAJ offline Lagrangian transport model (Methven,
2003). The model uses ERA-Interim reanalysis from the European Centre for Medium Range
Weather Forecasting (ECMWEF) to provide velocity fields for the simulations at 1.0125°
horizontal resolution. After a trajectory parcel is released the location of each trajectory parcel
is calculated every 6 hours by vertical cubic Lagrange interpolation and horizontal bilinear
interpolation. This method accounts for large scale advection since the winds are resolved but

does not resolve small scale sub-grid turbulent transport.

In this study, ROTRAJ back trajectories were initialised from just above the surface (0.99
sigma level; a terrain following coordinate system where 1 is the surface) at 12:00 UTC to
match the LWT dataset between 2010 and 2014 at all background AURN sites (42 sites),
extending back 4 days in 6-hourly time steps. PM2s emissions were accumulated along each
trajectory over 4 days at 15-minute time intervals (interpolated linearly from 6-hourly position

output). PM2s emissions were only accumulated when the trajectory path was at pressures
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greater than 850 hPa (as an approximation of being within the boundary layer). At each
location, we accumulate the entire emission within an emission grid box over which the
trajectory passes. The surface area of each grid box that the trajectory points passed over is also
accumulated over time. To approximate for dilution and chemical loss of PM.s along the
trajectory path, e-folding lifetimes were applied to the total PM2s accumulated emission in the
air parcel. A range of lifetimes of 1, 3, 7 and 14 days were applied to investigate the sensitivity
of the final PM2s accumulation, on arrival to the respective AURN sites, to loss processes
(Supplementary Material: Sensitivity of Integrated Back Trajectories to assumed e-folding

lifetime). The along-trajectory emission accumulation can be represented by Equation (13):

, = . . . —At/‘l’
E; = [Ei_1 + ¢;.At.a;]e (13)

i=1,N (=384) and Eo=0.0

where En is total accumulated PM2s mass (kg), N is the number of time steps within the
trajectory (384), Ei is accumulated PM2 s (kg) at any given point i along the trajectory, ¢i is the
emissions flux of PM2s (kg m?s?) at point i, At is the 15-minute time step, i is the surface

area of the grid box (m?) at point i and 7 is the assumed e-folding PM2 s lifetime(s).

To remove the dependence on emission grid resolution (since we assumed the air mass has the
same width as the emission grid box), the total accumulated PM2s mass (E) was divided by
accumulated surface area (S) and then scaled by 10°. This results in E having units of pg m=.

S is given by Equation (14):
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5= Ya (19

i=1

Euk is also determined using the same approach, but only implemented when the trajectories
enter the UK region defined by a longitudinal-latitudinal box (8°W-2°E, 50-60°N). To derive
Euk in units of ug m the accumulated PM2 s mass from the UK is divided by the accumulated
surface area (S) over the full trajectory path. The ratio between Euk/E represents the fractional

contribution of UK sources towards the total accumulated PM2 s emissions.

Finally, the daily (12:00 UTC) total accumulated emission and Euk/E ratios from all sites are
binned by the LWTs. This methodology provides a powerful tool to identify which flow
directions, as classified by the LWTSs, are the most polluted and the proportion of pollutant

emissions from long range transport (e.g. continental Europe) versus local sources.

3.4.3 European Modelling and Evaluation Programme for the UK
(EMEP4UK) PM_ 5 Data

Since the UK observational network is very sparse and so only gives limited spatial coverage
we sample the European Modelling and Evaluation Programme for the UK (EMEP4UK)
(v4.17) model (Centre for Ecology and Hydrology, 2018) under different LWTSs to look further
into the spatial distribution of PM2s concentrations. The model covers the UK at 0.05°
resolution using a nested approach from the coarser European wide EMEP model (Simpson, et
al., 2012). Further details of the model set-up can be found in the Supplementary Material:

EMEP4UK Evaluation section.

We tested the model’s skill in reproducing variability in UK PMa2s concentrations both
temporally and spatially. The model captures the variability in PM2s concentrations and their

relationship with LWT well and shows strong correlation with observations and anomalies at
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each site (r = 0.887 and 0.905 respectively) with only a small negative bias (1 pg m=)
(Supplementary Material: EMEP4UK Evaluation section). Therefore, we can have good

confidence in the model’s ability to represent ambient PM3 s concentrations.

3.5 Results

3.6 AURN PM2.5 Observations 2010-2016
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Figure 25. (a) Annual observations and (b) seasonal: (i) spring (ii) summer (iii) autumn (iv)
winter observations of PM2sconcentrations from 42 UK AURN sites between 2010-2016
under different Lamb Weather Types (LWTSs) (ug m™3). Mean concentrations are shown
in red, with the 10", 25, 75 and 90" percentiles in blue. The mean of all LWTs, is
shown by the green dashed line. The frequency of each LWT (in %) for the 2010-2016
period, annually and seasonally is also indicated.
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We find a strong dependency of observed PM2s abundance on wind flow and circulation
pattern, as characterised by the LWTSs, with enhanced PM2s concentrations under easterly,
south-easterly and southerly flow and anticyclonic and unclassified weather types. Figure 25
(a) shows the daily mean AURN concentrations of PM2s binned into the 11 different LWT
regimes for the years 2010 to 2016. The multi-annual mean for all sites and all LWTs is 11 g
m-3. We find that the average PM2 s concentrations binned according to LWT regimes follow a
coherent pattern; mean concentrations of PM:s in easterly, southerly and south-easterly flow
directions are elevated above the annual mean (15 to 20 pg m3). Easterly, southerly and south-
easterly flow regimes also have 90" percentile concentrations of 28 to 35 ug m (10 to 20 pg
m3 higher than other flow directions). 10" percentile concentrations under these regimes are
also elevated (2.5 to 4.5 pug m higher than other regimes). These flow types occur on 3, 5 and
8% days of the year. Northerly, north-easterly, south-westerly, westerly and north-westerly
flows all give mean PMas concentrations below the multi-annual mean. The lowest
concentrations in the 75" and 90" percentiles also occur under westerly, north-westerly and
northerly flow types (<10.0, <11.0 & <20.0 pug m respectively). Westerly, north-westerly and
south-westerly weather types occur on a larger proportion of days each year (17, 9 and 16% of
days). Mean PM2s concentrations are also affected by the circulation type; elevated
concentrations are found under anticyclonic and unclassified conditions (mean concentrations
of 14.7 and 16.6 ug m), exceeding the annual mean concentration. Although anticyclonic
conditions are associated with lower mean PM2.s concentrations than easterly, south-easterly
and southerly flow, they occur much more frequently (21% of days). Therefore, they have a
more important contribution to the annual mean concentration and thus, the population’s long-
term exposure to PMzs. In contrast, PM2s below the annual mean concentrations are found

under cyclonic flows (9.6 pg m), occurring on 14% of days.
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The distribution of observed concentrations with LWT and proportion of occurrences of LWT
for spring (MAM), summer (JJA) and winter (DJF) follows a similar pattern as that seen
annually (Figure 25 (b) (i, ii, iv)), although there is some seasonal variability. In autumn (SON)
(Figure 25 (b) (iii)) the highest PM..s concentrations are found under easterly, south-easterly
and unclassified flows, occurring 2-8% of the time. Whereas in winter the highest
concentrations are found in southerly, south-easterly and anticyclonic flows, with a small
increase in the number of occurrences of southerly types (10%). 90™ percentile concentrations
are highest in spring under the unclassified type and are the highest observed of any season

(47.6 pg m), although they only occur 2% of the time.

PM,s (ug m~3)

Figure 26. Multi-annual mean PM2s concentrations from 42 UK AURN monitoring sites
(2010-2016 average in pug m<) averaged over all LWT regimes. The mean, 75™ and 90"
percentile PM2 s concentration calculated from all sites is shown on the top right of each
panel.

Figure 26 shows the geographical distribution of annual mean PM. s concentrations under all
LWTs. Concentrations are highest in the south of England (12 to 16 pg m=) and decrease

northward, with the lowest concentrations observed in Scotland and Northern Ireland (0 to 4
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ug m3). 33 of the 42 sites in England have multi-annual mean concentrations above 10 pg m-

3, the WHO recommended limit, and 20 are above the multi-annual mean of all sites (11 pg m"

3).

To examine the geographic distribution of the effect of LWT on PM2 s concentrations (Figure
27 (a-f)), we calculate the PM25 anomaly under each LWT for individual sites with respect to
the multi-annual mean concentration at that site (Figure 26). We also test for statistical
significance at each AURN site under each LWT using a one million sample Monte Carlo
simulation, in which we randomly sample PM2s concentrations for all LWT between 2010 and
2016 to build up a distribution of concentrations containing one million random samples. We
then take the mean PM2s concentration for a given LWT and site (e.g. SE site 1), if this lies
above the 95" or below the 5" percentile of the one million-sample distribution we can
conclude that the concentration observed did not occur by chance and is significantly different
statistically. The process is repeated for each LWT, creating a new distribution each time.
Statistically significant anomalies (p <0.05) are subsequently circled in black (Figure 27 (a-f)).
In line with the previous analysis, PM2 s concentrations are enhanced by between 28-35% under
easterly, south-easterly and southerly flow (Figure 27 (a), (b) and (c)). Some sites experience
LWT flow direction anomalies of up to 12 ug m (Wigan Centre), and 40 of the 42 sites exhibit
a positive anomaly under south-easterly and southerly flow with a mean anomaly of 6.1 pg m-
% and 4.4 pug m= respectively under these flows. PM2s concentrations are affected by LWT
across the whole of the UK with the northernmost extent reaching to Scotland and Northern
Ireland. Northerly, westerly and north-westerly are the three flow directions associated with
the largest PM2s reductions (-5 pg m=, equivalent to a 30-44% reduction) (Figure 27 (e), (f)
and (g)). The negative anomalies under these flow regimes are present at the same number of
sites (40 of 42) but the anomaly is smaller in magnitude than the positive anomaly from the

easterly, south-easterly and southerly flows with mean negative anomalies of -2 to -3 pg m=.
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Figure 27. The multi-annual mean PM2s anomaly relative to annual mean concentration
averaged over all LWT regimes (relative to multi-annual mean concentration averaged
over all LWT regimes (2010-2016) (in puig m™3), shown in Figure 26) under different flows
directions is shown in panels (a) to (f). For clarity, we show the three flow directions
with the largest positive anomaly ((a) easterly, (b) south-easterly and (c) southerly) and
the three flow directions with the largest negative anomaly ((d) northerly, (e) westerly
and (f) north-westerly). The mean, 75" and 90" percentile PM2s concentrations
calculated from all sites are shown on the top right of each panel. Sites where the anomaly
is statistically significant (p <0.05) are indicated by black contouring and the percentage
of sites where anomalies are statistically significant is also indicated in the top right panel
(% sig). The frequency of each LWT (in %) for the 2010-2016 period is also indicated.

The effect of circulation pattern on PM2s concentrations is generally weaker than that of flow
direction. This suggests that long-range transport of PM.s rather than the build-up of local

pollutant emissions is more important in controlling PM2s concentrations. Despite this, the
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presence of anticyclonic and cyclonic conditions has an influence on PM3 s across the UK, with
a maximum multi-annual anomaly of 4.6 and -4.4 pg m™ respectively (Figure 28 (a) and (b)).
This represents a 20% increase and 24% decrease, respectively. Both of these flow types also
occur more frequently (21% and 14%), meaning they are more important in contributing to the

annual mean concentration and thus, the population’s long-term exposure to PMas.
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Figure 28. AURN annual mean PM.s anomalies (relative to multi-annual mean concentration
averaged over all LWT regimes (2010-2016 (in pg m=), shown in Figure 26).
Concentrations and anomalies sampled under (a) anticyclonic (b) cyclonic and c)
unclassified weather types are shown. The mean, 75" and 90" percentile PM2s
concentration calculated from all sites is shown on the top right of each panel. Sites where
the anomaly is statistically significant (p <0.05) are indicated by black contouring and
the percentage of sites where anomalies are statistically significant is also indicated in
the top right panel (% sig). The frequency of each LWT (in %) for the 2010-2016 period
is also indicated.
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3.6.1 Back Trajectories and Integrated Emissions

Variability in the back-trajectory integrated emissions sampled at the UK AURN sites further
supports the relationships between in-situ observed PM2s and wind direction discussed above.
Figure 29 shows the median accumulated primary PM2s emissions along ROTRAJ back
trajectories arriving between 2010 and 2014, binned by the LWT flow directions. Here a
representative 7-day e-folding lifetime (Seinfeld and Pandis, 2006) is used to approximate for
physical/chemical loss processes from the air parcel. In the supplementary material
(Supplementary Material: Sensitivity of Integrated Back Trajectories to assumed e-folding
lifetime section) we explore the sensitivity of the accumulated PM2 s emissions to different e-
folding lifetimes. This showed that for shorter e-folding lifetimes (1 and 3 days) integrated
emissions are dominated by UK emissions and there is little change between the total summed
emission with different LWT. While, at larger e-folding lifetimes (7 and 14 days) the total
integrated emission UK contribution and the total summed emission varies more between
LWT. Since this method cannot account for secondary PMas, the total accumulated PM2s
emissions should be interpreted as a proxy of how polluted each air mass is, and the fractional
contribution of emissions inside and outside of the UK to the total loading (akin to using CO

as a tracer), rather than an estimate of PM2 in the atmosphere.
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Figure 29. Median UK (background AURN sites) integrated PMzs emissions (g m2)
accumulated over the daily (12 UTC, 2010-2014) ROTRAJ back trajectories (4 days —
15-minute time steps), with a 7-day e-folding lifetime, binned by LWT flow directions.

Red circles represent the UK fractional contribution to trajectory accumulated PMa2s
emissions.

Overall, the results support the LWT-AURN PM:2s relationships with peak median
accumulated emissions (E) from the south-easterly, southerly and easterly directions (0.25 to
0.3 pg m2 accumulated primary PM2s emission). This supports the idea that continental
European primary emissions are contributing to poor UK air quality when UK-bound air
masses pass over polluted source regions (e.g. the Benelux region and west Germany). The
fractional contribution from UK emissions under these flow directions is between 25-50%,

indicating that under these flows more than 50% of emissions contributing to UK primary
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particulate pollution originates in continental Europe. The north-westerly and westerly flow
directions correspond to the cleanest air masses (< 0.1 pg m? accumulated primary PMzs
emission), again in agreement with the LWT-AURN PMzs, as the back trajectories primarily
originate from over the North Atlantic. Here, the UK fractional contribution is much larger
(~70-85%) as the majority of the accumulated PM2s emission (E) is from within the UK
domain (i.e. Euk is relatively large). Exterior emissions sources will include Ireland and
potentially sources where back trajectories tails originate in Europe, over source regions, but

loop around to the UK west coast.

3.6.2 EMEP4UK modelled PM2sand LWT

Since AURN observations give sparse coverage of the UK, we use EMEP4UK surface PM2s
fields to further investigate the processes affecting ambient PM2s concentrations under
different LWT classifications. In the supplementary material, we show that the model has skill
in reproducing PM2 s concentrations (r=0.887) and anomalies (r=0.905) under different LWTs
when compared with AURN observations. Therefore, we have confidence in EMEP4UK’s

representation of ambient PM2 s concentrations when sub-sampled under the LWTSs.

EMEP4UK reproduces the back trajectory and AURN-LWT analysis with the largest positive
PM2sanomalies observed under easterly, south-easterly and southerly weather types due to the
long-range transport of PM2 s from continental Europe (positive anomalies of 6-12 pg m=). The
addition of the model 10-m winds, also sub-sampled under the LWTs, adds valuable
information of the flow characteristics. Here, the flow clearly originates from the continent

(typically around 5 m s%) and is closely aligned with the spatial anomaly features (Figure 30).

The largest negative anomalies (-10 to -4 pg m) are associated with the transport of clean air
masses from the Atlantic, as indicated by the back-trajectory analysis. Northerly, north-

westerly and westerly flow all have wind speeds between 5 and 10 m s transporting PM25s
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offshore away from source regions. However, under north-easterly and south-westerly flow
directions, a strong PM2.sanomaly gradient can be observed across the UK. Negative anomalies
(-6 to -2 pug m3) over the northern (south-western) UK represent the more gradual replacement
of polluted air masses under north-easterly (south-westerly) flow. Transport of the polluted air
mass Yields positive anomalies (2-6 pg m) over the southern (north-eastern) UK region. Here,

the model adds important spatial details which are less reliably captured in the observations.

Circulation influences are also further investigated using the model, where anticyclonic
conditions show reduced onshore transport of pollutants due to relatively weak easterly winds
(under 5 m s) from continental Europe. This leads to conditions favourable for the build-up
of PM2s (2-6 pg m3) predominantly from local emissions/formation. While under cyclonic
conditions, PMa s is transported offshore, into the North Sea, by strong westerly winds (10 m
s1) from the Atlantic leading to decreased concentrations over the UK mainland (-6 to -2 pg
m3). Unclassified weather types are characterised by slack winds (0-2 m s) over the UK
leading to the build-up of local emissions due to stagnant air masses (4-10 pg m). This all
further supports the importance of how flow characteristics (i.e. long-range transport and

stagnation) influence UK PM2 s concentrations.
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Figure 30. The multi-annual mean PM2s anomaly relative to annual mean concentration
averaged over all LWT regimes (relative to multi-annual mean concentration averaged
over all LWT regimes (2010-2016) (in pg m™%)) under different flow directions from the
EMEP4UK model. 10m winds, also from the EMEP4UK model (nudged to 3-hourly GFS
analysis), are over plotted. All LWT wind directions and synoptic types are shown.
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3.6.3 Contribution of LWTs to the Daily Air Quality Index (DAQI)
To put the results of AURN PM2.5 Observations 2010-2016 in a public health context, we bin

the daily mean PM.s concentrations under the different LWTs according to the 10 UK Daily
Air Quality Index (DAQI) PM2s concentration bands. The UK Daily Air Quality Index
(DAQI) is a public health air quality warning system used by the UK Department for
Environment, Food and Rural Affairs (DEFRA) to communicate current and future pollutant
levels in the UK to the general public (COMEAP, 2011). Five key pollutants have been
identified to monitor by the Committee on the Medical Effects of Air Pollutants (PMzo, Os,
NOx, SOz and PM25). In order to gain an overall DAQI each of these pollutants are given an
individual score between 1 (low) and 10 (very polluted). The overall DAQI is then assigned
based on the highest individual DAQI value for each of the 5 pollutants at a given time. For
example, if Oz scored a DAQI value of 9, and all other species scored a value of 2, the overall
DAQI would be 9. As we only investigate PM2s, we can only comment on the effect of LWT
on PMz2s within the DAQI (PM DAQI). However, since the DAQI score is assigned the highest
individual species score from each of the 5 pollutants, air masses with high or very high PM_s

scores are likely to have the same overall DAQI score.

We find that 71% of days classed as “very polluted” (PM DAQI of 10) occur with south
easterly, southerly and south westerly flows, whereas only 12% of days with the cleanest air
(PM DAQI of 1) occur with these air masses (Figure 31). North westerly, northerly and
westerly air flows dominate the cleanest air days (59% of days with PM DAQI of 1 occur with
these flows) and there are no occurrences of the highest PM DAQI values (9 and 10) on days
with north westerly, northerly or westerly air flows (Figure 31). For PM DAQI values of 4 and
above, at-risk individuals (e.g. those with asthma or heart conditions) are advised to reduce
strenuous activity if they experience symptoms. These results suggest a strong dependence of

periods of increased risk for such individuals on meteorological conditions.
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Figure 31. Percentage occurrence (defined as the percentage of
occurrences of easterly, south-easterly and southerly (and
westerly north-westerly and northerly) LWTs in each bin) of
easterly, south-easterly and southerly weather types and
westerly, north-westerly and northerly in each DAQI PM2s
concentration bin. Bins 1-10 indicate PM2.5 concentrations
of 0-11, 12-23, 24-35, 36-41,42-47,48-53,54-58,59-64,65-70,
>71 (all in pg m3).

Discussion and Conclusions

This study investigated the role that synoptic weather plays in controlling variability of ambient

PM. 5 concentrations in the UK.

Observations of PM2s concentrations under different LWTs indicate that both annually and
seasonally, anticyclonic circulation and easterly, south-easterly and southerly flow increase the
mean PMazs concentrations observed. Results from the EMEP4UK model suggest

transboundary transport is likely responsible for the increases in PM2.s observed under the wind

types (easterly, south-easterly and southerly flow) and the build-up of local emissions under
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stagnant air masses under anticyclonic and unclassified types. Results also indicate that
although PM2 s concentrations are higher under easterly, south-easterly and southerly flow than
under anticyclonic conditions, anticyclonic conditions occur on a much larger fraction of days
and so have a larger impact on the annual PM2 s concentration and the population’s exposure
to increased PM2 s concentrations. These findings are in agreement with previous work which
has examined different species and short-lived pollution episodes as case studies (Vieno et al.,
2010, 2014; Pope et al., 2014; Vieno et al., 2016; Pope et al., 2016). Pope et al. (2014) also
found that under anticyclonic conditions NO2 concentrations were significantly increased
through pollutant accumulation and that south-easterly flow enhanced NO2 concentrations.
They attributed this to long-range transport from continental Europe. A similar relationship
was found for ozone in summer months, with enhanced concentrations under north-easterly
and south-easterly flow and anticyclonic conditions leading to increased ozone concentrations
due to large scale subsidence and little vertical mixing (Pope et al., 2016). Demuzere et al.
(2009) found PMyo concentrations were highest in the Netherlands under easterly, south-
easterly and southerly wind directions, attributing the increase in PM1g concentrations to air

masses passing over large source regions.

The results of the back-trajectory analysis indicate that the transport of pollutants from large
source regions outside of the UK is an important contributor to the total accumulated emission
under easterly, south-easterly and southerly flow. Since secondary PM3 s typically represents 3
- 8 ug m(20-50%) of the total PM. s concentration at background sites in Europe (Querol, et
al., 2004) a method accounting for secondary PMzs (nitrate, sulphate and ammonium) would
need to be applied to quantify the contribution of non-UK emissions to total PM2 in the UK.
Nevertheless, our results suggest a substantial non-UK burden on UK pollution under

continental air masses.
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This study further reinforces that synoptic weather in the UK plays an important role in
controlling PM25. It is important, therefore, that air quality models are able to accurately
simulate synoptic meteorology in order to reliably forecast PM2 s concentrations in forecasts.
Given the large impact on health that short-term exposure to PM2 s has been shown to have in
previous studies (e.g. Macintyre et al. (2016)), the ability of air quality forecast models to
accurately predict PM2 s concentrations is key in preparing for and mitigating the associated

health impacts of exposure.

The results of the back-trajectory analysis indicate that quantifying the contribution of UK and
non-UK pollution sources is extremely important in evaluating the impact of local emission
controls on UK pollutant concentrations. This is particularly relevant given that we have shown
variations in background PM2s concentrations are highly variable under different weather

patterns.

3.7 Acknowledgements

We acknowledge the use of AURN PM_ s data from the Department for Environment, Food

and Rural Affairs (https://uk-air.defra.gov.uk/data), as well as the Lamb Weather Type Dataset

from the Climate and Research Unit (https://crudata.uea.ac.uk/cru/data/lwt).

This work was supported by NCEO and the Natural Environment Research Council award

number NE/R016429/1 as part of the UK-SCaPE programme delivering National Capability.

125


https://uk-air.defra.gov.uk/data)
https://crudata.uea.ac.uk/cru/data/lwt)

3.8 References

1)

2)

3)

4)

5)

6)

7)

Atkinson, R.W., Kang, S., Anderson, H.R., Mills, I.C., Walton, H.A., 2014. Epidemiological
time series studies of PM2s and daily mortality and hospital admissions: A systematic review

and meta-analysis. Thorax 69, 660—665. https://doi.org/10.1136/thoraxjnl-2013-204492

Centre for Ecology and Hydrology, 2018. The European Monitoring and Evaluation
Programme for the UK (EMEP4UK) [WWW Document]. URL

http://www.emep4uk.ceh.ac.uk/ (accessed 12.1.18).

Cohen, A.J., Brauer, M., Burnett, R., Anderson, H.R., Frostad, J., Estep, K., Balakrishnan, K.,
Brunekreef, B., Dandona, L., Dandona, R., Feigin, V., Freedman, G., Hubbell, B., Jobling, A.,
Kan, H., Knibbs, L., Liu, Y., Martin, R., Morawska, L., Pope IlI, C.A., Shin, H., Straif, K.,
Shaddick, G., Thomas, M., van Dingenen, R., van Donkelaar, A., Vos, T., Murray, C.J.L.,
Forouzanfar, M.H., 2017. Estimates and 25-year trends of the global burden of disease
attributable to ambient air pollution: an analysis of data from the Global Burden of Diseases

Study 2015. Lancet 389, 1907-1918. https://doi.org/10.1016/S0140-6736(17)30505-6

Committee on the Medical Effects of Air Pollutants, 2010. The Mortality Effects of Long-
Term Exposure to Particulate Air Pollution in the United Kingdom. https://doi.org/ISBN 978-

0-85951-685-3

Committee on the Medical Effects of Air Pollutants, 2009. Long-term Exposure to Air

Pollution: Effect on Mortality.

Dayan, U., Levy, I., 2004. The Influence of Meteorological Conditions and Atmospheric

Circulation Types on PMyo and Visibility in Tel Aviv. J. Appl. Meteorol. 44, 606-619.

Demuzere, M., Trigo, R.M., Vila-Guerau de Arellano, J., van Lipzig, N.P.M., 2009. The
impact of weather and atmospheric circulation on Oz and PMy levels at a rural mid-latitude

site. Atmos. Chem. Phys. 9, 2695-2714. https://doi.org/10.5194/acp-9-2695-2009

126



8) Department for Environment Food and Rural Affairs, 2018. Pollutant information.

9) Department for Environment Food and Rural Affairs, 2011. Emissions of Air Quality

Pollutants.

10) Grundstrém, M., Dahl, A., Ou, T., Chen, D., Pleijel, H., 2017. The relationship between birch
pollen, air pollution and weather types and their effect on antihistamine purchase in two
Swedish cities. Aerobiologia (Bologna). 33, 457-471. https://doi.org/10.1007/s10453-017-

9478-2

11) Grundstrom, M., Tang, L., Hallquist, M., Nguyen, H., Chen, D., Pleijel, H., 2015. Influence
of atmospheric circulation patterns on urban air quality during the winter. Atmos. Pollut. Res.

6, 278-285. https://doi.org/10.5094/APR.2015.032

12) Harrison, R.M., Laxen, D., Moorcroft, S., Laxen, K., 2012. Processes affecting concentrations
of fine particulate matter (PM.5) in the UK atmosphere. Atmos. Environ. 46, 115-124.

https://doi.org/10.1016/j.atmosenv.2011.10.028

13) Janssens-Maenhout, G., Crippa, M., Guizzardi, D., Dentener, F., Muntean, M., Pouliot, G.,
Keating, T., Zhang, Q., Kurokawa, J., Wankmiller, R., Denier VVan Der Gon, H., Kuenen,
JJ.P., Klimont, Z., Frost, G., Darras, S., Koffi, B., Li, M., 2015. HTAP-v2.2: A mosaic of
regional and global emission grid maps for 2008 and 2010 to study hemispheric transport of
air pollution. Atmos. Chem. Phys. 15, 11411-11432. https://doi.org/10.5194/acp-15-11411-

2015

14) Jenkinson, A., Collison, F., 1977. An Initial Climatology of Gales over the North Sea,

Synoptic Branch Memorandum.

15) Jones, P.D., Harpham, C., Briffa, K.R., 2013. Lamb weather types derived from reanalysis

products. Int. J. Climatol. 33, 1129-1139. https://doi.org/10.1002/joc.3498

127



16) Kalnay, E., Collins, W., Deaven, D., Gandin, L., Iredell, M., Jenne, R., Joseph, D., 1996. The

NCEP NCAR 40-year reanalysis project. Bull. Am. Meteorol. Soc. 77, 437-472.

17) King, A., Dorling, S., 1997. New directions special issue on the origins of PMyo particulate
matter: particulate matter PMy, - the significance of ambient levels. Atmos. Environ. 31,

2379-2381. https://doi.org/https://doi.org/10.1016/S1352-2310(97)00001-0

18) Lamb, H., 1972. British Isles weather types and a register of daily sequence of circulation

patterns. Geophys. Mem. 116, 1861-1971.

19) Liu, Y., Zhao, N., Vanos, J.K., Cao, G., 2017. Effects of synoptic weather on ground-level
PM: s concentrations in the United States. Atmos. Environ. 148, 297—-305.

https://doi.org/10.1016/j.atmosenv.2016.10.052

20) Macintyre, H.L., Heaviside, C., Neal, L.S., Agnew, P., Thornes, J., Vardoulakis, S., 2016.
Mortality and emergency hospitalizations associated with atmospheric particulate matter
episodes across the UK in spring 2014. Environ. Int. 97, 108-116.

https://doi.org/10.1016/j.envint.2016.07.018

21) Methven, J., 2003. Estimating photochemically produced ozone throughout a domain using
flight data and a Lagrangian model. J. Geophys. Res. 108, 4271.

https://doi.org/10.1029/2002JD002955

22) O’Hare, G., Wilby, R., 1995. A Review of Ozone Pollution in the United Kingdom and

Ireland with an Analysis Using Lamb Weather Types. Geogr. J. 161, 1-20.

23) Otero, N., Sillmann, J., Butler, T., 2018. Assessment of an extended version of the Jenkinson—
Collison classification on CMIP5 models over Europe. Clim. Dyn. 50, 1559-1579.

https://doi.org/10.1007/s00382-017-3705-y

24) Pope, R.J., Butt, E.W., Chipperfield, M.P., Doherty, R.M., Fenech, S., Schmidt, A., Arnold,

S.R., Savage, N.H., 2016. The impact of synoptic weather on UK surface ozone and
128



implications for premature mortality. Environ. Res. Lett. 11, 124004.

https://doi.org/10.1088/1748-9326/11/12/124004

25) Pope, R.J., Savage, N.H., Chipperfield, M.P., Arnold, S.R., Osborn, T.J., 2014. The influence

of synoptic weather regimes on UK air quality: Analysis of satellite column NO,. Atmos. Sci.

Lett. 15, 211-217. https://doi.org/10.1002/as|2.492

26) Querol, X., Alastuey, A., Ruiz, C.R., Artifiano, B., Hansson, H.C., Harrison, R.M., Buringh,

E., Ten Brink, H.M., Lutz, M., Bruckmann, P., Straehl, P., Schneider, J., 2004. Speciation and
origin of PMyo and PMzs in selected European cities. Atmos. Environ. 38, 6547—6555.

https://doi.org/10.1016/j.atmosenv.2004.08.037

27) Raaschou-Nielsen, O., Andersen, Z.J., Beelen, R., Samoli, E., Stafoggia, M., Weinmayr, G.,

Hoffmann, B., Fischer, P., Nieuwenhuijsen, M.J., Brunekreef, B., Xun, W.W., Katsouyanni,
K., Dimakopoulou, K., Sommar, J., Forsberg, B., Modig, L., Oudin, A., Oftedal, B.,
Schwarze, P.E., Nafstad, P., De Faire, U., Pedersen, N.L., Ostenson, C.G., Fratiglioni, L.,
Penell, J., Korek, M., Pershagen, G., Eriksen, K.T., Sgrensen, M., Tjgnneland, A., Ellermann,
T., Eeftens, M., Peeters, P.H., Meliefste, K., Wang, M., Bueno-de-Mesquita, B., Key, T.J., de
Hoogh, K., Concin, H., Nagel, G., Vilier, A., Grioni, S., Krogh, V., Tsai, M.Y., Ricceri, F.,
Sacerdote, C., Galassi, C., Migliore, E., Ranzi, A., Cesaroni, G., Badaloni, C., Forastiere, F.,
Tamayo, I., Amiano, P., Dorronsoro, M., Trichopoulou, A., Bamia, C., Vineis, P., Hoek, G.,
2013. Air pollution and lung cancer incidence in 17 European cohorts: Prospective analyses
from the European Study of Cohorts for Air Pollution Effects (ESCAPE). Lancet Oncol. 14,

813-822. https://doi.org/10.1016/S1470-2045(13)70279-1

28) Reddington, C.L., Yoshioka, M., Balasubramanian, R., Ridley, D., Toh, Y.Y., Arnold, S.R.,

Spracklen, D. V., 2014. Contribution of vegetation and peat fires to particulate air pollution in

Southeast Asia. Environ. Res. Lett. 9, 094006. https://doi.org/10.1088/1748-9326/9/9/094006

129



29) Rooney, C., McMichael, AJ., Kovats, R.S., Coleman, M.P., 1998. Excess mortality in
England and Wales, and in Greater London, during the 1995 heatwave. J. Epidemiol.

