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A B S T R A C T

The intake fraction (iF) expresses population exposure resulting from pollutant emissions. City-wide iFs esti-
mated using simple one-compartment models, which have been used in a number of previous studies, have
significant uncertainties and do not capture the intra-urban variation in exposure that is important for estimating
health effects associated with traffic-related air pollutants. We present a novel and efficient approach for de-
veloping spatially-resolved iF estimates using dispersion modeling for near-road exposures that accounts for the
spatial and temporal variation in meteorology, emissions and the population living and working near major
roads. Using the new approach, iF estimates are developed for emissions of traffic-related fine particulate matter
(PM2.5) in Lisbon, Portugal, and compared to estimates from a one-compartment model. Both methods use local
meteorological and population data and represent exposures for a total of 2.8 million people. The new method
produces an overall iF value of 16.4 ppm for the Lisbon metropolitan area, over twice that of the one-com-
partment model (8.1 ppm). Most of the exposure (12.0 ppm) occurs for the subset of the population (1.0 million
people) living or working within 500m of highways and major arterials. The iF for the remainder of the po-
pulation (1.8 million people) is only 4.3 ppm. The spatially-resolved iF estimate accounts for high concentration
areas, which can be densely populated, and accounts for much or most of the exposure from traffic-related
emissions. The new method is computationally efficient and can improve estimates of exposure and health
impacts occurring in urban areas, leading to more effective urban and transportation planning decisions to
mitigate impacts.

1. Introduction

Exposure to airborne particulate matter (PM) has been associated
with severe health impacts, including reduced life expectancy, re-
spiratory and cardiovascular morbidity (e.g., aggravation of asthma,
respiratory problems and increased hospital admissions), and cardio-
pulmonary and lung cancer mortality (World Health Organization,
2003, 2013; 2016; Lim et al., 2012). In Europe, over 80% of urban
dwellers are currently exposed to fine particulate matter (PM2.5) con-
centrations above the World Health Organization (WHO) guideline of
10 μg/m3 (Shneider et al., 2014; EEA, 2017), and PM2.5 has been esti-
mated to cause over 300 000 premature deaths annually (Watkiss et al.,
2005; EEA, 2017). Road transportation is one of the main contributions
to PM2.5 in urban areas, and locations near major roads have been as-
sociated with high exposures (Karagulian et al., 2015; Tainio et al.,
2014).

The intake fraction (iF) expresses the fraction of a pollutant emitted
from one or more sources that is inhaled by a defined population
(Bennett et al., 2002; Marshall and Nazaroff, 2006; Stevens et al.,
2007). City-wide iFs have been estimated using one-compartment
models for cities worldwide that exceed 100 000 inhabitants (Stevens
et al., 2007; Apte et al., 2012). These iF estimates can have significant
uncertainty (Marshall et al., 2003; Stevens et al., 2007; Apte et al.,
2012), and they do not account for the spatial (or intra-urban) variation
in concentrations and exposures that may be important for predicting
health impacts (Marshall et al., 2005; Greco et al., 2007a; Tainio et al.,
2014; Lobscheid et al., 2012; Requia, Dalumpines et al., 2017). Such
variation is especially important for traffic-related air pollutants (Greco
et al., 2007a; Tainio et al., 2014). While several studies have explored
the intra-urban spatial variation from specific emission sources (e.g.,
on-road traffic, power generation facilities, domestic combustion;
Heath et al., 2006; Greco et al., 2007a; Greco et al., 2007b; Loh et al.,
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2009; Lobscheid et al., 2012; Tainio et al., 2014; Lamancusa et al.,
2017), these studies have been limited by coarse spatial resolution and,
in cases, they lacked spatially-disaggregated emission data.

This paper presents a novel approach for determining iFs that ac-
count for the intra-urban variation of exposures. Spatially-resolved iF
estimates are derived by combining dispersion modeling and geo-
graphic information systems (GIS) in an efficient and scalable manner
that accounts for the spatial and temporal variation in meteorological
conditions, pollutant emissions and population distributions. We pre-
sent an application for primary PM2.5 road emissions for the Lisbon,
Portugal, metropolitan area. Results are compared with a one-com-
partment model iF estimate and the literature.

