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Abstract. This paper presents the rst version of the buildings' characteristics to comply with the thermal regu-
regional-scale personal exposure model EXPLUME (EXpo-lations will affect personal exposure. We show that exposure
sure to atmospheric PolLUtion ModEling). The model usesto ozone will decrease by as much as 14 % as a result of this
simulated gridded data of outdoos@nd PM:5 concentra-  projection, whereas there is no signi cant impact on expo-
tions and several population and building-related datasets tsure to PM:s.

simulate (1) space—time activity event sequences, (2) the in-
[tration of atmospheric contaminants indoors, and (3) daily
aggregated personal exposure. The model is applied over the

greater Paris region at 2km2km resolution for the en- 1 Introduction

tire year of 2017. Annual averaged population exposure is

discussed. We show that population mobility within the re- Air pollution is the rst environmental health risk with sig-
gion, disregarding pollutant concentrations indoors, has onlyni cant effects on morbidity and mortality (Lim et al., 2012;

a small effect on average daily exposure. By contrast, considWHO, 2013). Despite signi cant improvement in European
ering the in ltration of PM:s in buildings decreases annual air quality over the past decades, in 2017, approximately
average exposure by 11 % (population average). Moreover{7 % of the urban population was still exposed to /M
accounting for PMs exposure during transportation (in ve- concentrations exceeding the WHO air quality guidelines for
hicle, while waiting on subway platforms, and while crossing health (14 % for @) (EEA, 2019). More than half of the mor-
on-road tunnels) increases average population exposure Hility burden attributed to exposure to suspended particles
59%. We show that the spatial distribution of PMand @ of an aerodynamic diameter less than 2.5 ugniPMz:s)
exposure is similar to the concentration maps over the regionn France occurs in cities of more than 100 000 inhabitants
but the exposure scale is very different when accounting fo{Pascal et al., 2016). Several epidemiological studies have
indoor exposure. We model large intra-population variability Shown the adverse health effects of exposure te.RNFor

in PM,.5 exposure as a function of the transportation mode,instance, in France, in 2004-2006, about 3000 deaths per
especially for the upper percentiles of the distribution. Over-year were attributed to levels of P exceeding the WHO

all, 20 % of the population using bicycles or motorcycles is guideline value in nine French urban areas participating in
exposed to annual average RdIconcentrations above the the Aphekom project (Pascal et al., 2013). Previous studies
EU target value (25ugn?), compared to 0% for people have shown that ozone exposure correlates with both mor-
travelling by car. Finally, we develop a 2050 horizon pro- bidity and mortality (Sun et al., 2018; Di et al., 2017).

jection of the building stock to study how changes in the In the majority of these studies, the exposure surrogate as-
sociated with morbidity or mortality metrics is a spatially ag-
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1076 M. Valari et al.: EXPLUME v1.0

gregated pollutant concentration from measurements at difpity in the atmospheric exposure eld. They provide access
ferent sites over the urban agglomeration (Anderson et al.to almost real-time, high-resolution concentration measure-
2004; Bell et al., 2005). The underlying hypothesis here isments (Xie et al., 2017). However, the accuracy of these in-
that exposure is homogenous over the population. For thistruments, their calibration, as well as their high sensitivity
assumption to be valid, these studies are limited to small geoto environmental conditions (e.g. humidity) and human ma-
graphical zones where population density and pollutant confipulation are yet to be addressed before their true potential
centrations are also homogenous (Sarnat et al., 2007). Sevs to be realized (Berchet et al., 2017).
eral shortcomings of this approach have been raised in pre- Pollutant concentration elds simulated with atmospheric
vious studies. On one hand, pollutant concentrations are spalispersion models are another possible input source for ex-
tially heterogeneous, especially within cities where differentposure models. The advantage of this approach is that simu-
emission sources coexist and the presence of buildings imkation data may cover long time periods to support climate
poses barriers to the dispersion of pollutants. For example, atudies or policy applications adjusting for meteorological
Health Effects Institute report states that the zones most imvariability, emissions regulations, and land-use classi cation.
pacted by traf c-related pollution are up to 300-500 m from Gaussian dispersion models have often been coupled with
highways and other major roads, and when calculated fopopulation space—time activity data for use in exposure stud-
large cities in North America, that affects 30 %—45 % of the ies (Dias and Tchepel, 2018; Korek et al., 2015; Batterman
population (HEI, 2010). Intra-urban variability in pollutant etal., 2014; Willers et al., 2013). These models, coupled with
concentration is a principal source of exposure misclassi -regional-scale chemistry—transport models, account simulta-
cation in environmental epidemiology models, leading to er-neously for long-range transport, regional background con-
rors in the evaluation of the health risk (Blair et al., 2007; centrations, and local features such as traf c emissions over
Edwards and Keil, 2017). Furthermore, large variability in the road network (Soares et al., 2014).
population exposure arises from human activity, population Regional-scale chemistry—transport models (CTMs) such
mobility, transport usage, and building characteristics (Geor-as CHIMERE (Mailler et al., 2017) or the Community Multi-
gopoulos et al., 2005). Therefore, to study the health risk orscale Air Quality model (CMAQ; Appel et al., 2014) have
speci ¢ population groups — such as children, elderly people,achieved resolution of 1 km1 km with suf cient accuracy to
asthma patients, or pregnant women (Olsson et al., 2014), dve considered for use in such ne-scale applications (Beev-
the health effects of co-pollutants (Olstrup et al., 2019b, ajers et al., 2013). Statistical, dynamical, or hybrid downscal-
Valari etal., 2011), or the risk associated with living or work- ing techniques such as kriging (Beauchamp et al., 2015)
ing near busy roads (Lipfert and Wyzga, 2008; Miranda et al.,or subgrid-scale parameterizations (Valari and Menut, 2010)
2013) — one has to account for pollutant concentration at discan be applied or coupled to these models to provide concen-
trict level, population dynamics, and exposure indoors andtrations at district level. The use of CTMs instead of high-
during transport (Franklin et al., 2012; Hodas et al., 2012). resolution Gaussian or Lagrangian models in an exposure
To answer this emerging demand, several methods for eszontext has several advantages. The study domain may be
timating personal exposure have been developed. Land-udarge enough to cover an entire region, whereas typical Gaus-
regression models have been largely used to relate concemian or Lagrangian applications cover, at best, the urban ag-
trations measured at monitor sites with concentration estiglomeration. However, a large part of the population moves
mates at different locations across the city (Beelen et al.jn and out of the agglomeration within the day and on a sys-
2013; Cattani et al., 2017; Ryan and LeMasters, 2007). Thentematic basis. Furthermore, the enhanced chemical mecha-
space-time activity data are coupled to concentration dataisms of CTMs compared to the simpli ed chemistry (the
to provide exposure estimates (Vizcaino and Lavalle, 2018 Chapman cycle) in Gaussian or Lagrangian models gives ac-
Xu et al., 2019a). Land-use regression models provide spaeess to re ned information on the chemical speciation and
tial maps where urban features such as roads, buildings, ansize distribution of particulate matter (PM). This information
parks may be distinguished from background concentratioris particularly relevant in the context of health impact as-
levels. But concentration gradients resulting from the regressessment, since the health impact of PM strongly depends on
sion do not account for the dynamical or chemical processeshese properties (Atkinson et al., 2015; Cassee et al., 2013).
taking place at these scales. Portable instruments, based onThis paper presents the rst version of a regional-scale
mass lters or high-accuracy optical methods (reference senmodel for personal exposure tog@nd PM.s. The origi-
sors), have also been used during speci ¢ eld campaigns tonality of the model lies in the development of (i) individual
measure exposure in cars, in subway trains, and on subwagctivity sequences that are de ned geographically in space
platforms, and in residences or other indoor microenviron-and time and (ii) the modelling of seasonal distributions of
mental locations (Hwang and Lee, 2018; Lim et al., 2012;indoor=outdoor ratios by building type and age. This lat-
Morales Betancourt et al., 2019; Williams and Knibbs, 2016; ter feature is unique in personal exposure modelling since,
Xu et al., 2019b). These methods are accurate but restrictetypically, indoor pollutant concentrations rely on measure-
to limited periods and spatial contexts. The availability of ments for a few locations that may not represent the area's
low-cost personal monitors (microsensors) is a new opportubuildings. The model is developed as a post-processing tool
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for the CHIMERE regional-scale CTM and aims to facilitate