Community Health 52, 482-486. https://doi.org/10.1136/jech.52.8.482

30) Russo, A., Trigo, R.M., Martins, H., Mendes, M.T., 2014. NO,, PM;, and O3 urban
concentrations and its association with circulation weather types in Portugal. Atmos. Environ.

89, 768-785. https://doi.org/10.1016/j.atmosenv.2014.02.010

31) Simpson, D., Benedictow, A., Berge, H., Bergstrom, R., Emberson, L.D., Fagerli, H.,
Flechard, C.R., Hayman, G.D., Gauss, M., Jonson, J.E., Jenkin, M.E., Nyuri, A., Richter, C.,
Semeena, V.S., Tsyro, S., Tuovinen, J.P., Valdebenito, A., Wind, P., 2012. The EMEP MSC-
W chemical transport model Technical description. Atmos. Chem. Phys. 12, 7825-7865.

https://doi.org/10.5194/acp-12-7825-2012

32) Stanaway, J.D., Afshin, A., Gakidou, E., Lim, S.S., Abate, D., Abate, K.H., Abbafati, C.,
Abbasi, N., Abbastabar, H., Abd-Allah, F., Abdela, J., Abdelalim, A., Abdollahpour, I.,
Abdulkader, R.S., Abebe, M., Abebe, Z., Abera, S.F., Abil, O.Z., Abraha, H.N., Abrham,
A.R., Abu-Raddad, L.J., Abu-Rmeileh, N.M.E., Accrombessi, M.M.K., Acharya, D.,
Acharya, P., Adamu, A.A., Adane, A.A., Adebayo, O.M., Adedoyin, R.A., Adekanmbi, V.,
Ademi, Z., Adetokunboh, O.0O., Adib, M.G., Admasie, A., Adsuar, J.C., Afanvi, K.A.,,
Afarideh, M., Agarwal, G., Aggarwal, A., Aghayan, S.A., Agrawal, A., Agrawal, S., Ahmadi,
A., Ahmadi, M., Ahmadieh, H., Ahmed, M.B., Aichour, A.N., Aichour, I., Aichour, M.T.E.,
Akbari, M.E., Akinyemiju, T., Akseer, N., Al-Aly, Z., Al-Eyadhy, A., Al-Mekhlafi, H.M. et
al., 2018. Global, regional, and national comparative risk assessment of 84 behavioural,
environmental and occupational, and metabolic risks or clusters of risks for 195 countries and
territories, 1990-2017: A systematic analysis for the Global Burden of Disease Stu. Lancet

392, 1923-1994. https://doi.org/10.1016/S0140-6736(18)32225-6

130



33) Stedman, J.R., 2004. The predicted number of air pollution related deaths in the UK during
the August 2003 heatwave. Atmos. Environ. 38, 1087-1090.

https://doi.org/10.1016/j.atmosenv.2003.11.011

34) Stedman, J.R., 1996. A UK-wide episode of eleveated particulate matter (PM) concentrations

in March 1996. Science. 80. https://doi.org/https://doi.org/10.1016/S51352-2310(97)88638-4

35) Tang, L., Chen, D., Karlsson, P.E., Gu, Y., Ou, T., 2009. Synoptic circulation and its
influence on spring and summer surface ozone concentrations in southern Sweden. Boreal

Environ. Res. 14, 889-902.

36) Tang, L., Rayner, D., Haeger-Eugensson, M., 2011. Have Meteorological Conditions
Reduced NO- Concentrations from Local Emission Sources in Gothenburg? Water. Air. Soil

Pollut. 221, 275-286. https://doi.org/10.1007/s11270-011-0789-6

37) Vieno, M., Dore, A.J., Stevenson, D.S., Doherty, R., Heal, M.R., Reis, S., Hallsworth, S.,
Tarrason, L., Wind, P., Fowler, D., Simpson, D., Sutton, M.A., 2010. Modelling surface
ozone during the 2003 heat-wave in the UK. Atmos. Chem. Phys. 10, 7963-7978.

https://doi.org/10.5194/acp-10-7963-2010

38) Vieno, M., Heal, M.R., Hallsworth, S., Famulari, D., Doherty, R.M., Dore, A.J., Tang, Y.S.,
Braban, C.F., Leaver, D., Sutton, M.A., Reis, S., 2014. The role of long-range transport and
domestic emissions in determining atmospheric secondary inorganic particle concentrations
across the UK. Atmos. Chem. Phys. 14, 8435-8447. https://doi.org/10.5194/acp-14-8435-

2014

39) Vieno, M., Heal, M.R., Twigg, M.M., MacKenzie, I.A., Braban, C.F., Lingard, J.J.N., Ritchie,
S., Beck, R.C., Mdring, A., Ots, R., Di Marco, C.F., Nemitz, E., Sutton, M.A., Reis, S., 2016.
Corrigendum: The UK particulate matter air pollution episode of March—April 2014: more
than Saharan dust (2016 Environ. Res. Lett. 11 044004). Environ. Res. Lett. 11, 059501.

https://doi.org/10.1088/1748-9326/11/5/059501
131



Chapter 4 — Paper 2

Impact of the June 2018 Saddleworth Moor
wildfires on air quality in northern England

Graham AM?, Pope RJ'?, McQuaid JB?, Pringle KP!, Arnold
SR?, Bruno AG3®* Moore DP34, Harrison JJ34, Chipperfield
MPY2, Rigby R'%, Sanchez-Marroquin, Al, Lee J%7, Wilde, S°,

Siddans, R®°, Kerridge, BJ®?, Ventress, LJ®?, Latter, BG8*

1 School of Earth and Environment, University of Leeds, Leeds, United Kingdom

2 National Centre for Earth Observation, University of Leeds, Leeds, United Kingdom

3 Department of Physics and Astronomy, University of Leicester, Leicester, UK

4 National Centre for Earth Observation, University of Leicester, Leicester, UK

5 Centre for Environmental Modelling and Computation, University of Leeds, Leeds, UK
6 Department of Chemistry, University of York, York, UK

7 National Centre for Atmospheric Science, University of York, York

8 Remote Sensing Group, STFC Rutherford Appleton Laboratory, Chilton, United
Kingdom

9 National Centre for Earth Observation, STFC Rutherford Appleton Laboratory, Chilton,
United Kingdom

4.1 Abstract

The June 2018 Saddleworth Moor fires were some of the largest UK wildfires on record and
lasted for approximately three weeks. They emitted large quantities of smoke, trace gases and
aerosols which were transported downwind over the highly populated regions of Manchester
and Liverpool. Surface observations of PM_s indicate that concentrations were 4-5.5 times

higher than the recent seasonal average. State-of-the-art satellite measurements of total column
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carbon monoxide (TCCO) from the TROPOMI instrument on the Sentinel 5 — Precursor (S5P)
platform, coupled with measurements from a flight of the UK BAe-146-301 research aircraft,
are used to quantify the substantial enhancement in emitted trace gases. The aircraft measured
in-plume enhancements with near-fire CO and PM2s concentrations >1500 ppbv and >125 ug
m3 (compared to ~100 ppbv and ~5 pg m= background concentrations). Downwind in-plume
ozone (O3) values were larger than the near-fire location, indicating Oz production with
distance from source. The near-fire O3:CO ratio was (AO3/ACQO) 0.001 ppbv/ppbv, increasing
downwind to 0.060-0.105 ppbv/ppbv, suggestive of Oz production enhancement downwind of
the fires. Emission rates of CO and CO; ranged between 1.07 (0.07-4.69) kg s* and 13.7 (1.73-

50.1) kg s, respectively, similar to values expected from a medium sized power station.

4.2 Introduction

Vegetation fires contribute a large source of trace gases and aerosols into the Earth’s
atmosphere (Cheng, et al., 1998; HelasGand Pienaar, 1996; Lobert, and Warnatz, 1993,;
Peterson, et al., 2018; Reddington, et al., 2014; Wooster, et al., 2018), which have substantial
implications for climate (Cruz Ndfez, et al., 2014; Hamilton, et al., 2018; Liu, et al., 2014;
Rowlinson, et al., 2019; Sommers, et al., 2014) and air quality (AQ) (Bravo, et al., 2002;
Konovalov, et al., 2011; Moore, 2019; Phuleria, et al., 2005; Reddington, et al., 2015). Unlike
many fire-prone regions, vegetation fires in the United Kingdom (UK) are relatively small and
rare (Davies, et al., 2016; Van Der Werf, et al., 2017; Yallop, et al., 2006). However, on the
June 24th 2018, large-scale wildfires broke out for approximately three weeks over
Saddleworth Moor and Winter Hill, in north west England (BBC, 2018), requiring over 100
firefighters to tackle the blaze (Day, and Green, 2018). At their peak, the Saddleworth Moor

fires covered approximately 8 km? of moorland (Greater Manchester Combined Authority,
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2019), representing the largest wildfires close to an urban population in the UK on record
(Figure 38) (NASA Socioeconomic Data and Applications Center (SEDAC) Center for
International Earth Science Information Network (CIESIN), and Columbia, 2018). Therefore,
this provided the first opportunity to measure the mixing of fire emissions with anthropogenic
emissions in the UK. The fires forced the evacuation of several dozen properties and closure
of many schools (Pidd, and Rawlinson, 2018). The fires primarily burned heather-dominated
moorland with an underlying area of dry peat (Bain, et al., 2011; Greater Manchester Combined
Authority, 2019; Xu, et al., 2018). Flames ranged between to 2-4 m in height, depending on
the overlying vegetation type and wind conditions (Greater Manchester Combined Authority,
2019). Fires also propagated vertically and laterally through the peat layer, which would be
expected to lead to large emissions of greenhouse gases and air pollutants (Wooster, et al.,
2018). As peat is a substantially oxygenated fuel source, it can burn underground for long
periods (e.g. weeks to months (Hu, et al., 2018; Roulston, et al., 2018)) making peat fires
extremely difficult to control. Emissions from peat are poorly understood but it is thought that
during the flaming stage, fires emit large amounts of soot and nitrogen oxides (NOx), while in
the smouldering stage they emit much more carbon monoxide (CO), methane (CHaj), volatile

organic compounds (VOCSs) and particulate matter (PM) (Turetsky, et al., 2015).

Throughout the period of June 22" to 29" meteorological conditions were favourable for the
development and spread of the Saddleworth Moor and Winter Hill fires. Between June 22"
and 29" 2018, the UK experienced strong anticyclonic conditions from enhancement of the
Azores high pressure system in the North Atlantic. Mean sea level pressure (MSLP) and
geopotential height at 850 hPa (850GPH), from ERA-Interim and ERAS reanalysis, indicate

the stable high-pressure system (MLSP >1020 hPa and 850GPH 1560-1600 m over northern
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England) resulted in low 10 m wind speeds (<5 m/s) and high surface temperatures (~27 °C on
June 26™M (ERA-Interim, ECMWF), which dried out vegetation and reduced the likelihood of
precipitation (see Supplementary Material: Meteorological Conditions and Figure 57 - Figure
59). In the future, conditions such as this are likely to become more common within the UK
(Guerreiro, et al., 2018). Projections suggest that, as a result, UK wildfires are likely to become
more frequent and intense (Albertson, et al., 2010) yielding more hazardous AQ situations in

nearby populated areas.

Visible images between the June 25" to 30", from the Moderate Resolution Imaging
Spectroradiometer (MODIS) instruments, on-board NASA’s Aura and Terra satellites, clearly
show fire initiation followed by a westward propagation of the fire smoke plume (see
Supplementary Material: Figure 60). Following the substantial visible impact (i.e. smoke and
burned area) of the Saddleworth Moor and Winter Hill fires and the related high-level media
coverage, we use state-of-the-art satellite observations from the newly launched (October
2017) TROPOMI instrument on-board ESA’s Sentinel-5 Precursor (S5P), which provides, for
the first time, high resolution observations of trace gases to quantify the impact of the pollutants
from fires from space. We combine these observations with ground and specialised aircraft
campaign observations to investigate the influence these fires had on atmospheric composition
and AQ across north-western England. The Data & Methods section describes the observations
used, the Results section presents our results and the Discussion and Conclusions section

summarises the implications of our findings.
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4.3 Data & Methods

4.3.1 Automated Urban and Rural Network Observations

Surface observations of particulate matter (PM2s — atmospheric aerosol with a diameter less
than 2.5 microns) are taken from Manchester Piccadilly, Salford Eccles and Wigan Centre
Automated Urban and Rural Network (AURN) sites. AURN is the largest automated air quality
monitoring network in the UK with 145 sites. These sites use the FDMS (Filter Dynamics
Measurement System) analyser, which is based on the TEOM (Tapered Element Oscillating
Microbalance) (Department for Environment Food & Rural Affairs, 2008). Air is drawn in
through inlets for PM2s and PMzo where it is dried and weighed on a filter held at 30°C. This
system measures non-volatile and volatile fractions by cycling through cold and warm
chambers to evaporate volatile species before re-weighing the sample. Further information on
data quality checks and uncertainties can be found in Stevenson et al. (2009). We use daily
mean PM2s concentrations (calculated from hourly measurements, where > 75% of hourly
measurements each day are available) for June 16" to July 12'" 2013-2018 to assess the impact
of the fires on downwind populated areas (e.g. Manchester Piccadilly, Salford Eccles and
Wigan) (see Figure 33) and to compare with longer term averages for the particular time of

year.

4.3.2 Satellite Observations

Satellite measurements of total column carbon monoxide (TCCO) and tropospheric column
nitrogen dioxide (TCNO2) are obtained from the TROPOMI instrument on-board ESA’s
Sentinel-5 Precursor (S5P) satellite (Veefkind, et al., 2012). S5P was launched in October 2017
into a sun-synchronous polar orbit with a local overpass time of 13:30 (Veefkind, et al., 2012).
The instrument has a nadir-viewing spectral range of 270-500 nm (ultraviolet-visible, UV-Vis),
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675-775 nm (near-infrared, NIR) and 2305-2385 nm (short wave-infrared, SWIR). TROPOMI
represents the next generation of satellite instruments for observing global and regional AQ
(Pope, et al., 2019) with an unparalleled nadir horizontal spatial resolution of 3.5 km x 7.0 km
for UV-NIR bands and 7.0 km x 7.0 km for SWIR bands. For comparison, its predecessor, the
Ozone Monitoring Instrument (OMI), had a horizontal spatial resolution of 24 km x 13 km
(Boersma, et al., 2011). We also use fire radiative power (FRP) data from the MODIS
instruments on-board NASA’s Aqua and Terra satellites, launched in 1999 and 2002,
respectively. Both instruments are nadir viewing (spectral range, 0.41-15 pm) with sun-
synchronous local overpass times of 10:30 and 13:30, respectively (Remer, et al., 2005). The
approach of Pope et al. (2018) is used to map TROPOMI TCCO data onto a 0.03° x 0.03° grid

over the UK, while the FRP data (Level 3 product) is on a 0.1° x 0.1° grid.

Garane et al. (2019) find a typical global bias of 0-1.5% between TROPOMI TCCO and surface
validation sites. For the Saddleworth Moor fires, we see precision errors of approximately 3.3-
4.3%. Further information on the instrumentation and uncertainties can be found in Lambert et

al. (2019).

4.3.3 FAAM Aircraft Data

The UK’s BAe-146-301 Large Atmospheric Research Aircraft flew on June 29" 2018 to target
the Saddleworth Moor fires (flight number C110). The aircraft is operated by the Facility for
Airborne Atmospheric Measurements (FAAM, Ryder et al., 2015) and detailed information on
the aircraft instrumentation and their uncertainties is given by Harris et al. (2017). For this
flight, in-situ measurements of carbon monoxide (CO), ozone (O3) nitrogen dioxide (NOz) and
particulate matter with a diameter less than 2.5 um (PMz2s) amongst other species, were

obtained.
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PM2 s data is calculated from data collected by optical particle counters mounted under the
wing that measure aerosol size distributions. The instrument used was the passive cavity
aerosol spectrometer probe 100-X (PCASP). The PCASP measures particles in the 0.1 - 3 um
diameter size range. Further information on the method the instruments used to calculate
aerosol diameter and the calibration method used is described in Rosenberg et al. (2012). We
find uncertainty within the integrated volume in the PM2 s range dataset to be ~30-35% at the
1-sigma confidence interval. Further information on sources of these uncertainties can be found

in the Supplementary Material: Instrumentation section.

Measurements of NO were made using a custom built chemiluminescence instrument (Air
Quality Design Inc), with NO2 measured on a second channel by photolytic conversion to NO
at 395 nm using a blue light converter (BLC), followed by detection by chemiluminescence
(Lee, et al., 2009). Estimated accuracies are 4% for NO and 5% for NO2, with associated
precision of 31 and 45 pptv, respectively (for 1Hz data). Further information is in the

Supplementary Material: Instrumentation section.

Ozone was measured by an ultraviolet (UV) absorption photometer (Thermo Fisher, model
49C) with an uncertainty of 2% and a precision of 1 ppb for 4-s measurements (Harris, et al.,

2017).

CO was measured by a vacuum UV fluorescence analyzer (Aero Laser GmbH, model AL5002;
(Gerbig, et al., 1999)). The instrument was calibrated in flight every ~45 min using a synthetic-
air working standard (Air Ligquide, ~500 ppb). The 1-Hz CO measurements have a 2%

uncertainty and 3-ppb precision (Harris, et al., 2017).
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The aircraft left Cranfield, Bedfordshire at approximately 10:00 UTC, then undertook targeted
fire plume measurements over Saddleworth Moor (near-field) at 10:30-11:30 UTC
(Supplementary Material: Figure 60 and Figure 35 (a)) before taking downwind measurements

over the Irish Sea (12:00-13:00 UTC). The aircraft returned to Cranfield around 15:00 UTC.
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Figure 32. CEISIN population count (2015). Black triangles indicate the locations
of Saddleworth Moor (SM) and Winter Hill (WH), the cities of Manchester
(Man) and Liverpool are also marked. Black circles indicate AURN
observation sites used in Figure 33. The flight path of the FAAM aircraft on
29™ June 2018 is also shown in grey, with near-field and downwind sections
(Figure 35-Figure 37) of the flight highlighted in red and blue.
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4.4 Results

4.4.1 MODIS visible images

MODIS visible images (Supplementary Material: Figure 54) clearly show the ignition and
time-evolution of the Saddleworth Moor and Winter Hill fires. Fire ignition occurs on June 25™
2018 on Saddleworth Moor. The smoke plume initially moves northwards (26" June) before
shifting westwards, propagating over Manchester and Liverpool (27"-30" June). The size of
the smoke plume peaks on 27" June. The Winter Hill fire then begins on June 30" and

propogates westwards towards the Lancashire coast.

4.4.2 Automated Urban and Rural Network Observations

Observations of surface PMz s at the Manchester Piccadilly, Salford Eccles and Wigan Centre
AURN sites show enhanced concentrations during the fire period (grey shading in Figure 33).
At all sites, PM2s concentrations peak above 40 pg m= (black dashed line), which is
substantially larger than concentrations before and after the fire event (note Manchester
Piccadilly is the only site where July 2018 data was available). These concentrations are well
above the World Health Organisation (WHO) 24-hour guideline limit of 25 pg m,

highlighting the potential population exposure risks even over this short time period.

We also use volatile and non-volatile PM: s observations to investigate the relative influence of
the primary and secondary components of PM2s from the fire. Non-volatile PM2.s comprises
of unreactive solid particles (e.g. elemental carbon, primary organic aerosol) (Chowdhury, et
al., 2007; Tian, et al., 2009) whereas volatile PM2s comprises of gaseous reactive precursors
(e.g. sulfate, nitrate and VOCs) which can switch between the gas and solid phase through
condensation. Considerable uncertainties exist in the apportionment of fire-emitted PM2 s due

to the complex range of factors controlling emissions, which include fuel type, fuel moisture
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content and organic aerosol mass concentration. Here, the AURN measurements indicate that
during the Saddleworth Moor fires non-volatile PM2s was strongly correlated with total PM2.5
during the fire period. In 2018, the non-volatile fraction of total PM.5 is between 3 and 18%
higher than between 2013 and 2017, contributing to up to 93% of total PM2s (see
Supplementary Material: Table 11). Compared with previous years (June 2013-2017
observational spread), the non-volatile PM.s concentrations are 4-5.5 times higher than

average.
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Figure 33. AURN observations of volatile and non-volatile PMzs for 16" June — 14%"
July 2018. Non-volatile PM_ s is indicated by the red solid line (2018) and pink
shading (2013-2017 standard deviation). Volatile PM2s is indicated by the blue
solid line (2018) and light blue shading (2013-2017 standard deviation). The
total PM2s concentration for 2018 is also indicated by the black dashed line and
the fire period in grey. The WHO 24-hour guideline limit is also in green for
reference.
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4.4.3 TROPOMI Observations
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Figure 34. TROPOMI total carbon monoxide (TCCO, moles m?) measurements of the
Saddleworth Moor wildfire (25" — 30" June 2018). Black and purple polygon-outlined
regions represent the fire plume (>0.03 moles m-2) and edge of plume (0.025-0.03 moles
m-2). Black dots show pixels where MODIS fire radiative power (FRP) is > 50 mW m=2,
White dots show the location of the Saddleworth Moor and Winter Hill fires. Blue dots
show the location of Manchester and Liverpool. The box and whisker schematics represent
TROPOMI tropospheric column nitrogen dioxide (TCNO2, 10-5 moles m2) sub-sampled
“in-plume”, “edge of plume” and “out of plume” TCCO thresholds. TCNO?2 is also sub-
sampled under fire pixels (FRP >50 mW m2) and non-fire pixels (FRP < 50 mW m). Red,
green and blue represent the median, 25" and 75" percentiles and 10" and 90" percentiles,
respectively.

The time evolution (25"-30™ June) of the Saddleworth Moor and Winter Hill fires can also
clearly be seen in the TROPOMI TCCO data where the fire plume propagates westwards (top
six panels of Figure 34) over Manchester and Liverpool (blue circles). Over Saddleworth Moor,
TCCO peaks at over 0.04-0.05 moles m (26" and 27" June) with background concentrations
of 0.02-0.025 moles m2. Between June 27"-29'" the plume has dispersed westwards with “in-
plume” concentrations remaining above 0.030 moles m=. By the 30" June, the Saddleworth
Moor plume has diminished but the Winter Hill fires have fully developed with a north-
westerly plume direction (TCCO >0.04 moles m2). The time-evolution of the TCCO plume
correlates strongly with the MODIS visible images (see Supplementary Material: Figure 54)
supporting the robustness of the novel TROPOMI composition data. This is also seen in TCCO
data from the Infrared Atmospheric Sounding Infererometer (IASI) satellite (see
Supplementary Material: Comparison of TROPOMI with 1ASI (Infrared Atmospheric
Sounding Infererometer) and Supplementary Material: Figure 64), further supporting
TROPOMI. As TCCO enhancements flow out over Manchester and Liverpool, both densely
populated, there will likely be substantial increases in other prominent air pollutants (e.g. NO,

PM25 and Os) as shown in Figure 33.
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Inspection of the TROPOMI TCNO: data (see Supplementary Material: Satellite Observations
of Tropospheric Column Nitrogen Dioxide section and Supplementary Material: Figure 57)
highlights concentration enhancements over both Manchester and Liverpool during the
Saddleworth Moor fire time period. However, the prevailing anticyclonic meteorological
conditions have been shown in other studies (e.g. Pope et al. (2015, 2014)) to significantly
increase NO2 concentrations over urban regions due to accumulation of anthropogenic
emissions. Therefore, to isolate potential fire-sourced NO> signal, a quantitative classification
of “fire-influenced” pixels was used to sub-sample the TCNOz data. Firstly, satellite pixels with
FRP > 50 mW m were classed as “fire” (black circles in Figure 34), while those with FRP <
50 mW m? were classed as “non-fire”. Secondly, the TCCO was used to identify the
observations as “in-plume” (TCCO > 0.03 moles m?, black polygon-outlining - Figure 34),
“edge of plume” (0.025 moles m? < TCCO < 0.030 moles m purple polygon-outlining) and
“out of plume” (0.020 moles m? < TCCO < 0.025 moles m). The “out of plume” lower limit
was set to 0.020 moles m? to ensure that near-plume satellite pixels are used and not
background pixels across the domain. Several different thresholds were tested and this
combination yielded the most realistic spatial plume distributions when compared to MODIS

visible images.

When sub-sampled under “fire” pixels (bottom panel, Figure 34) the median TCNO:
concentration is approximately 8.0 x10° moles m, which is significantly larger than the “non-
fire” pixel TCNO2 median (6.0-7.0 x10° moles m?) (95% confidence level (CL) based on
student t-test, using the mean). The “fire” TCNO, 10", 25" and 75" percentile concentations
are also larger than the non-fire-TCNO; equivalant. However, the “non-fire” TCNO, 90"

percentile value is marginally larger. The TCNO: data sub-sampled under the TCCO plume
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definitions show a similar pattern. “Out of plume” median TCNO is the lowest (5-6 x107
moles m) of all classifications (also true for the 10", 25", 75" and 90" percentiles). Though
downwind of the fire location, the “edge of plume” and “in plume” classifications have the
largest median TCNO; values of 10.0-11.0 x10° moles m* and 12.0-13.0 x10° moles m?,
respectively. These two classifications both overlap regions of enhanced anthropogenic NO>
sources (i.e. Manchester and Liverpool), so their median and percentile concentrations are
larger (see Supplementary Material: Satellite Observations of Tropospheric Column Nitrogen
Dioxide section and Supplementary Material: Figure 57). By using the TCCO data as a tracer
for the fire plume, we detect a NO- fire response on top of the anthropogenic NO- signal. This
is supported by aircraft results in the FAAM Aircraft Observations section, though we note that
there is a substantial level of noise in the TROPOMI NO: data (unlike for CO). Here, the
median and percentile concentrations are all larger “in plume” than “edge of plume” where the
medians are significantly different at the 95% CL (student t-test, using the mean). This
indicates that the increased spatial resolution of TROPOMI (when compared to previous
satellites such as OMI) is able to both, detect the impacts of fires on air pollutants and to
quantify them, something not possible with the sparse coverage of the AURN sites. We can
therefore conclude that the Saddleworth Moor and Winter Hill fires, observed by TROPOMI,

significantly enhanced observed NO2 and CO concentrations.
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4.4.4 FAAM Aircraft Observations
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Figure 35. Facility of Airborne Atmospheric Measurements (FAAM) observations of carbon
monoxide (CO, ppbv) and ozone (O3, ppbv) from the Saddleworth Moor wildfires on 29th
June 2018. (a) CO concentration along flight path (b) Os concentration along flight path (c)
time-altitude CO profile, (d) time-altitude O3 profile, e) CO (black) and Os (red) time-series.
Time stamps for the flight are included in (a) for reference to in (c) and (d). The sections
bounded by the red and blue dashed lines in panels (a), (b), (e) and (f) represent the near-field
(NF) and downwind (DW) time phases of the flight. The horizontal purple dashed line in (e)
indicates the “in-plume” (> 125 ppbv) versus “out of plume” (< 125 ppbv) threshold.

4.4.4.1 Pollutant Concentrations “in-plume” and “out-of-plume” Near-Field and

Downwind

To verify the satellite results and investigate other air pollutants, we use FAAM aircraft
observations of CO, O3 and NO, from June 29" 2018. Between approximately 11:00-11:30
UTC the aircraft was sampling the near-field fire plume southwest-west of Saddleworth Moor
(black circle — Figure 35 (a) and (b)) at 500-1000 m above ground level (AGL). Measurements
within the plume show enhanced CO concentrations peaking at over 1500 ppbv, while
background CO ranged between 80-100 ppbv (Figure 35 (c) and (e)). This correlates well with
measurements of PM_ s aerosol concentration, which also indicate enhanced PM2 s in the plume
(15 - >120 pg m) and much lower background values (~5 ug m) (Supplementary Material:
Figure 61). Here, we define this segment of the flight as “near-field” (NF) (Figure 35 (g)).
While there was a large step-change in CO and PM2s measurements, there were no clear
changes in the measured O3z concentrations. Before the NF flight segment, Oz concentrations
ranged between 45-85 ppbv, when the aircraft was north-northeast-east of Saddleworth Moor
(i.e. ~10:30-11:00 UTC, Figure 35 (a), (d) and (e)). The NF Os concentrations are slightly

lower, ranging between 45-80 ppbv.
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In the “downwind” (DW) flight segment (approximately 12:00-13:00 UTC- Figure 35 (e)), the
aircraft made plume measurements over the Irish Sea. Here, the aircraft flew between 250-
1000 m making multiple passes in and out of the plume. This can be clearly seen in Figure 35
(c) and (d) where there are sudden step-changes in CO (100-115 ppbv to > 150 ppbv) and O3
(50-60 to > 80 ppbv) concentrations with change in altitude. Figure 35 (e) and Supplementary
Material: Figure 60 and Figure 61 indicate this even more clearly, with CO, O3, NO2 and PM25
concentrations varying between 100-300 ppbv, 45-80 ppbv, ~1-8 ppbv and ~5-130 pg m,
respectively, as the aircraft samples the composition in and out of the plume. To isolate in and
out of plume concentrations, a CO threshold of 125 ppbv was used to define plume from

background concentrations (purple dashed line — Figure 35 (g)).

Figure 36 shows CO, Oz and NO2 concentrations sub-sampled “in-plume” and “out of plume”
(based on the CO 125 ppbv threshold) for the NF and DW flight segments. In the NF, the
median CO concentrations are substantially larger “in-plume” than “out of plume” at
approximately 725 (220-860, 25™-75" percentiles) ppbv and 107 (104-111) ppbv, respectively.
In the DW flight segment, median CO concentrations are substantially lower “in-plume” at
approximately 190 (90-260) ppbv, while “out of plume” concentrations are slightly larger (111,
102-115 ppbv) than the NF “out of plume”. Again, the same pattern is seen in the results for
PM2 s (Supplementary Material: Figure 62). NF “in-plume” concentrations are also much larger
for PM25(55.9 pg m3, 14.1-71.8 pg m®) than the “out-of-plume” median (7.5 ug m, 5.8-10.0
ug m3). PMzs is also substantially lower DW “in-plume” (18.43 ug m) than NF “in-plume”
(55.9 ug m?) and DW “in-plume” (18.43, 11.1 and 28.2 ug m?) is also higher than DW “out-

of-plume” (7.15, 4.47 and 9.61 pg m?3).
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NF Os is larger “out of plume” (68, 47-76 ppbv) than “in-plume” (60, 58-61 ppbv). This is
consistent with other studies, which show that fire plumes decrease local Oz concentrations,
primarily through titration with freshly emitted NO (Verma et al., 2009). The opposite occurs
for NO2 where concentrations are larger “in-plume” (2.05, 1.9-2.2 ppbv) than “out of plume”
(0.9, 0.1-2.1 ppbv). However, the “out of plume” NO; range (10"-90" percentiles) is much
larger with concentrations peaking above 5 ppbv as the NF NO2 “in-plume” sample size is
small with less spread (n=27). In the DW, O3 concentrations show enhancements “in-plume”
when compared with the NF. DW “in-plume” concentrations are 66 (61-70) ppbv, this is
substantially larger than the DW “out of plume” concentrations (O3 is 59 (57-63) ppbv). This
enhancement compared with the surrounding air mass is suggestive of production of O3z “in-
plume” with distance away from the Saddleworth Moor. However, this O3 enhancement may
also be influenced by downwind NOx sources (i.e. Liverpool and Manchester). The DW NO>
concentrations are larger “in-plume” (3.2 (2.1-4.1) ppbv) than “out of plume” (1.2 (0.8-1.8)
ppbv), while also larger than the NF “in-plume” concentrations of 2.05 (1.9-2.2) ppbv. This
enhancement of NO2 concentrations “in-plume” corroborates the satellite TCNO. results in
Figure 34, but also the larger DW NO- levels. To determine if these pollutant samples were
significantly different from each other, the student t-test was used to compare the mean NF “in-
plume” with NF “out of plume”, NF “in-plume” with DW “in-plume” and DW “in-plume”
with DW “out of plume” for each pollutant separately. Overall, we found that all combinations
were significantly different for each pollutant at the 95% CL. Thus, concentrations of NO», Os,
PM2sand CO within the plume are statistically significantly enhanced compared to outside of
the plume in NF and DW locations. Alongside this, concentrations are statistically significantly

enhanced within the plume NF compared to within the plume DW.
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Figure 36. Box and whisker schematic of CO (left, ppbv), Oz (centre,
ppbv) and NO2 (right, ppbv) “in-"" and “out of plume” (CO > 125
ppbv). Red, green and blue represent the median, 25th and 75th
percentiles and minimum and maximum concentrations,
respectively. NF and DW represent the near-field and downwind
phases of the plume.