2. Background

2.1. Intake fractions for traffic-related air pollution

Several methods have been used to estimate iFs for traffic-related air
pollutants, including one-compartment box models and air quality
dispersion models. One-compartment or “box” models provide a simple
approach that uses just a few parameters to account for key factors
(Marshall et al., 2003; Stevens et al., 2007). Air quality dispersion
models, discussed later, provide a more sophisticated approach that can
predict spatially- and temporally-resolved concentration estimates;
however, these models are complex and require extensive input data,
and computational requirements can be large (Stevens et al., 2007).

2.1.1. City-scale intake fractions using one-compartment models
One-compartment models assume that pollutant emissions are dis-

persed into a single fully-mixed compartment, representing a highly
simplified approach with few data requirements. These models provide
some insight on the influence of several variables affecting population
exposure to non-reactive air pollutants, specifically, the model domain
or area, population, dilution rates (i.e., the product of wind speed and
mixing height), and breathing rates (Stevens et al., 2007). Table 1
summarizes parameters and results in five studies using city-scale ap-
plications of one-compartment models to estimate iFs. In an early study
exploring sensitivity to a wide set of parameters in archetype en-
vironments, the urban area ranged from 100 to 10 000 km2 and popu-
lation from 0.6 to 60 million people, giving dilution rates from 300 to
3000m2/s and iFs from 4.4 to 440 ppm (Lai et al., 2000). A study fo-
cusing on working-age population in Helsinki estimated a iF of only
7 ppm (Loh et al., 2009), largely due to the low population density
(663 km−2) that resulted from the age group selected (22–55 years old,
46% of the metropolitan area population). Other studies have used
population densities from 1712 to 8330 km−2, dilution rates from 270
to 610m2/s, and breathing rates from 13 to 20m3/d (Stevens et al.,
2007; Humbert et al., 2011; Apte et al., 2012). City-specific population
and meteorology for Mexico City gave a very high iF of 120 ppm

(Stevens et al., 2007). In a study covering 3646 cities worldwide, the
population-weighted iF averaged 39 ppm (range of 0.6–260 ppm, and
small, medium and large cities (populations of 0.1–0.6, 0.6–3.0, and
over 3 million inhabitants) had population-weighted average iFs of 15,
35 and 65 ppm, respectively (Apte et al., 2012). Humbert et al. (2011)
separated emission sources by height (ground-level, low- and high-
stack), based on literature-derived data, and estimated an average iF of
26 ppm for an archetypal urban area, about half of that for ground level
sources (44 ppm). To better compare results in the literature, we cal-
culated iFs on a per person basis, referred to as iFpersonal, for the five
studies (Table 1). This metric shows a tighter range (9–22 parts per
trillion, ppt), excluding the parametric sensitivity analysis performed
by Lai et al. (2000).

City-wide iF estimates using one-compartment models have limita-
tions. Estimates strongly depend on the spatial domain selected, e.g.,
increasing the domain size can dilute emissions into a larger volume
and thus lower the iF. Conversely, restricting the domain to high den-
sity land uses can inflate the iF (Lamancusa et al., 2017). Other lim-
itations include a lack of spatial resolution (Stevens et al., 2007; Apte
et al., 2012) and the steady-state assumption (e.g., constant emissions
across the day), which is often applied.