health impact assessment. Outdoor pollutant concentrations

are simulated with CHIMERE at 2km2km resolution. The  g; D CiTj: (1)
model selects sample populations that reproduce essential  jp1

demographics at relevant geographical units (communes), ) ] ) ] ] )

namely age, gender, occupation, communes of residence adde™®: Tij IS the time spent in microenvironmentby per-
work, principal modes of transportation, and constructionSON 1 With units in minutes,Cjj is the air-pollutant con-
dates of residence and workplace. Activity event sequenceSentration PErson experiences in microenvironmentin
for each member of the sample are developed by matchingnits of Hams Ei is the integrated exposure for person
the distributions in the simulated population with distribu- | (HgM “min), andm the number of different microenvi-
tions in the Enquéte Globale de Transport (EGT, 2010) studyfonments. In this formulation, concentratioy is averaged
In Itration of outdoor air pollution indoors in dwellings, of- ©OVer the corresponding time peridgl . _

ces, and schools is modelled with the Simulation of air ~ 1h€ general structure of the model with the necessary

RENewal (SIREN) model (Collignan et al., 2012), devel- NPut datasets for the exposure cglculation ?s iIIustrate.d in
oped at the Centre Scienti que et Technique du Batiment':'g; 1. Outdoor poIIuFant concentrations are simulated with a
(CSTB). SIREN is used to develop seasonal distributions of'€dional-scale chemistry—transport model. We use hourly av-
indoor=outdoor ratios for each type of building. For other in- €raged data over a horizontal grid with 2km spacing in both
door locations (cars, buses, subway, and regional trains ant® West—€ast and the south-north directions (Sect. 3.1). In-
trams), we apply indocroutdoor ratios found in the litera- doors_pollutant concentrations (in buildings and dgrlng trans-
ture from previous measurement campaigns conducted in thBortation) are deduced from outdoor concentrations by ap-
region. Adjustments are also applied for speci ¢ activities PIYing indoor=outdoor ratios. The model does not account
such as cycling, walking on busy roads, and waiting on thef_or indoor sources so far. For bwlc_ilngs, indewutdoor ra-
subway platforms, as well as for car journeys that intersectios are ce_llculated _through a ventllatl(_)n model (Sect. _3.2.1).
tunnels or the Boulevard Periphérique (ring road). Space-FOr other indoor microenvironments, indGasutdoor ratios
time activity sequences de ne the geographical coordinater® either taken from previous stydles in the lle-de-France re-
of each member of the population at each minute of the sim910n or calculatgd from existing indoor and outdoor concen-
ulation. Daily averaged personal exposure is calculated fronfration data, as is the case for subway platforms (Sect. 3.2.2).
the products of time spent by a person in different microenvi- 10 obtain activity event sequences that determine the lo-
ronments and the time-averaged pollutant concentrations o&2ation of each member of the simulated population in time,
curring in those locations (Klepeis, 2006). Personal exposurdV€ draw on the 2010 survey “Enquéte globale de transport”

is simulated for the entire year of 2017 over the fle-de-Francd EG T, 2010) conducted by the Direction Régional et Interdé-
region (greater Paris). partemental de I'Equipement et de 'Aménagement d'lle-de-

France. This survey questioned 43 000 individuals and iden-

ti ed 143 000 journeys. Each journey is characterized by the
2 Personal exposure calculation origin and destination points, the motive for travelling, the

duration, and the means of transportation used. The mobil-
The most accurate exposure assessment would rely on regty of the sample population is simulated with a Monte Carlo

time personal monitoring devices af xed to people as they model that matches the simulated data with the EGT (2010)
move within all the locations that are part of their daily rou- gata (Sect. 4).

tines (Klepeis, 2006). In practice, such equipment is too ex-
pensive to af x to large cohorts. Also questions such as the _
calibration of the monitors and the assessment of the uncerd Pollutant concentrations
tainties still need to be tackled before such studies could be ) o
carried out at regional scale. In a modelling framework, dis-3-1 Outdoor Oz and PMz:5 concentration predictions
f;teﬁzrlotﬁztf?jfteégnﬁﬁ‘urggofn;/éfnm etﬂi )czrseec?ﬁsliireodPollutant concentrations are modelled with the CHIMERE

. y pace. ase, e exPorodel (Mailler et al., 2017) at a horizontal resolution of
sure trajectory of the receptor is followed explicitly. This ap- S

. : . 2km 2km. Four-level one-way nesting is used for the

proach has been adapted in cohort studies such as MCB”OZEHIMERE simulation with arids of 60. 20. 7. and 2 km spac-
et al. (2007). As in Klepeis (2006), in the exposure model. 9 o P

) L ing between cells at both west—east and south—north direc-
developed here, receptors are simulated through |nd|V|duaIs[.|0ns_ Overall, 15 vertical layers are used from 998 up to

X O . 00 hPa, with layers becoming thicker with distance from the
of the product of time spent by a person in different microen- : o :
surface level. Meteorological conditions are modelled with

vironments and the time-averaged pollutant concentration%he Weather Research and Forecasting model (WRF; Ska-
occurring in those locations: marock et al., 2008) of ine at the same four-level nesting
grids as for the CHIMERE simulation but with a two-way
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Model input
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I Qutdoor concentrations | | Census data |
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T
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Figure 1. Overview of the EXposure to atmospheric PolLUtion ModEling (EXPLUME) model structure from the input data to the exposure
calculation.