4.4.4.2 “In Plume” Ozone Production Near-Field and Downwind

To quantify the enhancement of “in-plume” Oz with distance from source, we have used a
similar approach to Arnold et al. (2015) and Jaffe and Wigder (2012). The linear fit between

CO and Oz concentrations was determined for the NF (red symbols) and DW (blue symbols)
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flight segments (Figure 37), where measurements with CO concentrations < 125 ppbv were
excluded (black circles). NF CO ranges between 125 to > 500 ppbv (i.e. CO data > 500 ppbv
is used for the statistics, but not plotted to clearly display the DW relationship), whereas O3
remains between 53-60 ppbv (note two points peak at ~70 ppbv). The Oz enhancement, as a
function of CO concentration, for the NF is AO3/ACO = 0.001 ppbv/ppbv indicating no clear
O3 enhancement with increasing CO. In the DW flight segment there are three distinct positive
CO:0s slopes at approximately 0.25-0.5 km (crosses), 0.6-0.85 km (diamonds) and above 0.9
km (circles) altitudes. Here, the Oz enhancements are AO3/ACO = 0.060, 0.067 and 0.105
ppbv/ppbv, respectively, all of which are significant at the 95% CL (i.e. the trends lie outside
of the variation observed in the data (outside of + 2 standard deviations)). This indicates a
significant enhancement of “in-plume” Oz production increasing with altitude. One likely
reason for the larger AO3/ACO rate with altitude is that there is more photochemical production
of ozone at top of the plume (i.e. incoming solar radiation reaches this part of the plume first
and is attenuated further into the plume) (Jaffe and Wigder, 2012). However, we do not have
the detailed chemical measurements necessary to test this hypothesis. Though NO: is enhanced
DW from urban sources, the AO3/ACO variation with altitude is predominantly from the
Saddleworth Moor fires. As shown in Figure 35 and Supplementary Material: Figure 60, there
is a strong correlation with enhancements in all pollutants as the aircraft flies in and out of the
plume (also see Aircraft Instrumentation and Cross-section section). The ANO2/ACO ratio (not
shown here) has the opposite pattern to AO3/ACO ratio and decreases with height. This
potentially suggests that the anthropogenic signal is reducing with altitude or that NO- is being
processed more quickly with more active photochemistry. However, to accurately diagnose the
influence of anthropogenic and fire NOx sources on Oz production, a high-resolution regional

modelling frame work is required, which is beyond the scope of this study.
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Figure 37. CO (ppbv) and Os (ppbv) relationship for different Saddleworth Moor fire plume
phases (29th June 2018). Black circles represent all data defined as “out of plume” (<125
ppbv CO), red circles are “in plume” near field and blue symbols are “in plume”
downwind. Blue crosses, diamonds and circles represent measurements between 0.25-0.5
km, 0.6-0.85 km and above 0.9 km. Dashed lines represent the CO-Os regression for
different fire plume altitudes where all downwind relationships are significant at the 95%
confidence level (*).

4.4.4.3 Back Trajectories

Backward trajectories from the NOAA Hybrid Single-Particle Lagrangian Integrated
Trajectory model (HYSPLIT) (Stein, et al., 2015) released from the aircraft sampling regions
near-field and downwind can assist estimating the age of air mass which the smoke plume was

in when pollutants were sampled. Trajectories were released from the most northerly and
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southerly points of the near-field (2.2°W, 53.75°N at 1100 UTC and 1.9°W, 53.25°N at 1200
UTC) and downwind (3.4°W, 53.75°N at 1200 UTC and 3.4°W, 52.75°N at 1300 UTC)
sections of the flight from a range of altitudes during these profiles (500, 750 & 1000 m and
250, 500 and 1000 m, respectively) (Figure 56). The results of the back-trajectory analysis
indicate the air mass which near-field samples were taken from was likely 30 mins — 1 hour in
age, showing little variation in age with changes in sample height (500, 750 and 1000 m). The
air mass of the downwind samples was likely 2-7 hours in age, with the age of the air mass
decreasing with increasing altitude (250, 500 and 1000 m) in the northernmost (southernmost)

sample location from 4-6, 3-4 and 2-3 hours (6-7, 4-5 and 3-4 hours).
Deriving CO emissions from the fires

To determine CO emissions from the Saddleworth Moor fires, we consider the cross section
made by the aircraft through the plume on June 29" (see Supplementary Material: Figure 63).
Here, the plume has an approximate width and thickness of 4482 m and 52 m, respectively.

The fire emissions were calculated by:

(15)

where E, (kg s) represents the emissions of CO, ACO (kg m™) is the mean fire enhancement
between the “in-plume” and “out of plume” CO concentrations, w (m s?) is the mean wind
speed at the flight altitude (assumed to be in the direction of plume flow and perpendicular to
the aircraft flight path), » (m) is the plume thickness and d (m) is the plume width. The
limitations of this approach are the assumptions that w is representative of the full plume wind
speed, that the plume cross-section is regular, and the estimate values of h and d (the aircraft

might not have included the entire plume in the transect). Here, w = 7.31 m st and ACO =
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6.4x10" kg m3, so E., = 1.07 kg s™*. To estimate the uncertain range of this emission rate, we
perturb the values of h and d by 50% (these variables represent the largest source of
uncertainty) and use lower and upper limits of w and ACO + 1.0 standard deviation. This
provides a range of E., = 1.07 (0.07-4.69) kg s%, which is in reasonable agreement with remote
sensing estimates from the Global Fire Assimilation System (GFAS, 0.54 kg s) and the Fire
Inventory from NCAR (FINN, 2.15 kg s%). When this is repeated for CO,, also measured
during the aircraft campaign, Ecoz = 13.7 (1.73-50.1) kg s while GFAS and FINN have

emission rates of 7.84 kg s and 33.1 kg s, respectively.

4.5 Discussion and Conclusions

Historically, the UK is prone to relatively small vegetation fires (e.g. in comparison to tropical
and other boreal fire, van der Werf et al. (2017)) often used in moorland burning for the
purposes of agricultural grazing (Davies, et al., 2016; Yallop, et al., 2006). However, in recent
years, the UK has experienced several substantially larger fires which have gained much media
interest and resulted in the evacuation of surrounding populated areas. In this study, we have
successfully used ground-based observations, state-of-the-art satellite and aircraft
measurements to quantify the impact of the Saddleworth Moor and Winter Hill fires on regional

atmospheric composition and air quality.

Using ground-based observations, the impact of pollutants from the fire can be quantified at
the surface. Pollutants from the fire were transported westwards during the peak of the fires
(27, 29" and 30" June) over large populations (e.g. Manchester). Consequently, the fire had
a significant impact on PM2s concentrations in Manchester and in regions further afield
(including Wigan — 50 km away). Surface PM2.s during the fires was 4-5.5 higher than average

and dominated by the non-volatile PM_ s fraction. Since concentrations were up to 2 times the
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WHO recommended guideline limit (25 ug m) there are likely to have been considerable

negative health impacts for individuals exposed, particularly those with underlying health

conditions.

The unprecedented spatial resolution of the new S5P TROPOMI satellite instrument now
allows us to detect trace gases from such fires. The time-evolution of total column carbon
monoxide (TCCO) measurements during June 25™-30™" shows the westward propagation of the
Saddleworth Moor fire plume out towards the Irish Sea over the highly populated cities of
Manchester and Liverpool. By using quantitative classification of the fire plume (i.e. TCCO
concentration and fire radiative power, FRP), we have isolated a significant enhancement in
tropospheric column NO2 (TCNO:), a key air pollutant, on top of the enhanced anthropogenic
signal from prevailing anticyclonic meteorological conditions (i.e. accumulation of pollutants
over source regions). Measurements from the FAAM aircraft flight on June 29" support this,
with clear enhancement of boundary layer (<1 km) CO concentrations within the plume. Near
Saddleworth Moor, in-plume CO and PM..s measurements peak at over 1500 ppbv and 127.5
ng m=3, while downwind of the plume over the Irish Sea they are somewhat lower at 200-400
ppbv and 96.1 pug m=. The opposite occurs for ozone (Os) where the downwind plume shows
a significant increase, highlighting its downwind production. Based on CO:03 correlations
within the plume, the Oz production increases significantly from AO3/ACO = 0.001 ppbv/ppbv
near-field to AOs/ACO = 0.060-0.105 ppbv/ppbv (depending on the altitude between 250-1000
m) downwind. Our estimates lie within the range of values found in previous studies of similar
fires (boreal region mean: 0.018-0.15) (Jaffe, and Wigder, 2012). Though urban sources of
NOx (i.e. Manchester and Liverpool) may also be contributing to the DW Oz enhancements as
has been found in previous studies of wildfires near highly populated urban areas (McKeen et
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al., 2002; Morris et al., 2006). Emission rates from Saddleworth Moor, during the smouldering
stage of the fire’s life cycle, are estimated to be 1.07 (0.07-4.69) kg s and 13.7 (1.73-50.1) kg
st for CO and CO, respectively. This CO, emission rate is similar to those of the Grangemouth

(near Edinburgh) or Enfield (north of London) power stations (~16.0 kg s*; (NAEI, 2018)).

We have shown that the Saddleworth Moor and Winter Hill fires produced large quantities of
some key air pollutants, including Oz, PM25s and CO, which were transported over Manchester
and Liverpool yielding a substantial degradation in AQ. In the future, with accelerating climate
change leading to enhanced temperatures and drought conditions within the UK (Guerreiro, et
al., 2018), wildfires are likely to become more frequent and intense (Albertson, et al., 2010)
yielding more hazardous AQ situations in nearby populated areas. Therefore, work is required
to accurately determine the surface enhancement in air pollutant concentrations from such fires.
As the surface monitoring network (Automated Urban and Rural Network, (Department for
Environment Food and Rural Affairs, 2018b)) is sparse, satellite observations and modelling
can play an important role. Future work is also needed to assess the corresponding health

impacts of exposure to air pollutants from wildfires.
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reanalysis data came from https://apps.ecmwf.int/datasets/data/interim-full-daily/levtype=sfc/.

The Saddleworth Moor aircraft data were taken using the Facility for Airborne Atmospheric
Measurements (FAAM) BAe-146-301 Large Atmospheric Research Aircraft and are available
from the Centre for Environmental Data Analysis (CEDA) at

https://old.faam.ac.uk/index.php/data. The authors also gratefully acknowledge the NOAA Air

Resources Laboratory (ARL) for the provision of the HYSPLIT transport and dispersion model

and/or READY website (https://www.ready.noaa.gov) used in this publication.
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5.1 Abstract

On June 24th 2018 one of the largest UK wildfires in recent history broke out on
Saddleworth Moor, close to Manchester, in north-west England. Since wildfires
close to large populations in the UK have been relatively small and rare in the
past, there is little knowledge about the impacts. This has prevented the
development of effective strategies to reduce them. This paper uses a high-
resolution coupled atmospheric-chemistry model to assess the impact of the fires
on particulate matter with a diameter less than 2.5 um (PM25) across the region
and the impact on health from short-term exposure. We find that the fires
substantially degraded air quality. PM2s concentrations increased by more than
300% in Oldham and Manchester and up to 50% in areas up to 80 km away, such

as Liverpool and Wigan. This led to one quarter of the population (2.9 million

171



people) in the simulation domain (-4.9-0.7°E and 53.0-54.4°N) being exposed to
moderate PMy s concentrations on at least one day, according to the Daily Air
Quality Index (36-53 pug m-2), between June 23 and 30" 2018. This equates to
4.5 million people being exposed to PM2 s above the WHO 24-hour guideline of
25 ug m= on at least one day. Using a concentration-response function we
calculate the short-term health impact, which indicates that in total over the 7-day
period 28 (95% Cl: 14.1-42.1) deaths were brought forward, with a mean daily
excess mortality of 3.5 deaths per day (95% CI: 1.8-5.3). The excess mortalities
from PM_ s due to the fires represented up to 60% of the total excess mortality (5.7
of 9.5 excess deaths), representing an increase of 3.8 excess mortalities (165%
increase) compared to if there were no fires. We find the impact of mortality due

to PMas from the fires on the economy was also substantial (£21.1m).

5.2 Introduction

The Saddleworth Moor fire in June 2018 was the largest UK wildfire in recent decades, with
over double the burnt area of the most recent large wildfire in 2011, in Swinley, Berkshire
(Royal Berkshire Fire and Rescue Service, 2011). It led to the evacuation of many residents
from their homes, and caused elevated atmospheric pollutant concentrations across the Greater
Manchester urban region. The fires began on June 24" 2018 and burned for three weeks over
Saddleworth Moor (1.96°W, 53.54°N) and Winter Hill (2.52°W, 53.63°N) (Figure 38). The
fires, which are thought to have been deliberately started, peaked in size on 27" June, covering
8 km? with flames reaching 4 m in height (Greater Manchester Combined Authority, 2019).
The fires burned on moorland that was dominated by heather with an underlying layer of peat
(Greater Manchester Combined Authority, 2019) (Supplementary Material: Figure 65). Peat is

exceptionally vulnerable to ignition during periods of drought and once alight it is extremely
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difficult to control and extinguish because it is a well oxygenated fuel source (Rappold, et al.,
2011). As a result, peat fires can smoulder underground for long periods, re-emerging away
from the original source (Rappold, et al., 2011). Fuel consumption is relatively large in peat
fires, emissions per unit area are much higher than for other fuel types (Geron, and Hays, 2013).
Consequently, peat fires emit large dense ground level plumes, meaning that local populations
may be more susceptible to smoke exposure than for other wildfire types (Tinling, et al., 2016).
Alongside this, although other studies have suggested that flaming smoke may be more toxic
than smouldering smoke on a mass basis (Kim, et al., 2019, 2018), peat burning produces more
smoke and so it has been suggested that the toxicity of smoke from peat fires is different to
other wildfires (Reisen, et al., 2015; Tinling, et al., 2016), however there is currently limited

research on this topic.

June 2018 was anomalously warm and dry across the UK. Average daily maximum
temperatures were between 18 - 22 °C (2.5 °C warmer than the 1981-2010 average) (UK Met
Office, 2018) and less than 75 mm rainfall fell during the month (50% of the 1981-2010
average rainfall). There were fewer than 4 days with > 10mm rainfall (UK Met Office, 2018).

These conditions led to the peat on the moor becoming particularly susceptible to ignition.

Wildfires emit large amounts of pollutants and have substantial impacts globally on the
radiative balance (Hodzic, et al., 2007; Rappold, et al., 2011), cloud microphysical properties
(Jiang, et al., 2016; Lu, and Sokolik, 2013), air quality (Crippa, et al., 2016; Jaffe, and Wigder,
2012; Reddington, et al., 2014) and therefore health (Johnston, et al., 2012; Jones, et al., 2015;
Liu, et al., 2015; Rappold, et al., 2011). Wildfires are an increasing environmental and health
concern that are projected to occur more frequently, become more intense and spread much

more quickly in the future (Barros, et al., 2014). It is projected that by 2080 the combination
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of higher temperatures, decreased summer rainfall and drier soils could lead to a 30-50%
increase in UK wildfire risk (HM Government, 2012). Peat bogs, which account for over

22,000 km? of UK land cover (Xu, et al., 2018), are particularly vulnerable to wildfire.

As a result of the predicted increase in wildfires, population exposure to pollutants from fires
is also expected to increase. Substantial evidence supports the association of short-term
exposure to PM.s from fires and respiratory and cardiac morbidity and mortality from both
epdiemiological (Delfino, et al., 2009; Johnston, et al., 2011; Reid, et al., 2016; Zanobetti, and
Schwartz, 2009) and toxicology studies (Naeher, et al., 2007). However, there is a large amount
of conflicting research on the toxicity of different species and so equal toxicity between PM
components is still commonly assumed but is an active area of research (Atkinson, et al., 2014).
The health burden of fires in the tropics and United States, Australia and Canada is well
documented in the literature (Crippa, et al., 2016; Finlay, et al., 2012; Johnston, et al., 2011;
Landis, et al., 2018; Liu, et al., 2015; Reid, et al., 2016; Reisen, et al., 2015) and is significant.
The large wildfires during 2015 in Equatorial Asia led to 69 million people being exposed to
unhealthy levels of PM2s and are estimated to have caused 11,880 excess mortalities due to

short-term exposure (Crippa, et al., 2016).

Alongside the significant health impacts of wildfires, there is also a large associated
socioeconomic cost (Fann, et al., 2018; Kochi, et al., 2012). The concept of Value of Statistical
Life, how much society is willing to pay to preserve a life or extend it, is used by studies to
estimate the economic value of short-term excess deaths and hospital admissions during
wildfires. Using this method it is estimated that in the US between 2008 and 2012 the economic

cost of short-term exposure to wildfire air pollutants was $63bn (95% CI $6bn-$170bn), while
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for long-term wildfire air pollutant exposure the cost was $450bn (95% CI $42bn-$1200bn)

(Fann, et al., 2018).

Since wildfires close to highly populated areas are relatively rare in the UK, little research into
the health and economic impacts of UK wildfires has been carried out. However, as fires are
predicted to increase with the warming climate and land-use change it is becoming increasingly
important to examine wildfires in a UK context. Previous studies elsewhere in the world have
found that public health tools and educational programmes to reduce exposure yield significant
health benefits from reduced mortality and exacerbations of underlying illnesses (Rappold, et
al., 2014). Many countries also have both ‘Fire Danger Ratings’ and ‘Fire Warning Systems’.
These are used to inform the public of the daily fire risk, based on weather forecasts and fuel
loading, and provide updates on current active fires. Other countries also often have severe
penalties for arson, with high conviction rates every year, and high rewards for information on
suspected arsonists (up to $50 K (Department of Fire and Emergency Services, 2018)).
However, at present, a lack of knowledge about the impacts of wildfires in the UK prohibits

the development of effective strategies to reduce their impacts.

In this paper we use the Saddleworth Moor Fires in June 2018 as a case study to calculate the
potential health and economic impacts of exposure to PM2 s from wildfire on the UK population
using a high-resolution air quality model. The results of this study aim to quantify the
population’s exposure to PM2 s from the fires and the subsequent health impact. This will help
to inform legislation makers, based on the impacts of the Saddleworth Moor Fires, whether
there is a need to introduce preventitive measures and emergency planning for fires to reduce

the population’s exposure to harmful pollutants.
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Figure 38. Population count (km) (2015) in model domain with Automated
Urban and Rural Network (AURN) sites used in model evaluation over
plotted (Supplementary Material: Table 12). Sites where elevated PM25
was observed are indicated by red stars and those where concentrations
remained below 50 pg m™2 by black circles. The locations of
Saddleworth Moor and Winter Hill are indicated by black triangles. Fire
emissions, from FINNv1.5 (time-varying scaling), between June 23"
and June 30" are indicated by red circles — each circle represents a fire
hotpot from MODIS, while the size of the circles is relative to the mass
of PM2s emitted in kg day™ (scale on left). The area over which scaling
was applied to the FINN fire emissions is also shown by the blue box.
More details on AURN sites can be found in Supplementary Material:
Table 12.

5.3 Method

5.3.1 WRF-Chem

This study uses WRF-Chem v3.7.1 (Grell, et al., 2005), a fully coupled atmospheric chemistry
model at 10 km resolution, to simulate hourly PM2s concentrations during the Saddleworth

Moor fires 2018. The study domain covers northern England (-4.9-0.7°E and 53.0-54.4°N) and
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a population of 14 million people. Our simulations are performed using the same model version
and set-up as Conibear et al. (2018a), Reddington et al. (2019) and Kiely et al. (2019). For a

more detailed model description refer to Conibear et al. (2018a).

Meteorological initial boundary conditions (IBC) were provided by the National Centers for
Environmental Prediction (NCEP) Global Forecasting System (GFS) reanalysis (meteorology)
at 6-hour time steps and 0.5° resolution. Chemical IBC are from the Whole Atmosphere
Community Climate Model (WACCM) (Marsh, et al., 2013) (UCAR, 2020a). An updated
MOZART-4 (Emmons, et al., 2009) scheme is used to calculate gas-phase chemical reactions.
Aerosol dynamics and processes were represented by the Model for Simulating Aerosol
Interactions and Chemistry (MOSAIC), which included aqueous chemistry and extended
treatment of organic aerosol (Hodzic, and Knote, 2014). Four bins were used represent aerosol
size: 0.039-0.156 pm, 0.156-0.625 pm, 0.625-2.5 um and 2.5-10 um. WRF was nudged on all
33-vertical terrain following levels every 3 hours in order to keep mesoscale meteorology in
line with the reanalysis meteorology from GFS (National Centre for Atmospheric Research,
2007). Variables nudged included horizontal and vertical wind, potential temperature and water

vapour mixing ratio.

Monthly anthropogenic emissions were from the Emission Database for Global Atmospheric
Research with Task Force on Hemispheric Transport of Air Pollution version 2.2 (EDGAR-
HTAP2) (Janssens-Maenhout, et al., 2015) at 0.1° resolution for 2010 (see Supplementary
Material: Anthropogenic Emissions for more information). Biogenic emissions were calculated
online by the Model of Emissions of Gases and Aerosols from Nature (MEGAN) (Guenther,
et al., 2006). Dust emissions are also calculated online using the GOCART with Air Force
Weather Agency (AFWA) modifications (LeGrand, et al., 2019).
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We calculate the contribution of the fires between June 16" and July 14™ 2018 on PM,s surface

concentrations by comparing simulations with and without fire emissions included.

5.3.2 Wildfire emissions

Wildfire emissions are taken from the Fire Inventory from NCAR version 1.5 (FINNv1.5). The
FINNv1.5 emissions dataset combines satellite observations, land cover, biomass consumption
estimates and emissions factors to calculate fire emissions globally at 1 km resolution every
day. Satellite observations from the MODIS Thermal Anomalies Product provide detections of
active fires with a nominal horizontal resolution of ~ 1 km?. Burned area is assumed to be 1
km? for each fire identified and scaled back based on the density of vegetation from the MODIS
Vegetation Continuous Fields (VCF) (i.e. if 50% bare = 0.5 km? burned area). The type of
vegetation burned during a detected fire is determined using the MODIS Collection 5 Land
Cover Type (LCT). This assigns each fire pixel to one of 16 possible land cover/land use classes
and also the density of vegetation at 500 m resolution, scaled to 1 km. The 16 land cover types
are then aggregated into 8 generic categories to which fuel loadings are applied (Wiedinmyer,
et al., 2011). Fuel loadings are from Hoelzemann et al. (2004) and emissions factors are from
Akagi et al. (2011), McMeeking (2008) and Andrae and Merlet (2001). FINNv1.5 includes all
emissions from above ground vegetation but not from the combustion of peat (Kiely, et al.,

2019).

We compare the FINN burned area (1 km resolution) with MODIS burned area (500 m
resolution) in order to evaluate whether the resolution of the MODIS hotspot data used within
FINN to estimate emissions is able to represent the fire size correctly, and thus emissions. We
find the burned areas to be very similar for FINN (9.77 km?) and MODIS (8.43 km?) and the

datasets to be in agreement spatially. The burned area in FINN is likely to be slightly higher
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than MODIS because of the lower resolution of the dataset. Since the Saddleworth Moor fires
occurred on an area that is dominated by peat bog, with overlying vegetation including heather,
grass and juniper (Greater Manchester Combined Authority, 2019; Xu, et al., 2018)
(Supplementary Material: Figure 65), we are confident the need for scaling emissions is due to

the missing peat emissions rather than an error relating to fire size.

We therefore scale all FINN emissions over the Saddleworth Moor region (Figure 38 and
Supplementary Material: Figure 65) to account for the underestimation of emissions in the
dataset due to the missing peat emissions. Scaling is performed equally across all FINN
emission species, and is altered daily to match the daily mean observations of PM2sat AURN
sites (see Supplementary Material: Table 12 for AURN sites). We scale emissions by a factor 5
on June 26" and a factor 10 on 27", 28" and 29™". On all other days, we use the original unscaled
FINN emissions. More details on the evaluation of FINN scaling can be found in the
Supplementary Material (Supplementary Material: Wildfire Emissions Scaling and Model

Evaluation and Supplementary Material: Figure 66 and Figure 67).

5.3.3 Model Evaluation

Hourly observations of PM. s from the Automated Rural and Urban Network (AURN) in the
UK are used to evaluate the model’s performance at hourly and daily temporal resolution. We
evaluate the model against all AURN sites in the north-west and Y orkshire and Humber regions
of England, which are mostly urban sites (see Supplementary Material: Table 12 and Figure 38
for more details). Daily means are calculated from hourly data for days where >90% of data is

available at a given site.
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5.3.4 Health Impact Assessment

The health impact from short-term exposure to elevated pollutants from the Saddleworth Moor

fires can be calculated using an exposure response function:

~ (16)
E, = ZBd.popi.AFi
i=1
where:
AF = RR -1
~ “ RR ) (17)
and:
RR = expPx—%o) (18)

Em represents the excess mortality caused by exposure to PM2 s over the safe limit of exposure
(X-Xo) each day. N is the number of days within the simulation and i is the day in simulation,
Ba is the baseline death rate, pop is the population exposed and AF is the attributable fraction
of mortality due to exposure to PM2s. The AF is calculated using the concept of relative risk
(RR), this is the probability of mortality from a disease endpoint within an exposed population
to the probability of mortality within an unexposed population (3). The concentration a
population is exposed to is given by X and the safe-limit of exposure is Xo. Since there is little
evidence to suggest a safe-limit of exposure to PM2 s we assume Xo to be zero (Holgate, 1998;
Macintyre, et al., 2016; Schmidt, et al., 2011). We use beta values from Atkinson et al. (2014)

for PM2s (1.04% (95% CI: 0.52%,1.56%) per 10 ug m™> increase). Since short-term health
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impacts are assumed to be equal across ages, we use baseline mortality rates for all ages and

population for all ages in the calculations (Atkinson, et al., 2014).

The health impact assessment is carried out using the “subtraction” method, which is the
method most commonly used in short-term health impact studies (Crippa, et al., 2016;
Macintyre, et al., 2016). This method calculates the excess mortality from fires (Em rires oNLY)
to be the difference between the excess mortality from PM2 s in the simulation with fires on (Em
FIREs oN) and excess mortality from PMas when there are no fires in the simulation (Em Fires

orF) (Equation (19)).

Em FIRES ONLY — Em FIRES ON — Em FIRES OFF (19)

We use population count data from the Gridded Population of the World, Version 4.11 (NASA
Socioeconomic Data and Applications Center (SEDAC) Center for International Earth Science
Information Network (CIESIN), and Columbia, 2018) for 2015 at 5 km resolution. The dataset
is created by the Centre for International Earth Science Information Network (CIESIN) and
was accessed from the National Aeronautics and Space Administration (NASA)
Socioeconomic Data and Applications Centre (SEDAC). The dataset uses estimates of human
population based on the national census and population registers. Input data from 2005-2014
are extrapolated to produce estimates of population for 5-year increments. A map of this
population data in the north-west of England is available for reference (Figure 38). Baseline
mortality rate data for north-west England is taken from the Global Burden of Disease for 2015

(Institute for Health Metrics and Evaluation, 2018).
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5.3.5 Economic Cost of Fires

The economic cost of mortality caused by exposure to PMa2 s from the fires is calculated using
the ‘Value of Prevented Fatality’ (VPF) from the UK Department for Transport. The VPF was
initially used to evaluate transport projects which entail expected reductions in fatalities (Guria,
et al., 2005). However, in recent years, many other government sectors, such as the UK
Environment Agency and Health Protection Agency, have begun to utilise the concept (Deloitte
UK, 2009). Several other studies have used this method to quantify the benefits of air quality
improvements from reduced mortality (Krupnick, et al., 1996; US Environmental Protection
Agency, 1997). There is a large range in estimates for VPF so we use values from the
Department for Transport since these are based on UK costs of mortality and lie within the
range of other estimates (see Supplementary Material: Table 15 and Supplementary Material:
Economic Cost of the fires for more details). The estimates are broken down into human costs,
medical costs, lost output and other costs. Values are given in GBP for 2008, which we scale
to 2018 values in line with inflation (Bank of England, 2019). The human cost component
reflects the pain and suffering felt by the victim and relatives and the reduction in life quality
during the period of injury. Thus, the human cost is derived from the ‘Willingness to Pay’ of
the population to reduce this risk. Medical costs represent all treatment costs and lost output
represents working days lost and therefore, the total expected lost earnings before tax, as well

as national insurance payments. Other costs represent emergency services and benefits.

5.4 Results

5.4.1 AURN Observations

AURN observations (Figure 39) indicate PM2 s concentrations at 5 locations in the north-west

exceeded 100 pg m between June 16™ and July 14" 2018. As expected, concentrations were
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highest at sites near to Saddleworth Moor, reaching 140 and 225 pug m= on June 27" and 28"
at Manchester Piccadilly and Salford Eccles respectively (Figure 39). They also reached >175
pg m=at Wigan Centre, 50 km from the fires. Other sites in the network were relatively

unaffected by the fires, with little variation in concentrations during the fires (Figure 39).
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Figure 39. Hourly observed and simulated surface PM2s between June 16" 2018 and July 14"
2018. Modelled values are from the time-varying scaling simulation (see Wildfire
emissions and Model Evaluation sections and Table 8), in magenta, and observations from
AURN sites are in black. Locations where PM2 s observations are elevated are shown by
red stars and time series site names in red. The period when the Saddleworth Moor and
Winter Hill fires occurred is indicated in grey shading.

5.4.2 Model Evaluation

The model is evaluated using Pearson correlation coefficient (r), mean bias (MB), normalised
mean bias (NMB), root mean square error (RMSE), mean absolute error (MAE) and normalised
mean absolute error (NMAE). Firstly, when assessing model performance at the daily
resolution, without scaling FINN fire emissions (no scaling), the model performs relatively
poorly (Table 8 and Supplementary Material: Figure 66). The Pearson correlation score is
similar to the simulation without fire emissions (no fires) (0.69 and 0.62 respectively). RMSE
(5.06 pg m3), NMB (-0.22) and NMAE (0.33) are also similar to with no fire emissions (5.30
pug m3, -0.24 and 0.34 respectively). Referring to the time series from each AURN site it
becomes clear the poor performance of the model is dominated by sites where fire emissions
are not being captured well (see Supplementary Material: Figure 66 and Figure 67). When a
factor 10 scaling (10x scaling) is applied to FINN emissions over Saddleworth Moor the
correlation is improved (0.74) and NMB is substantially improved (0.10) (Table 8). The RMSE
(4.31 pg m=) and NMAE (0.31) also improve. However, the model still over predicts PMzs in
the early stages of the fire (see Supplementary Material: Figure 66). The over prediction may
be due to a changing fuel source through the fire lifetime, from the surface vegetation (heather
and grass) initially, which FINN accounts for, to underlying peat once the surface vegetation
has been consumed (Greater Manchester Combined Authority, 2019). Peat has much higher
emissions per unit burnt (9.1 g kg burned (but estimates range from 6-30 g kg*) compared

with 6.3-15.3 g kg™ for other vegetation types burned (GFEDv4) (Giglio, et al., 2013)).
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Alongside this, FINNv1.5 does not account for whether burning is smouldering or flaming,
which can change emissions significantly, particularly in peat fires where emissions are highest
during smouldering due to colder combustion temperatures (Stockwell, et al., 2016). To try to
account for the change in fuel type we perform a simulation where we adjust the scaling of the
fire emissions each day (see Wildfire emissions and Model Evaluation section for more details
on scaling). Using a daily time-variant scaling (Time-varying scaling) we improve RMSE (4.27
pg m3) and Pearson correlation (0.77) and find the simulation has a similar NMAE (0.31) when
compared with factor 10 scaling (10x scaling: RMSE = 4.31 ug m=3, r =0.74 and NMAE =0.31)
(see Table 8). Time-varying scaling also performs best at hourly time resolution with improved
correlation (0.42), RMSE (7.11 pg m™) and NMAE to 0.47 (compared with factor 10 scaling
and no scaling simulations (r = 0.37 and 0.351, RMSE = 7.78 and 7.557 pg m?)) and the
removal of the over prediction at the start of the fires (see Supplementary Material: Figure 66).
We therefore use the time-variant scaling of FINN emissions as our best-estimate (more details

in Supplementary Material: Wildfire Emissions Scaling and Model Evaluation).
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Table 8. Model evaluation statistics for WRF-Chem simulations with different FINNv1.5
options for daily mean PM. Statistics shown are the mean value of Pearson correlation
coefficient (r), mean bias (MB), normalised mean bias (NMB), root mean squared error
(RMSE), mean absolute error (MAE) and normalised mean absolute error (NMAE) at
each AURN site for the entire simulation (June 16" 2018 to July 14™ 2018). Simulations
shown are for FINNv1.5 with no alterations (no scaling), FINN v1.5 with factor 10
scaling over Saddleworth Moor (10x scaling), FINN v1.5 with changing scaling to
account for the different stages of the fire (time-varying scaling) and simulations with
(no fire emissions). See Model Evaluation and Supplementary Material: Figure 65 for

more details on time-varying scaling.