2.1.2. Spatially-resolved intake fraction estimates
Air quality dispersion models allow spatially- and temporally-re-

solved predictions of concentrations, which can be used to estimate iFs
that vary by region, season and emission source. Table 2 summarizes six
prior studies that used dispersion models to consider spatial variability
in iF estimates. In the USA, iFs for mobile source primary and secondary
PM2.5 emissions were estimated for 3080 counties using the Climato-
logical Regional Dispersion Model (CRDM) (Greco et al., 2007b). iF
estimates ranged from 0.12 to 25 ppm (mean of 1.6 ppm); and half of
the total intake occurred within a median distance of 150 km for pri-
mary PM2.5, and within 390–740 km for secondary PM2.5. The authors
concluded that long range dispersion models with coarse spatial re-
solution can be used to evaluate exposure to traffic-related primary
PM2.5 emissions in rural or remote areas and for secondary PM2.5, but
higher resolution is needed for traffic-related primary PM2.5 in dense
urban areas since much of the total intake occurs near the source. In
Boston, Massachusetts, intra-urban variability (due to population dis-
tribution) in iFs for primary PM2.5 road emissions was explored using
the CAL3QHCR short-range dispersion model for populations up to
5 km from the road (Greco et al., 2007a). This analysis assumed the
same emission rates across the 23 398 road segments and obtained a
mean iF of 12 ppm (hourly values from 0.8 to 53 ppm). Regional and
seasonal variations in iFs for primary and secondary PM emissions
across the USA were calculated using source apportionments and the
Comprehensive Air quality Model with Extensions (CAMx) regional air
quality model (Lamancusa et al., 2017). The analysis considered spa-
tially differentiated emissions and population densities to estimate

Table 1
Summary of iF estimates and associated parameters for urban areas using one-compartment steady-state models from five studies. IFpersonal (last column) facilitates
comparison between studies.

Domain Area
(km2)

Width
(km)

Population
(103)

Population density
(km−2)

Breathing rate
(m3/d)

Dilution rate
(m2/s)

iF
(ppm)

iFpersonal
(ppt)

Apte et al. (2012) 3646 cities worldwide 610a 24.7a 4.2a 6885a 14.5a 540a 39a 9.2a

Humbert et al. (2011) Urban area archetype 240 15.5 2.0 8300 13.0 610 44/26b 22.1/13.1b

Loh et al. (2009) Helsinki metro area 745 27.3 0.5c 663 19.9 600 7 14.1
Stevens et al. (2007) Mexico city metro area 5022 71 8.6 1712 20.0 270 120 13.9
Lai et al. (2000) Urban area archetype 100 10 0.6 6000 18.7 300–3000 4.4–44 7.3–73.3
Lai et al. (2000) Urban area archetype 900 30 5.4 6000 18.7 300–3000 13–130 2.4–24.1
Lai et al. (2000) Urban area archetype 10000 100 60.0 6000 18.7 300–3000 44–440 0.7–7.3

a Population weighted mean values.
b Ground level iF/emission-height-weighted iF.
c Working-age population.
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exposures in 25 regions (10 cities with over 60 000 people, 6 smaller
cities with population density over 286 km−2, 3 rural regions with
lower population density and 3 pristine regions in national parks). Over
75% of the intake for urban emissions occurred within 50 km (mean:
22 km) from the source for primary PM2.5.

Two recent studies in Europe developed spatially-resolved iFs. In
Helsinki, an approach combining dispersion modeling and spatial and
temporal information on population activity patterns for a working-age
population (494 000 people) using 100× 100m cells highlighted the
dependence of iFs on population density (Loh et al., 2009). The overall
iF was 10 ppm, between a 7 ppm box model estimate and a 39 ppm
estimate derived using personal monitoring data (n= 129 persons). In
Warsaw, iFs for 3066 emission sources in various source categories,
e.g., mobile, area and point, were estimated using CALPUFF and local
meteorological data (Tainio et al., 2014). Mean emission-weighted iFs
ranged from 0.013 to 51 ppm across the source categories, and 44 ppm
for primary PM2.5 emissions from mobile sources (range from 4 to
100 ppm).

Both the iF studies and the broader literature show that iF estimates
for traffic-related primary PM2.5 emissions are substantially higher in
urban areas, and that a significant share of exposure occurs in the near-
road environment (Greco et al., 2007b; Zhang and Batterman, 2010;
Lamancusa et al., 2017). Consequently, city-wide iF estimates (and
dispersion-based models with coarse resolution) do not represent the
spatial variation in exposure to traffic-related air pollutants, which is
governed by population density, the distribution of emissions, and
meteorological conditions (Marshall and Nazaroff, 2006; Greco et al.,
2007a; Zhang and Batterman, 2010; Lobscheid et al., 2012). These
factors may require site-specific analyses using dispersion or other types
of spatially-resolved models to produce the concentration field, fol-
lowed by the use of GIS to address spatial variations in population
density and other factors that affect exposure (Reyna et al., 2015;
Vienneau et al., 2009). While dispersion models can support health
impact estimates, their application has been limited due to their com-
plexity, time and resource requirements (Milando et al., 2016).