nesting con guration. Global HTAP (Hemispheric Trans- time ozone is slightly overestimated over rural locations; see
port of Atmospheric Pollutants) anthropogenic emissions arg-ig. S1 in the Supplement. In both urban background and ru-
used outside the European continent, European Monitoringal locations, nighttime ozone is largely overestimated. The
and Evaluation Programme (EMEP) emissions for Europemodel keeps bringing ozone at the surface layer from the
outside the lle-de-France region, and nally a 1kndikm stratosphere, and ozone accumulates in the surface layer in
resolution bottom-up emission inventory developed by thethe absence of local NO emissions and dry deposition that
AIRPARIF agency for anthropogenic emissions over the Tle-remove it during daytime.
de-France region. Temporal correlation, on an hourly basis, between simu-
Table 1 summarizes the comparison between the 201Tated and observed P\ concentrations is much better for
simulation against measurements at all the available monitowinter than for summer. Pearson correlation over urban back-
sites of the AIRPARIF air-quality network. Urban monitor- ground sites drops from 0.56 for the winter period to 0.19 for
ing sites are divided into two groups: traf ¢ sites are located summer. The CHIMERE model overestimates Mcon-
on the road network and have a relatively small spatial rep-centrations over urban sites and underestimates them over
resentativeness, whereas urban background stations are ltraf ¢ stations (Table 1 and Fig. S2). Road transport is a ma-
cated away from the road network and their spatial reprejor source of ne particles in urban areas. The 2kr@ km
sentativeness spans over larger areas. Rural monitor sites an@rizontal resolution is insuf cient to reproduce the high
located outside the city and have the largest spatial reprePM..5 concentrations near these sources. Another possible
sentativeness. A good temporal correlation on an hourly bareason for the model's underestimation of Pdviconcen-
sis is observed for ozone, especially for summer periods orrations over traf ¢ stations is a poor representation of sec-
both urban background and rural locations. The correlatiorondary organic aerosol formation near traf c emissions. The
is lower for the winter period. Afternoon ozone concentra- distribution of the above statistics across sites is shown in
tions are underestimated over urban background stations, d5g. S2 in the Supplement. As shown there, the underestima-
also shown in Fig. 2. This is due to the model's horizontal tion of PMy.5 concentrations over traf ¢ sites may be partic-
resolution that is too coarse to spatially resolve the fast NOQularly high.
titration near high-emission sources. On the contrary, day-
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Table 1. Common metrics of statistical performance of the CHIMERE model, namely Pearson correlation, mean bias, and root mean square
error, aggregated over the whole year of 2017, and for summer and winter seasons. Comparisons with traf ¢ background and rural stations
are conducted separately.

O3 hourly (ppb) PM,.5 hourly (ugm 3)

Urban background Rurjl Urban background Trafc

(15 sites) (7 sites (6 sites) (4 sites)

Year/Pearson cor. (non-dim.) 0.74 0.74 0.55 0.57
Year/mean bias 0.06 0.9 2.14 -1.91
Year/RMSE 10.25 9. 11.8 12.7
Summer/Pearson cor. (non-dim.) 0.72 0.75 0.19 0.23
Summer/mean bias 0.79 2.58 0.19 3.48
Summer/RMSE 10.7 10. 5.4 7.3
Winter/Pearson cor. (non-dim.) 0.58 0.62 0.56 0.59
Winter/mean bias 0:73 1.9 0.74 1:35
Winter/RMSE 9.7 9.7 16.8 18.1
: Summer O (urban background) Based on this analysis, for the personal exposure calcu-
N xx XN XX\&X lation, we use simulated background énd PM.5 concen-
o trations from the CHIMERE model grid cell where the ac-
ki li \L\ \ tivity takes place. Over the road network, where we know
. that the 2km 2km CHIMERE model resolution is insuf -
123 45 67 % 3V IRI202122 . . .
Summer PW; & (urban background) cient to reproduce the high PM concentration levels, we
apply correction coef cients to increase modelled concentra-
) \W \Q ! \ tions. This happens in two cases: the Boulevard Periphérique
=y ° u\ U\ ﬁjﬁ (road ring) and inside road tunnels (see Sect. 3.2.2). There-
il fore, no stochastic selection operates for the estimation of
YN 22232 ~ rraasen iq.\fm‘\?N};‘&(@:{:ﬁi&i’u}\j&“ ¥ outdoor pollutant concentrations.
rig“‘\ \ﬁ XX \ﬁ \m Xx 3.2 Inltration of outdoor O 3 and PMy.5 indoors
® 0
‘?—_%_N\ 3.2.1 Dwellings, of ces, and schools
=
smm el PRSI R anRmme Indoor pollutant concentration levels depend on indoor

Figure 2. Hourly mean bias of simulated surface Gummer) and sources and on outdoor pollutants entering the building

PMy.5 (summer and winter) concentrations calculated during thethrOngh natural or mechanical ventilation. As air ows
year 2017 over 15 and 6 urban background monitor sites, respedfough the envelope of the building, pollutants react with
tively. the surfaces over which they ow. Therefore, the actual ow

indoors depends on the speci ¢ path that the air ow takes:
permeability of the building shell, natural air entry, or ducts
Globally, we assume that the CHIMERE model at 2km  (Walker and Sherman, 2013). Other sinks of pollutants in-
2km resolution provides reliablezGand PM.s background  door are deposition on the indoor surfaces and chemical re-
concentrations, being able to spatially differentiate the ur-actions with other indoor species. The relationship between
ban agglomeration from peri-urban and remote rural loca-these sources and sinks is expressed in Eg. (2) as in Walker
tions for PMp5 (Fig. 3). The formation of well-structured et al. (2009):
ozone plumes over the rural area is also well representeddc
as shown in Fig. 3a, where a speci ¢ date/hour surface ozoneT D  .PxiQini/ Cxiout -QoutC Q n/Cx;in
concentration map is shown. The model is also capable of i

: i X
reproducing the diurnal cycle of ozone and P4vIPollutant B _ C_x

episodes induced by favourable meteorological conditions kaCxin ) K 'K:hemUCV ' )
are also well-captured by the model, even though a trend to )

underestimate ozone peaks and overestimatgsiMaks is Here,

observed. — Cx:in andCx: ot are the concentrations of pollutaXt

indoors and outdoors, respectively (Lg#t
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Figure 3. Surface @ (a, c)and PM:-5 (b, d) concentrations modelled with the CHIMERE chemistry—transport model. Maps on top show
example of hourly averagedsQoncentratior(a, c) and daily averaged Pk concentratior(b, d) for a speci ¢ hour/date. Maps on the
bottom are annual averaged concentrations.

— Px. is the dimensionless penetration factor for the pol- the air tightness of the building, the ventilation system, and
lutantX through leak pati, i.e. the fraction of the pol-  the proximity to atmospheric pollution sources. Ozone in-
lutant in the in Itration air that passes through the build- door=outdoor (I=0) ratios generally vary between 0.2 and
ing shell or air entrance; 0.7 (Weschler, 2000), while for Pp4, in the absence of in-

, door sources, they vary between 0.5 and 1 (Morawska and
— Qinii, Qou, and Qp are, respectively, the volume- 4 2003).

normalized air ow rates into the building through path 15 account for the variability in #O ratios due to

i, out of the building, and through the heating, venti- a6 factors, we modelled ozone and ne airborne particles
lating, and air-conditioning equipment expressed in air (p,.¢) | =0 ratios with the building ventilation model de-

changes per hour units (B); veloped at the CSTB, called SIREN (Collignan et al., 2012).
— is the removal ef ciency on the heating, ventilating, The d|fferent|a'l equapon (Eq. 2) is reformulated based on
and air-conditioning equipment; t_hree assum_ptlons: (|)_ no mdoor sources fcy@no! PM-5; _
(i) no chemical reactions with other atmospheric contami-
— kg is the indoor deposition loss rate coef cient (; nants indoors; and (iii) initial concentration indoors is null.
, , ) ) ) We conducted simulations for a typical dwelling and of-
— chem is the concentration of theth chemical species  .o/school.