Daily Evaluation Time-varying 10x Scaling No Scaling No Fire Emissions
Statistic Scaling

Pearson 0.77 0.74 0.69 0.62
Correlation (r)

Mean Bias (MB) -1.59 -0.95 -1.84 -1.98
Normalised Mean -0.19 -0.10 -0.22 -0.24
Bias (NMB)

Root Mean Square = 4.27 4.31 5.06 5.30
Error (RMSE)

Mean  Absolute 2.30 2.22 2.48 2.59
Error (MAE)

Normalised Mean 0.31 0.31 0.33 0.34
Absolute  Error

(NMAE)
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5.4.3 Impact on Air Quality

Using WRF-Chem simulations we calculate the percentage increase in PM2 s at the surface due

. PMy 5 pires—PM i . . e eci
to fires as ( 25Fires  "2.5NoFires 100), where PM. s from the simulation with fire emissions
PM3 5 No Fires

is labelled as PMzs rires and PMas from the simulation without fire emissions is labelled as
PM25 No Fires. Between June 23 and June 30" 2018 model simulations indicate the mean
increase in PM2sdue to fires (Figure 40 (c)) is largest in the area surrounding Oldham (> 300%
increase). However, there is also a 150-200% increase in PM2s in Manchester, Bolton and
Wigan. Areas as far away as Liverpool, Preston and Warrington are also affected with 10-50%
increases in PM2 s observed. Daily mean percentage increase in PMa.s from fires indicates that
the largest increase in PM2s observed is due to the Saddleworth Moor fires (Supplementary
Material: Figure 70) on the 26" and 27" June. Results indicate PM2s increases of > 600% in
Manchester, Bolton and Wigan and >1000% in Oldham are due to the fires (Supplementary
Material: Figure 70). Large areas of the north-west also experience > 350% increase in PMas,
including Wigan, 50 km from the fires, and a 100% increase is observed as far west as the Irish
Sea. Simulations indicate the Winter Hill fires on June 29" and 30" were also associated with
PM2s increases of 100 to >600% in Bolton, Wigan and Southport (40 km away)
(Supplementary Material: Figure 70). The Winter Hill fire was substantially smaller and
occurred further north where the population density is lower. In summary, WRF-Chem
simulations of wildfire impacts on atmospheric composition indicate an extensive area in which

particulate matter concentrations are enhanced, far above normal regional and UK levels.

5.4.4 Daily Air Quality Index and WHO guideline

To put these results into the context of air quality guidelines, we use the Daily Air Quality
Index (DAQI) values and the World Health Organisation (WHQ) 24-hour guideline for PMzs
combined with population count to estimate the population exposure (Figure 40 (a) and (b)). A

limitation of this method is that it assumes the population living in the affected area is exposed
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to PM2 s from the fires, however this may vary based on whether the environment they are in
provides any passive or active filtration (e.g. indoor air filtration) and does not account for how
much time is spent outdoors. The DAQI is used to advise the UK population on recommended
behaviour changes during air pollution events. For example, the advice for PM2s within the
very high DAQI band is for everyone to reduce outdoor activity, and for those with asthma to
be aware for the potential need for increased medication (see Supplementary Material: Table
13 for more details on DAQI bands). Between June 23" and June 30" 0.8 million people were
exposed to the highest DAQI band (very high: >71 pug m) in areas close to the Saddleworth
Moor fire (Figure 40 (a)). This exposure was dominated by PM2s on June 27" (0.5 million
exposed) but 0.2 million people were also exposed to very high levels of PMzson June 26™
(see Supplementary Material: Figure 68) (note totals may not add up due to rounding). 0.8
million people were exposed to concentrations above 54 pug m= (high DAQI: 54-70 pg m)
and 1.3 million people to 36-54 pg m= (moderate DAQI) (Figure 40 (a)). The degradation in
air quality was dominated by the Saddleworth Moor fires since exposure to the Winter Hill fire
accounted for only 5% of the total moderate DAQI exposure (0.06 million to moderate DAQI
levels on June 30™) (see Supplementary Material: Figure 68). This is likely in part because the
area surrounding Winter Hill is more sparsely populated. Nonetheless, these results indicate
almost a quarter of the population within our simulation domain (22% of the total 14 million
people in the model domain) were exposed to concentrations of > 36 pg m=on at least one day
between June 23" and 30" due to the Saddleworth Moor and Winter Hill fires. When we
compare these results with the PM2 s no Fires Simulation (Supplementary Material: Figure 71), in
which no day exceeds the low DAQI, it is clear that the fires are responsible for the degradation

in air quality during this time period.
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Figure 40. (a) Areas of low (< 36 ug m®), moderate (36 - <53 pg m?), high (54 - <70 pg m™)
and very high (>71 ug m) PMzs as defined by the Daily Air Quality Index (DAQI).
Coloured numbers correspond to total number of people exposed to each DAQI level on
at least one day between June 23 and June 30" 2018. See Supplementary Material:
Table 13 for more information on the DAQI. (b) Areas where PM s is above the WHO
24-hour limit of 25 pg m and total population exposed to PM2.s below (green) and above
(red) this threshold on at least one day between June 23™ — June 30™. (c) Mean increase
(%) in PMzs due to fires between June 23 and June 30™ 2018. Calculated as,

PM, 5 pires—PM i . . .
( 2s5Fres —25NoFires x 100), where 10 represents a 10% increase in PM2s. Locations

PM3 5 No Fires

of large urban areas and Saddleworth Moor (SM) and Winter Hill (WH) are also indicated
for reference.

We also frame our results in the context of the WHO 24-hour guideline of 25 ug m (Figure
40 (b)). Results show that 4.5 million people were exposed to PM2 s above this guideline for at
least one 24-hour period between June 23 and 30™. The impact was widespread, affecting
Oldham, Manchester, Wigan and areas of high population on the coast north of Liverpool (for

further detail see Supplementary Material: Figure 69).

In addition, we examine the fraction of the total annual DAQI high (48-71) and very high (71+)
hourly exceedances which the fires represent at each of the AURN sites used in this study. We
find that hourly DAQI exceedances during the fire period (June 23" — June 30™) represent a
large fraction of the total annual high (48-71) and very high (71+) DAQI hourly exceedances
at many sites (Supplementary Material: Table 16 (a)). At Manchester Piccadilly, Salford Eccles
and Wirral Tranmere 31%, 77% and 58% of total annual hourly DAQI very high exceedances
occurred within the week of the fires (see Supplementary Material: Table 16 (b) for more
details). Thus, not only did the fires have a large impact on air quality between June 23" and

30" but they also represented a large fraction of the annual hourly DAQI exceedances.
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5.4.5 Health Impact Assessment

Finally, we calculate the short-term mortality burden due to exposure to PM2s from the fires
and the economic cost, using the subtraction method detailed in the Health Impact Assessment
Section. We use the concentration response function of Atkinson et al. (2014) with zero
assumed safe-limit of exposure (0 pug m3) since there is little evidence in the current literature
to suggest that there is a safe level. In total over the 7-day period of the fires there were 28
(95% ClI: 14.1-42.1) deaths brought forward with a mean daily excess mortality of 3.53 deaths
per day (95% CI. 1.77-5.26) (Figure 41 (a)). This comprises a large fraction of the total 81

deaths brought forward over the four-week simulation (16" June — 14" July). When the fraction

of daily mortality from fires is calculated (i.e. Em Fires~Fm NoFires o 100) the impact of the fires

Em Fires

is even more apparent (Figure 41 (a)). On June 23 and 24", the fraction of total excess
mortality caused by fires is very low (0.08-0.9%) but substantially increases during the fires
(25" and 26™ — 11-39%), peaking at ~60% on June 27" and 33% on June 30". Thus, the
increase in excess mortality observed during June 23" — 30" 2018 was dominated by the

Saddleworth Moor and Winter Hill fires

In order to make our results comparable to other research in the literature we also calculate the

percentage increase in excess mortality (Em) due to short-term exposure to PM2 s from the fires

only (ErFires=EmNorires 4 100, This gives a result that is independent of the population size,

Em No Fires

since the population in the domain is relatively small (14 million) in comparison to other
studies. The results indicate that up to 3.8 of 6.4 excess mortalities were due to exposure to
PM2 s from the fires, representing a 165% (95% CI: 84-246%) increase in Em across the region
due to exposure to PMazs from the fires (Figure 41 (b)). While, the Winter Hill fire was
associated with 1.9 of 2.8 total excess mortalities, a 96% (95% CI: 48-131%) increase in Em.

In total over the 7-day period of the fires there were 7 (95% CI: 4-11) deaths brought forward
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with a mean daily excess mortality of 0.9 deaths per day (95% CI: 0.5-1.4) (Figure 41 (a)). This
comprises a large fraction of the total 20 deaths brought forward over the four-week period

simulated (June 16" —July 14" 2018),
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Figure 41. (a) Total Excess Mortality (Em) across the entire simulation domain from PM2s
in the fires and no fires simulations. The fraction of mortality due to fires across the
model domain between June 16" — July 14™ 2018 is also shown, calculated as

(E“‘”REES “EmNOFIRES y 10)0). 95% confidence intervals, based on uncertainty in the
m FIRES

concentration-response function, are indicated by red and blue shading. (b) Percentage

increase in excess mortality (Em) due to fires (EmF“;ES_EmNO FRES ¥ 100), with the
m NO FIRES

economic cost of mortality from fires (in millions of pounds (M GBP)) also shown.
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Table 9. (a) The economic cost of fatality during the Saddleworth Moor Fires, calculated using
the value of protected fatality (VPF) from the Department for Transport (DfT). The cost
is calculated using the lower, mid and upper excess mortality from short-term exposure
to PM2s between June 23 and 30" 2018 and the VPF for 2018 (£1.9M - see
Supplementary Material Table 15 (a) for more details). (b) The cost breakdown is also
shown (see Supplementary Material: Table 15 (b) for further details), based on the central
excess-mortality estimates.

a) Lower Mid Upper

Excess Mortality Estimate (June 23" -30'") 4.4 8.6 12.7

Economic Cost of Fatality (using 2018 DfT VPF) £10.7M £21.1M £31.3M

b) Cost breakdown based on mid excess-mortality values 2018 £
Total VPF 21.1 M
Human Cost 13.9M
Medical 0.07 M
Lost Output 7.0M

Other costs 0.15M
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5.4.6 Economic Impact

The economic cost of mortality caused by exposure to PMa2 s from the fires is calculated using
the ‘Value of Prevented Fatality’ (VPF) from the Department for Transport (see Economic
Cost of Fires section, Supplementary Material: Table 15 and Supplementary Material:
Economic Cost of the fires section for more details). Our results indicate the fires were
associated with a £21.1m economic cost between 23™-30" June (95% CI: £10.7m — 31.2m
based on calculated excess mortality uncertainty (95% CI)) (see Table 9 (a) for more details).
The estimates are broken down into human costs, medical costs, lost output and other costs
(Table 9 (b)) (see Economic Cost of Fires section for more details). This indicates the economic
cost of the fires is dominated by the human cost (£13.9m) and lost output (£7.0m). The
estimated economic cost of the fires suggests there are large economic gains to be made through
the introduction of policies and education programmes to reduce the population’s exposure to

harmful air pollutants from fires.

5.5 Discussion and Conclusions

In order to contextualise our work, we compare our results to previous studies on wildfires and
UK air quality. Work by Kollanus et al. (2017) calculated the mortality across Europe from
vegetation fires during 2005 and 2008, aggregated by country. They found that in the UK the
total attributable deaths in 2005 and 2008 from vegetation fires were 52 (95% CI: 40 & 65) and
42 (95% CI: 32 & 52), respectively. Equivalent to a total of 0.08 (95% CI: 0.06 & 0.11) and
0.07 (95% CI: 0.05 & 0.08) deaths per 100,000 population. Although our results are not directly
comparable to those of Kollanus et al. (2017), due to their estimate being for long-term
exposure, it is still interesting to note that the Saddleworth Moor and Winter Hill fires alone

led to 0.008 deaths per day per 100,000 population.
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Our results lie within the range of estimates from studies on the short-term health impacts of
fires elsewhere in the world. Hanninen et al. (2009) found that long-range transport of PM from
wildfires in eastern Europe led to an additional population-weighted exposure of 15.7 ug m
for 2 weeks in August 2002. The study estimated the excess mortality burden to be 17 deaths
in a population of 3.4 million during the 2-week period. This equated to 0.0353 deaths per day
per 100,000 population — substantially higher than the estimates in this study (0.008). This may
be as a result of Hanninen et al. (2009) overestimating exposure in non-urban areas of Finland,
since they used 8 monitoring sites to characterise exposure over a 100,000 km? area with 3.4
million inhabitants. Our estimates are closer to those of Fann et al. (2018) who calculated the
health and economic impact of wildfires across the US between 2008-2012. The study used the
same method as this study but using the CMAQ air quality model run with and without fire
emissions. They found that on average 0.00171 excess mortalities per 100,000 population each
day were caused by PM2 s exposure from wildfires. A limitation of our work and previous work
is that the exposure response function used treats all PM.s as equally toxic and the effects of
concentration to be linear. This is because of a lack of studies in the literature investigating
toxicity of PM2.s and composition. Despite this, recent toxicology and epidemiological studies
suggest that particulate matter from peat fires causes lung inflammation and cardiac responses
and has a significant effect on respiratory and cardiac health (Kim, et al., 2014; Rappold, et al.,

2012).

Finally, although they are not directly comparable, it is important to put the calculated health
impact of the fires into context of the long-term impact of exposure to ambient pollution in this
region. The long-term impact of ambient PM2s on the population in the north-west and
Yorkshire regions is ~4,400 deaths per year, based on 2010 PM2s concentrations (Gowers, et

al., 2014). This long-term chronic effect of ambient PM.s is somewhat larger than the
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calculated impact of the fires, however the impact of the fire episode represents an important

acute increase in mortality over the short-term.

To conclude, this study is the first to quantify the impact of the 2018 UK wildfires on human
health. We have shown that the fires had a substantial impact on air quality in the north-west
of England, with observations of PM2s concentrations reaching up to 225 pg m at some
locations. This equated to up to a > 1000% increase in PM2 s and led to 22% of the population
(2.9 million) in the simulation domain being exposed to PM2s concentrations of 36 pg m=or
above on at least one day during the fires (June 23™ -30"). 4.5 million people (or 32% of the
population) were exposed to PM, s above the WHO 24-hour guideline of 25 pg m™ on at least
one day. When we calculated the excess mortality from fires we found that there were 81 (28)
excess deaths over the month (fire week) simulation due to PM2s exposure, with 8.6 (8.6)
excess deaths attributable to PM2s from fires. Daily excess mortality indicated that during the
fires (June 23 - 30" 2018), up to 60% of mortality (3.8 of 6.4 excess mortalities) was
attributable to PM2s from fires. This represented up to a 165% increase in excess mortality
compared to without fires. In addition to this, the fires also had a substantial economic impact
(E21.1m). Previous studies have found public health tools and educational programs to reduce
exposure Yyield significant health and economic benefits from reduced mortality and
exacerbations of underlying illnesses. Since wildfires are likely to become more common due
to climate change our work demonstrates the importance of the introduction of both public

health tools and educational programs to reduce the impacts of such events.
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6.1 Abstract

The Australian 2019/2020 bushfires were unprecedented in both their extent and
intensity, causing a catastrophic loss of habitat and human and animal life across
eastern-Australia. Between October 2019 and February 2020 hundreds of fires
burned, peaking in size in December and January and releasing the equivalent of

half of Australia’s annual carbon emissions. We use a high-resolution
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atmospheric-chemistry transport model to assess the impact of the bushfires on
particulate matter with a diameter less than 2.5 um (PM..) concentrations across
south-east Australia. The health burden from short-term population exposure to
PMgs is also quantified. We find that between September 1 2019 and January
31% 2020 large proportions of the population in eastern-Australia were exposed to
dangerous (‘Poor’,’Very Poor’ and ‘Hazardous’) air quality index levels. The
impact of the bushfires on AQ was concentrated in the cities of Sydney,
Newcastle-Maitland and Canberra-Queanbeyan during November, December
and, also in Melbourne, in January. The health impact of exposure to PM2s from
bushfires across eastern-Australia, regionally and at city level is also estimated
using a short-term exposure response function. Our estimate indicates that
between October 1% and January 31% 180 (95% CI: 74-294) deaths were brought
forward due to the fires. The number of deaths brought forward from exposure to
bushfire PM2s was largest in New South Wales (109 (95% CI: 41-176)),
Queensland (24 (95% CI: 15-41)) and Victoria (35 (95% CI: 13-56)). At a city
level the health impacts of PM2 s exposure due to the bushfires were concentrated
in Sydney (65 (95% CI: 24-105)), Melbourne (23 (95% CI: 9-38)) and Canberra-
Queanbeyan (9 (95% ClI: 4-14)), where large populations were exposed to high

PM. s concentrations due to the bushfires.

6.2 Introduction

The Australian 2019/2020 bushfires were unprecedented in both their extent and intensity

(Brew, et al., 2020), causing a catastrophic loss of habitat and human and animal life. Between

October 2019 and February 2020 hundreds of fires burned in the south-east of the country,

peaking in size in December and January. By burned area the bushfires were the largest in

south-east Australia since European occupation (Wintle, et al., 2020), burning more than 10

million hectares of vegetation. The burned area for the 2019/2020 fires was larger than the Ash

Wednesday and Black Saturday (1983 and 2009) fires combined (Brew, et al., 2020). The

immediate impacts of the bushfires included the destruction of almost 6,000 buildings and the
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deaths of 34 people and more than three billion terrestrial vertebrates. However, the impacts of
the bushfires on biodiversity are not likely to be fully understood for many years (Wintle, et
al., 2020). More than 100 of the significantly impacted species have lost at least 50% of their
habitat and almost 50 of these species have lost >80% of their habitat. Therefore the impacts

of extinction debts are yet to be realised (Wintle, et al., 2020).

The severity of the 2019/2020 bushfire season was promoted by a decrease in rainfall and
increase in temperatures due to a combination of meteorological and climatic conditions
(Australian Bureau of Meteorology, 2019a). Australia had experienced two very dry years prior
to 2019 (2017, 2018), with 2019 being the warmest and driest on record (van Oldenborgh, et
al., 2020). This was combined with a strong positive Indian Ocean Dipole (I0D) phase from
July 2019 onwards (Australian Bureau of Meteorology, 2020) and a negative Southern Annular
Mode (SAM) event (Australian Bureau of Meteorology, 2019b), both of which reduce rainfall

across south-eastern Australia.

The vegetation cover in east Australia is dominated by native tree and grass species (native
forests and woodlands, native shrublands and heathlands, native grasslands and minimally
modified pasture), annual crops and highly modified pastures (Australia State of the
Environment, 2016). The forests are temperate broadleaf and are principally eucalypts, one of
the most fire prone species in the world. Fires in eucalypt forests spread largely through leaf
litter layer, the dryness of this layer effectively controls the occurrence of fires (Boer, et al.,
2020). In 2019, the moisture content of leaf litter reached record low levels and the total area
of leaf litter exceeded critical flammability levels; being the highest in the past 30 years (van
Oldenborgh, et al., 2020). Typically, <2% of eucalypt forests burn in the most extreme fire
seasons (Boer, et al., 2020). However, during the 2019/2020 bushfires 21% of the biome

burned, well above the burned percentages seen anywhere else in the world.
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Emissions from the bushfires also had a large impact at a global scale, releasing >300 tonnes
of CO. between August and January, equivalent to half of Australia’s annual carbon emissions
(Lee, 2019). In addition, plumes from the fires (carbon monoxide) circumvented the Southern

hemisphere (Pope, et al., in press.).

Substantial epidemiological and toxicological evidence supports the association between
wildfire PM2 s exposure and respiratory and cardiac morbidity (Delfino, et al., 2009; Johnston,
et al., 2011; Naeher, et al., 2007; Reid, et al., 2016; Zanobetti, and Schwartz, 2009). There is
also increasing evidence to suggest that exposure to wildfire smoke is associated with all-cause
mortality (Faustini, et al., 2015; Johnston, et al., 2011). However, research to identify the
toxicity of different PM..s species is ongoing and so equal toxicity is commonly assumed in
health impact assessments. The health burden of wildfires is concentrated in the tropics,
Australia, Canada and the USA and is substantial (Black, et al., 2017; Crippa, et al., 2016;
Johnston, et al., 2012; Liu, et al., 2015; Reid, et al., 2016). In these countries the PM2s
associated health burden from long-term exposure is dominated by exposure to wildfires
(Lelieveld, et al., 2015). Therefore, reducing population exposure to pollutants from wildfires

is likely to yield an immediate, large health benefit in these regions (Johnston, et al., 2012).

Alongside the immediate impacts of wildfires on health, from exposure to air pollutants, many
studies have highlighted the psychological impacts of these disasters (Norris et al., 2002; Norris
et al., 2002; Bryant et al., 2014). An increase in the number of adults experiencing distress
(42% compared to 23%) was reported in adults affected by the Ash Wednesday bushfires,
compared to those who were unaffected (McFarlane, 1988; McFarlane, et al., 1997). Alongside
this, children (12%) also suffered from severe emotional distress in the months following

bushfires (McDermott, and Palmer, 1999).
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Climate change is projected to increase the frequency, intensity and spread of wildfires globally
(Sutton, et al., 2011) and in Australia (Lucas, et al., 2007). Fire weather conditions in Australia
are predicted to worsen, with forest fire danger index (FFDI) projected to increase in all climate
change scenarios (0-10% by 2020 and 0-30% by 2050) (Lucas, et al., 2007). Alongside this,
the number of days where fire danger is ‘very-high’ or ‘extreme’ was projected to increase by
between 5-65% by the end of 2020, with an increase in the length of the fire season (Lucas, et
al., 2007). The largest changes in FFDI were predicted to be seen in New South Wales due to
the Mediterranean climate of the region. Mild, wet winters encourage the growth of fuel, and
hot, dry summers lead to an increase in the FFDI (Lucas, et al., 2007). The increase in bushfire
frequency and intensity is likely to increase population exposure to pollutants from bushfires,

and therefore the health burden of bushfire events.

The first study to investigate the impact of the 2019/2020 bushfires on mortality from exposure
to PM2s used PM2 s concentrations observed at ground-based air quality monitoring sites across
eastern Australia to estimate daily mean PM2s exposure (Borchers Arriagada et al., 2020).
Inverse distance weighting was used to interpolate PM2s monitoring data spatially to statistical
area level 2 (SA2s) centroids within 100 km of each monitoring site. SA2s generally include a
population of ~10,000 (3,000 — 25,000) and are designed to be representative of individual
communities that interact together socio-economically. The entire SA2 population was then
assumed to be exposed to a the interpolated PM2.s concentration. Bushire smoke affected days
were defined, at each monitoring site, as days where the daily mean PMas concentration
exceeded the 95™ percentile of historical daily mean PM2s concentrations. The contribution of
bushfire smoke to the total PM2s mass (bushfire smoke PM.s) was estimated using the
difference between the observed PM2s concentration and the long-term historical monthly-
mean PM2 s concentration at each monitoring site. Using the bushfire smoke PM2 s the health

impacts of bushfire PMas exposure were estimated, applying the WHO (2013) short-term
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exposure-response function for all-cause, all-age mortality. The estimated health impact on
mortality was substantial, with 417 (153 — 680) deaths brought forward across eastern-Australia
due to bushfire smoke between October 1% 2019 and February 10™" 2020. The health impact on
mortality was highest in New South Wales and Victoria (219 (95% CI: 81 — 357) and 120 (95%

Cl: 44 — 195)).

Another study by Ryan et al. (2021) used a random forest model, trained using ground-based
observations, to predict air pollutant concentrations, including PM2 s, without bushfires. These
were compared with ground-based observations during the period of the bushfires to estimate
the bushfire contribution to PM2 s concentrations each day. Population-weighted bushfire PM2 s
exposure and short-term health impact in Victoria and New South Wales was then estimated
in the same way as Borchers Arriagada et al. (2020). The estimated health impact lay within
the lower limit of Borchers Arriagada et al. (2020) in Victoria and New South Wales at 92
(95% ClI: 57 — 126) and 152 (95% CI: 95 — 209), compared with 120 (95% CI: 44 — 195) and
219 (95% CI. 81 — 357). The difference was attributed to the different approaches to
quantifying the bushfire fraction of PM.s as well as the study by Ryan et al. (2021) only
including populations within the large cities (~80% of the state) rather than the entire state

population.

This research will build upon the work of Borchers Arriagada et al. (2020) and Ryan et al.
(2021) by using an atmospheric chemistry transport model (ACTM) to simulate PMazs
concentrations between September 1%t 2019 and January 31% 2020 at 30 km resolution. This
will provide a more accurate daily estimation of the bushfire smoke contribution to total PM2s
mass due to explicitly simulating PM2 s concentrations for the same meteorological conditions

without fires. Alongside this, regionally, population exposure is likely to be better captured,

216



given the sparse monitoring network and strong concentration gradients likely to have been

observed.

6.3 Method

6.3.1 Model Description

PM5 concentrations between September 1% 2019 to January 31% 2020 were simulated using
WRF-Chem (version 3.7.1), a fully coupled atmospheric chemistry model. The model set-up
and version used in this study is the same as (Conibear et al., 2018a,2018b; Conibear et al.,
2018; Kiely et al., 2019,2020; Reddington et al., 2019; Silver et al., 2020). A detailed model
description can be found in Conibear et al. (2018a). The model domain covered eastern-
Australia (128.9 to 170.6°E and -9 to -48°N) at 30 km horizontal resolution (130x150 grid
boxes), with 33 vertical levels (to 10 hPa) and included 89% (22.1 m) of the Australian
population. The contribution of bushfires to surface PM2 s concentrations between September
1%t and January 31% was calculated by simulating two scenarios, with and without fire
emissions. This allowed the contribution of the fires to air quality and health be quantified

(PMZ.S Fires = PM2.5 NO Fires = PM2.5 Fires Only)-

Meteorological conditions were initialised using ERA5 6-hourly analyses at 0.1° resolution on
38 pressure levels (Hoffmann, et al., 2018). Nudging was used in order to keep simulated
meteorology in line with the meteorological analyses. Several nudging sensitivity experiments
were carried out to investigate the sensitivity of simulated PM2.s concentrations to the nudging
option used (Supplementary Material: Figure 75). Nudging of potential temperature, the
horizontal and vertical winds and the water vapour mixing ratio in all vertical levels improved
simulated PM_ s concentrations by reducing the Root Mean Square Error (RMSE), Normalised
Mean Absolute Error (NMAE) and Normalised Mean Bias (NMB) (r = 0.42, RMSE = 24.1,

NMB = -0.49, NMAE = 0.74 compared with r = 0.39, RMSE = 22.9 ug m®, NMB = -0.17,
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NMAE = 0.72) (Supplementary Material: Table 17). Therefore, the results of the simulations

where all meteorological variables in all vertical levels were nudged are presented here.

Initial boundary chemistry was provided by the Whole Atmosphere Community Climate
Model (WACCM) 6-hourly simulation data (Marsh, et al., 2013; UCAR, 2020a). WACCM
meteorology is driven by the NASA GMAO GEOS-5 model. Anthropogenic emissions for
2014 from CEDS (used in CMIP6) and FINN-v1 fire emissions are used in WACCM. Model

output is given on 88 vertical levels at 0.9x1.25° (UCAR, 2020b).

Global anthropogenic emissions were taken from the Emission Database for Global
Atmospheric Research with Task Force on Hemispheric Transport of Air Pollution version 2.2
(EDGAR-HTAP2) (Janssens-Maenhout, et al., 2015) at 0.1° resolution for 2010. Sector
specific diurnal cycles were subsequently added to the emissions, using diurnal cycles from
Olivier et al. (2003). EDGAR-HTAP2 is a global, gridded, air pollution emission inventory
compiled of officially reported, national gridded inventories. Where national emissions
datasets or specific sectors are not available EDGAR v4.3 grid maps are used. Emissions
include SOz, NOx, CO, NMVOC, NHs, PMio, PM2s, BC and OC. Emissions include all

anthropogenic emissions except large-scale biomass burning (e.g. wildfires).

6.3.2 Wildfire emissions

Wildfire emissions were taken from the Fire Inventory from FINN v1 near real time (FINNv1
NRT), since FINNv1.5 was not available at the time model simulations were run. FINN
combines satellite observations, land cover, biomass consumption estimates and emissions
factors to calculate daily fire emissions globally at 1 km resolution. FINN emissions are chosen
over GFED due to their higher spatial resolution (1 km vs 5 km) and availability at near-real
time. FINN uses satellite observations from the MODIS Thermal Anomalies Product to provide

detections of active fires. Burned area is assumed to be 1 km? for each fire identified and scaled
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back based on the density of vegetation from the MODIS Continuous Fields (VCF) (i.e. if 50%
bare = 0.5 km? burned area). The type of vegetation burned during a detected fire is determined
using the MODIS Collection 5 Land Cover Type (LCT). This assigns each fire pixel to one of
16 possible land cover/land use classes and also the density of vegetation at 500 m resolution,
scaled to 1 km. The 16 land cover types are then aggregated into 8 generic categories to which
fuel loadings are applied (Wiedinmyer, et al., 2011). Fuel loadings are from Hoelzemann et al.
(2004) and emissions factors are from Akagi et al. (2011), Mcmeeking (2008) and Andrae and
Merlet (2001). Fire types included are wildfires, prescribed and agricultural burning. However,

trash burning or biofuel use are not included.

The key difference between FINN v1 NRT and FINN v1.5 is that FINN v1 NRT uses MODIS
near real time fire counts rather than the reprocessed fire counts, which FINN v1.5 uses. The
differences between the two datasets over Australia for the year 2018 (and 2019 following the
v1.5 release) are quantified (Supplementary Material: Figure 72) to identify any differences in
emissions. Generally, emissions for 2019 indicate that emissions per fire hotspot were much
higher than previous years (2010-2018). This is likely due to the high levels of dry fuel
availability during 2019 (van Oldenborgh, et al., 2020). Emissions in FINN v1.5 and NRT are
in good agreement for 2018, while for 2019 FINN NRT PM_s (~1 Tg) are slightly higher than
FINNv1.5 (~0.9 Tg). However, there is a much larger range of disagreement in the estimates
of 2019 annual fire emissions between the five key fire emissions datasets (~1 to >7.5 Tg)

(Supplementary Material: Figure 73).

6.3.2.1 Release of Fire Emissions

The high temperatures associated with combustion mean that wildfires can often inject
emissions above the surface. Therefore, in WRF-Chem, a plume-rise parameterisation is set-

up to release fire emissions at the appropriate height by default (Freitas, et al., 2007). Plume-
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rise uses meteorological fields and land-use from the WRF-Chem simulation as input and then
explicitly simulates each plume. The height of each plume is then used as the injection height
for flaming fire emissions within the model (Freitas, et al., 2007). Despite this, several studies
have found that the plume-rise scheme potentially represents an incorrect vertical distribution
of the emissions (Archer-Nicholls, et al., 2015; Crippa, et al., 2016). Kiely et al. (2020, 2019)
found that releasing emissions evenly through the boundary layer improved agreement between
simulated surface PM> s concentration and observations for Indonesian fires. Therefore, we test
two options: 1) releasing emissions evenly through the boundary layer and 2) plume-rise. The
results of this sensitivity study indicate that simulated PMas concentrations are relatively
insensitive to the emission option was used (Supplementary Material: Figure 75) but that
releasing emissions evenly through the BL performs better. Therefore, we present the results

of releasing emissions evenly through the boundary layer in this paper.
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6.3.3 Observations

6.3.3.1 Ground-based monitoring sites
Hourly PMas observations from ground-based monitoring are used to assess model
performance in simulating PM..s concentrations. Data from the New South Wales, Queensland,
Australian Capital Territory Government and the Victoria EPA monitoring networks were
combined, providing data across 80 observational sites. A map of sites used is available in the
Supplementary Material (Supplementary Material: Figure 74). Daily means were calculated
from hourly data if >18 hours of data was available each day, otherwise a missing data flag
was applied. Model performance was evaluated using Pearson correlation (r), Normalised
Mean Bias (NMB), Root Mean Square Error (RMSE) and Normalised Mean Absolute Error
(NMAE) (Supplementary Material: Table 17). Multiple observations were available in many
of the large cities (Newcastle, Sydney, Canberra, Melbourne), allowing the model performance
to be evaluated in locations where populations are likely to have been exposed to high

concentrations of PMys.