3. Materials and methods

3.1. Study site

The Lisbon metropolitan area (38° 24′ 32″ - 39° 03′ 52″ N, 08° 29′
27″ - 09° 30′ 01″ W) is located on the western coast of Portugal. In
2011, it encompassed 18 municipalities, 211 parishes and 34 937 sta-
tistical subsections (referred to as “census blocks”), with a total popu-
lation of 2 821 876 and an area of 3002 km2 (940 km−2); Lisbon city
had 547 733 people and 85 km2 (6448 km−2) (INE, 2013). Winds occur
mostly from the north and northwest, in particular during the nortada,
which occurs on 45% of summer and spring days, with wind speeds
above 5m/s (Lopes et al., 2013). Meteorological data (NOAA, 2012,
2016) was obtained for the Lisboa/Gago Coutinho station (station re-
ference POM0008579, coordinates 38.7667, −9.1333), which is at the
Lisbon airport, near the city center. Census data used the geographic
coordinate system GCS ETRS 1989 and the projected coordinate system
ETRS 1989 TM06 Portugal (INE, 2013). These coordinate systems were
maintained for all map data in the study (data using other systems was
converted).

3.2. Spatially-resolved intake fraction estimates

Spatially-resolved iF estimates were derived for the metropolitan
Lisbon area by combining several tools and datasets and modeling
emissions, concentrations and the resulting exposures. In brief, traffic
activity, fleet data and emission factor models were used to calculate
road emissions; road configuration and local meteorological data were
used in dispersion modeling to predict concentrations in specific buffers
along roads; and demographic and activity data were used to estimateTa
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population intake. The iF at hour t is:

∑=
× ×

=

iF
P Q C

Et
i

n
i t i t i t

i t1

, , ,

, (1)

where Pi,t=population, Qi,t=breathing rate per person (m3/h),
Ci,t=mean hourly ambient concentration (μg/m3), and Ei,t=road
emissions (μg/h) for hour t and location i. Location i refers to “cells”
that result from the intersection of census tracks and road buffers
(ranging up to 500m from the road network, as described in the next
section). Areas of these cells ranged from 0.22×10−3 m2 to 2.6 km2

(mean: 14 816m2), and they contained from 0 to 865 inhabitants
(mean: 32). To account for the temporal variation in emissions (traffic
activity), meteorological conditions and population activity patterns,
four periods over the day were considered (Brito, 2012; INE, 2001): (1)
night-time (8 p.m.–6 a.m., 10 h), (2) morning commute (6–10 a.m.,
4 h), (3) day-time (10 a.m.–4 p.m., 6 h) and (4) evening commute (4–8
p.m., 4 h). The population, breathing rate, emissions and concentrations
vary for these periods, as described below.

3.2.1. Road network and buffers
The road network modeled for the Lisbon metropolitan area in-

cluded all roads for which there was publicly available traffic data
(IMTT, 2016; TIS-CML, 2015; APA, 2015), which includes freeways and
major arterials. The spatial configuration of the road network was based
on OpenStreetMap© road data (OSM, 2017). A total of 601 km of road
length, broken down into 181 road segments, were represented in the
GIS (see supplementary materials). To calculate near-road exposures,
four (mutually exclusive) buffers were defined on each side of the road's
centerline at distances of 10 to 50, 50 to 100, 100 to 200 and 200
to 500m. At road crossings, buffers were intersected to account for
emissions from the two roads. For areas within 500m of three or more
major roads, only two roads were considered; this applied to few areas.