. . 3 .
reacting with thex pollutant (ugm *); To account for the variability of+O ratios due to air tight-

— ki is the second-order rate constant for fheeaction ness a_ln(_JI ventilation systems, we applie_d a classi C'c_ltipn of
(h b the puﬂc_ﬂng stock bgsgd on the construcyop date. This infor-

mation integrates air tightness and ventilation system evolu-

— Sy is the time-varying indoor production rate (ugh; tion based on the national thermal and ventilation regulations
and (ADEME, 2013), the evolution of the building stock as de-

scribed in (INSEE, 2014), and the use of ventilation systems
in French buildings (OQAI, 2006). Table 2 shows the applied

parameterizations for the different usages and construction

different building types and meteorological conditions in dates. The values of air tightness range from Z&int m

; 0 1m 2
cities around the world for ozone (Collignan et al., 2012; (representative of old leaky buildings) to 0.8m *m

: ; »(corresponding to new air-tight constructions). A sensitiv-
Weschler, 2000) and airborne particles (Cyrys et al., 2004,( L
Matson, 2005; Monn, 2001). Results show a strong depen'—ty analysis with the SIREN model showed that theQ ra-

dence on the building usage (residence or of ce/school),t'o for O3 decreases from 0.3 for the leaky building to 0.2

— V is the volume (rA).

Several studies have measured indeoutdoor ratios for
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for the air-tight building and from 1 (air-tight building) to these distributions are shown in Table 3. For public transport,
0.8 (leaky building) for PMs. Based on the INSEE (2014) we distinguish between waiting on the platform and the jour-
data, the percentages of dwellings constructed before 1974ey. For the suburban train (RER), we distinguish between
in the non-thermally rehabilitated and thermally rehabilitatedjourneys inside the subway network in the Paris agglomer-
classes are 25 % and 75 %, respectively. No thermal rehabilation and the rest of the network. For journeys in cars, we
itation is applied in of ces and schools constructed before distinguish between the road network in the Paris agglomer-
1974. The air tightness and ventilation systems for of ces ation, the Boulevard Periphérique (road ring), and the rest of
and schools built after 2012 do not change but the proportiorthe network (rural).
of buildings in this category increases with time. Several studies have shown that pollutant concentrations

Climatological conditions, temperature, pressure, and outimeasured inside tunnels are several times higher than con-
door pollutant concentrations are simulated with atmosphericentrations over the road but outside the tunnel. Orru et al.
models (WRF for meteorology and CHIMERE for ozone and (2015) conducted a study to evaluate the health impact of the
PMy:5 concentrations) at a 44 km? horizontal resolution for ~ exposure to traf ¢ exhaust inside road tunnels. Here, we ap-
a 10-year period from 1991 to 2000. Atmospheric elds are ply a special adjustment for car journeys that cross tunnels.
spatially averaged over the eight departments of the regionWe assume that if the itinerary of an individual intersects a
So, the atmospheric conditions database input for the SIRENyrid cell (2km 2km) containing a tunnel, there is a 20 %
model consists of 10-year period hourly data for the eightprobability that the driver will pass through the tunnel. Due
departments of the lle-de-France region. to lack of actual data, this number is assigned here in an arbi-

For each lle-de-France department, eight SIREN simu-rary manner. Further investigation on traf ¢ data could pro-
lations are conducted (ve for dwellings and three for of- vide a more accurate estimate of this probability. Based on
ces/schools) at a 3 min time step. The penetration factor isthe measurement campaign described in AIRPARIF (2009),
xed to 0.8 through the building shell and 1 through air inlet we assume that the B concentration inside road tunnels
based on the state of the art (Chen and Zhao, 2011; Monns 2 times higher than the outdoor concentration (see also
2001; Stephens et al., 2012; Thatcher et al., 2003). ConSect. 2).
fronting numerical simulations with SIREN and0O ratio PMy.5 concentrations in the subway train tunnels are par-
measurements, the deposition rate was xed to 01 fhe ticularly high, especially for lines with rubber-tired rail-
SIREN model output consists of a decade-long database ofvay vehicles. To keep a record of the air quality in the
I =0 ratios for ozone and P4 at 3 min resolution for each subway platforms, the RATP (Régie Autonome des Trans-
of the eight Tle-de-France departments, for ve construction ports Parisiens) operates measurements on a 24 h basis at
date classes for dwellings and three construction date classé&o metro stations and one RER platform (SQUALES). We
for of ces and schools. This database is further processed taised hourly on-platform measurements of the SQUALES
provide seasonaHO ratios for each pollutant, building type, network and outdoor concentration measurements from the
construction date, and geographical zone as shown in Fig. 4AIRPARIF network for the entire year of 2013 to establish
Indoor=outdoor ratios for the personal exposure calculationa diurnal cycle of the indoaroutdoor ratio inside the sub-
are drawn randomly from the corresponding seasonal distriway platforms (Fig. 5). For the personal exposure calcula-
bution depending on the personal pro le and month. tion, we draw a random value from the hourly distributions

of indoor=outdoor ratios.
3.2.2 Transportation
3.2.3 Otherindoors

Ambient concentrations inside the principal transportation ) , )
modes are deduced from outdoor concentrations by adjusting "€ SIREN model provides indosputdoor ratios for
for indoor=outdoor coef cients taken from a study dedicated 9Wellings, of ces, and schools (Sect. 3.2.1). For other activ-
to evaluating the pollutant levels to which the Tle-de-France!ti€S taking place indoors, such as entertainment and shop-
citizens are exposed while commuting to work and back dur-Ping, we use the same indoooutdoor ratios that SIREN
ing morning and evening rush hours (Delaunayet al., 2012)_pred|cts. for of ces and schools. For the. personal exposure
A signi cant number of contrasting situations is retained; 20 calculation, we draw random values for indewutdoor ra-
routes are chosen implementing the main modes of transporfioS from the seasonal distributions. To decide whether shop-
car, bus, subway, tramway, cycling, and walking. Each routePInd takes place indoors or outdoors, we used statistics from

has been reproduced 30 times (15 round trips). The measurd€ IAURIF (2006) study, following which 14 % of the shop-

ment campaign took place during the winter period of 2007PINg activity in the Tle-de-France region takes place outdoors.
and 2008. Entertainment other than exercise is assumed to always take

To de ne the indooroutdoor ratio for each journey in the place indoors. For exercise activities, we rst chose the type
model. we chose a random number within a uniform distri- Of €xercise activity (IAURIF, 2006) and then whether it takes

bution between the minimum and maximum values obtained?/@c€ indoors or outdoors depending on the speci ¢ activity.
by the study of Delaunayet al. (2012). The extreme values of
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Table 2. Parameterization of the SIREN ventilation model depending on the construction date and the type of building, referring to the
buildings' air tightness and the ventilation system.