6.3.4 Health Impact Assessment

The health impact from short-term exposure to elevated PM2 s from the Australian fires can be
calculated using a concentration-response function (CRF). The CRF of the World Health
Organisation (2013) was used to estimate the impact of short-term exposure to PM.s on

mortality.

-
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Here, Em represents the excess mortality caused by exposure to PM2s over the safe limit of
exposure (X—Xo) each day. N is the number of days within the simulation and i is the day in
simulation, Bq is the baseline death rate, popi is the population exposed each day and AF; is the
attributable fraction of mortality each day due to exposure to PM2s. The AF is calculated using
the concept of relative risk (RR), which is the probability of mortality from a disease endpoint
within an exposed population compared to within an unexposed population (R). The
concentration a population is exposed to is given by X and the safe- limit of exposure is Xo.
Since there is little evidence to suggest a safe-limit of exposure to PM2 s we assume Xo to be
zero (Holgate, 1998; Macintyre, et al., 2016; Schmidt, et al., 2011). We use relative risk values
from the World Health Organisation (2013) of 1.0123 (95% CI: 1.0045, 1.0201) per 10 ug m
3 which we use to estimate beta (B) using Equation (23). Since short-term health impacts are
assumed to be equal across ages, we use all-cause, all-age baseline mortality rates in the

calculations.

6.3.5 Population and Baseline Mortality Data

Population count data for 2018 is from the Australia Bureau of Statistics (Australian Bureau of
Statistics, 2019) at 1 km resolution. This indicates our model domain includes 89% of the

Australian population. Baseline all-cause, all-age 2018 mortality rate data for each state in our
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model domain is taken from the Australia Bureau of Statistics (Australian Bureau of Statistics,

2020) (Supplementary Material: Table 22).

6.4 Results

6.4.1 Fire Emissions

FINN emissions clearly indicate that the PM2 s emissions between late-October 2019 and mid-
January 2020 were unprecedented, lying far above the 95" percentile of emissions observed in
the previous 8 years (Figure 42 and Supplementary Material: Table 17). The Australian
bushfires in 2019-2020 began in the northern region of east-Australia (close to Brisbane and
Newcastle) and shifted south through the season (Figure 42). As the fires moved southwards,
PM25 emissions also increased, with the highest PM2s emissions occurring in south-eastern

Australia in late December- early January.
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Figure 42. PMs fire emissions (Tg day™) across Australia between March 2019 and March
2020 from the FINN near-real time fire emission dataset. The timeseries shows the 2010-
2018 25" and 75" percentiles of daily PM2.s emissions each day (red) and the mean 2019-
2020 daily PM2s emissions (blue). Inset map: Map of PMzs fire emissions (Tg day™)
across eastern Australia between March 2019 and March 2020.
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The impact of the fires on PM25 air quality (AQ) is clear from ground-based observations
across south-east Australia (Figure 43). Observations indicate that between October 2019 and
February 2020 daily mean PM_ s concentrations averaged across all sites reached 70 pg m=on
several days. Whereas, in the no fires simulation concentrations remain below 20 pg m=.
Therefore, indicating that a large fraction of the total PM2s mass observed is due to fires. The
impact of the fires on populations can be more clearly seen when PM2s concentrations
individual cities are examined (Figure 43). Newcastle-Maitland and Sydney exhibit the same
pattern of PM2s variability, following the pattern seen regionally across eastern-Australia
closely. High PM2s concentrations are first observed in late October and affect the cities
sporadically until mid-January, reaching ~75 ug m=. In contrast, the impacts of the fires on
PM25 AQ in Canberra are not seen until November and December. However, concentrations
are much higher in Canberra, reaching >100 pg m= in November and >300 pg m= in
December. PM25AQ in Melbourne is affected latest, with PM2 s concentrations reaching 50 to

>150 pg m3in December and January.
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Figure 43. (a) Observed (black) and simulated (magenta and cyan) daily mean PMg;s
concentrations. Simulations shown are no fires (cyan) and fires (magenta). The mean
PM2s concentration from all 64 observational sites across eastern-Australia is shown for
the model and observations. (b) The same as above but for individual cities. The observed
(black) and simulated (magenta and cyan) mean PM2 s concentrations are shown for each
city. The total number of sites in each city is also shown on the left of each panel.
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6.4.2 Model Evaluation

Evaluation of the WRF-Chem model indicates that the model generally underestimates PM2 5
in early September (by ~70%) but then tends to overestimate PMa s (by ~30%) in early October
(before the fires) across all sites (Figure 43). This is also generally true at city scale (Figure
43). During the fire period (late-October — November) there is a substantial enhancement in
PM2s in both the observations and WRF-Chem nudged BL_fires simulation. The
nudged BL _fires simulation captures the variability in PMgs observations reasonably well
(r=0.39), particularly compared to the nudged BL_no_fires simulation (r=0.14). The
nudged_BL _fires simulation also captures the concentrations observed in the peaks and
ambient conditions well (RMSE = 22.9 pg m3, NMB = -0.17), compared to the
nudged_BL_no_fires simulation (RMSE = 25.3 ug m=, NMB = -0.45) and the nudged_BL_1.5
simulation (RMSE = 24.3 ug m3, NMB = -0.03). The model performs well in all of the cities
which have several observational sites (Sydney, Newcastle-Maitland and Melbourne),
capturing the variability and magnitude of the peaks in PM2s well. The model struggles more
to capture the magnitude of the PM2 s peaks observed in Canberra-Queanbeyan but this is likely
due to the lack of observations (3 sites), meaning the model struggles to represent a small
number of point measurements. Whereas the cities where PM2 s concentrations are represented
better by the model had many more observations (5 - 24 sites). The improvement in model
performance in cities where there are multiple observations gives confidence in the ability of

the model to represent the population exposure to PM2.s from the fires.

6.4.3 Monthly mean PM2s concentration (Supplementary Material)

Monthly mean PM2s concentrations are calculated for the model and observations between
October and February (Supplementary Material: Figure 77). This indicates monthly mean

concentrations are low across east-Australia (0-30 ug m=) in October but increase through

November in Newcastle-Maitland and Sydney (10-75 pg m™), both in New South Wales
226



(NSW) (Supplementary Material: Figure 77). As the fires shift southwards, concentrations
increase in the NSW region and to the south, around Canberra-Queanbeyan, Australia Capital
Territory (ACT), and Melbourne, South Australia, (10-100 ng m) in December. Using the

nudged_BL _fires and nudged_BL_no_fires simulations the percentage of PM2s due to fires

PM P —-PM P . . .
(—22 e _zsnojires » 100) and the increase in PMas due to fires
PM3 5 fires

(PMZ.S nudged_BL_fires_PMz.S nudged_BL_no_fires

% 100) can be estimated. This indicates that increases
PM; 5 nudged_BL_no_fires

in December monthly mean PM2s concentrations around Sydney, Newcastle-Maitland and
Canberra-Queanbeyan of 250-1500% are observed due to the fires (Supplementary Material:
Figure 78). The highest concentrations are seen in January in the region between Melbourne
and Canberra-Queanbeyan (>150 pg m=). This represents an increase in PM2s due to fires of
>3500%. From Supplementary Material: Figure 78 it is clear that the fires had a considerable
impact on the monthly mean PMa2s concentrations observed. Although monthly mean
concentrations are relatively low in October and November (monthly mean < 25 pg m?), a
large fraction of PM2 s is from fires. In the region to the south of Brisbane, 20-30% of the total
PM2s is from fires in October. While, in the area around Newcastle and Sydney 20-100% of
PM2s is from fires. In December and January, the impact of the fires on PM2s air quality is
widespread, when >70% of PM2s is from fires over a large region including Melbourne,

Canberra-Queanbeyan, Sydney, Newcastle-Maitland and Brisbane.
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Figure 44. Daily population exposure (in millions) to Australian Air Quality Index Values across
eastern-Australia (nudged_BL_fires simulation) between September 1% and January 31%. More
information on how the AQI is calculated in Supplementary Material: Table 25. Daily
population-weighted bushfire PM2s exposure across all states in model domain (red) and
regionally for Victoria (green), Australian Capital Territory blue (yellow) and Queensland
(purple) (nudged BL_fires-nudged_BL_no_fires simulation) between September 1% and
January 31%,

6.4.4 Air Quality Impacts

Combining simulated PM2 s concentrations with population data (at 1 km) allows the impact of
the fires on population exposure to poor AQ to be estimated across eastern-Australia (Figure
44, Supplementary Material: Figure 80) and in individual cities (Figure 45). Across eastern-
Australia exposure to Air Quality Index (AQI) values in September and October dominated by

‘V.Good’ and ‘Good’ values (Figure 44 and Supplementary Material: Table 18). During
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September ~21.4 million people were exposed to ‘V. Good’ and ‘Good’ AQI concentrations
(Supplementary Material: Table 18), while ~6,000 people were exposed to concentrations
poorer than ‘Good” AQI. In October, there was an increase in population exposure to poor
PM2s AQ (‘Fair’, ‘Poor’, ‘V.Poor’ and ‘Hazardous’ PMas AQI values) (Figure 44).
Throughout October an average of 2.1 m, 298,000, 12,100 and 93 people were exposed to
‘Fair’, ‘Poor’, ‘V.Poor’ and ‘Hazardous’ PM25 AQI values. This increased throughout October
and November as a large proportion of the population are exposed to ‘Fair’, ‘Poor’ or ‘V.Poor’
PM25 AQI from November onwards (Figure 44). Between November 1% and January 1st the
average population exposed to ‘Poor’, “V.Poor’ and ‘Hazardous’ PM2s AQI values was ~1.5

m in November, 935,000 in December and ~1.3 m in January.

By comparing population AQI exposure with fires to if there were no fires (Supplementary
Material: Table 18 and Table 19) exposure to high DAQI value can be attributed to the fires
rather than as a result of other effects (e.g. long-range transport of PM25s). This indicates that
in the no fires simulation between September and the end of January ~163,000 people in total
would have been exposed to AQI values of “V. Poor’ and 130,000 people were exposed to

‘Hazardous’ AQI values if there were no fires.

Population-weighted bushfire PM..s concentrations for the states most severely affected by the
fires (Figure 44 and Supplementary Material: Table 21) indicate that the population in ACT
was exposed to the highest PM.s due to the fires. Here, population-weighted concentrations
reaching 155.1 ug m™ on January 4" and exceeding 100 ug m on several days. This is far
above the maximum population-weighted PM2s concentrations in any of the other states
(Queensland (22.9 pg m3) NSW (53.4 ug m?) Victoria (81.8 ug m2)) and far above the
maximum between September 1% and January 31% across all states of 58.3 ng m. The mean

population-weighted PM2s concentration between September 1% and January 31% across all
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states was 11.6 ng m=, with the highest mean population-weighted PM2s concentrations in
ACT (14.1 pg m) and NSW (13.4 ng m3). Comparing these results with Borchers Arriagada
et al. (2020), population-weighted bushfire PM2.s concentrations are considerably lower in this
study (Supplementary Material: Table 21). This is evident from the difference in the mean and
maximum population-weighted PM. s concentrations across all states (mean: 11.6 pg m=vs
23.7 ng m=2and maximum: 58.3 ug m3vs 98.5 ug m=). The disparity is dominated by the large
differences between estimates for ACT and Victoria (Supplementary Material: Table 21),

where observations were relatively sparse.

When individual cities are considered (Figure 45) the effect of the southward shift of fires
between October and January on population exposure to ‘Fair’, ‘Poor’, ‘V. Poor’ and
‘Hazardous’ PM25 AQI can be clearly seen. In October, there is widespread exposure to ‘Fair’
and ‘Poor’ PM25 AQ. The effects of population exposure are largest in Brisbane, Newcastle-
Maitland, Sydney and Melbourne with 343,000, 897,000, 780,000, and ~2.2 m people exposed
to ‘Fair’ and ‘Poor’ PM25 AQ (Figure 45 and Supplementary Material: Table 20). The impacts
of fires on PM2s AQ becomes most evident from November. During November population
exposure to ‘Poor’, “V. Poor’ and ‘Hazardous’ PM25AQ is evident in Sydney (112,000, 86,000
and 10,000) and Newcastle-Maitland (235,000, 170,000, and 2,500). Alongside this, in
Canberra-Queanbeyan 15,000, 1,100 and 174 people are exposed to ‘Poor’, ‘V. Poor’ and
‘Hazardous’ PM2s AQ. The pattern of increasing population exposure to poor PM2s AQ
continues in December, as the fires intensify, with a clear southward shift (Figure 45).
Populations in Sydney, Newcastle-Maitland and Canberra-Queanbeyan continue to be exposed
to ‘Poor’ and worse AQ. This leads to 3.6 m, 1.7 m and 237,000 people being exposed to ‘Poor’
or worse AQ in Sydney, Newcastle-Maitland and Canberra-Queanbeyan, respectively in

December (Supplementary Material: Table 20). During this time in Brisbane, Melbourne and
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Adelaide ~5,000, 1.1 m and 53,000 people are exposed to ‘Poor’ or worse AQ. Finally, in
January, the southward shift in fires continues, with a clear decrease in exposure to ‘Poor’ or
worse AQI in Brisbane, Sydney and Newcastle-Maitland but increases in exposure to poor AQ
in Canberra-Queanbeyan, Melbourne and Adelaide. This leads to 286,000, 979,000 and
~48,000 people being exposed to ‘Poor’, ‘V. Poor’ and ‘Hazardous’ PM2s AQI values in
Canberra-Queanbeyan, Melbourne and Adelaide (Supplementary Material: Table 20). Despite
reductions in the total population exposed to hazardous AQI values in Newcastle-Maitland and
Sydney, widespread population exposure to ‘Poor’, ‘V. Poor’ and ‘Hazardous’ PM25 AQI
values continues during January. In total 515,000 and ~820,000 people are exposed to ‘Poor’,
‘V. Poor’ and ‘Hazardous’ PM2s AQ in Newcastle-Maitland and Sydney (Supplementary

Material: Table 20).

Population-weighted bushfire PM2s (nudged_BL_fires- nudged_BL_no_fires) for individual
cities can be used to identify the cities most severely affected by the fires (Figure 45,
Supplementary Material: Table 21). In line with the state population-weighted PMas
concentrations, Canberra-Queanbeyan (ACT) is affected most severely by PM2 s from the fires.
Population-weighted PM. s concentrations in Canberra-Queanbeyan reach 156.2 ng m=and
average 14.2 ng m= between September 1% and January 31%. The maximum population-
weighted PM_ s concentrations in Sydney (58.4 ng m) and Newcastle-Maitland (48.7 pg m)
is much below Canberra-Queanbeyan. However, as a result of the prolonged exposure to poor
AQ in Syndey and Newcastle-Matiland, the mean population-weighted PM2 s concentrations

in both cities (13.8 ug m= and 14.3 ug m=) are similar to Canberra-Queanbeyan.

This clearly indicates widespread population exposure to dangerous PM2s AQI levels
throughout November, December and January. This is likely to have a large impact on public
health due to short-term exposure to high PM2 s concentrations.
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Figure 45. Daily population exposure (in millions) to Australian Air Quality Index Values in individual
cities (Brisbane (Queensland), Sydney (NSW), Newcastle-Maitland (NSW), Canberra-
Queanbeyan (ACT) and Melbourne (Victoria)) between September 1% and January 31%'. More
information on how the AQI is calculated in Supplementary Material: Table 25. Daily
population-weighted bushfire PM2s concentration in the cities of Brisbane (blue), Newcastle-
Maitland (purple), Sydney (green), Canberra-Queanbeyan (yellow), Melbourne (grey) and
Adelaide (orange) (nudged_BL_fires- nudged BL_no_fires simulation) between September 1
and January 31%,
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6.4.5 Health Impacts

Using the World Health Organisation (2013) concentration response function the number of
deaths brought forward by the fires between October 1% and January 31% can be estimated as
the difference between the number of deaths brought forward in the nudged BL_fires and
nudged BL_no_fires simulations (Figure 46). This indicates the impact of short-term exposure
to bushfire PM2 s has a substantial impact on health from mid-October to mid-January (Figure
46). In total 180 (95% CI: 74-294) deaths were brought forward as a result of PM2s exposure
from the bushfires (Supplementary Material: Health Impacts and Table 23) and 624 (95% CI:

229-1008) from exposure to all PMzs.

The health impact of exposure to PM2s was largest in New South Wales (NSW), Queensland
and Victoria (Figure 46). We estimate that exposure to PM2.s between October 1% 2019 and
January 31% 2020 led to 287 (95% CI: 107-463), 112 (95% CI: 41-181), and 155 (95% CI: 57-
250) deaths being brought forward in New South Wales (NSW), Queensland and Victoria,
respectively. Of these deaths, 109 (95% ClI: 41-176), 24 (95% CI: 15-41) and 35 (95% ClI: 13-
56) deaths brought forward were due to exposure to PMz s from the bushfires (Supplementary
Material: Table 24). Comparing these estimates with the results of Borchers Arriagada et al.
(2020) and Ryan et al. (2021) (Figure 46) the estimates in this study are within the range of
both studies in New South Wales (109 deaths brought forward (95% CI: 41 — 176) compared
with Borchers Arriagada et al. (2020): 219 (95% CI: 81 — 357) and Ryan et al. (2021): 152.1
(95% CI: 95 — 209) and lie below the lower end of estimates in Victoria (35 deaths brought
forward (95% CI: 13 — 56) compared with Borchers Arriagada et al. (2020): 120 (95% CI: 44
— 195) and Ryan et al. (2021): 92 (95% CI: 57 — 126)). The differences found between these
studies are despite of all three using the same population and baseline mortality datasets and
concentration-response function. The disparity in results between the studies is likely due to a

number of factors. Firstly, our study uses modelled PM2s concentrations, rather than
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observations. Since the model generally underestimates PM2 s concentrations, the overall health
impact estimated is likely to be underestimated due to a reduction in the population-weighted
PM2s. Additionally, the bushfire fraction of the total PM..s mass could be overestimated in the
Borchers Arriagada et al. (2020) study due the use of monthly mean historical PMas
concentrations to account for the no fire fraction of PM2s. The estimate of Ryan et al. (2021),
which used a random forest model to account for the non-bushfire PM2 s fraction, is also lower
than Borchers Arriagada et al. (2020), further supporting this. Additionally, the disparity
between results could be, in part, due to the methods used to calculate population-exposure in
the studies. The inverse weighting method used to estimate PM2s concentrations in the
Borchers Arriagada et al. (2020) and Ryan et al. (2021) studies may struggle to account for
meteorological or orographic effects on PM2 s concentration gradients. However this is also a
limitation in this study given the relatively coarse model resolution (30 km) which may also

struggle to resolve the strong concentration gradients around cities and the fires.

When individual cities are considered in the health impact assessment it becomes clear that the
health impact is concentrated in cities with high populations, where PM2 s concentrations due
to fires were high (Figure 46). Of the large cities we investigated, the health impact of exposure
to PM2 s from fires was largest in Sydney (65 (95% CI: 24-105)), Melbourne (23 (95% CI: 9-
38)) and Canberra-Queanbeyan (9 (95% CI: 4-14)) (Figure 46, Supplementary Material: Table

24).
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Figure 46. Estimated increase in the number of deaths brought torward across model domain (red) and the
states of Victoria (green), Australia Capital Territory [ACT] (blue), New South Wales [NSW]
(yellow) and Queensland (purple) due to PM2 s from bushfires (fires only) between October 1% and
January 31%. Shading indicates the 95% confidence intervals of the estimate. The number of deaths
brought forward due to bushfire PM2 s (fires only) (red) between October 1% and January 31% is also
broken down by city and region and the total number of deaths shown above the bars. The estimated
number of deaths brought forward in each state due to bushfire PMas (fires only) (red) in this study
are compared to the Borchers Arriagada et al. (2020) estimate (indigo) and Ryan et al. (2021) for the
same period.
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6.5 Conclusions

We use the WRF-Chem regional air quality model to estimate the impact of the 2019/2020
Australian bushfires across eastern Australia, building upon the work of Borchers Arriagada et
al. (2020). FINN fire emissions indicate PM2s emissions from the 2019/2020 bushfires were
unprecedented. Around 1 Tg of PM2swas emitted during 2019 and ~0.3 Tg between January
and February 2020. This is likely due to the high levels of dry fuel availability across the region

during 2019 (van Oldenborgh, et al., 2020).

Two model simulations were performed 1) with FINN fire emissions (nudged _BL_fires) and
2) without FINN fire emissions (nudged BL _no_fires), which allowed the impact of the
bushfires on PM_ s air quality (AQ) and health to be quantified. Simulated PM2 s concentrations
from the nudged BL fires simulation reproduced observed daily mean concentrations
relatively well but with a low bias (r = 0.39, RMSE = 22.9 ug m*3, NMB = -0.17, NMAE =
0.72). Despite this, modelled PM2 s concentrations captured the variability and magnitude of

peaks seen in the observations across eastern-Australia and for specific cities.

We find that between September 1% 2019 and January 31% 2020 large proportions of the
population were exposed to dangerous (‘Poor’,”V.Poor’ and ‘Hazardous’) air quality levels.
Almost 350,000 people were exposed to hazardous AQI levels in December and January,
compared with 130,000 across December and January people in the nudged BL_no_fires
simulations. The impact of the bushfires on AQ was concentrated in the cities of Sydney,
Newcastle-Maitland and Canberra-Queanbeyan during November, December and, also in
Melbourne, in January. While, generally Brisbane and Adelaide were less severely affected by

the fires, with only 14 people exposed to Hazardous AQ.

We estimate the health impacts of exposure to PM2s from fires across eastern-Australia,

regionally and at city level using a short-term exposure response function (World Health
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Organization, 2013). Our estimate indicates that between October 1% and January 31 180 (95%
Cl: 74-294) deaths were brought forward due to the fires, 624 (95% CI: 229-1008) due to all
PM2sand 444 (95% ClI: 155, 714) if there were no fires. The health impacts were largest in
New South Wales, Queensland and Victoria with 109 (95% CI: 41, 176), 24 (95% CI: 15, 41)
and 35 (95% CI: 13-56) deaths brought forward due to fires in these regions (287 (95% CI1:107-
463), 112 (95% CI: 41-181) and 155 (95% CI: 57-250) all PM25), respectively. Our results lie
within the range of estimated bushfire PM2 s health impacts from both Borchers Arriagada et
al. (2020) and Ryan et al. (2021) for New South Wales but below the lower limit for other
states, such as Victoria. This is most likely due to differences in how PM2 s attributable to fires
was estimated in each study and also differences in the estimated population-weighted bushfire
PM2 s concentrations. This study builds upon previous work by using an atmospheric chemistry
transport model to isolate the impacts of the fires on air quality and also to investigate the
impacts regionally, away from observational sites. At a city-level, the health impacts of PMas
exposure due to fires were concentrated in the cities with large populations and high PM2s
concentrations due to fires (Sydney (65 (95% CI: 24-105)), Melbourne (23 (95% CI: 9-38))

and Canberra-Queanbeyan (9 (95% CI: 4-14)).

This work confirms that there was a substantial AQ and health impact across eastern-Australia
from the 2019/2020 bushfires. Our study only considered one health outcome, therefore the
full health impact of exposure to PMazs is likely to be higher and requires further studies
addressing the impacts on hospital admissions, ambulance call outs and primary health care
visits. Alongside this, the impact of other pollutants on health (e.g. O3) could also be quantified.
In the future, further work is required to characterise the health impacts of exposure to
pollutants for wildfires. This would allow for more comprehensive estimates of the health
impacts associated with population exposure. Finally, with more dry years like 2019/2020

projected to occur in the future due to climate change the impact of wildfires such as 2019/2020
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are likely to be seen again. Therefore, fire risk management policies should be developed

further to consider the impact of climate change on wildfire frequency and intensity across the

country.
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Chapter 7 - Summary

The work in this thesis was divided into four papers which aimed to investigate some of the
key factors affecting air pollutant concentrations over different time-scales. Two main focusses
were chosen, the impact of variability in synoptic weather on UK PM. s concentrations (Paper
1) and the impact of case-study wildfire events on PMzs air quality and human health in the
UK (Papers 2 and 3) and Australia (Paper 4). In Papers 1 and 2 observational datasets were
used to understand factors affecting air quality at different spatial and temporal scales. While,
Papers 3 and 4 used an atmospheric-chemistry transport model to quantify the impact of

wildfires on PMs air quality and health.

Paper 1 focussed on the influence of synoptic weather on the local and long-range transport of

emissions on PM_ s concentrations in the UK. The key aims of this work were:

e To investigate the influence of synoptic weather on UK ambient PM2s concentrations
using Lamb weather types (LWTS).

e To identify the mechanisms responsible for variations in UK ambient PMas
concentrations under different LWTSs.

e To quantify the contribution of UK and non-UK emissions to local summed emissions.

Paper 2 used observational data to investigate the spatio-temporal evolution of pollutants

within the 2018 Saddleworth Moor wildfire plume. The key aims were:

e To investigate the temporal and spatial evolution of the plume using satellite
observations of tropospheric column carbon monoxide (TCCQO) and nitrogen dioxide

(TCNOy).
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e To explore population exposure to fire pollutants at the surface using ground-based
observations.

e To explore how key air pollutants in the plume evolve between emission (near-field)
and downwind over the Irish Sea (downwind) using aircraft data.

e To quantify emissions of CO and CO- from the fire using aircraft data.

Papers 3 and 4 used the WRF-Chem model to quantify the impacts of the 2018 Saddleworth
Moor wildfire and 2019/2020 Australian megafires on PMas air quality and health. The key

aims of both studies were:

e To simulate PM2s concentrations and quantify the contribution of the wildfires to
simulated PM2 s concentrations using WRF-Chem simulations with and without fire
emissions.

e To investigate the impact of the wildfires on population exposure to poor PM2s air
quality, using the country-specific air quality index (AQI) bands and the WHO 24-hour
guideline limit for PMgs.

e To quantify the health impact of exposure to PM2s from the fires due to short-term

exposure.

The motivation and key results from this work will be discussed below.

7.1 Paper 1: Impact of weather types on UK ambient particulate matter

concentrations

Previous work, primarily based on satellite data, investigated the impact of synoptic scale

meteorology on nitrogen dioxide (NO2) and ozone (O3) concentrations across the UK using the
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Lamb weather types (LWTSs) (Pope, et al., 2016, 2015). Increases in concentrations of both
NO- and Oz were found to be strongly associated with synoptic conditions that lead to boundary
layer pollutant accumulation (e.g. anticyclonic) or with long-range transport of pollutants from
continental Europe (e.g. easterly flows). Due to the relatively short time period that routine
ground-based monitoring of PM2s had been carried out for (since the late 2000s), there was
previously not enough data to carry out the same analysis using ground-based observations of
PM2 . This work used ground-based observations of PM2 s from 42 background sites, spanning
2010 to 2016, sampled under LWTs. The relationships found between particulate matter with
a diameter less than 2.5 micrometres (PM2 ) observations and LWTSs were investigated further
using EMEP4UK modelled PM2 s concentrations and a back-trajectory methodology (Stirling,

et al., 2020).

The key findings of the work were:

i) Both annually and seasonally anticyclonic circulation and easterly (easterly, south-
easterly) and southerly flow were associated with increases in mean ambient UK PM2 s
concentrations.

ii) The EMEP4UK model indicated the increase in PM2s concentrations observed was
likely due to trans-boundary transport of PM2s under the easterly, south-easterly and
southerly flow. While, under anticyclonic and un-classified conditions, the
accumulation of local emissions under stagnant air masses led to increases in PM2s
concentrations.

iii) Anticyclonic conditions had the largest impact on the population’s exposure to
increased PM2 s concentrations due to their increased frequency compared to the wind

flows.
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iv) The back-trajectory model indicated that the long-range transport of pollutants from

outside of the UK was an important contributor (25-50%) to total accumulated
emissions under the wind flows. However, this only accounted for primary PM2s, and
20-50% of total PM2 s has been found to be secondary at European background sites
(Querol, et al., 2004). Therefore, a method that accounts for the secondary fraction of
PM2swould be necessary to quantify the contribution of non-UK emissions to total UK
PM2s. Despite this, these results indicated there was a substantial contribution from
non-UK emissions to UK PMzs under continental air masses.

Synoptic weather plays an important role in controlling PM2 s concentrations, therefore,
it is vital that air quality models can accurately simulate synoptic meteorology in order
to reliably forecast PM..s concentrations. This is also key in preparing for and mitigating

the associated health impacts of short-term exposure to increased PM2 s concentrations.

vi) The back-trajectory analysis indicated that quantifying the contribution of UK and non-

UK pollution sources is important in evaluating the impact of local emission controls
on UK pollutant concentrations. This is particularly relevant given that variations in

background PM2 s concentrations are highly variable under different weather patterns.
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7.2 Paper 2: Impact of the June 2018 Saddleworth Moor wildfires on air
guality in northern England

In the past wildfires in the UK have generally been small. However, in recent years the UK has
begun to experience an increase in the number of larger fires (> 5 km?). These fires have the

potential to:

1) expose urban populations, close to moorlands, to high concentrations of air pollutants.
i) lead to chemical interactions between fire emitted air pollutants and those from

anthropogenic sources (e.g. urban emissions).

Analysis of observations was used to quantify the impact of the fires on atmospheric
composition. A wide range of observations were used to investigate how pollutant
concentrations evolved spatio-temporally due to the Saddleworth Moor and Winter Hill fires.
Ground-based observations of PM2 s in large urban centres (Manchester and Wigan) downwind
of the fires were used to investigate the impact of the fires on surface concentrations and PMz s
type. Satellite observations of CO and NO, from TROPOMI were combined with fire-radiative
power to investigate the temporal evolution of the plumes from the fires. Finally, observations
of CO, NO2, O3 and PM,s from the FAAM aircraft flight on 29" June were used to explore the
in-plume composition evolution of key air pollutants between near-field and down-wind

samples.
The key findings of this work were:

Ground-based Observations
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i) Increased PM2 s concentrations were observed in Manchester and areas further afield
(e.g. Wigan) during the peak of the fires (27", 29" and 30" June). Surface
concentrations were 4-5.5 times higher than the average of previous years (2013-2017).

ii) Concentrations were up to 2 times the WHO guideline 24-hour limit (25 ng m=). There
are likely to have been considerable negative health impacts for individuals exposed,
particularly for those with underlying health conditions.

iii) PM2s mass was dominated by the non-volatile PM2 s fraction and the largest increase in

concentrations from the 2013-2017 mean was observed in this fraction.

Satellite Observations

i) Total column CO (TCCO) observations between June 25" and June 30" exhibited a
clear westward propagation of the plume from the Saddleworth Moor fire to the Irish
Sea, over the cities of Manchester and Liverpool.

i) Fire-radiative power and TCCO concentrations were used alongside visible images to
define threshold concentrations for the boundary of the plume. Values chosen for
TCCO plume boundaries were therefore based on a best-match to both TCCO
concentrations and visible images.

iii) TCCO was used as a tracer of fire and allowed the isolation of enhancements in total
column NO2 (TCNO) due to the fires. This indicated that the TCNO> concentrations
observed were composed of:

iv) fire emissions
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V) anthropogenic emissions, from the accumulation of NO2 over source regions (e.g.

Manchester) (due to stagnant meteorology conditions during the fire period).

Aircraft Observations

i)

Measurements from the FAAM aircraft flight on June 29" allowed the composition of
the plume near-source (close to Saddleworth Moor) and downwind (over the Irish Sea)

to be investigated.

i) Measurements indicated clear enhancement in CO concentrations within the plume,

throughout the boundary layer (0-1 km). In-plume CO concentrations peaked at >1500

ppbv, while downwind concentrations peaked at 200-400 ppbv.

i) In-plume PM_s concentrations peaked at 127.5 pg m= and downwind concentrations

peaked at 96.1 pg m,

iv) The relative enhancement of Oz compared to CO (the AO3/ACO ratio) was used to

evaluate photochemical Oz formation in-plume near-field and downwind of the fires,
using CO as a plume tracer. The AO3/ACO ratio indicated Oz concentrations
significantly increased downwind (AO3/ACO = 0.001 ppbv/ppbv) compared to near-
field (AOs/ACO = 0.060-0.105 ppbv/ppbv, 250m-1000m). This suggested downwind
production of Oz and titration of Oz near-source by freshly emitted NO.