3.2.2. Road emissions
Road emissions were estimated by combining daily mean traffic

volumes, disaggregated by road segment, with temporal traffic activity
profiles and fleet emission factors. Table 3 summarizes the fleet com-
position, annual travel distance and emissions, by the main vehicle
groups. Daily mean traffic volumes were obtained from public reports
(IMTT, 2016; TIS-CML, 2015; APA, 2015). Simplified hourly temporal
profiles for passenger and commercial traffic activity were developed
(Fig. 1), based on the daily variation of traffic flows in Lisbon (Brito,
2012), resembling profiles developed elsewhere (Batterman, 2015;
Batterman et al., 2015; Roh et al., 2016). Based on annual km-traveled,
passenger vehicles accounted for 73% of the traffic, and commercial
vehicles accounted for 27% (Ntziachristos et al., 2008). Temporal
profiles considered only weekdays, as the day-time population

distribution was based on commuting patterns (Section 3.2.4).
Weekend patterns differ, e.g., the morning commuting period is absent,
and most traffic occurs in the afternoon and evening periods (see sup-
plementary materials).

Emission factors for the 2013 Portuguese fleet (Ntziachristos et al.,
2008) were estimated using the EMEP/EEA Inventory guidebook (EEA,
2016), which provides models for exhaust emissions, gasoline eva-
poration and road tire and brake wear. The tier 3 model implemented in
COPERT 5 software (Ntziachristos et al., 2009) was used to calculate
exhaust and non-exhaust emissions based on technical and fleet activity
data, e.g., vehicle technologies and mileage split. (Tiers 1 and 2 use
simplified models that apply default values for many variables.) Me-
teorological and vehicle speed data are provided in the supplementary
materials.

3.2.3. Near-road exposure concentrations
Ambient concentrations from traffic-related emissions were esti-

mated in each buffer using an efficient dispersion modeling approach.
First, we determined the mean orientation of each road segment using
GIS, which was then classified into one of four directions (north – south,
N-S; east – west, E-W; southwest - northeast, SW-NE; and southeast –
northwest, SE – NW). Then, the Research LINE-source model (RLINE), a
line source model specifically developed for traffic emissions and the
near-road environment (Snyder et al., 2013), was used to calculate
emission-to-concentration (or “transfer”) coefficients for each road di-
rection and distances up to 500m from the road, using a line of re-
ceptors placed perpendicularly to the road segment at 5m intervals
(15–500m from the road) on both sides (196 receptors). The road
segment was modeled as a 3 km long linear source with unit emissions
(1 gm−1 s−1). The receptor height was 2.5m. Concentrations were
predicted using RLINE's numerical calculation option and hourly Lisbon
surface and upper air meteorological data (NOAA, 2012, 2016) pro-
cessed by the AERMET surface meteorological processor (Cimorelli
et al., 2005). A total of 14 954 h of Lisbon meteorological data was
modeled, representing about 85% of the hours in 2001–2002. (This
period was selected based on completeness of the data available; by day
period, data completeness ranged from 78 to 93%.) RLINE predictions
were then averaged in each of four buffers (Section 3.2.1) and divided
by the emission rate to provide the hourly transfer coefficients. The
coefficients were averaged by each day period, segment direction and
buffer distance, resulting in 128 transfer coefficients (4 road direc-
tions× 4 buffers× 2 sides of road× 4 day periods). Lastly, con-
centrations were determined as the product of the road segment emis-
sion rates and the transfer coefficients at the desired location,
considering the distance and direction from the road.

This approach estimates annual average concentrations for areas
within 500m of major roads using only four archetype segments and
geographic data. This approach is computationally efficient, an im-
portant consideration given the number of road segments, receptors
and hours needed to develop long-term estimates in urban areas.
Sensitivity analyses were performed to evaluate how the buffer size, the
road orientation estimate, and the assumed segment length influenced
results.

3.2.4. Background concentration
The RLINE dispersion modeling accounted for emissions on the

larger roads and predicted concentrations to a distance of 500m from
the road. To account for emissions from smaller roads, and for roads
beyond 500m, a one-compartment model was used with the assump-
tion that the “far-field” environment is well-mixed. This provided an
hourly “background” concentration for the metropolitan area, calcu-
lated as:

=C E
Vt

t

t (2)

where Ct=mean hourly concentration (μg/m3) at hour t, Et= total

Table 3
Summary of the national fleet composition and annual travel distance (2013)
(Ntziachristos et al., 2008), and emission factors (modeled).