Dwelling \ Of ce/school
Air tightness under Ventilation Air tightness under Ventilation
4 Pa depressurization 4 Pa depressurization
Before 1974 not 25mh Im 2 Natural ventilation based 2.5nPh 1m 2 No ventilation system
thermally rehabilitated on the principle of room
ventilated separately
Before 1974 thermally 1.7mPh 1m 2 Natural ventilation based n/a n/a
rehabilitated on the principle of room
ventilated separately
1974-2005 1.7/h Im 2 Cross-ventilation principle 2.0n?h 1m 2 Cross-ventilation prin-
induced by an exhaust me- ciple by separated room
chanical ventilation syste induced by an exhaust
mechanical ventilation
system
2006-2012 1.0fh Im 2 Cross-ventilation principle 1.5mPh 1m 2 Cross-ventilation prin-
induced by an exhaust me- ciple induced by a
chanical ventilation syste double ow mechanical
ventilation system
After 2012 0.6mh Im 2 Cross-ventilation principle n/a n/a

induced by a double ow
mechanical ventilation sys|
tem

n/a — not applicable

4 Population data in the suburbs directly attached to the agglomeration. A third
highly urbanized ring is distinguished before reaching the ru-

The methodological steps to obtain activity event sequencesa| areas at the outskirts of the Tle-de-France region (Fig. 6).

for the sample population are listed here: The size of the sample population is xed at 250 000 indi-

— select the population sample size that statistically re-viduals (2% of the actual population). A sensitivity anal-

produces essential demographics such as population ofSis showed that further increasing this number does not sig-
each administrative unit; ni cantly affect the results of the simulation (not shown). The

) . ] rst module of the model sequence assigns several demo-
— assign attributes to the members of the population suchy aphic attributes to each member of the sample population.

as age, gender, principal occupation, etc.; and These attributes, referred to as exposure factors hereafter, re-
— simulate the mobility of the population by matching the Main unchanged throughout the simulation. The procedure
journeys of EGT (2010). consists of randomly selecting values from a distribution that

. . matches the distribution of each attribute in the actual popu-
The Monte Carlo sam_plmg mthO.d.'S used 1o randornlyIation of each commune. By repeating this process for each
generate a dataset of simulated individuals based on theq;la]ember of the sample population, we are sure to reproduce
steps. the distribution of the exposure factors in the simulated pop-
ulation.
The population is divided in four age groups. Five occupa-

The population data implemented in the model are publiction classes are de ned, and two possible contract types (full
census data published by the INSEE (Institut Nationale deime or part time), corresponding to 9 or 5h working days.

la Statistique et des Etudes Economiques). The current vefPata on the construction date of the building of residence
sion of the model implements datasets for the year 2009. Th@nd work are also implemented to account for the in Itration

administrative unit chosen for the current study is the com-of outdoor pollution indoors. The 10 exposure factors imple-
mune. The ﬂe-de-France region has 1300 communes and @ented in the model are listed below. The different pOSSibIe
population of 11 726 743. The most densely populated comvalues for each model parameter are shown.

munes are located at the outer rings of the Paris agglomera-

tion, followed by a second circle of high population density — Home commune: 1 out of 1300.

4.1 Generation of the sample population
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Figure 4. O3 and PM-5 indoor=outdoor ratios modelled with the SIREN model for dwellings (unitless). The number of occurrences of the
histogram is normalized over the size of the dataset.

Table 3.03 and PM-5 indoor=outdoor ratios for the principal means of transportation.

Waiting \ Journey

O3 PM2s Os PM2:5
Subway 1 1 0 1.7-3.7
Bus 0 SQUALES 0 5.5-8.5
Tram 0 SQUALES 0 5.5-8.5
On foot 0 SQUALES 0 5.5-8.5
Two wheels 0 SQUALES 0 5.5-8.5

Paris intra-muros/outside

RER 0/1 SQUALES/l\ 0/0 3.2-5.4/2.9-3.2

O3 PM2:5

Rural Boulevard Periphérique  Paris agglomeration

Car 0 0.9-2 0.9-2.1 0.9-3.3
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Figure 5. Hourly distributions of indooroutdoor PM.5 ratios for subway platforms issued from in-platform measurements of the
SQUALES network and outdoor measurements of the AIRPARIF network. The blue line is the me@aatio.

Figure 6. Population density at the commune level in the Tle-de-France region (left). Distribution of exposure factors in the sample population
(right). Data source: census 2009 (INSEE).

— Gender: male, female. ferent Tle-de-France department, outside lle-de-France
or abroad.
— Age group< 4, 4-24, 25-64> 64.
) ) ) — Work commune: 1 out of 1300.
— Occupation: day care, pupils/students, active employed,

active unemployed, not active (retired, at home, other). . .
— Means of transportation: no transportation, on foot, two

— Contract: no contract, full time, part time. wheels, car, public transport.

— Work area: same commune as residence, different com- — Construction date of residence: 1974 not rehabili-
mune in the same department, different commune in dif- tated,< 1974 rehabilitated, 1974—2004,2005.
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— Construction date of work place: 1974, 1974-2004, we only know whether the destination commune lies in the
> 2005. same department as the residence or in a different depart-
ment. In this case, we rst de ne the destination department

A certain dependency exists between the exposure factor®ased on data on the interdepartmental ows. Then we com-
For example, the professional occupation strongly dependbine two pieces of information to assign the destination com-
on gender and age. To preserve the subpopulation variabilitynune:
in the sample population, the random sampling of the expo-
sure factors operates on strati ed data, where exposure fac-
tors are supposed to be homogeneous. First, we assigned the
commune of residence and then the other attributes in the fol-
lowing order: gender, age group, principal occupation, and

nally the kind of contract. Once these primary attributes

were assigned, we then proceeded to the selection of the _ e use the information on the destination commune for

other, secondary characteristics. Working area is a function  the journeys in EGT (2010) to assign a degree of attrac-
of the occupation and the commune of residence; the con-  tiveness to the communes of the Tle-de-France region

struction date of the buildings of residence depends on the  for each motive.

commune, the gender, and the age group. For of ces, gen-

eral statistics are provided by Agence de I'Environnement etTo assign the distance of the journey, we distinguish between
de la Maitrise de I'Energie (ADEME) for each Tle-de-France two cases. If the destination lies in a different commune, then

— We use the data on the average distance travelled per
means of transportation. We assume a straight line con-
necting the centroids of the communes. Several possi-
ble destination communes are selected based on the dis-
tance criterion.