The interaction of pollutants within the plume, with anthropogenic NO3, as the plume
passed over Manchester and other urban areas may have contributed to the downwind
O3 enhancements, through photochemical production of Os. The ANO2/ACO ratio
supported this, exhibiting the opposite pattern to the AO3/ACO ratio, and decreasing
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with increasing height. This suggested that either the anthropogenic signal was reducing
with altitude or that NO, was being processed more quickly with more active
photochemistry closer to the surface. However, data was not available to investigate
this further.

vi) Downwind Oz increases (higher AO3/ACO ratios) were also larger with increasing
altitude. One possible reason for this is an increase in photochemical production of O3
at the top of the plume. Incoming solar radiation would reach the top of the plume first
and then be attenuated further into the plume, leading to decreasing Oz production with
decreasing altitude.

vii) CO and CO2 emission rates of the fires, on the 29" June (when the fire was smoldering),
were 1.07 (0.07-4.69) kg s* and 13.7 (1.73-50.1) kg s*. The CO, emission rate was
similar to that of a moderately sized power station such as Grangemouth or Enfield

(Edinburgh and London) (~16.0 kg s2).

7.3 Paper 3: Impact on air quality and health due to the Saddleworth
Moor fire in northern England

Observational data used in Paper 2 (Paper 2: Impact of the June 2018 Saddleworth Moor
wildfires on air quality in northern England) indicated the potential for wide-spread negative
health impacts due to poor air quality. Therefore, in paper 3 a regional air quality model (WRF-
Chem) was used to simulate PM2 s concentrations due to the Saddleworth Moor fire in 2018
(June 23" — June 30™). The model simulation was carried out at 10 km resolution between June
16" and July 14™. Two simulations were performed; one with wildfire emissions, and one

without wildfire emissions. This approach allowed the impacts of the fires on PM2s

254



concentrations to be isolated from other processes (e.g. meteorology) and allowed the impact

of PM2s from the fires on air quality and health to be quantified.

The key findings of the work were:

i) Simulated daily mean surface PM.s concentrations from the WRF-Chem model
captured the peaks in PM2s concentrations observed at ground-based monitoring sites
(r=0.69), but underestimated the absolute concentrations (NMB = -0.22, RMSE = 5.06
ug m3). This was likely because the fires burned peat moorland and the fire emissions
(FINN) used in the model did not include emissions for peat. Since these fires would
have burned through the surface vegetation (i.e. heather, grass and juniper), FINN does
provide some estimation of emission, though with a low bias. Therefore, a time-varying
scaling was applied to the original emissions to account for the missing peat source.
This yielded a more robust comparison between the model and ground-based
observations with r=0.77, NMB=-0.19 and RMSE = 4.27 ug m*,

i) The wildfires had a substantial impact on PM2 s concentrations across the north-west of
England with hourly concentrations reaching 225 ug m=in some locations.

a. million people were exposed to PM2s concentrations > 36 pug m™ (moderate
DAQI and above) on at least one day between June 23 and 30™.

iii) 4.5 million people were exposed to PMzs concentrations above the WHO 24-hour
guideline limit of 25 ug m=on at least one day in the same period.

iv) The health impact of exposure to PM2s was estimated using the concentration-response
function of Atkinson et al. (2014) alongside the population-weighted PMas
concentrations and the baseline mortality rate for north-west England (both for 2015).

This indicated the fires brought forward 6.4 deaths (95% CI: 4-11) during the week of
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June 23"-30" due to exposure to PM_s. During this period the up to 60% (3.6 of 6.4) of
the total deaths brought forward due to PM2s exposure were attributable to PM2.s from
the fires, representing an increase of up to 165% compared to without fires.

V) The economic impact of the fires was also estimated using the number of deaths brought
forward and the value of prevented fatality (VPF) from the Department for Transport.

This indicated that the cost of the fires was £21.1 m (95% CI: 10.7 — 31.1 m).

Papers 2 and 3 indicate the impacts of wildfires in the UK have the potential to have measurable
effects on air quality and health. The health impacts are likely to be underestimated in paper 3
since the modelled PM2 s concentrations exhibit a negative bias and only the health impacts of
exposure to PM2 s were considered. Additionally, wildfires are likely to become more common
due to climate change. This work demonstrates the importance of the introduction of public
health tools and educational programmes to reduce the impacts of such events. The impacts of
changes in land-management on the likelihood of fire occurrence could also be studied further
in order to identify whether this could reduce fire risk on moorlands under a warmer, drier

summer climate.
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7.4 Paper 4: Impact of the 2019/2020 mega-fires on air quality and health

in Australia

Following the same method as Paper 3, a regional air quality model (WRF-Chem) was used to

simulate PM>5 concentrations due to the Australia bushfires in 2019 and 2020. Simulations

were carried out at 30 km resolution between September 1% and January 31°. Two simulations

were performed; one with wildfire emissions, and one without wildfire emissions, in the same

way as in paper 3.

i)

FINN fire emissions indicated PM2s emissions from the 2019/2020 bushfires were
unprecedented compared with emissions between 2010-2018. Around 1 Tg of PM2s
was emitted during 2019 and ~0.3 Tg between January and February 2020. The high
emissions were likely attributable to the high levels of dry fuel availability across the
region during 2019.

Simulated PM2s concentrations from the nudged BL_fires simulation reproduced
observed daily mean concentrations from 80 ground-based observation sites well but
with a low bias (r = 0.39, RMSE = 22.9 ug m3, NMB = -0.17, NMAE = 0.72). Model
simulations captured the variability and magnitude of peaks seen in PM2.s observations

across eastern-Australia and for specific cities.

iii) Between September 1% 2019 and January 31% 2020 large proportions of the population

were exposed to dangerous (‘Poor’,”V.Poor’ and ‘Hazardous’) air quality levels.
Almost 350,000 people were exposed to hazardous AQI levels in December and
January, compared with 130,000 across December and January people in the
nudged BL_no_fires simulations. The impact of the bushfires on AQ was concentrated

in the cities of Sydney, Newcastle-Maitland and Canberra-Queanbeyan during
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November, December and, also in Melbourne, in January. While, generally Brisbane
and Adelaide were minorly affected by the fires, with only 14 people exposed to
Hazardous AQ.

iv) A short-term exposure response function (World Health Organization, 2013) was used
to estimate the health impacts of exposure to PM2 s from fires across eastern-Australia,
regionally and at city level. An estimated 180 (95% CI: 74-294) deaths were brought
forward due to the fires between October 1% and January 31%, 624 (95% Cl: 229-1008)
from all PM2sand 444 (95% CI: 155-714) if there were no fires.

v) The health impacts were largest in New South Wales, Queensland and Victoria with
109 (95% ClI: 41-176), 24 (95% Cl: 15-41) and 35 (95% Cl: 13-56) deaths brought
forward due to fires in these regions (287 (95% CI1:107-463), 112 (95% ClI: 41-181) and
155 (95% ClI: 57-250) all PM25s), respectively. These results estimated a lower regional
health impact from PM2 s from the bushfires than Borchers Arriagada et al. (2020) and
Ryan et al. (2021). This is most likely due to differences in how PM_ s attributable to
fires was estimated in each study and also differences in the estimated bushfire
population-weighted PM..s concentrations. This study builds upon previous work by
using an atmospheric chemistry transport model to investigate the impacts of the fires
on air quality.

vi) At a city-level, the health impacts of PM2s exposure due to fires were concentrated in
the cities with large populations and high PM2 s concentrations due to fires (Sydney (65
(95% CI: 24-105)), Melbourne (23 (95% CI: 9-38)) and Canberra (9 (95% CI: 4-15)).

vii) This work confirms that there was a substantial AQ and health impact across eastern-
Australia from the 2019/2020 bushfires. However, this study only considered one

pollutant, therefore the full health impact of exposure to PM2 s is likely to be higher and
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require further studies addressing the impacts on hospital admissions, ambulance call
outs and primary health care visits. Alongside this, the impact of other pollutants on
health (e.g. Os) could also be quantified.

viii) In the future, further work is required to characterise the health impacts of
exposure to pollutants for wildfires. This would allow for more comprehensive
estimates of the health impacts associated with population exposure. Finally, with more
dry years like 2019/2020 projected to occur in the future due to climate change the
impact of wildfires such as 2019/2020 are likely to be seen again. Therefore, fire risk
management policies should be developed further to consider the impact of climate

change on wildfire frequency and intensity across the country.
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Critical Discussion and Implications for Future Work
7.5 Uncertainties

7.5.1 Back-trajectory method

In paper 1 a back-trajectory method was used to investigate the influence of UK and non-UK
primary PM2s emissions on summed emissions arriving at observational sites across the UK.
In order to represent atmospheric loss processes an e-folding lifetime was applied to the
summed emissions along the back-trajectory path. The sensitivity of results to the assumed
lifetime was also tested. The representation of loss processes could be developed further to
account for changes in deposition velocity with changes in wind speed using meteorological
reanalysis to adjust the e-folding lifetime at each timestep. Alongside this, the boundary layer
height was assumed to be 850 hPa and emissions were only summed if the pressure of trajectory
points was higher than this. However, boundary layer height varies on temporal (diurnally,
seasonally) and spatial (marine and continental) scales. Therefore, in future meteorological

reanalysis could be used to determine boundary layer height for each trajectory point.

7.5.2 Satellite Data
In paper 2 TCCO and TCNO- data from the TROPOMI satellite were used to investigate the

impact of the Saddleworth Moor wildfires. This analysis would not have been possible with its
predecessor (OMI) due to the much spatial lower resolution of OMI. However, the polar orbit
of both satellites means it is only possible to measure the concentration of air pollutants once
each day. This means that a large amount of valuable information on the spatio-temporal
evolution of fire plumes is lost. Alongside this cloud cover is often an issue, meaning often
multiple days or weeks of measurements need to averaged together. The new geostationary

satellites (Geostationary Operational Environmental Satellite (GOES) (Zhang, et al., 2020) and
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Tropospheric Emissions: Monitoring of Pollution (TEMPQO) (Zoogman, et al., 2017)) will
provide observations of fires (FRP), aerosols (AOD) and trace-gases (including Oz and NO3)
at even higher spatial resolution than TROPOMI (2 km and 2.1 km) and temporal resolution

(5-minutes and hourly) in the future.

7.5.3 Modelling

Fire Emissions Smoke Plume

Figure 47. Sources of uncertainties within modelling health impacts from wildfire pollutants.

Uncertainties within this work arise from several factors, from uncertainties within the input
data used (e.g. emissions, concentration-response function) to model parameterisations of
processes (e.g. plume height, atmospheric chemistry processes) and finally, to gaps in our

current understanding that mean assumptions have to be made.

Gaps in our current knowledge and uncertainties that were not covered in detail in the
supplementary material of the papers will be discussed below. The uncertainties in the
estimated health impacts from wildfires can be split into 5 main factors (Figure 47). These can
be grouped into emissions (fire emissions), modelling (smoke plume, atmospheric

chemistry/transport) and health impact assessments (population exposure, health impacts).

7.5.3.1 Emissions
7.5.3.1.1 Fire Emissions
There are large differences between different global fire emissions datasets, which arise from

uncertainties detecting fires based on satellite product used and uncertainties within the
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emissions factors applied (though many are known with an uncertainty of ~30% (Andreae, et
al., 2001)) (Liu, etal., 2020). These differences can lead to large spatial and temporal variability
in emissions datasets and can therefore impact on simulated concentrations of air pollutants.
Unfortunately, due to time and computational cost limits, it is rare that multiple simulations
with different emissions datasets can be carried out in modelling studies. Liu et al. (2020)
identified 5 key sources of bias in the major global fire emission datasets (GFEDv4s,
FINNv1.5, GFASv1.2 Quick Fire Emissions Dataset (QFEDv2.5r1) and Fire Energetics and
Emissions Research (FEERv1.0-G1.2)), which lead to uncertainties. Biases stem from the
satellite product used to derive fire emissions (active fires/burned area), difficulties detecting
fires through cloud/haze, burned area fragmentation, complex topography leading to
shadowing, and difficulties with small fire detection. As a result of these biases, in some
regions emissions estimates can vary by an order of magnitude, dependent upon the remote
sensing technique used (Andreae, et al., 2001). Difficulty detecting small fires could be
improved through the use of new high spatial and temporal resolution satellite datasets, such
as the Geostationary Operational Environmental Satellite (GOES) (Zhang, et al., 2020). GOES
will provide observations of fires (FRP) and aerosols (AOD) at high spatial (2 km) and
temporal resolution (5-minutes) (Zhang, et al., 2020). This will provide new temporal
information about wildfire life-cycles and emissions. The increased temporal resolution will
also help in constraining model simulations through assimilation of FRP data on fires
throughout the day, rather than by a single overpass. Therefore, aiding the constraint of
uncertainties in fire emissions and plume characteristics. Alongside issues with detection, there
are discrepancies in speciation and emissions factors between the five main fire emissions
datasets. These arise from the inherent difficulties estimating fire emissions. The largest

differences in emissions factors are between PM2 s and CH4, where the coefficient of variation
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is 20.3 and 26.7% (L.iu, et al., 2020). This is, in part, due to the absence of peat emissions in
FINN, QFED and FFER, since the emission factors for peat emissions of CH4 (and CO) are
much higher than other land use types (Wiedinmyer, et al., 2011). Peat emissions were the
dominant source of emissions for the 2018 UK moorland fires, likely leading to
underestimation in FINN emissions. However, over the past few years there has been continued
work to incorporate peat emissions in to FINN where fire emissions from peat are high. Peat
emissions have now been added into FINN (FINNpeat) for Indonesia (Kiely, et al., 2019). In

the future, this work could be extended for global peat fire emissions.

7.5.3.1.2 Anthropogenic Emissions

Uncertainties arise when combing regional anthropogenic emission inventories to create global
anthropogenic emissions inventories (EDGAR HTAP v2.2). Uncertainties stem from
considerable discrepancies between the assumptions made (activity, technology, end-of-pipe)
and emissions factors applied during the construction of each of the regional inventories. This
leads to inconsistencies at the borders of regions (Janssens-Maenhout, et al., 2015).
Uncertainties in emissions are generally smaller for industrialised countries (e.g. UK and
Australia) but vary for species and sector. The largest uncertainties are within NH3, PMz1g, PM25
and BC/OC in the shipping (PM, BC/OC), transport (NHs, PMio, PM2s and BC/OC),
residential (NHs, PM1g, PM2s and BC/OC) and agriculture (NHs, PM1o, PM25s and BC/OC)
sectors (<100% uncertainty). Anthropogenic emissions from 2010, which were used in papers
3 and 4 are likely to be higher than the years simulated (2018 and 2019/2020). However, since
both papers focus on the fire contribution to PMzs, rather than that of the background
anthropogenic emissions, this is unlikely to have any effect on the calculated health impact due

to fires. Uncertainties in anthropogenic emissions datasets could be reduced through the use of
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new high spatial resolution satellite measurements to derive emission rates of different species
(e.g. (Beirle, et al., 2011)) and improved activity and diurnal cycle information, particularly in

developing countries.

7.5.3.2 Modelling

Initial and boundary conditions can have a large impact on simulated air pollutant
concentrations. Previous studies have found simulated PM2s concentrations are strongly
influenced by meteorological initial and boundary conditions (Ritter, et al., 2013).
Additionally, climatological dust-fields are often currently used within initially boundary
chemical conditions, which has led to overestimations in some regions (Georgiou, et al., 2018).
Updates to future model runs could include higher resolution chemical and meteorological
boundary conditions and CAM-Chem (Community Atmosphere Model with Chemistry) dust,
which uses simulated wind speed and surface conditions (e.g. Crippa et al. (2016)). Alongside
this, chemical assimilation could be implemented to improve agreement between simulated
pollutant concentrations and observations (Li, et al., 2013; Ukhov, et al., 2020; Werner, et al.,

2019).

7.5.3.3 Health Impact Assessment

7.5.3.3.1 Health Impacts

Emissions from wildfires are complex, varying based upon the fire type, landscape, fuel
consumption and meteorology (Cascio, 2018). Alongside this, the chemical composition of
smoke plumes change with aging, as secondary pollutants are formed (e.g. Os) and if plumes
interact with anthropogenic emissions (Jaffe, and Wigder, 2012). Wildfire smoke is likely to
become a more important source of air pollutants to populations in future years. This is due to
the combined effect of reductions in anthropogenic air pollution, due to increased regulatory
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efforts, and the increasing risk of wildfires due to climate change (Black, et al., 2017). This has
led to increased research into the impacts of wildfires on health. Recent work has identified an
association between exposure to PMys from wildfires and respiratory morbidity, with
increasing evidence suggesting an association with all-cause mortality (Reid, et al., 2016).
Despite this, further research is required to clearly identify the link with cause-specific
mortality and to identify whether using un-speciated PM adequately characterises the health
effects of exposure to wildfire smoke (Reid, et al., 2016). The effect of co-pollutant mixtures,
which are found in wildfire smoke, on health also require further research in order to provide
more comprehensive health impact assessments for wildfire events. An improved
understanding of these relationships would allow for more targeted policies regarding fires and

would help to identify and mitigate the health impacts of exposure for the most at-risk groups.

Another key gap in current knowledge stems from a lack of understanding of which
components (e.g. species of PMzs), sources (e.g. industry/transport) and characteristics of air
pollution are responsible for the health impacts observed (Pope IlI, and Dockery, 2006).
Currently, evidence suggests that, for PM, particle size plays the main role in the health impacts
observed. This is due to particle size controlling whether it is of respirable size, able to penetrate
into indoor environments and controlling its atmospheric lifetime (Pope Ill, and Dockery,
2006). Similar associations between exposure and mortality are observed across developed and
less developed regions, despite differences in PM2s composition (Harrison, and Yin, 2000),
further supporting this. However, other factors which may affect PM2 s toxicity (e.g. reactivity

and solubility) still require further research.

As aresult, in most current work focussing on the health impacts of sporadic events, short-term

concentration response function (CRF) derived from ambient PM2 s exposure (Atkinson, et al.,
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2014; World Health Organization, 2013) are applied for all-age, all-cause mortality. This
assumes all species of PM2 s are equally toxic, which may not be true. Alongside this, there is
a large degree of uncertainty in the exposure-response, which stems from uncertainties in
population response to air pollution exposure. The effect of the uncertainty in the CRF has been
shown to dominate the uncertainty in health impact assessments (Kushta, et al., 2018). There
is continued work to understand the health impacts of short-term exposure to PM2s, in the
future this may allow disease-specific mortality and morbidity exposure-response functions to
be derived, similar to those for long-term exposure (Burnett, et al., 2018; GBD Collaborators

2015, 2017).

7.5.3.3.2 Population Exposure

In addition to this, the assumption that population weighted concentration is a proxy for
exposure, which is commonly applied in health impact assessments (Crippa et al., 2016;
Macintyre et al., 2016b; Conibear et al., 2018a) introduces the potential for inaccuracy.
Generally, population data (from residential censuses) is combined with modelled
concentrations of pollutants, without adjusting for variation in personal exposure (e.g. time
spent in the home compared to at work, time spent outside, filtration in buildings). Several
studies have developed methods to account for population mobility (e.g. workday vs home,
active vs home and travel-time), finding this changed population exposure to NO2, Oz and
PM2s in large conurbations (de Nazelle, et al., 2009; Reis, et al., 2018; Shekarrizfard, et al.,
2017). In addition, computing packages have been developed that use synthetic data to mimic
the relationships found in confidential population datasets (Nowok, et al., 2016). This avoids
the need for access to sensitive personal data. In the future, with the addition of data on personal
exposures in populations, better representation of exposure could improve results (Kanjo, et

al., 2018). Since modelled pollutant concentrations are used to represent exposure, model
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resolution also plays an important role in capturing accurate population exposure to pollutants.
At a resolution of 10 or 30 km, gradients in concentrations at local levels (e.g. street canyons)
are not captured and this therefore introduces error in exposure estimations. Increased model
resolution could improve the representation of concentration gradients and diurnal cycles in

concentrations.
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7.6 Implications for Future Work

Wildfires close to populated areas have generally been rare in many regions of the world in the
past, including the UK. However, they are projected to become more common in the future,
both globally and in Europe (Krawchuk, et al., 2009; Liu, et al., 2010; Syphard, et al., 2018).
The impact of increased wildfire frequency on health due to short-term acute exposure has not
yet been quantified. However, this could prove useful to policy makers in quantifying the cost-
benefits of the introduction of policy and land management techniques to reduce fire risk

(Cascio, 2018).

Coordinated emission estimates of CO, using FRP and burned area remote-sensing, alongside
inversion modelling, may help to constrain emission estimates (Andreae, 2019). For PM
specifically, emission estimates could be improved through increased understanding of the
impact of fuel moisture and fire type on emission factors (Andreae, 2019). Studies in the future
could also focus on how emissions vary regionally and seasonally, in order to better capture
spatial and temporal variability in fire emissions (Andreae, 2019). This is important in

modelling the impacts of wildfire pollutants on populations exposed.

New high-resolution satellite data, such as the GOES (Zhang, et al., 2020) and TEMPO
(Zoogman, et al., 2017), will provide observations of fires (FRP), aerosols (AOD) and trace-
gases (including Oz and NO») at high spatial (2 km and 2.1 km) and temporal resolution (5-
minutes and hourly) in the future (Zhang, et al., 2020; Zoogman, et al., 2017). This will provide
new temporal information about emissions from wildfires and their day-time evolution, as well

as plume height (from TEMPO). The increased temporal resolution of these instruments will
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also help to better predict the precursor emissions for secondary species, such as SOA and O3,
and therefore the downwind formation of these pollutants. Furthermore, the improved spatial
and temporal resolution of GOES and TEMPO will help in constraining model simulations
both through validation and data assimilation. Therefore, aiding the constraint of uncertainties

in emissions, fire and plume characteristics and chemical interactions as plumes age.

Health impact assessments, which calculate the number of deaths brought forward due to
exposure to PMas, have large uncertainties, which stem from the exposure-response
relationships used within them and assumptions made about exposure. A particular weakness
of the exposure-response functions used in this thesis (Atkinson, et al., 2014; World Health
Organization, 2013) is that short-term exposure-response functions generally do not include
studies looking mortality risk at high PMas concentrations (e.g. those observed in pollution
from fires). Therefore, the shape of the exposure response is assumed to be linear (Harrison,
and Yin, 2000; Pope Ill, and Dockery, 2006). In future work, a similar approach could be
adopted to Burnett et al. (2018), where the shape of the exposure-response is constrained using
studies that derive associations for mortality at higher PM_ s concentrations, but for short-term
exposure in this case. This method also has the added benefit of avoiding the need to integrate
exposure-responses from several sources (e.g. ambient air pollution with passive and active

smoking) meaning assumptions about equal toxicity can be avoided.

Many gaps remain in our understanding of the health impacts of exposure to PM from wildfires
(Reid, et al., 2016). Currently, associations between wildfire smoke/PM and all-cause
mortality, respiratory morbidity, hospitalisations and accident and emergency visits are best
understood (Cascio, 2018; Reid, et al., 2016). Research focused on ambient PM has found

much stronger associations between chronic PM exposure and mortality (Pope Ill, and
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Dockery, 2006), though work is yet to identify whether PM composition is important. As yet
no study has quantified the health impact of chronic PM exposure, such as that seen in southeast
Asia (Black, et al., 2017; Reid, et al., 2016). Finally, since the composition of wildfire PM can
vary greatly, it is not known whether the current concentrations used for public health warnings
(based on evidence of health impacts from anthropogenic emissions) adequately characterise
the health effects of wildfire PM. However, recent work by Borchers Arriagada et al. (2019)
derived wildfire smoke PM.s-specific summary effect estimate for asthma-related outcomes.
The study found the relative risk was higher for wildfire PM2 s than for a typical ambient PM2 s
mixture. These results suggest that health impact assessments using relative risk estimates from
ambient PM2s may underestimate the health impacts of wildfire smoke PM.s. Future work
could focus on other disease endpoints, such as cardiovascular morbidity and mortality and a
range of PM2s sources. These could then be used in future health impact assessments for

wildfire pollutant impacts.

Alongside this, few studies have quantified the health impacts of exposure to ozone (O3) from
wildfires (Black, et al., 2017). This is likely due to very few epidemiology studies having
addressed the impact of wildfire pollutants other than PM (e.g. O3) on morbidity or mortality
(Black, et al., 2017). A study by Reid et al. (2019) that examined a case-study US wildfire in
2008 found that there was no association between Oz and emergency respiratory admissions
during wildfires, when PM2s was adjusted for. The study also highlighted that the health
impacts of wildfire Oz are understudied and further research was needed for different fire types
and regions. Given that the interaction between wildfire smoke and anthropogenic pollutants

can produce secondary pollutants, such as Oz, downwind, an increase in the number of studies
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addressing the health impacts of exposure to wildfire ozone would help to quantify the full

impact of pollutants from wildfires on health.

The impact of interactions between pollutants on exposure-response is also yet to be uncovered,
since epidemiology studies generally report the associations between a single pollutant and
health. However, it is not clear whether the calculation of health impacts for pollutants
individually is realistic, given that the population is exposed to multiple pollutants
simultaneously. Further work is needed to better understand the effect of multi-pollutant

mixtures on health.

A better representation of population exposure would also enhance our ability to quantify the
health impacts of population pollutant exposure. This could be achieved by improving the
representativeness of dose, through increasing information on population mobility and/or using
population level exposure data, collected from personal monitors (for pollutants and heart-
rate/respiratory rate/oxygen consumption) (Kanjo, et al., 2018). Better representativeness of
dose could be combined with increased model resolution, as computational power advances
and models become quicker and therefore cheaper to run. Increased model resolution would
allow the strong air pollutant concentrations seen in urban areas to be better represented
(Kushta, et al., 2018). However, the largest uncertainties in health impact assessments stem
from the estimates of population response to air pollutant concentrations, which are derived
from epidemiology studies (+30% (Kushta, et al., 2018)). Therefore, constraining uncertainties
in health responses, through better understanding of factors such as composition and source
(e.g. wildfires, anthropogenic, natural) are a key factor in improving the quantification of health

impacts.
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Chapter 8 - Conclusions

Within the UK, air quality is the largest environmental health risk (Department for
Environment Food & Rural Affairs, 2019). Health is adversely affected through both exposure
to short-term high pollution events and long-term lower-level pollution (Department for
Environment Food & Rural Affairs, 2019). This results in more than 29,000 premature deaths
each year being linked to long term-exposure to ambient PM2s (Committee on the Medical
Effects of Air Pollutants, 2010). Despite this, previously the impact of synoptic meteorology
on ambient PM2 s concentrations had not been quantified. Alongside this, widfires close to large
populations had been relatively rare in the UK in the past so little work had looked at their
impacts. As ambient pollutant concentrations continue to decrease, through decreased
anthropogenic emissions, improved emission abatement and tighter legislation, short-term high
pollution events (including wildfires) are likely to have an increased impact on overall
population exposure and health. Alongside this, wildfires are projected to become more
common in the future due to climate change and as a result are likely to represent a larger

fraction of the population’s annual exposure to air pollution in the future.

The aims of this thesis were to quantify the impact of different sources and processes on short-
term changes in ambient PM2s across the UK. Synoptic meteorology has a considerable
influence on ambient PM2 s across the UK. Easterly, south-easterly and southerly winds were
shown to transport pollutants from continental Europe, increasing ambient concentrations
observed. In contrast, anticyclonic conditions led to the build-up of local emissions under slack

winds.

Wildfires, such as the Saddleworth Moor and Winter Hill fires in 2018, have the potential to

substantially influence regional pollutant concentrations. Concentrations of pollutants close to
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the fires were high but, in areas downwind (> 80 km away), concentrations were also enhanced
above background concentrations, exposing populations to high concentrations far from the
fires. Secondary pollutants, such as ozone, were formed in the downwind smoke plume. More
research is required to investigate the interaction between pollutants from fires and
anthropogenic emissions when plumes pass over large urban areas, as this may happen more
commonly in the future with the increased likelihood of wildfires in the future due to climate
change. The WRF-Chem model was used to quantify the air quality and health impacts of PM2 s
from the fires. A large proportion of the population in the region around Saddleworth Moor
and Winter Hill were exposed to PM. s concentrations above the WHO guideline limit and the
moderate DAQI limit. The fires led to increases in the number of deaths brought forward due
to exposure to PM2s (165%) compared to if there were no fires and as a result had a large

economic impact (£21.1m).

The 2019/2020 Australian bushfires were unprecedented in their burned area size (10 million
hectares) and PM2.s emissions (1.3 Tg), burning from October 2019 through to February 2020.
Again, the WRF-Chem model was used to quantify the air quality and health impacts of PM2s
from the fires. Between September 1%t 2019 and January 31% 2020 large proportions of the
population were exposed to dangerous (‘Poor’,”V.Poor’ and ‘Hazardous’) air quality levels.
The impact of the bushfires on AQ was concentrated in the cities of Sydney, Newcastle-
Maitland and Canberra-Queanbeyan during November, December and, also in Melbourne, in
January. While, generally Brisbane and Adelaide were much less severely affected by the fires,
with few people exposed to Hazardous AQ. Exposure to PM2 s from the fires led to an estimated
180 (95% CI: 74-294) deaths being brought forward between October 1%t and January 31%. The

health impacts were largest in New South Wales, Queensland and Victoria. In line with this, at
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a city-level the health impacts of PM2.s exposure due to fires were concentrated in cities within
Queensland and Victoria that have large populations that were exposed to high PMazs

concentrations due to fires, including Sydney, Melbourne and also Canberra.

This thesis highlighted that there are a range of factors affecting the population’s exposure to
PM2s on short time scales. The build-up of local emissions and long-range transport of
pollutants to the UK under continental air masses were shown to play an important role in
controlling ambient UK PM25s concentrations. Thus, highlighting the need for continued
cooperation in reducing emissions across Europe in order to improve air quality. The impact
of short-term emerging threats, such as wildfires, was quantified, indicating that short-lived
high pollution events have the potential to have a substantial impact on air quality and health.
With a warming climate and increased wildfire frequency projected in the future, the results of
this work highlight that more research is required to quantify the cost-benefits of public health

interventions or changes in land-management practices that may reduce the risk of wildfires.
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9.1 Site Information

AURN sites are classified as urban traffic/kerbside, urban or suburban background, and rural
background. For this study background sites are used (urban background, suburban background
and rural background). Background sites are chosen as they are considered to be more
representative of the surrounding region than urban sites. This is because their locations are
chosen so as to be influenced by the integrated contribution of all sources upwind rather than
by a single souce or street (Department for Environment Food and Rural Affairs, 2011). Data
from 42 sites is used; 39 of which are urban background (UB), 2 rural background (RB) and 1

background suburban (BS) (Table 10).
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Table 10. Automated Urban and Rural Network sites used for PM. s analysis. AURN sites and
classifications (UB = Urban Background, RB = Rural Background, BS = Background

Suburban).
Site Name Type Site Name Type
Aberdeen (1) UB London N. Kensington (23) UB
Auchencorth Moss (2) RB London Teddington Bushy Park UB
(24)
Belfast Centre (3) UB Manchester Piccadilly (25) UB
Birmingham Acocks Green (4) UB Newcastle Centre (26) UB
Blackpool Marton (5) UB Newport (27) UB
Bristol St Paul’s (6) uB Norwich Lakenfields (28) UB
Cardiff Centre (7) UB Nottingham Centre (29) UB
Chesterfield Loudsley Green (8) UB Oxford St Ebbes (30) uB
Chilbolton Observatory (9) RB Plymouth Centre (31) uB
Coventry Allesley (10) uB Portsmouth (32) uB
Derry Rosemount (11) UB Preston (33) UB
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Eastbourne (12) uB Reading New Town (34) uB
Edinburgh St Leonards (13) uB Rochester Stoke (35) uB
Glasgow Townhead (14) uB Salford Eccles (36) uB
Hull Freetown (15) uB Sheffield Devonshire Green (37)  UB
Leamington Spa (16) uB Southampton Centre (38) uB
Leeds Centre (17) uB Southend-on-Sea (39) uB
Leicester University (18) UB Stoke-on-Trent Centre (40) UB
London Bexley (19) BS Sunderland Silksworth (41) uB
London Bloomsbury (20) UB Wigan Centre (42) UB

9.2 Emissions

The emissions used for the back trajectories are the same as those used in the EMEP4UK
model, which uses two emissions datasets and a nested domain to cover the UK within the
coarser European domain. Annually varying emissions for the 2010 — 2014 period were used
as this matches the time period the back trajectories were available for. Emissions of primary
PM2 s for 2010 are shown in Figure 24 for reference. For the outer domain (Figure 24: Purple
Box), gridded annual EMEP emissions at 0.5° resolution from the Centre for Emission
Inventories and Projections (CEIP, www.ceip.at) are used. While for the inner domain (Figure

24: Red Box) gridded annual National Atmospheric Emissions Inventories (NAEI) emissions
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at 0.01° resolution are aggregated to 5 km resolution. Within the UK domain where emissions
are not available at 0.05° resolution or less, EMEP 0.5° resolution emissions are interpolated
to the required resolution of 0.05°. Emissions outside of Europe are provided by the Emission
Database for Global Atmospheric Research with Task Force on Hemispheric Transport of Air
Pollution (EDGAR-HTAP) version 2.2 emissions for 2010 at 0.1° resolution (Janssens-
Maenhout, et al., 2015). The EDGAR-HTAP emission dataset uses emissions databases from
the US Environmental Protection Agency (US EPA) including Canada, the model inter-
comparison study for Asia Phase Il (MICS —Asia) and EMEP-TNO emissions for Europe
(which are replaced with emissions from the EMEP4UK model). EMEP4UK PM2 s emissions
are interpolated onto the EDGAR-HTAP emissions grid to replace EDGAR-HTAP PMas

emissions for the European domain.