Stock (103

vehicles)
Fleet annual
travel distance
(106 km)

Emission factors (mg/km)

National
road

Highway

Passenger vehicles 5192 56 512 24 22
Passenger cars 4675 54 553 23 21
Mopeds and
motorcycles

502 1542 29 28

Buses 15 417 145 110
Commercial vehicles 1354 20 818 50 64
Light commercial
vehicles

1219 17 511 43 62

Heavy duty trucks 135 3307 90 75
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road emissions (μg/h) and Vt= ventilation rate (m3/h) for hour t
(Section 3.3). Hourly results were averaged for the four day periods into
a 24-h mean. The background concentration, which is assumed to be
uniform across the modeled domain, “double counted” contributions
from the 3 km segment used to model the near-road concentration at
each buffer, however, this contribution was negligible, less than 1% of
the background estimate. (Mean emission rates of the 3 km segment
ranged from 50 to 338 g/h for night and commuting periods, respec-
tively, while the network total emission rates ranged from 7700 to
47 900 g/h.). Double counting could be eliminated using site-specific
background estimates that removed the emissions from the 3 km seg-
ments modeled using RLINE.

3.2.5. Population distribution
Block-level demographic data was used to map the population dis-

tribution into “cells”, defined as the intersection of census blocks and
buffers (Section 3.2.3). The population in each cell was calculated for
day- and night-time periods to account for workers (many of whom
work in the urban core) and residents (who tend to be more dispersed in
suburban areas). The population of most of the 18 Lisbon area muni-
cipalities decreases during the day (up to 28% depending on munici-
pality), while the Lisbon city population increases (by 56%; INE, 2013).
Census data were assumed to represent the night-time distribution of
residents, and day-time population distribution was based on origin and
destination of commuting trips at the municipality level (INE, 2013).
Because information describing population shifts at high resolution was
unavailable, a relatively simple mapping procedure was used to allocate
the day-time population to census blocks. The day-time population was
assumed to include the share of residents remaining in the block (those
who did not work or study and those who worked or studied at home),
and workers and students in the municipality. The population working
or studying in each municipality was allocated to blocks based on the
number of buildings of various types in the block weighted by a factor
intended to reflect the number of workers: exclusively residential
buildings, mainly residential buildings, and mainly non-residential
buildings were assigned weights of 1, 3 and 6, respectively (INE, 2013).
The population density was assumed to be uniform within each census
block after excluding a 10m buffer along the road axis.

3.2.6. Breathing rates
Age- and gender-specific breathing rates were estimated for day-

and night-time periods using the Lisbon demographic data (Table 4; US
EPA, 2011, 2009). Day-time rates, which averaged 0.80m3/h (mod-
erate activity), were assumed for day-time, including both commuting
periods (6 a.m.–8 p.m.); the night-time breathing rate was 0.34m3/h
(passive activity).

3.3. City-wide single iF estimate: one-compartment model

For comparison with the spatially-resolved estimate, a city-scale
single iF was calculated using a one-compartment model:

=
×iF P Q
V

b
(3)

where P=population, Qb=breathing rate per person (m3/s), and
V=ventilation rate (m3/s). The population was based on census data
(INE, 2013), and the breathing rate used the average in Table 4
(14.5 m3/d; Section 3.2.5). The ventilation rate V (m3/s) was calculated
as:

= × ×V μ H W (4)

where μ=mean wind speed (m/s), H=mixing height (m), and
W=width in crosswind direction (m). Hourly mixing heights for the
mechanically generated boundary layer were calculated using
AERMOD (Cimorelli et al., 2004) from twice daily radiosonde ob-
servations for 2001 and 2002 (NOAA, 2016). Hourly surface observa-
tions of wind speed for the same period (NOAA, 2012) were extra-
polated to the hourly mixing height using a power law coefficient of
0.32 and a cut-off height of 200m, above which the wind speed was
assumed constant (Apte et al., 2012). A total of 16 026 h had valid data
(90% of the hours in the 2-year period, and 89–95% by day period).
Surface wind speeds below 0.5m/s and mixing heights below 50m
were excluded. The wind speed at 10m height averaged 3.6m/s (range:
0.5–13m/s), and the mixing height averaged 1317m (range:
61–4000m). The dilution rate was calculated as the harmonic mean of

Fig. 1. Temporal profile of traffic volumes for passenger and commercial vehicles.