department dividing of ces in three age classes. the journey distance is assumed to be equal to the distance
over a straight line connecting the centroids of the two com-
4.2 Modelling the activity sequences munes. If the destination lies within the commune of the cur-

rent location, then a stochastic choice is made for the trav-

The second module of the model compiles 24 h activity eventlled distance. We use statistics for the mean distance trav-
sequences for each member of the sample population. Twelled per transportation means from the residents of the dif-
diaries are compiled for each individual: one for weekdaysferent departments. Depending on the transport mode, we as-
and one for weekends. At each moment in time, people areign a certain range around this average value and scale the
either at home, engaged in an activity, or in transport. Eligi-limits to the commune size (radius of a circle with an area
ble activities are the six motives for transport in the EGT equal to the commune's area) and randomly choose a travel
(2010), namely work, professional affairs, school, market,distance within this range.
recreation, or personal affairs. From this study, we deduce To estimate the duration of the travel, we use two pieces
the number of journeys to take place at each hour in the reef information at subcommunal scale. The rst is the pop-
gion for each of the six aforementioned motives. Wheneverulation density at 1 1 km? resolution. Individuals are dis-
an activity ends, or once every hour if the person is at hometributed over the 1 1 km? resolution grid based on the popu-
the model checks whether the individual is about to move.lation density. The second piece of information is the average
Some restrictions are implemented, because not all individuspeed and ow over the road segments of the traf ¢ network.
als are eligible for all activities. For example, only certain age We assume a straight line linking the centres of the origin and
groups are eligible to go to day care or school, only employeddestination cells of the 1 1 km? grid and search for all grid
people are bound to go to work, etc. Once these restrictionsells that intersect this trajectory. The speed at which the grid
are implemented, people will move in order to match the pro-cell is passed through is assigned stochastically based on the
portions of journeys per motive at each hour. If the person isdistribution of speeds over the road segments within the grid
bound to move, a number of choices are made in the follow-cell. We note here that it would be more accurate to base our
ing order: (i) transportation mode; (ii) destination commune; selection on the ows over each road segment rather than the
(iii) travel distance; (iv) travel time; (v) activity duration (see speed distribution, but the geometry of the problem would
also Fig. 7). For journeys to work and back, the INSEE pro-become too complex. Given the high resolution of the appli-
vides a detailed dataset with the principal modes of transportcation, our insight is that this simpli cation is not bound to
This information is part of the exposure factors assigned inintroduce signi cant errors to the transport model. The dura-
the previous module (Sect. 4.1). The only stochastic choicdion of the travel is then deduced from the distance and speed.
here is for the two-wheel case, which has a 40% and 60% The nal step is to de ne the duration of the activity. For
share between bicycles and motorcycles, respectively (EGTghildren younger than 3 years old, we use statistics on the
2010). For the rest of the journeys, we match the proportiongime spent at day care. In all other cases, we use statistics
of the transportation modes per motive and hour from theat department scale on the time spent by the population per
EGT (2010). activity.

In some cases, the destination commune is known (the per- A further distinction is whether the activity or transporta-
son goes to work, to study, or back home). For other casedjon takes place indoors or outdoors. Certain activities may
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Figure 7. Flow chart of the compilation of activity event sequences.

occur indoors or outdoors based on existing statistics (e.ging outdoor concentrations are weighted by the time spentin
market and recreation). Possible means of transportation areach grid cell to estimate the aggregated exposure. Figure 8
on foot, two wheels (bicycle or motorcycle), car, bus, subway(bottom right) shows the number of people engaged in each
(metro), train (RER), and tramway. For public transporta- of the implemented activities at each hour of the simulation.
tion, we distinguish between waiting time and travel time. Here, time activity is modelled based on available data for the
For tramway, bus, and RER outside Paris, waiting takes placeegion based on questionnaires. Modelling mobility patterns
outdoors. using smartphones with built-in GPS is an emerging trend
Figure 8 shows the results of the transport model. The diin personal exposure assessment (Yu et al., 2019). Combin-
urnal patterns of the mobility of the population per motive ing GPS-derived data on the trajectories of large number of
are well reproduced. The model fails to reach the rush houiindividuals with information from questionnaires on the lo-
peaks, especially the morning peaks for work and school mo<€ations and activities of the population could help overcome
tives. It systematically underestimates the lunch hour peaka large part of the uncertainties relating to the time activity
This is because the model does not implement secondargnodule developed in this study.
journeys, i.e. people leaving the workplace to go for lunch
and then back to work. These remarks become clear when
looking at the total number of journeys (bottom left of Fig. 8), > Results
‘g:fcr; .\(’)err?ésc; Zfilltr;l?)tutrze ?Ocﬁ:&eﬂnshegesé'nn;‘?;fs iE:TSrglngl]h this section, we highlight different possible applications of
the simulation results is that the EGT (201%) ata have beal e eXposure model. Each section looks at a different aspect
. . 3t the model output as examples of its use in applications.
globally well implemented in the transport module.

. - The spatial distribution of exposure over the Tle-de-France
The transport module simulates the mobility of the popu- P b

lation. When individuals reach their destination. thev enaa eregion is discussed in Sect. 5.1, the relative contribution of
aton. When individu . " : : lon, tNEY EN9ag& ach microenvironment in the daily aggregated exposure is
in the activity corresponding to the journey's motive. For ac-

tiviti ther than t | . duration. Activit guanti ed in Sect. 5.2, the variability in exposure patterns
Vities other than fravel, we assign a mean guration. ACUVILY o -\ g subpopulations is studied in Sect. 5.3, and the impact

X . . "5t considering (1) the in Itration of pollutants indoors and
_The amble.nt. concentration at Wh'.Ch people are exposed 0|UIr('2) the mobility of the population is illustrated in Sect. 5.4.
It?zgtitjhnerigt(;\gltl);(ljsvt/?ti ?ﬁg%sﬁﬁ\?ggg rrf:(;:lw;rz?:d r?g'lzlaln'lzinally, in Sect. 5.5, we develop a 2050 horizon projection
where the activity takes place. In the case of travglling the?n t_he buildjng stock of the lle-de-France region and quantify

. . ) . " "its impact in exposure to P and ozone.
model simulates the trajectory of the journey. For car jour-
neys, we use the mean hourly traf c ows on each segments 1 Exposure maps
of the road network to assign probabilities to each road and
assign the route trajectories. The trajectory of the journeyPersonal exposure may be spatially averaged over the com-

may intersect several CHIMERE grid cells. The correspond-munes to provide population exposure maps (Fig. 9). The an-
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Figure 8. Number of journeys per motive ( rst and second rows) and total number of journeys with all motives included (bottom left) at each
hour. The number of individuals engaged in each activity at each hour of the day.