PM emissions for all datasets also include elemental carbon (EC), organic matter (OM) and
other compounds. Emissions of each species are provided for 10 anthropogenic source-sectors

(SNAP sectors) (Simpson, et al., 2012).
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9.3 Sensitivity of Integrated Back Trajectories to assumed e-folding lifetime

UK Fractional Contribution
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Figure 48. Median UK (background AURN sites) total accumulated PM2s
emissions (ug m™2) accumulated over the daily (12 UTC, 2010-2014)
ROTRAJ back trajectories (4 days — 15-minute time steps), with a (a) 1-day
(b) 3-day (c) 7-day and (d) 14-day e-folding lifetime, binned by LWT flow
directions. Red circles represent the UK fractional contribution to trajectory
accumulated PM_.s emissions.

Integrated PM>.5 emissions (Figure 48) indicate that the total integrated emission of the parcel
accumulated along the trajectory path is sensitive to the e-folding lifetime chosen however the

fractional contribution is less sensitive. With a change in the e-folding lifetime the fractional
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contribution changes by less than 15% for all LWTSs, however the total emission changes by
an order of magnitude, from < 0.05 pug m2 (1 hour) to < 0.5 ug m2 (14 days) (Figure 48 (a)

and (d)).

At a 1-hour life time total accumulated emissions are dominated by UK emissions for NW and
N flows (10% from outside of the UK). This increases to around 30% under NE, W and SW
flows and almost 70% under E, SE and S flow. The total emissions accumulated over the back
trajectory show very little variation over this e-folding lifetime with NE, N and NW flows
indicating the same emission total as E, SE and S flow. This suggests that the e-folding lifetime
of PM2s emissions is very important in predicting the total accumulated emission over the
back-trajectory path. At lifetimes of 3 and 7 hours large changes are observed in the total
accumulated emission but not the fractional contribution. Between a lifetime of 3 and 7 hours
(Figure 48 (b) and (c)) there is negligible change in the fractional contribution of UK emissions
to the total accumulated emission. However, the total accumulated emission of PM2s observed
under different flow directions changes substantially. This is seen most clearly under E, SE and
S flow, doubling from ~0.2 to ~0.4 ug m (SE), but is also seen in the cleaner wind directions
(N, NW, W from 0.05 to > 0.15 pug m2). The same is seen when the lifetime is increased from
7 to 14 hours (Figure 48 (c) and (d)), with negligible changes in fractional contribution but
substantial changes in total accumulated emissions. Although the total accumulated emission
under all flow directions increases with the increased e-folding lifetime, the contrast in total
accumulated emissions between N, NW and W flow regimes and E, SE and S flow regimes
increases significantly. This follows the same pattern as that seen in the AURN PMa;s

concentration observations, indicative that under E, SE and S flow a large proportion of the
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primary PM2.s emission total originates outside of the UK. This indicates long-range transport

due to changing meteorology plays an important role in UK pollutant concentrations.

9.4 EMEP4UK Evaluation

Here we evaluate EMEP4UK against observations to test the model skill to simulating surface
PM2s. When daily modelled PM>.s concentrations at each site are compared with observations
under each LWT, the model captures the distribution of concentrations well (Figure 49). The
model also has skill in predicting mean PM2s concentrations, with a negative bias < 1 pg m
under most LWTs and an annual mean negative bias of ~1 pg m= across all LWTs (Figure 49).
Positive biases are also evident, of similar magnitude under most LWTs and under easterly and
south-easterly flows biases of up to 15 pug m= are apparent at some sites (Figure 50). Despite
this, the model shows good overall agreement with observations, with a Pearson correlation
coefficient of 0.887 (Figure 50). PM2s anomalies are also well captured by the model (Figure
50), with the same pattern as was seen in the observations and a Pearson correlation coefficient

of 0.905.

In conclusion, overall the model captures the variability in PM2 s concentrations with LWT well
and shows good correlation with observations at each site (r = 0.887) with only a small negative
bias. Therefore, we can have good confidence in the model’s ability to predict regional PM25s

changes with different LWTSs.
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Figure 49. 2010-2016 daily modelled (cyan and magenta) and observed (blue and red) PM2.5
concentrations, binned by LWT. Mean (red/magenta), 10th, 25th, 75th and 90th percentiles
are shown. The mean modelled (magenta) and observed (red) PM2.5 concentration for all

LWTs is shown by the dashed line.
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Figure 50. Annual mean concentration and anomaly between 2010-2016 for daily modelled (EMEP4UK)
and observed PM2s concentrations at AURN observation sites, binned by LWT. The Pearson

correlation (r) is shown at the top of each panel.
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10.1 Meteorological Conditions

Meteorological reanalysis data (i.e. ERA-Interim and UK Met Office surface charts) were
obtained from the European Centre for Medium-Range Weather Forecasts (ECMWF) on a 0.5°

x 0.5° horizontal grid and the UK Met Office data archive. ERA-interim meteorological
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variables include mean sea level pressure (MSLP), ERA5 geopotential, 2-m temperature and
10 m u & v wind components.. The ERA-Interim data were downloaded from

https://apps.ecmwf.int/datasets/data/interim-full-daily/levtype=sfc/.

Figure 51 shows the time evolution of 1200 Z mean sea level presssure and geopotential height
at 850 hPa (850GPH) from the 19"-30" June 2018. Over northern England pressure minima
occur on June 19" and 20" (1010-1020 hPa), with 850GPH between 1400-1560 m and
indicating a westerly flow. From the 21% June high pressure begins to build from the west
(>1030 hPa) (850GPH 1580 m), peaking at >1030 hPa over much of the UK over Saddleworth
Moor on June 22" and 850GPH of 1560-1620 m, and persisting (>1020 hPa and 1540-1620
m) until the 30" June (1010-1020 hPa and 850GPH 1520-1540 m). These high pressure
conditions are associated with enhancements in synoptic pressure in the North Atlantic yielding
strong anticyclonic conditons over the UK. This is confirmed by the Lamb Weather Types
(LWTs, (Jones, et al., 2013)) which represent the daily classification of UK circulation patterns.
Based on data from the University of East Anglia,

(https://crudata.uea.ac.uk/cru/data/lwt/static files/ERAS5 1979 2018 12hrs UK.dat), June

22"-29™ experienced strong anticyconlic conditions (LWT = 0).

This enhancement in pressure across the UK yielded substantial increases in temperature and
reduced wind speeds. Temperatures increased from June 22", peaking at 22-27 °C (~295-
300°K) over Saddleworth Moor on the 26" June (Figure 52). This coincided with the full
development of the Saddlworth Moor fire. The high temperatures helped to dry out the surface
vegetation (and underlying peat) which led to the rapid spreading of the fire once ignition had
occurred. From June 24™ — 30" temperatures never dropped below 22°C (~290°K) at

Saddleworth Moor. Between June 24"-26™, when peak temperatures occurred, the 10 m wind
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speeds never rose above 3 m s (Figure 53), likely to have aided the fire development. On the
other days of the observation period, the wind speeds over the land (sea) ranged between 3 and

Ims?t(5to>10ms?).
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Figure 51. ERA-Interim 1200Z mean sea level pressure (hPa 0.5° x 0.5°
grid)) with ERA5 geopotential height (m) at 850 hPa overplotted in red
for June 191-30" 2018 over Northern England. The black dots represent
the location of Saddleworth Moor and Winter Hill.
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Figure 52. ECMWEF ERA-Interim 2-m temperature (K, 0.5° x 0.5° grid) for
June 19"-30™" 2018 over Northern England. The black dots represent
the location of Saddleworth Moor and Winter Hill.
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Figure 53. ECMWF ERA-Interim 10-m wind speed (m s-1, 0.5° x 0.5° grid)
for June 19"-30" 2018 over Northern England. The black dots
represent the location of Saddleworth Moor and Winter Hill.
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10.2 Satellite Visible Images of Saddleworth Moor Fire Development

The Moderate Resolution Imaging Spectroradiometer (MODIS) visible images of the
Saddleworth Moor (Figure 54) show the time-evolution of the fire smoke plume from space.
The first detection of the fire plume can be seen on the 25" June and remains in-situ until the
26" June. On the 27" June, there is a westwards propagation of the plume out towards
Manchester and Liverpool. On June 28" and 29", the plume has become more dispersed but is
still visible and shifted slightly southwards. On the 30" June, the Saddleworth Moor plume is
no longer detectable in the visible image, but now the Winter Hill fire plume is clearly flowing
out towards the Irish Sea with a north-west trajectory. On later days, the MODIS instruments
on both satellite platforms (local overpass times of 13.30 and 10.30) are obstructed by cloud

when retrieving the visible images.
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Figure 54. MODIS visible images, from NASA’s Aura and Terra
satellites, of the Saddleworth Moor and Winter Hill fires
between June 25™M-30". The locations of Saddleworth Moor and
Winter Hill are indicated in white, while the locations of
Manchester and Liverpool are shown in cyan.
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10.3 MODIS Fire Radiative Power

Figure 55 represents the fire radiative power (FRP, mW m™) observed by the MODIS
instruments over the northern England between June 19" and 30". The data was downlaoded

from the Global Fire Assimilation System (GFAS, https://apps.ecmwf.int/datasets/data/cams-

gfas/). Between June 19" to 26! MODIS detected no fires in north-western England. On June
25" and 26™, when MODIS visible images capture the Saddleworth Moor fire (Figure 55), the
strength of the fire was insufficient for detection of thermal anomalies. On June 27", MODIS
FRP detects the fire over Saddleworth Moor peaking at over 100 mW m. On June 28" and
29" as seen in the visible images, the fire intensity has decreased to under 100 mW m2 and
covers a smaller area. On June 29", the Winter Hill fires are detected at approximately 30 mw
m2and on the 30" June this has increased to over 100 mW m2, while SaddIworth Moor retains

the same thermal intensity over both days.
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Figure 55. MODIS fire radiative power (FRP, mW m-2, 0.1° x 0.1° grid)
for June 19"-30" 2018 over Northern England. The white dots

represent the location of Saddlworth Moor and Winter Hill.

343



10.4 HYSPLIT Trajectories

Meteorological data for the HYSPLIT model is taken from The Global Data Assimilation
System (GDAS), used by the National Centre for Environmental Prediction (NCEP) Global
Forecast System (GFS) model to place observations into a gridded model space for the purpose
of  starting, or  initializing, = weather  forecasts = with  observed data

(https://www.ncdc.noaa.gov/data-access/model-data/model-datasets/global-data-assimilation-

system-gdas). Meteorological data is at 0.5° spatial resolution and 3-hourly temporal
resolution. Meteorological data is interpolated on the 18 model levels, which extend from ~995

hPa to 20 hPa (Kanamitsu, 1989)

The HYSPLIT model results shown are from single release points at aircraft sampling points
in the near-field and downwind regions. Trajectories were released from the most northerly
and southerly points of the near-field (2.2°W, 53.75°N and 1.9°W, 53.25°N) and downwind
(3.4°W, 53.75°N and 3.4°W, 52.75°N) sections of the flight from a range of altitudes during
these profiles (500, 750 & 1000 m and 250, 500 and 1000 m, respectively). The age of the air
mass the sample was taken within can be estimated using the time at which these back-
trajectories pass over Saddleworth Moor. See Stein et al. (2015) for more information on the

HYSPLIT model (Figure 56).
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Figure 56. Back trajectories from HYSPLIT for the aircraft flight on June 29" 2018.
Trajectories are released from various locations at 250-1000m heights based on the
aircraft altitude and track during the near-field and downwind sections of the flight.
The path of each trajectory is indicated on the map, while the altitude above ground
level is indicated on the bottom plot.
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10.5 Satellite Observations of Tropospheric Column Nitrogen Dioxide

TROPOMI measurements of tropospheric column nitrogen dioxide (TCNO,, 10° moles m?)
increase in magnitude coinciding with the Saddleworth Moor fire occurrence (Figure 57). This
is most noticeable on June 27" to 29" as TCNO- peaks at over 20 x10° moles m?2 with a
substantial spatial extent coinciding with the fire plume (Figure 57). This is reinforced by the
total column carbon monoxide (TCCO) plume location (black polygon-outlined region, TCCO
> 0.03 moles m?) as seen in the main manuscript. However, while the CO sources over
Manchester and Liverpool are barely detectable by TROPOMI (see Figure 34 and Figure 57),
the Saddleworth Moor and Winter Hill fires show strong enhancements relative to the
background concentrations (see Satellite Observations of Tropospheric Column Nitrogen
Dioxide section and Figure 60 for more details). The enhancement of TCNO2 on June 27"-
29" is linked to fire nitrogen oxide (NOx) emissions and increases from other NO; sources. As
shown by Pope et al. (2015, 2014), anticyclonic conditions lead to the accumulation of NO3,
yielding larger concentrations than the seasonal average. When comparing TROPOMI TCNO:
over Manchester and other cities (e.g. London) for these few days against the June-July 2018
average, there are substantial enhancements over the source regions (not shown here) across
the UK. Unfortunately, given the relatively short TROPOMI data record, it is difficult to find
other meteorological situations similar to that of the Saddlworth Moor fires to investigate
whether the 27-29" June 2018 NO, enhancement was more exteme than at other times.
Therefore, the TCCO plume is used to sub-sample the TCNO: data “in-plume”, “edge of
plume” and “out of plume” with TCCO thresholds of >0.03 moles m, 0.025-0.03 moles m™

and 0.02-0.025 moles m, respectively. A minimum threshold for “out of plume” was set at
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0.020 moles m so NO, was sampled close to but not within the plume, and to ensure large

swaths of background NO> within the domain were not used in this classification.

When TCNO: is sub-sampled under the fire pixels (FRP > 50 mW m?), the median
concentration is approximately 8.0 x10° moles m?, which is significantly larger than the
median TCNO; concentration (6.0-7.0 x10° moles m™) in non-fire pixels (same locations as
fire pixels but on days were FRP <50 mW m) at the 95% confidence level (based on the
student t-test). The fire-TCNO, 10", 25" and 75" percentile concentations are also larger than
the non-fire-TCNO; equivelant. However, the non-fire-TCNO, 90" percentile value is
marginally larger. The TCNO; data sub-sampled under the TCCO plume definitions show a
similar pattern. “Out of plume” median TCNO; is the lowest (5-6 x10° moles m2) of all
classifications (true for the 10", 25 75 and 90™ percentiles as well). Though downwind of
the fire location, the “edge of plume” and “in plume” classifciations have the largest median
TCNO; values of 10.0-11.0 x10° moles m and 12.0-13.0 x10° moles m, respectively. These
two classifications both overlap with regions of enhanced anthropogenic NO sources (i.e.
Manchester and Liverpool), so their median and percentile concentrations are larger. In the six
time panels of Figure 57, the “edge of plume” and “in plume” classifications both experience
larger TCNO- concentations depending on the day. Therefore, by using the TCCO data as a
tracer for the fire plume, we can detect an NOz fire response on top of the anthropogenic NO>
signal. Here, the median and percentile concentations are all larger “in plume” than “edge of
plume”, compared with out of plume, where the medians are significantly different at the 95%
confidence level (student t-test). So, our results suggest that, while not as clear as the
TROPOMI TCCO signal, the Saddleworth Moor and Winter Hill fires significantly enhanced

observed NO> concentrations.
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Figure 57. TROPOM I tropospheric column nitrogen dioxide (TCNO3, 10-5 moles m?) measurements
of the Saddleworth Moor wildfire (June 25" — 30" 2019). Black and purple polygon-outlined
regions represent the TROPOMI total column carbon monoxide (TCCO) fire plume (>0.03
moles m~) and edge of plume (0.025-0.03 moles m). Black dots show pixels where MODIS
fire radiative power (FRP) is > 50 mW m. White dots show the location of the Saddleworth
Moor and Winter Hill fires. Blue dots show the location of Manchester and Liverpool. The box
and whisker schematics represent TCNO> sub-sampled under the plume, edge of plume and out
of the plume TCCO thresholds. TCNO: is also sub-sampled under fire pixels (FRP > 50 mW
m-2) and non-fire pixels (FRP < 50 mW m). Red, green and blue represent the median, 25" &
75" percentiles and 10™ & 90 percentiles, respectively.

10.6 TROPOMI Total Column Carbon Monoxide Averaging Kernels

The total column averaging kernels (AKSs) reflect the altitude sensitivity of the CO total column
retrieval. The AKs for three different locations (Saddleworth Moor, Manchester and Liverpool)
during the Saddleworth Moor fire days are shown in the six panels of Figure 58. The AKs
indicate a significant reduction of the retrieval sensitivity near the surface on the 27" June at
Saddleworth Moor (Figure 58 (c)) and in Manchester and Liverpool on June 28" (Figure 58
(d)). TROPOMI detects reflected sunlight in the SWIR and, in principle, a TROPOMI
measurement of CO is sensitive from the surface upwards. However, there can be reduced

sensitivity in TROPOMI measurements near the surface due to smoke and aerosols.
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Figure 58. Total column averaging kernels reflecting the altitude
sensitivity of the CO total column TROPOMI retrieval during the
Saddleworth Moor fire days (June 25"-30™ 2018) for three specific
location, Manchester, Liverpool and Saddleworth Moor.
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On June 25" and 26™, the AKs over the urban regions lose some sensitivity near the surface,
independent of the fire signal. The Saddleworth Moor AKs have already lost sensitivity near
the surface below approximately 800 hPa due to the influence of smoke particles within the
plume. On June 27", the Saddleworth Moor AK has greater sensitivity (just over 1.0) than the
urban regions above 800 hPa. As winds transport the smoke plume over Manchester and
Liverpool (June 29" and 30™), the AK loses sensitivity at approximately 900 hPa and reduces

to approximately 0.7.

Typically, the signal from surface urban CO is smeared out over the satellite pixel (with some
loss of sensitivity if there are aerosols) and it can be difficult to distinguish from the background
due to instrumental noise. The SWIR CO overtone band is relatively weak, so detecting small
CO enhancements above the background can be difficult. The fires are likely to emit more CO
than the urban regions, so sources such as Manchester and Liverpool are more difficult to

detect, but with clear enhancements from the fires.
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10.7 Aircraft Instrumentation and Cross-section

\

e v
Va N = 4
Time (Hours from 00 UTC: 29/06/2018) Altitude (m)
9.0 10.0 11.0 12.0 13.0 14.0 15.0 200.0 750.0 11300.0 1850.0 2400.0 2950.0 3500.0

Figure 59. Facility of Airborne Atmospheric Measurements (FAAM) aircraft path (hours since 00

UTC) and altitude(m above ground level (AGL)) from the Saddleworth Moor wildfires on
June 29" 2018.

352



10.7.1 Instrumentation

PM25 mass was calculated using data from the passive cavity aerosol spectrometer probe 100-
X (PCASP) instrument. Uncertainty in the PCASP dataset comes from poisson counting (i.e
the number of particles in each of the size bins) and the bin width (originating in the optical
property corrections that are applied) (Sanchez-Marroquin, et al., 2019). We find this to be
~30-35% at the 1-sigma confidence interval for the integrated volume in the PM2s range.
Further uncertainty in the PM2s concentration data (which we calculate from the raw dataset)
comes from our assumption of density of the particles, which we apply to the dataset to
calculate the mass of PM2s. We take this value to be 1.4 kg m™ (black carbon), which is in the
range of values (1.2 -1.8 kg m™®) given by Long et al. (2013). We believe this is a conservative
estimation since the flight sample will likely also include dust particles, which have a higher
density (Wagner, et al., 2018). We carried out a sensitivity analysis to the density value used
and found that changing the density value by +10% lead to a linear change in the PM25 mass
calculated (i.e. £10%). We also use a refractive index of 1.56+0i, which we believe to be a
good choice given that the aerosol sampled are very likely heterogeneous (Sanchez-Marroquin,
et al., 2019). Finally, since the data is based on particles in the 0.1 - 3um diameter size range,
we are likely to slightly underestimate the total PM2s mass. Though this this is likely to be

small since the ultrafine section (< 0.1 um) contains very little mass.

Measurements of NO were made using a custom built chemiluminescence instrument (Air
Quality Design Inc), with NO2 measured on a second channel by photolytic conversion to NO
at 395 nm using a blue light converter (BLC), followed by detection by chemiluminescence
(Lee, et al., 2009). In flight calibrations were carried out by adding a small flow of NO

calibration gas (5 ppm NO in nitrogen, BOC) to the sample inlet, such that the calibration was
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in the same humidity regime as the ambient measurements. The NO2 conversion efficiency was
measured by titration of the NO in the calibration to NO, using Os. Calibrations were carried
out at the beginning and end of each flight whilst the aircraft was above the boundary layer and
hence flying in very low and stable NOx conditions. The calibration factors were interpolated
throughout the flight to account for any sensitivity drifts in the instrument. Estimated
accuracies are 4% for NO 5% for NO», with associated precision of 31 and 45 pptv respectively

(for 1Hz data).
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Figure 60. Facility of Airborne Atmospheric Measurements (FAAM) aircraft
measurements of nitrogen dioxide (NOz, ppbv) (red) and carbon monoxide (CO,
ppbv) (black) from the Saddleworth Moor wildfires on June 29th 2018. The
sections bounded by the red and blue dashed lines represent the near-field (NF)
and downwind (DW) time phases of the flight. The horizontal purple dashed line
indicates the “in-plume” (> 125 ppbv) versus “out of plume” (< 125 ppbv)
threshold.
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Figure 61. Facility of Airborne Atmospheric Measurements (FAAM) time-series observations of
carbon monoxide (CO, ppbv) (black) and PMs concentration (ug m) (red) from the
Saddleworth Moor wildfires on June 29" 2018. The sections bounded by the red and blue
dashed lines represent the near-field (NF) and downwind (DW) time phases of the flight. The
horizontal purple dashed line indicates the “in-plume” (> 125 ppbv) versus “out of plume”
(< 125 ppbv) threshold.
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10.7.2 Cross section

Figure 63 represents the “in-plume” flight transect (CO concentration > 125 ppbv) used for the
emissions calculation in Equation (15) of the main manuscript. Here, the plume width is 4482
m and plume thickness is 52 m, and we assign a 50% uncertainty to these values which are
assumed to be fixed. We tried different CO concentration thresholds, but 125 ppbv gave the
best results. For example, if 100 ppbv were used then background values from other transects
would be included and the plume transect would not be continuous. If larger values were used,
the sample size within the transect would rapidly reduce. It is also possible that the aircraft
might not have flown through the centre of the plume, so the values here might be
underestimated. Finally, we assume the cross-section of this part of the transect is regular (i.e.
approximately rectangular), providing further uncertainty in our methodology. However, the
emission rates for CO and carbon dioxide (CO2) compare reasonably with remote sensing

estimates, thus providing some confidence in our results.
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Figure 63. Aircraft transect representing the fire plume the near-field (NF) flight segment. Red
crosses represent where the aircraft was sampling “in-plume” air defined as CO concentrations
> 125 ppbv. The plume width is approximately 4482 m and the plume thickness is
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10.8 Comparison of TROPOMI with 1ASI (Infrared Atmospheric
Sounding Infererometer)

Evaluation of total column carbon monoxide (TCCO) from the TROPOMI satellite is not
possible using the aircraft data due to a lack of vertical information in the aircraft dataset, which
prevents the derivation of a total column. We therefore use the Infrared Atmospheric Sounding
Interferometer (IASI), onboard ESA's MetOP-A to evaluate TCCO from TROPOMI. The IASI
TCCO data is provided by the Rutherford Appleton Laboratory (RAL), which uses their
Infrared & Microwave Sounding (IMS) scheme (Siddans, et al., 2015). Typical precision
uncertainty in the data used is approximately 12%. More information is provided by Siddans,

Gerber and Miles (2015).

TCCO data from 1ASI clearly detects fire-enhanced TCCO, despite much less dense sampling
from this satellite (Figure 64). However, daily background column values show large
variability so we calculate a daily fire anomaly using the average background TCCO between
1-0°W and 55-56°N. Consistent with TROPOMI TCCO (Figure 34), on June 26", a large
enhancement in TCCO can be observed over the fire region of enhancement between 0.3 x10*®
molecules cm and 0.4 x10® molecules cm2 (Figure 64). On June 27", free tropospheric winds
transport CO towards the urban regions of Manchester and Liverpool (> 0.4 x10'® molecules
cm?). This is less well captured on June 28" and 29", but TCCO enhancements are still co-
located with that of TROPOMI. On June 30", the Saddleworth Moor fires are no longer
detected, but the Winter Hill fires show slight CO enhancements (0.25-0.3 x10'® molecules

cm2) consistent with TROPOMI TCCO.
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Figure 64. IASI total column carbon monoxide (TCCO, 1018 molecules cm) for June 25% -
30" 2018. Daily background concentrations have been subtracted based on the 1-0°W,
55-56°N average sub-region column value. The black circle representations the location
of the Saddleworth Moor fires.
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10.9 AURN PMzsobservations

Table 11. Mean daily non-volatile fraction of PM.s for 2013-2017 and 2018 at Manchester
Piccadilly, Salford Eccles and Wigan Centre AURN sites.

Date Manchester Piccadilly Salford Eccles Wigan Centre
Non-volatile  Non-volatile ~ Non-volatile Non-volatile  Non-volatile Non-volatile
fraction 2013- fraction 2018 fraction 2013- fraction 2018 fraction 2013- fraction 2018
2017 2017 2017
25/06/018 0.96 0.84 0.81 0.81 0.76 0.80
26/06/018 0.87 0.92 0.80 0.84 0.72 0.90
27/06/018 0.90 0.93 0.74 0.90 0.70 0.88
28/06/018 0.82 0.86 0.63 0.66 0.61 0.80
29/06/018 0.96 0.83 0.76 0.80 0.70 0.75
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11.1 AURN data

Table 12. shows details of AURN sites used in model evaluation within this study.

Site Name Site Type Latitude Longitude
N CE)
Blackpool Marton (0) Urban Background 53.80 -3.01
Carlisle Roadside (1) Urban Traffic 54.89 -2.95
Hull Freetown (2) Urban Background 53.75 -0.34
Leeds Centre (3) Urban Background 53.80 -1.55
Leeds Headingley (4) Urban Traffic 53.82 -1.76
Liverpool Speke (5) Urban Industrial 53.35 -2.84
Manchester Piccadilly (6) Urban Background 53.48 -2.24
Preston (7) Urban Background 53.77 -2.68
Salford Eccles (8) Urban Background 53.48 -2.33
Sheffield Centre (9) Urban Traffic 53.41 -1.46
Sheffield Devonshire Green (10) Urban Background 53.38 -1.48
Warrington (11) Urban Industrial 53.39 -2.62
Wigan Centre (12) Urban Background 53.55 -2.64
Wirral Tranmere (13) Urban Background 53.37 -3.0
York Fishergate (14) Urban Traffic 53.95 -1.08
York Bootham (15) Urban Background 53.97 -1.09
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11.2 Wildfire Emissions Scaling

Since FINNv1.5 does not include emissions from peat we scale FINN emissions over
Saddleworth Moor (Figure 65) to try to account for this. We use observations of PM. s from
AURN sites and modelled surface PM2 s from WRF-Chem simulations to tune our scaling. We
find that increasing scaling by a factor of 1-10 of the original FINN values throughout the fires
results in the lowest root mean square error (RMSE) when the model is compared to
observations (see Table 8). This is likely due to changing fuel source through the fire lifetime,
from the surface vegetation (heather and grass) initially, which FINN accounts for. Once
surface vegetation had been burnt the fire began to burn the peat underneath (Greater
Manchester Combined Authority, 2019), which has much higher emissions per unit burnt area.
Thus, later in the fire lifecycle (26 — 28™M), using a larger scaling for emissions improves

agreement with observations.
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u Emissions scaled

No beat Péat
Peat coverage in the UK

Figure 65. Area over which scaling was applied (blue) to FINNv1.5 emissions for use in WRF-
Chem simulations over plotted on peat coverage in domain (Xu, et al., 2018)
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Figure 66. Hourly observed and simulated surface PM2 s between June 16" and July 14" 2018. Modelled values are from the no fires (green), no scaling

(yellow), 10x scaling (cyan) and time-varying scaling simulations (magenta) (see Manuscript: Model Evaluation and Table 8). Observations from
AURN sites are indicated in black.
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Figure 67. (a) Time-varying scaling, (b) 10x scaling and (c) no scaling simulated and observed hourly PM2s concentrations at all sites.
Individual sites are shown in (d-f), with the mean for each observational site between June 16™ — July 14" 2018 indicated by coloured
crosses. The 1:1, 0.5:1 and1:0.5 lines are shown for reference. The mean correlation coefficient (r), mean bias (MB), normalised mean
bias (NMB) and root mean squared error (RMSE in pug m) across all sites for the simulation period (June 16" — July 14" 2018) are also
indicated in (a)-(c).
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11.3 Model set-up

11.3.1 Release of emissions

Although WRF-Chem is set-up to emit fire emissions using a plume-rise parameterisation by
default (Freitas, et al., 2007), several studies have found that emissions from fires are released
and remain in the boundary layer (BL). This scheme potentially represents an incorrect vertical
distribution of the emissions (Archer-Nicholls, et al., 2015). Given the size of the Saddleworth
Moor fires (8 km?) and the peak height of flames (4 m), the plume-rise parameterization is
likely to overestimate the injection height of the emissions from the fires. Therefore, we release
100 % of emissions at the surface. Kiely et al. (2019) found that releasing emissions at the
surface for WRF-Chem simulations of Indonesian fires, using a similar model set-up to this
study, increased the average simulated surface PM. s concentration by a factor of 1.34-1.36

compared with injecting 50% at the surface and 50% in the boundary layer.

11.3.2 Anthropogenic Emissions

Anthropogenic emissions are from EDGAR-HTAP2 (Janssens-Maenhout, et al., 2015), a
compilation of different gridded inventories that give global coverage. Emissions include SO,
NOx, CO, NMVOC, NHs, PM1o, PM25, BC and OC. European emissions are from the EMEP-
TNO (MACCII) dataset, which includes all activities except international shipping and
international aviation. All gaps in EDGAR-HTAP?2 are filled with bottom-up emissions from

EDGAR v4.3.
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11.4 Model Evaluation

Assessing model performance at hourly resolution, without scaling FINN fire emissions (no
scaling), the model performs relatively poorly across all sites. Pearson correlation score is
similar to simulations without fire emissions (no fires) (0.35 and 0.32 respectively). RMSE,
NMB and NMAE are also similar to the simulation with no fire emissions (7.56 pg m= and
7.70 ug m3, -0.24 and -0.26, 0.47 and 0.48, respectively). Poor performance of the model is
dominated by sites where fire emissions are not being captured well (see Figure 66). When a
10-times scaling (10x scaling) is applied to FINN emissions over Saddleworth Moor the
correlation is improved (0.37) and NMB is substantially improved (0.16). However, the RMSE
(7.78 pg m®) and NMAE (0.50) worsen since the model over predicts PMzs emissions in in

the early stages of the fire (Figure 66).

The improvement in model performance is also clear in Figure 67. Figure 67 (a-f) indicate
much better agreement between the model and observations with the time-varying scaling
(time-varying scaling) compared to (10x scaling) and no scaling (no scaling). The site averages
are also much better predicted by the model with scaling applied (Figure 67 (c) & (d)). All
model predictions of mean concentrations lie within the 1:0.5 and 0.5:1 range when scaling is

applied (Figure 67 (d)).

11.5 Population Exposure to PM2s

We use population count data for 2015 (NASA Socioeconomic Data and Applications Center
(SEDAC) Center for International Earth Science Information Network (CIESIN), and
Columbia, 2018) to assess population exposure to PMas during the period of the fires (June

23" — June 30%").
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Firstly, we calculate exposure to several PM2s concentration bins in line with the Daily Air
Quality Index (DAQI), used by the UK Government to advise the public on how to reduce the
associated health effects of exposure to pollutants. We use the four bins (Table 13) for PM2s
concentrations and calculate the total number of people exposed to each concentrations bin

each day within the week-long period (June 23™-30" 2018).