Table 4
Population age and gender distribution in Lisbon metropolitan area and
breathing rates, based on INE (2013), US EPA (2011) and US EPA (2009).

Group Population Breathing rates (m3/d)

Night-time (10 h) Day-time* (14 h) 24-h mean

Children
0-14 437 881 6.38 15.26 11.56

Men
15-24 148 856 9.56 23.04 17.42
25-64 748 913 9.64 22.91 17.38
> 65 213 260 9.02 19.12 14.91

Women
15-24 146 187 7.96 19.13 14.48
25-64 826 197 7.55 18.64 14.02
> 65 300 582 6.75 14.71 11.39

Total 2 821 876 8.08 19.12 14.52

* includes commuting periods.

J. Bastos et al. Atmospheric Environment 190 (2018) 284–293

288



the hourly product of μ and H (Apte et al., 2012; Stevens et al., 2007).
Width W was considered to be 55 km, the square root of the area,
assuming a square domain. iF estimates were calculated with average
daily parameters, and also using emissions and ventilation parameters
specific to the four time periods used in the spatially-resolved approach.

4. Results and discussion

4.1. Spatially-resolved intake fraction estimates: dispersion-based model

Fig. 2 demonstrates the development of iF estimates for a small
section of Lisbon containing several road segments. RLINE concentra-
tions in the near-road buffers (panel a) are applied to the number of
individuals in the cells (panel b, average of day and night-time popu-
lations by cell), giving PM2.5 intake for the near-road population (panel
c). This variation, which is fairly typical, shows the dependence on the
population distribution, especially in the near-road environment. While
concentrations along roads have fairly similar patterns with some
nuances (e.g., concentrations may be higher on one side of a road due to
prevailing winds), the population distribution can be highly hetero-
geneous. Since intake is the product of concentrations and population
(neglecting the variation in breathing rates and other factors), intake
tends to be very heterogeneous. Thus, cells with high population den-
sity can have high intake, even in buffers distant from the road or near
low traffic roads. Such results show the importance of local data, in
particular, the population size near busy roads.

Of the population living or working near roads (night- and day-
time), about 5% were within 50m, 8% within 50–100m, 21% within
100–200m and 65% within 200–500m. These buffers corresponded to
9, 11, 21 and 58% of the total buffer area, respectively (491 km2, equal
to 16% of the Lisbon metropolitan area). (About 11% of cells were
vacant, resulting in no intake, i.e., iF= 0). Diurnal population shifts
decreased the iF by about 13% compared to the use of residence
(Census) locations alone, reflecting that 1.047 million people live
within 500m of large roads, but only an estimated 0.893 million are
within 500m during the day.

Table 5 summarizes predicted concentrations and iF estimates for
the population living or working within 500m from roads. 24-hour
PM2.5 concentrations averaged 0.65 μg/m3 across the 33 230 cells
(range: 0.36 μg/m3 at night and 1.76 μg/m3 during the morning

commuting period); cells near large roads with high traffic volumes had
much higher concentrations. Concentrations at night and during day-
time periods were much lower than those during commuting periods
(Fig. 3), reflecting effects of emission and ventilation rates. Emission
rates are low at night (7.7 kg/h for the modeled road network) and
increase during commuting periods (47.9 kg/h), while mid-day emis-
sions are just slightly lower (41.6 kg/h). However, dispersion increases
considerably during the daytime periods, which tends to lower con-
centrations. This diurnal pattern has the effect of lowering iF estimates
compared to those estimated using constant emissions. This variation
depends on both the daily emission profile and prevailing meteor-
ological conditions, e.g., other areas that have frequent and strong
nocturnal inversions during the morning will show greater differences
between morning and evening commuting periods, and areas with
shorter and earlier evening commuting periods may have lower con-
centrations in the evening.