nual averaged exposure to ozone is 3 times higher for the rewf buildings also plays an important role, with older build-
idents of the remote rural areas compared to the exposure ofgs (higher EO ratios) contributing to exposure at higher
the Parisians. NO emitted by cars over the dense road nepollutant levels. Buildings in the Paris agglomeration are in
work in the city of Paris reacts fast withzQo form NO;. general older than buildings outside of the city centre, and
This explains the absence og@ver the urban agglomera- therefore indoor exposure to BMlis higher for the residents
tion. NO, emitted in large amounts over Paris under the in-of Paris.
uence of sunshine and in the presence of volatile organic
compounds forms @downwind, over the rural area (see also 5.2 Exposure in different microenvironments
Fig. 3). We also note that the exposure to ozone is much ) o o ) )
lower than outdoor ozone concentration (30 and 15 ppb forThe relatlye contribution of exposure in different microenvi-
the rural and urban areas, respectively; compare to maps ifPhments in the aggregated daily exposure depends on out-
Fig. 3). This difference is due to the high amount of time doqr.concentratlons,' the mdovaoutdoor'coef cients if the .
people spent indoors, where ozone concentrations are clog¥tivity takes place indoors, and the time spent in the mi-
to zero (see also4O ratios for Q Fig. 4). croenvironment. F_or th_e active population (between 4 and
The traf ¢ network is a large source of PM, which ex- 65 years old), residential exposure accounts for about 75 %
plains why exposure to PM is much higher in the Paris of daily exposure to PMs and a_lmost 80 % of the aggreg.ated
agglomeration than in the rural areas. Exposure te-PM exposure to @ (Fig. 10), re ecting the large amount of time
much closer to concentration levels becaus®Iratios in ~ SPent at home (see also bottom right panel in Fig. 8). Expo-
buildings for PMs are closer to 1 than those fogOAnnual sure at school represents the second largest part of total daily
mean PM.5 concentrations are however lower than annual €XPosure to both pollutants (more than 10 %). Exposure out-
mean PM.s exposure (compare with concentration maps in doors represents a larger part of the .total exposure for people
Fig. 9). Even if indoor PMs sources in buildings are not Petween 24 and 65 years old (working population) than for
yet implemented in the model, and therefore concentration&hildren going to school (4-23 years old). For P4/expo-
in buildings are always lower than outdoor concentrations,SUreé in public, transportation and cars also have signi cant
PM..5 concentrations in cars, subway trains, or on subwaycontributions.
platforms are several times higher than outdoor concentra- )
tions (see Table 3). Even if the time spent in transport is reI-5'3 Exposure of subpopulation groups
atively lower than the time spent inside buildings, concen-
trations there are so high that the daily aggregated exposur
is higher than outdoor concentrations. The construction dat%

Here, we study the impact of several exposure factors on per-
onal exposure. Figure 11 shows the cumulative distribution
f exposure over speci ¢ subpopulations. We identify the
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Figure 9. Annual averaged ®and PM.5 exposure maps. Personal exposure is spatially averaged among the residents of each commune.

dresses. However, these models do not take into account ex-
posure indoors nor population mobility. To provide insight
into the exposure misclassi cation error due to this omission,
we conducted several sensitivity studies. We calculated per-
sonal exposure to P4 with and without accounting for the
mobility of the population and exposure indoors as follows:

— REF: the population stays at home and indoor concen-
trations are the same as outdoors.

— +MOBILITY: the population moves but concentrations

: . I . _ _ indoors are the same as outdoors.
Figure 10.Relative contribution of the different microenvironments

in the aggregated daily exposure depending on the age group. — +INDOORS BUILDINGS: the population stays at
home and indooroutdoor coef cients for buildings are
applied.

two factors that have the largest impact on personal exposure,
namely the mode of transportation and the construction date
of the building of residence. Both factors seem to strongly
affect exposure to Pk and ozone. People travelling by mo-
torcycle or bicycle are exposed to the highest2Nevels, Comparing the REF simulation with +MOBILITY shows
while exposure in cars is the lowest. Overall, 10% of thethat the mobility of the population within the region alone
population using two wheels as a transportation mode is exhas a small negative impact on personal exposure%
posed to PMs levels higher than the 25 ugm EU target  on the median). This may be explained by the fact that peo-
value related to human health. The percentage of the populgple spend most of their time indoors. We note here that
tion exposed to PMs levels above the EU target value drops Shekarrizfard et al. (2016) found an increase in personal ex-
to 5% for people travelling by foot, 3 % for public transport, posure to NG that may be as high a810% in the Mon-

and 1% for people travelling by car. The construction datetreal metropolitan area when population mobility was ac-
of the home building also plays an important role in personalcounted for compared to the simpler set-up where exposure
exposure. For both pollutants, exposure is higher for build-at individual address was considered. This is explained by
ings constructed before 1974. A total of 100 % of the popu-the difference in the air-quality models used in each study:
lation living in buildings constructed after 2005 are exposeda Gaussian dispersion model around each segment of the
to PMy:5 levels below the EU target value, while 5% of the road network for the Shekarrizfard et al. (2016) study com-
population living in constructions before 1974 is exposed topared to a regional-scale CTM in our case. Accounting for

— +INDOORS BUILDINGS & TRANSPORT: the popu-
lation moves and indoaroutdoor coef cients for both
buildings and transportation are applied.

levels above the EU target value. residential exposure in the +INDOORS BUILDINGS simu-
lation strongly affects personal exposurel(l % difference

5.4 Model sensitivity to population mobility and with the REF in the median exposure). Accounting also for

exposure indoors indoors exposure during transportation +INDOORS BUILD-

INGS & TRANSPORT leads to a 4.6 % increase in the me-
Often, epidemiological methods estimate exposure metricglian exposure compared to only accounting for residential
by modelling pollution concentrations at individual ad- exposure (+INDOORS BUILDINGS). Pp% concentrations

Geosci. Model Dev., 13, 1075-1094, 2020 www.geosci-model-dev.net/13/1075/2020/



M. Valari et al.: EXPLUME v1.0 1089

Figure 11.Cumulative distributions of exposure to BM|(a, b)and G; (c, d) for subpopulations distinguished by the transportation nfade
c¢) and construction date of the building where they I{l® d).

of indoor exposure only 2 % of the population is exposed to
PMo>.5 above this threshold (Fig. 12).

5.5 2050 horizon projection of the building stock

Based on data on the evolution of the French building stock
(INSEE, 2014) and the national thermal building regulation
found in the 2013 report of the ADEME (ADEME, 2013), the
CSTB developed a projection for the evolution of the build-
ing stock that is applied here for the 2050 horizon. To comply
with thermal legislations and energy demand, buildings will
tend to be more air tight and ventilation systems more ef -
cient. This evolution in the building stock will also affect air
quality in buildings and therefore human exposure to atmo-
spheric contaminants.
Following this projection, in 2050 dwellings, of ces and
Figure 12. Cumulative distributions of exposure to BMresulting  schools will still fall in the same categories presented in Ta-
for simulations integrating increasing levels of complexity in the ble 2 but the proportions of buildings falling in each category
input data. will change due to demolition, new construction, and thermal
rehabilitation. The projection developed here models the an-

nual rate of change in the building stock as follows:
during transportation are higher than outdoors, whereas con- For dwellings (Eq. 3),

centrations in buildings are always lower than outdoors (no

indoor sources in buildings). These results are comparable _ buildings belonging to the fth class (construction date
to the ndings of Smith et al. (2016), who also estimated > 2012) will increase;

a decrease in personal exposure tooBMn the London

metropolitan area when population mobility and indoor ex-

posure are accounted for. In the REF simulation, 5% of the — buildings belonging to the rst class<(1974 not reha-
population is exposed to concentrations above the EU target  bilitated) will decrease due to demolition and thermal
value of 25 pugm3, while in the complete implementation rehabilitation; and
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Figure 13.Exposure to @ (ugm 3) considering the actual building sto¢) and the 2050 horizon projection of the building st¢bk