Table 13. Daily Air Quality Index (DAQI) bands for PM25s (ug m) and associated behaviour
advised by the UK government to reduce the population’s risk. Concentrations for each
band are also indicated.

DAQI Band Advice

Low Enjoy outdoor activities as normal

(0-35 pg m)

Moderate Adults and children with lung problems and adults with heart problems who

(36-53 pg m=)

High
(54-70 pg m3)

Very High
(>71 pg m3)

experience symptoms should consider reducing strenuous activity, especially
outdoors

Anyone who experience symptoms should consider reducing strenuous
activity, especially outdoors, those at risk should reduce strenuous activities

Everyone should reduce outdoor activity — those with asthma may need to use their

reliever inhaler more

Results indicate PM2.5 concentrations remained within the low DAQI bin between June 23™
and June 25" and on June 29", with no exposure to higher concentrations (Figure 68).
However, during the Saddleworth Moor (June 26" and 27™) and Winter Hill (June 30™) fires
air quality was substantially degraded and many were exposure to the highest DAQI values. A

total of 1 million and 1.7 million people were exposed to PM s concentrations of >36 pg m
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on June 26" and 27", concentrations where the DAQI suggests behaviour alterations to reduce
exposure (see Figure 68). Within this total, 0.2 million and 0.5 million were exposed to the
highest DAQI values (71+ pg m=) and another 0.2 and 0.6 million to high DAQI values (54 —
70 pg m3). During the Winter Hill fires, another 0.06 million were exposed to PM2s above 36
pg m2 on June 29" and 30™. When this is compared to the no fires simulation (Figure 71) it
becomes clear that the degradation in the DAQI seen (Figure 40 (a) and Figure 68) was

dominated by the fires.

To put this into a global context we calculate exceedances of the WHO 24-hour threshold of
25 pug m3. This also allows the impact of the fires on air quality and health to be considered
(Figure 69). Over the week of the fires (June 23" — June 30" 2018) 4.5 million people were
exposed to concentrations above the WHO 24-hour PM2 s safe-limit on at least one day (Figure
40 (b)). This represents 30% of the population being exposed to unhealthy PM2s
concentrations. The total exposure was dominated by the Saddleworth Moor fires on 26™ and
27" June, with 1.5 and 2.6 million people exposed above the WHO limit (Figure 69). Another
0.05 and 0.3 million people were exposed above the limit on the 29" and 30" June. This
indicates exposure above the WHO limit over the week-long period (June 23" and 30™") was
dominated by PMa2s from the fires (note totals may not add up due to rounding). These
exceedances have the potential to have harmful effects on health across the region and put a

large strain on medical services.
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Daily Air Quality Index (DAQI) bands (ug m—3)

Figure 68. Areas of low (0-35 ug m), moderate (36-53 pug m), high (54-70 pg m=) and very
high (>71 pg m=) PM2s, as defined by the Daily Air Quality Index (DAQI). Coloured
numbers correspond to total number of people exposed to each DAQI level on each day.
Saddleworth Moor (SM) and Winter Hill (WH) are indicated by black triangles, while
highly populated urban areas are indicated by black circles and abbreviated in line with
definitions in Figure 65. See Table 13 for more information on the DAQI.
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Exposure to PM5 5 above and below WHO 24-hour safe limit (ug m=3)

Figure 69. Areas where PMy s is above the WHO 24-hour limit of 25 pg m= and total population
exposed to PM2 s below (green) and above (red) this threshold on each day between June
23" and June 30" 2018. Saddleworth Moor (SM) and Winter Hill (WH) are indicated by
black triangles, while highly populated urban areas are indicated by black circles and
abbreviated in line with definitions in Figure 65.
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Figure 70. Daily mean percent increase in PM2s due to fires between June 23 and June 30"

2018. Calculated as, (PMZ'SF;;;S_PMZ'S”“F ires x100), where 10% represents a 10%
2.5 No Fires

increase in PM2s. Saddleworth Moor (SM) and Winter Hill (WH) are indicated by black
triangles, while highly populated urban areas are indicated by black circles and
abbreviated in line with definitions in Figure 65.
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Figure 71. Areas of low (0-35 pug m), moderate (36-53 pg m=), high (54-70 pg m) and very
high (>71 pg m) PM25 as defined by the Daily Air Quality Index (DAQI) in the no fires
simulation. Saddleworth Moor (SM) and Winter Hill (WH) are indicated by black
triangles, while highly populated urban areas are indicated by black circles and
abbreviated in line with definitions in Figure 38. See Table 13 for more information on
the DAQI.

Figure 70 can be used to further understand why the DAQI and WHO thresholds were exceeded
during the week-long period. There are large increases in PM2 s across the same regions where
the concentrations thresholds were exceeded (Figure 68, Figure 69 and Figure 70). On 26™
and 27" June the daily mean increase in PM. s reaches >1000% and >1800%, respectively over
the fire source. This decreases steeply with distance from the fire sources but over Manchester
and Bolton PM2s increases of between 100-850% are observed and increases of 100% are
observed as far west as the Irish Sea. During the Winter Hill fires (29" and 30" September)

increases in PMas concentrations are also increased by 100% over a large region including

Wigan, Bolton and Manchester and >300% over Southport.

378



We also use this dataset to calculate the health impact of the fires due to short-term exposure
to PM2s. The impact is dependent upon several factors including the assumed safe level of
exposure to PMzs below which no negative impacts of health would occur, known as the
theoretical minimum risk exposure level (TMREL). We present the findings of a 0 pg m limit
in the main manuscript since there is little evidence to suggest a safe-level of exposure.
However, we also explored the impact of the TMREL (referred to as Xo in the manuscript) on
our results using the lower (2.4 ug m=) and upper (5.9 pg m=) limits from the global burden

of disease 2015 study (GBD Collaborators 2015, 2017) in Table 14.

The results indicate that the mean number of deaths brought forward between June 23rd-30th
are a factor 2.5 (0.91 vs 0.37), 6.3 (0.63 vs 0.10) higher for the Fires ON and OFF simulations
for a TMREL of 0.0 pg m compared to TMREL of 5.9 pug m . Despite the differences in total
excess mortality calculated using the different thresholds, the number of mortalities due to the
fires (i.e. Fires ON — Fires OFF) is the same for all three thresholds. Alongside this, both the
mean and the maximum increase in mortality due to fires (mortality increase Fires ON — Fires
OFF) are similar for all three threshold values (~1.07 excess deaths per day and ~3.85 excess
deaths per day, respectively). This is likely due to the population being exposed to
concentrations much above the TMRELS used (i.e. PM concentrations due to fires were much
above 2.4 or 5.9 ug m?), leading to the TMREL used having little effect on the results.
However, the percentage increase in mortalities and the percentage of mortalities due to fires
both vary substantially depending on the TMREL used as a result of the decreased excess
mortality in the no fires simulation when using a TMREL of 2.4 and 5.9 pg m3, compared with
0.0 pg m™. For the 2.4 and 5.9 pug m thresholds the mean increase in excess mortalities is 60.9

and 260.3% (compared with 39.5% for 0.0 ug m-3). The percentage of mortalities attributable
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to the fires is also higher for the 2.4 and 5.9 pg m= limits at 28.7 and 61.3% (compared to

22.2% for 0.0 pg m3).
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Table 14. Sensitivity of short-term exposure excess mortality results between 23" and 30" June on theoretical minimum risk exposure level
(TMREL) used. Lower confidence level (Icl), medium confidence level (mcl) and upper confidence levels (ucl) are indicated, based on the
95% confidence intervals of the exposure response function.

Safe threshold mean mortality (Fires mean mortality (Fires mean mortality (Fires mortality % mortality - % mortalities from
value used ON) OFF) ONLY) increase  (Fires increase (Em Fires fires
(Xo) ON-Fires OFF) ON Em Fires
OFF/ Em Fires (Em Fires ON-Em
ON)*100 Fires OFF/Em
Fires OFF)*100
95% ClI Icl mcl ucl Icl mcl ucl Icl mcl ucl mean max mean max mean max
0.0 1.77 3.53 5.26 1.22 2.45 3.67 0.55 1.08 1.59 1.07 3.84 39.5 148.5 22.2 59.8
2.4 1.33 2.65 3.95 0.79 1.57 2.36 0.54 1.08 1.59 1.07 3.85 60.9 225.6 28.7 69.3
5.9 0.73 1.44 2.14 0.20 0.40 0.60 0.53 1.04 1.61 1.04 3.86 260.3 922.1 61.3 100.0
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11.6 Economic Cost of the fires

The economic cost of the fires is calculated using the Department for Transport (DfT) ‘Value
of Prevented Fatality’ (VPF) estimate. We choose this estimate over estimates from other UK
based studies (Table 15 (a)) because it is widely used across different government sectors to
value the economic impact of mortality. The DfT estimate also lies within the range of values

found in other studies (see Table 15 (a)).

The Dft VPF is comprised of three parts: the ‘Willingness to Pay’ (WtP) component, medical
costs and gross lost output. WtP considers what an individual would be willing to pay to reduce
the risk of being killed or injured. The estimated WtP value uses a contingent valuation
approach, based on a survey by Carthy et al. (1998), in which 167 respondents were asked how
much they would be willing to pay to reduce the risk of death or injury. The gross lost output
is estimated using the human capital approach, this places a monetary value on loss of health
based on the loss of economic productivity due to mortality. Finally, medical costs are
estimated using the average cost of a fatality in 1984/1985 based on data provided by the
Department of Health for ambulance and hospital treatment. These were scaled to 2008 values

by the DfT.

There are clear limitations within the DfT VPF method to estimate the economic value of
prevented fatality and these should be considered within the total £5.5 M estimate. Firstly, the
WIP survey sample is small and so this reduces the representativeness of the final estimate for
the entire UK population. The small sample size is due to the high money and time cost of
carrying out lengthy one-to-one interviews with respondents to ensure they are able to answer
in a way that reflects their preferences fairly. Since the WtP survey was carried out over a long

period, up to 2 years in some cases, using a large amount of evidence to support estimates we
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can have some confidence that estimates are reasonable. However, within this study we
introduce some uncertainty into the results by scaling 2008 estimates to 2018 using inflation
from the Bank of England. This assumes that underlying values remain applicable over time,
which may or may not be true and so this should be kept in mind when interpreting the

economic cost results.
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Table 15. a) Previous studies estimating the

Value of Prevented Fatality in the UK and

government estimates across the world. The value used for this study from the
Department for Transport, UK is highlighted in grey. b) Detailed values of VPF used to
calculate cost of mortality during fires — these values were multiplied by the excess
mortality from PMas from fires (i.e. PM2s Fires — PM2s No Fires). Values are taken from
Viscusi et al. (2003) and Deolitte (2009).

a) Study Sample / Approach Value of Value of Statistical Life
Statistical in £ M in 2018 (2000
Lifein £ M values scaled to
in 2000 inflation)
(converted
to GBP)
Marin and = General Household Survey 2.8 4.6
Psacharapoulos (1982)
Human Capital
Siebert and Wei (1994) | General Household Survey 6.2-7.6 10.3-12.6
Human Capital
Sandy and  Elliott Social change and Economic Life 3.4 —45.9 56-744
(1996) Initiative Survey
Human Capital
Arabsheibani and Marin = General Household Survey 13.2 21.8
(2000)
Human Capital
Sandy et al. (2001) Social change and Economic Life 3.8-49.0 6.3-81
Initiative Survey
Human Capital
Government Reports ~ Sample / Approach Value of Value of Statistical Life
Statistical in £ M in 2018 (2008
Lifein £ M values scaled to
in inflation)
2008/2002
(converted
to GBP)
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Department for
Transport, UK

Willingness to Pay Survey

European Commission

Contingent Valuation & Human
Capital

Willingness to Pay Survey

1.9 (2008) 2.5

Contingent Valuation

0.9(2002) 1.4

US VPF

Willingness to Pay Survey

Contingent Valuation

3.1(2008) 4.1

b) Department for Transport, 2008 £ 2018 £
UK

Total VPF 1,876,830 2,469,513
Human Cost 1,232,800 1,622,105
Medical 6,310 8,303
Lost Output 624,190 821,303
Other costs 13,540 17,816
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Table 16. (a) Number of hours within each DAQI bin (0-24, 24-48, 48-71, 71+ pug m) in 2018
(2018/01/01-2018/12/31), simulation period (2018/06/16 — 2018/07/14) and fire period
(2018/06/23 — 2018/06/30). (b) Percentage of total annual hourly DAQI occurrences that
occurred within the simulation or fire period (i.e. for 0-24 pug m bin: simulation period
(5471/65870*100) and fires period (1375/65870*100)).

a) Hourly Daily Air Quality Index (DAQI) occurrences

2018 Simulation period Fire Period

(2018-01-01 to 2018-12-31) (2018-06-16 to 2018- 07-14) J (2018-06-23 to 2018-06-30)

0-24 24-48 0-24 | 24- 0-24 | 24- 71+
48 48

AURN Site
Blackpool 6847 270 621 5 - - 168 - - -
Marton
Leeds Centre | 7442 669 57 9 633 6 - - 163 - - -
Liverpool 8009 282 6 5 664 8 - - 164 4 - -
Speke

Manchester § 7462 567 55 26 575 64 14 11 123 25 11 8
Piccadilly

Preston 8004 | 319 26 6 625 7 - - 167 1 - -
Salford 6935 | 332 23 13 472 35 3 10 132 23 3 10
Eccles

Warrington J 7368 382 19 4 634 24 - - 158 7 - -
Wigan 6239 | 455 33 12 587 43 5 7 139 14 5 7
Centre

Wirral 7564 | 407 17 5 660 9 - - 161 6 - -
Tranmere

Total hours 65870 3683 @ 259 86 J5471 201 22 28 1375 80 19 25
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b) Percentage of Annual DAQI hourly occurrences within simulation
periods (%)

AURN Site Simulation period Fire Period

(2018-06-16 to 2018- 07-14) (2018-06-23 to 2018-06-30)

0-24 | 24-48 0-24 | 24-48 71+
Blackpool Marton 9.1 19 - - 25 - - -
Leeds Centre 8.9 0.9 - - 2.2 0.7 - -
Liverpool Speke 8.3 2.8 - - 2.0 1.4 - -
Manchester Piccadilly 7.7 11.3 25 42 1.6 4.4 20 31
Preston 7.8 2.2 - - 21 0.3 - -
Salford Eccles 6.8 10.5 13.0 76.9 1.9 6.9 13.0 76.9
Warrington 8.6 6.3 - - 2.1 1.8 - -
Wigan Centre 94 9.5 15.2 58.3 2.2 3.1 15.2 58.3
Wirral Tranmere 8.7 2.2 - - 21 15 - -
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12.1 Fire Emissions

the
Air

FINN near real-time (NRT) emissions for 2019 and 2020 are used within the WRF-Chem

model simulations since FINNv1.5 emissions were not yet available during the time the model

simulations were run. In order to evaluate FINN NRT emissions, we compare the relationship

between the annual total PM2 s emissions and annual total MODIS fire hotspots in 2018, 2019

and 2020 to the relationship in previous years (2010-2017) (Figure 72). Data for 2019 indicate
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that PM2 s emissions per fire hotspot were much higher than previous years (Figure 72). This
is likely due to the high levels of dry fuel availability during 2019 (van Oldenborgh, et al.,
2020). Following completion of the model simulations, FINNv1.5 emissions became available
for 2019 meaning FINNv1.5 and FINN NRT annual PM. s emission totals for 2018 and 2019
could be directly compared. Generally, FINN v1.5 and NRT PMas emissions are in good
agreement for 2018, while for 2019 FINN NRT PMo2s emissions (~1 Tg) are slightly higher
than FINNv1.5 PM_s emissions (~0.9 Tg) (Figure 72). However, the magnitude of difference
between the FINN emission datasets is small given that there is such a large range in PMzs

emission estimates between the five key fire emissions datasets (~1 to >7.5 Tg) (Figure 73).
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Figure 72. Comparison of FINNv1.5 and FINN near-real time (NRT). 2010-2019 FINNv1.5
PM25 emissions (red) and 2018-2020 FINN near real time (NRT) PM2s emissions are
plotted against MODIS hotspots. The linear fit for 2010-2019 FINNv1.5 is shown in blue.
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Average Annual Fire Emissians (2019-2019)

8 BN GFEDv4s
mememememe

Figure 73. Annual fire PM2s emission estimates for Australia in 2019. The five key fire
emissions datasets are shown: GFED, FINN, GFAS, QFED and FEER (Liu, et al., 2020).

12.2 Model Evaluation

Daily mean PM s concentrations from ground-based observational sites across Victoria, New
South Wales, Queensland and Australian Capital Territory were used to evaluate model
performance between September 1% and January 31%. The locations of sites used are indicated

in Figure 74.
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Figure 74. Ground-based

concentrations.

observational

25 - MAYFIELD

26 - MUSWELLBROOK
27 - NARRABRI

28 - NEWCASTLE

29 - OAKDALE

30 - ORANGE

31 - PARRAMATTA NORTH
32 - PORT MACQUARIE
33 - PROSPECT

34 - RANDWICK

35 - RICHMOND

36 - ROUSE HILL

37 - ROZELLE

38 - SINGLETON

39 - ST MARYS
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sites used in model

45 - WOLLONGONG
46 - WYONG

47 - Churchill

48 - Footscray

49 - Geelong South
50 - Melbourne CBD
51 - Moe

52 - Morwell East
53 - Morwell South
54 - Traralgon

55 - Blackwater

56 - Boat Creek

57 - Boyne Island
58 - Cannon Hill

59 - Clinton

evaluation

65 - North Ward

66 - Rocklea

67 - South Brisbane
68 - South Gladstone
69 - Southport

70 - Springwood

71 - Targinie

72 - Upper Humbug
73 - West Mackay
74 - Woolloongabba
75 - Wynnum

76 - Wynnum West
77 - Civic

78 - Florey

79 - Monash

of daily mean PMpas



The performance of model simulations was compared with observations (Figure 75). Two
options were tested for nudging. Firstly, potential temperature, the horizontal and vertical
winds and the water vapour mixing ratio (all meteorological variables) were nudged above the
boundary layer and only horizontal and vertical winds were nudged within the boundary layer,
using the 6-hourly ERAS reanalysis (fires, no fires, plume_rise and scaled_1.5). Secondly,
nudging was performed for all meteorological variables in all vertical levels using the 6-hourly
ERAS reanalysis (nudged BL_fires, nudged BL_no_fires and nudged BL_scaled). In both
cases, meteorology was re-initialised every two weeks using meteorological boundary
conditions in order to minimise model drift. Nudging for all meteorological variables in all
vertical levels improved simulated PM2s concentrations by reducing the Root Mean Square
Error (RMSE), Normalised Mean Absolute Error (NMAE) and Normalised Mean Bias (NMB)
([fires] r = 0.42, RMSE = 24.1 ug m3, NMB = -0.49, NMAE = 0.74 compared with
[nudged_BL_fires] r = 0.39, RMSE =22.9 ug m3, NMB = -0.17, NMAE = 0.72) (Table 17).
Alongside this, two fire emission release options were tested, releasing emissions evenly
distributed through the boundary layer [fires, nudged_BL _fires] and releasing emissions using
the plume-rise module [plume_rise]. When the fires and plume_rise simulations are compared,
results indicate that there is little sensitivity to the emission release option chosen ([fires] r =
0.42, RMSE = 24.1 ug m=3, NMB = -0.49, NMAE = 0.74 compared with [plume_rise] r=0.41,
RMSE = 24.2 ug m3, NMB = -0.51, NMAE = 0.75) (Table 17). Evenly distributed emissions
throughout the boundary layer was therefore chosen as the emissions release option to use.
Finally, scaling FINN emissions over the model domain was also performed, since FINN

emissions lie at the low-end of emission dataset estimates (Figure 73). FINN emissions for
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October 1% to January 31°% were scaled by 1.5 in order to match the annual total for GFED.
When nudging in the boundary layer was not performed (scaled 1.5, this led to improved
correlation with observations ([scaled_1.5] r =0.41) but a slightly worse RMSE, NMB and
NMAE (Table 17). However, when scaled emissions were used for the simulation with nudging
in the boundary layer (nudged BL _1.5), although correlation decreased slightly
([nudged_BL_1.5] r =0.41) and RMSE and NMAE were worse, the NMB decreased
substantially ([nudged BL_1.5] NMB =-0.03) (Table 17). Overall, scaling led to
overestimating peak PMazs concentrations observed during the fires. As a result, the

nudged BL _fires and nudged BL_no_fires were chosen to carry out the analysis with.
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Figure 75. Comparison of PMzs concentrations from model sensitivity simulations with PMas

observations from 80 observational sites across eastern-Australia. The fires, no_fires,
plume_rise and scaled_1.5 simulations, in which all meteorological variables above the BL
were nudged, while within the BL only horizontal and vertical winds were nudged. In the fires
and scaled 1.5 simulations fire emissions were released evenly through the BL, while in
plume_rise the plume rise module was used. The fires and plume_rise simulations used FINN
NRT emissions and in the scaled 1.5 simulation these emissions were scaled by 1.5 in
Australia. In the nudged_BL, nudged_BL_no_fires and nudged_BL_scaled 1.5 simulations
nudging was performed for all vertical levels and all meteorological variables. The
nudged BL and nudged BL_1.5 simulations used FINN NRT emissions and in the
nudged_BL_1.5 simulation these emissions were scaled by 1.5 in Australia and fire emissions
were released evenly through the BL. In both the no_fires and nudged BL_no_fires
simulations no fire emissions were released.

397




Table 17. Model evaluation statistics for each of the WRF-Chem simulations for daily mean
PM_ . Statistics shown are the mean value of Pearson correlation coefficient (r), root
mean squared error (RMSE), normalised mean bias (NMB), and normalised mean
absolute error (NMAE) at each observational site for the full simulation time period
(September 1%t 2019 to January 31% 2020). Simulations shown are: fires, no_fires,
plume_rise and scaled_1.5 simulations, in which all meteorological variables were
nudged above the BL, while within the BL only horizontal and vertical winds were
nudged. In the fires and scaled_1.5 simulations fire emissions were released evenly
through the BL, while in plume_rise the plume rise module was used. The fires and
plume_rise simulations used FINN NRT emissions and in the scaled_1.5 simulation these
emissions were scaled by 1.5 in Australia. In the nudged_BL, nudged BL_no_fires and
nudged_BL_1.5 simulations nudging was performed for all vertical levels and all
meteorological variables. The nudged BL and nudged BL 1.5 simulations used FINN
NRT emissions and in the nudged_BL _1.5 simulation these emissions were scaled by 1.5
in Australia, in both cases fire emissions were released evenly through the BL. In both
the no_fires and nudged_BL_no_fires simulations no fire emissions were released.
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Simulation RMSE (ug m*) NMB NMAE
Fires 0.42 24.1 -0.49 0.74
No_fires 0.19 26.5 -0.75 0.82
Plume_rise 0.41 24.2 -0.51 0.75
Scaled_1.5 0.37 25.1 -0.49 0.78
Nudged_BL_fires 0.39 22.9 -0.17 0.72
Nudged BL _no_fires 0.14 25.3 -0.45 0.77
Nudged BL_1.5 0.41 24.3 -0.03 0.76
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Figure 76. Comparison of daily mean PM2 s concentrations from model sensitivity simulations with PM2 s observations from 80 observational sites
across eastern-Australia. Observations are shown in black, nudged_BL _fires in magenta and nudged_BL_no_fires in cyan for each site.

Evaluating the performance of the model simulations by comparing the nudged BL fires and nudged BL_no fires PM2s daily mean
concentrations at each observational site between September 1% and January 31% indicates that the model performs relatively well. Generally, the
model replicates the observed PM. s concentrations well, though with a negative bias, as was seen across all sites (Table 17). However, it is clear
that the model under predicts observed PM>.s concentrations across some sites, these are all located in NSW and ACT where the most intense fire
occurred (Figure 76). Therefore, it is likely that the model is unable to capture the high concentrations observed by point measurements due to

strong concentration gradients close to the fires that would not be captured at the model resolution (30 km).
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12.3 Monthly Mean PM2 s concentrations

October

Melbourne

1 2 5 10 20 30 40 50 75 100 150 200
PM, s Concentration (ug m=3)

Figure 77. Monthly mean modelled PM2s concentrations across eastern-
Australia from the fires (nudged_BL _fires) simulation. Monthly mean
observations are over plotted.
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Figure 78. Monthly mean percentage of PM2s attributable to fires, calculated as
using the nudged_BL_fires and nudged BL_no_fires simulations.

PM; 5 fires_PMz.S no fires

PM;3 5 fires

Monthly mean PM2 s concentrations from the nudged_BL_fires simulation are also over

plotted in contours for reference.
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Figure 79. Monthly mean percentage increase in PMys attributable to fires, calculated as
PM2s pires PMasno fires \6ing the nudged_BL_fires and nudged_BL_no_fires simulations.

PM3 570 fires
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12.4 Population Exposure
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Figure 80. Daily population exposure to Air Quality Index Values across eastern-Australia between
September 1% and January 31% in the nudged_BL_no_fires simulation. More information on how the
AQI is calculated in Table 25.
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Table 18. Monthly population exposure to PM2s AQI values in the nudged BL_fires

simulation (calculated as the monthly mean of daily sum population exposure). More

information on how the AQI is calculated in Table 25.

AQI September  October November December January
V. Good 20.7m 10.2m 89m 8.4m 57m
Good 726,000 9.6m 8.6 m 9.0m 12m
Fair 13,400 21m 2.4m 3.8m 3.2m
Poor 5891 298,000 11m 746,000 787,000
V. Poor 41 12,100 255,000 80,000 253,000
Hazardous 0O 93 122,000 109,000 238,000

405



Table 19. Monthly population exposure to PM2s AQI values in the nudged_BL_no_fires
simulation (calculated as the monthly mean of daily sum population exposure). More
information on how the AQI is calculated in Table 25.

AQI September  October November December January
V. Good 20.7m 10.8 m 122 m 11.5m 7.8m
Good 726,000 9.3m 7.8m 7.7m 11.1m
Fair 13,000 1.9m 1.2m 25m 2.3m
Poor 6,000 164,000 273,000 508,000 652,000
V. Poor 41 9,000 6,500 530 147,000
Hazardous 0 0 0 0 130,000
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Table 20. Monthly population exposure to PM2s AQI in cities (calculated as the monthly mean
of daily sum population exposure). More information on how the AQI is calculated in
Table 25.
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Brisbane

AQI September | October November December January
V. Good 35m 1.3m 728,000 Im 14m
Good 150,000 21m 2.2m 2.5m 2m
Fair 0 250,000 561,000 261,000 342,000
Poor 0 93,000 161,000 5,300 2,000
V. Poor 0 0 904 144 205
Hazardous 0O 0 0 0 0
Sydney
AQI September | October November December January
V. Good 6.2m 28m 1.1m 155,000 1.3m
Good 83,000 29m 2.7m 980,000 29m
Fair 1,050 731,000 900,000 1.8m 14m
Poor 0 49,000 112,000 16m 615,000
V. Poor 0 0 86,000 582,000 204,000
Hazardous ' 0 0 10,000 1.4m 6,400
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Newcastle-Maitland

AQI September | October November December January
V. Good 54m 34m 34m 1.4 m 25m
Good 39,000 14m 1.1m 1.8m 19m
Fair 145 677,000 578,000 719,000 677,000
Poor 0 162,000 235,000 769,000 272,000
V. Poor 0 58,000 170,000 463,000 210,000
Hazardous 0 0 2,500 418,000 33,000
Canberra-Queanbeyan

AQI September | October November December January
V. Good 629,000 510,000 514,000 162,000 155,000
Good 2,000 129,000 88,000 131,000 121,000
Fair 0 12,900 13,000 122,000 92,000
Poor 0 896 15,000 84,000 85,000
V. Poor 0 0 1,100 63,000 69,000
Hazardous 0O 0 174 90,000 132,000
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Melbourne

AQI September | October November December January
V. Good 52m 1.8m 1m 1.1m 25m
Good 1.2m 2.6m 3.5m 29m 21m
Fair 1,500 1.7m 994,000 1.6m 1m
Poor 0 468,000 905,000 11m 352,000
V. Poor 0 0 59,000 0 37,000
Hazardous 0 0 0 0 590,000
Adelaide
AQI September | October November December January
V. Good 12m 424,000 530,000 495,000 910,000
Good 408,000 920,000 669,000 811,000 631,000
Fair 3,300 302,000 311,000 298,000 67,000
Poor 0 10,000 92,000 53,000 47,000
V. Poor 0 0 0 0 781
Hazardous 0 0 0 0 14
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Table 21. Mean and maximum (September 1% — January 31%) population-weighted PM2.s
concentrations for states and cities in eastern-Australia.

Mean Population- Maximum population-
State weighted PM2s (ug m3)  weighted PM2s (ug m)
Borchers Borchers
Arriagada et Arriagada et
This Study  al. (2020) This Study al. (2020)
Australian Capital Territory  14.1 113.1 155.1 920.1
New South Wales 134 21.5 53.4 80.9
Queensland 9.7 18.9 22.9 87.2
Victoria 9.1 26.9 81.8 270.6
All domain 11.6 23.7 58.3 98.5
Mean Population- Maximum population-
_ weighted PM2s (ug m3)
City weighted PM2s (ug m=)
Brishbane 9.7 26.4
Newcastle Maitland 14.3 48.7
Sydney 13.8 58.4
Canberra-Queanbeyan 14.2 156.2
Melbourne 9.0 80.5
Adelaide 7.0 26.5
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Table 22. 2018 regional all-cause, all-age mortality rates per 100,000 for Australia (Australian
Bureau of Statistics, 2020).

State Mortality Rate
Australian Capital Territory 479.142911
New South Wales 603.286756
Queensland 574.890405
South Australia 736.687279
Tasmania 772.433221
Victoria 543.519059
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12.5 Health Impacts

Table 23. The total number of deaths brought forward between October 1% and January 31%
due to short-term exposure to PM.s in the nudged_BL _fires and nudged BL_no_fires
simulations. Using the subtraction method, the number of deaths brought forward due to
exposure to PM2 s from fires has also been estimated (fires only).

Simulation Deaths brought forward
Fires 624 (95% CI: 229, 1008)
No Fires 444 (95% CI: 155, 714)
Fires Only 180 (95% CI: 74, 294)
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Table 24. The total number of deaths brought forward due to fires (nudged BL_fires-
nudged_BL_no_fires) between October 1% and January 31% due to short-term exposure
to PM2s in each state and the large cities. Note the entire area of the Northern Territory
and South Australia states was not included in the model domain so the total for these
states is not included here.

Region Deaths brought forward
New South Wales 109 (95% CI: 41, 176)
Victoria 35 (95% ClI: 13, 56)
Queensland 24 (95% CI: 15, 41)
Tasmania 2(95%ClI: 1,2)
Australian Capital Territory 9 (95% ClI: 3, 15)

City Deaths brought forward
Brisbane 9 (95% CI: 3, 14)
Newcastle Maitland 6 (95% CI: 2, 10)

Sydney 65 (95% CI: 24, 105)
Canberra Queanbeyan 9 (95% ClI: 4, 15)
Melbourne 23 (95% CI: 9, 38)
Adelaide 2(95% Cl: 1, 3)
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Table 25. Australian Quality Index (AQI) values and description. The 24-hour AQI is
calculated based on the relevant Air National Environment Protection Measure (NEPM)
standard, or advisory standard, for each pollutant using the equation (AQI = air pollutant
concentration/air pollutant standard x 100). The 24-hour standard for PMzs is 25 pg m.

Category AQI Range  Description

Very Good 0-33 Air quality is considered very good, and air pollution poses little
or no risk.

Good 34-66 Air quality is considered good, and air pollution poses little or no
risk.

Fair 67-99 Air quality is acceptable. However, there may be a health concern

for very sensitive people.

Poor 100-149 Air quality is unhealthy for sensitive groups. The general

population is not likely to be affected in this range.

Very Poor 150-199 Air quality is unhealthy, and everyone may begin to experience
health effects. Sensitive people may experience more serious

health effects.

Hazardous 200+ Air quality is very unhealthy. Everyone may experience more

serious health effects.

415



12.6 References
1) Liu, T., Mickley, L.J., Marlier, M.E., DeFries, R.S., Khan, M.F., Latif, M.T., Karambelas, A.,
2020. Diagnosing spatial biases and uncertainties in global fire emissions inventories:
Indonesia as regional case study. Remote Sens. Environ. 237, 111557.

https://doi.org/10.1016/j.rse.2019.111557.

416