— buildings belonging to the second class 1974 reha- 6 Conclusions
bilitated) will increase due to thermal rehabilitation of

buildings in the rst class. We developed a regional-scale model for personal expo-
6 sure to PM-s and &. The model uses simulated outdoor
NB%l D N2, C 0:012 ND. pollutant con_centrat!ons and_ mod_el_s the in ltration qf o_ut-
1 door contaminants indoors in buildings with a ventilation
6 mass-balance model. Three building types are considered:
NISID NG, 001 NG, dwellings, schools, and of ces. It also models population
1 mobility inside the region considering the different possible
6 transportation modes and adjusts for pollutant concentrations
Nggl DNpj; 0015 NG; inside cars, buses, trams, subway trains, and regional trains.
1 A special treatment for concentrations in subway platforms
X5 is applied considering online measurements on the platform
NSS'DNGS,C0:015 N, (3)  and outdoors. An adjustment for ambient concentrations in-
1 side road tunnels is also applied from data from the literature.
For of ces and schools (Eq. 4), The model also uses data from the road traf ¢ network to es-

timate the most probable trajectory for travel, as well as mean
— buildings belonging to the third class (2006—-2012) will travel speed and duration.
increase; and We show that considering the population daily movement
inside the region without accounting for the penetration of
outdoor pollution indoors or indoor concentration during
transportation has a small negative impact on annual aver-
aged personal exposure. This is in contrast with the previous

— buildings belonging to the rst clas<(1974 not reha-
bilitated) will decrease due to demolition.

NISTDNS, 003 N study of Shekarrizfard et al. (2016), who found an increase
1 in exposure to N@in the Montreal metropolitan area when
population mobility is accounted for. However, the two mod-
NES'DNE;C003  NE; (4)  els are not directly comparable since they look at different
1 pollutants at different timescales and use different air-quality

The projection is applied to the Tle-de-France building Models. . .
stock, and we simulate personal exposure to quantify its im- We show that accounting for the penetration of outdoor
pact. Due to new buildings being more air tight with a better Pollution indoors in buildings without considering popula-
control of air renewal using more ef cient ventilation sys- tion movement decreases annual averaged personal exposure
tems, even less ozone penetrates the building shell. The rd2y 11 % for PM:s. This decrease stems only from the build-
sulting reduction in annual average exposure $0i€up to  iNgSs’ envelope acting as barrier to pollution in Itration in-

14% (Fig. 13). The change in annual averagecBMxpo-  doors. When accounting also for population movement, an-
sure is very small (not shown). nual averaged population exposure increases by 5 %, show-

ing the importance of exposure during transportation. Even
if travelling represents only a small portion of time, expo-
sure to PM:5 is too high and increases the daily burden
of exposure. These results are in alignment with the previ-
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ous study of Smith et al. (2016), who also found that per-outdoor concentration elds at higher horizontal resolution
sonal exposure decreases in London when population mowere available from another dispersion model (e.g. Gaus-
bility and exposure indoors are taken into account. The dissian or Lagrangian), the exposure calculation would have run
crepancy in the magnitude of the decreas&{% in their ~ without any modi cation being necessary.
case vs. 7% in ours) may be due to the relatively coarse
resolution of the outdoor concentration elds simulated with
CHIMERE (2km 2km). However, if this resolution is not Code and data availabilityThe source code of the EXPLUME
enough to solve concentration gradients at the proximity ofv1.0 model as well as all necessary input data for the Tle-de-France
local sources such as roads, it is capable to distinguish begion (open source; see the acknowledgements) are available un-
tween urban, suburban, and rural concentrations. Most of thger https://doi.org/10.5281/zenod0.3352713 (Valari and Markakis,
daily movement in the region crosses these boundaries (e.&.mg)'
people living in the suburbs work in Paris,k and vice versa).

We conclude that both in Itration of pollutant indoors and o .

. : . Supplement.The supplement related to this article is available on-
population mov_ement need to be considered to estimate thf?ne at: https://doi.org/10.5194/gmd-13-1075-2020-supplement.
aggregated daily exposure. We note here that, so far, the
model does not implement indoor sources of 2Nh build-
|n.gs. We are aware that P mdqors may k,)e several t|me§ Author contributions.MV coordinated the model development, ran
higher than outdoor concentrations (as is the case during,e cHIMERE and EXPLUME simulations, and wrote the paper.
transport). However, in this version of the model, we werekm did the major work of EXPLUME model development. EP
more interested to see how different building types and charand BC developed and ran the SIREN ventilation model for in-
acteristics affect personal exposure independent of humatdoor/outdoor pollutant concentrations. OP provided data and exper-
activity that would drive indoor sources. The CSTB is work- tise on anthropogenic emission uxes over the Paris area.
ing actively to develop parameterizations accounting for in-
door emission sources of P as well as their resuspension
due to human activity. Competing interestsThe authors declare that they have no con ict

Several applications of the model are presented. We rstof interest.
show the maps of exposure t@ @nd PM.5 over the region.

The spatial distribution of the exposure eld is very similar

to the concentration one, showing the strong correlation 0,AcknowledgementThe authors acknowledge AIRPARIF for devel-

the aggregated exposure to outdoor concentration. HowevePPI"9 and providing the bottom-up anthropogenic emissions inven-

we show that if we focus on speci ¢ subnobulation Arouns tory used in this study. We also acknowledge RATP for maintaining
P pop g P ' the SQUALES network and publishing the data, as well as STIF,

such as people using bicycles or motorcycles systematicallyy ., and DRIEA for rendering public the EGT2010 dataset. Fi-

in their daily journeys, or pe_ople living in houses built F’e' nally, we acknowledge Raphael Lachieze Rey for his valuable help
fore 1974, the upper percentiles of exposure are much highgp the statistical modelling.

than the general population. To study the impact of buildings'

characteristics on personal exposure, we implemented a 2050

horizon projection of the building stock in the Tle-de-France Financial support. This work has received funding from the Eu-
region. Following this projection, older buildings will be de- ropean Union's Horizon 2020 research and innovation programme
molished or rehabilitated to comply with the thermal regula- under grant agreement no. 727816, as well as from ANSES,
tion and newer constructions will have modernized charac-ADEME, BelSPO, UBA, and the Swedish EPA under the ERA-
teristics. The share of people living in the different building ENVHEALTH network grant agreement no. 219337. This work was
categories is modi ed to match this projection and p(_:‘rsonmperformed using HPC resources from GENCI TGCC under grant
exposure is simulated. The 2050 horizon personal exposur@o' A0050110274.

to Oz is decreased by as much as 14 % according to this pro-

jection.

This rst version of the model is parameterized for data
available for greater Paris. However, the input data require
for the simulation are also available in other regions: census
data, construction dates of buildings, and mobility data. We
can therefore imagine that with small adjustments in the for-
ma,t' the model could be applied to other reg'ions. In all app”'ADEME: Les chiffres clés du batiment: énergie-environnement,
cations presented here, outdoor concentration data are simu- tech. Rep. Chiffes clés, Agence de I'Environnement et de la
lated with the CHIMERE model, and therefore the horizontal  maitrise de I'Energie, 2013.
resolution is limited to the order of 1km1km. However,  AIRPARIF: Quelle qualit¢ de I'air en voiture pendant les tra-
this resolution limit is not inherent for the exposure model. If  jets quotidiens domicile-travail, Tech. rep., AIRPARIF, avail-

Review statementThis paper was edited by Christoph Knote and
d'eviewed by two anonymous referees.
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