The overall iF for the metropolitan Lisbon is 16.4 ppm, which in-
cludes the near-road exposure iF contribution of 12.0 ppm (using a
night- and day-time populations of 1.05 and 0.89 million, respectively),
and the far-field exposure iF contribution of 4.3 ppm (population of
1.77 and 1.93 million beyond 500m of the modeled road network in
night- and day-time, respectively). Thus, most (74%) intake occurs
within 500m of major roads. This near-road region represents 16% of
the study area and contains 31–38% of the population.

4.2. City-scale intake fraction estimate: one-compartment model

The iFs calculated using the one-compartment models are shown in
Table 6. With the steady state model, iF estimates for Lisbon (9.3 ppm)
and the larger metropolitan area (8.1 ppm) are very similar, although
on a per person basis there is a 6-fold difference. Compared to Lisbon
city, the ventilation rate is about 6 times higher across metropolitan
Lisbon (corresponding to the width difference), but the population is 5
times greater. These factors offset each other in the iF calculation.
These estimates do not incorporate the temporal variation in the
emission profiles.

The one-compartment model with hourly variation in the dilution
rates and emissions provided an iF estimate of 6.5 ppm, slightly lower
than the steady-state one-compartment model iF of 8.1 ppm. (The
former estimate uses the same breathing rates, emission and dilution

Fig. 2. Example of development of spatially-resolved iFs in Lisbon metropolitan area, showing 24-h mean (a) ambient concentrations, (b) near-road population and
(c) intake. Includes near-road and background concentrations.
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rates as the spatially-resolved iF estimates.) At night, breathing rates
and emissions are low, which tend to offset the lower night-time dilu-
tion rates. During the day, emissions increase considerably (together
with breathing rates), however, dilution rates also increase due to faster
winds and higher mixing height.

4.3. Comparison of iF estimates

The one-compartment iF estimates for metropolitan Lisbon (steady-
state model: 8.1 ppm, temporally-disaggregated model: 6.5 ppm) are
less than half that estimated using the spatially-resolved approach
(16.4 ppm), and only slightly more than the 4.3 ppm estimate for the
far-field population (1.8 million people, 64% of the overall population).

Near-road exposure accounted for 74% of the spatially-resolved iF
(population of 0.96 million living within 500m from major roads, 34%
of the overall population and 16% of the domain area) and far-field
exposure accounted for 26% (population of 1.86 million living beyond
500m of the modeled road network).

The iF values for Lisbon are at the low end of the literature range for
urban areas (Section 2), a result of Lisbon's relatively low population
density and high dilution rate. In earlier work examining many cities,
Apte et al. (2012) estimated an iF of 13.5 ppm for Lisbon (the study
published mean results for cities aggregated by world region; data for
Lisbon was obtained by private communication), which applied to a
population of 1.9 million people in a 222 km2, giving a population
density of 8748 km−2. In contrast, we considered the entire

Table 5
Summary of spatially-resolved analysis showing cell size, population, predicted concentrations and iFs for cells within 500m of major roads. Based on 33 230 cells.
Concentrations and intake rates include RLINE and background estimates.

Units Mean St.dev. Min P10 P25 P50 P75 P90 Max

Cell area m2 14 816 51 237 0 199 1288 4258 11 330 29 934 2 629 723
Night population density km−2 7681 11 704 0 0 91 2032 10 276 25 156 113 804
Day population density km−2 6586 10 109 0 0 162 2396 9322 18 906 168 464
Night population 32 64 0 0 0 6 32 94 865
Day population 27 51 0 0 0 7 32 75 901
Mean hourly concentration μg/m3

Night 0.363 0.332 0.066 0.104 0.146 0.254 0.455 0.767 3.680
Morning commuting 1.756 1.696 0.331 0.493 0.658 1.193 2.160 3.740 19.068
Day 0.589 0.963 0.045 0.063 0.091 0.202 0.668 1.534 12.121
Evening commuting 0.972 1.250 0.100 0.165 0.245 0.514 1.204 2.344 15.090

24-h mean intake μg/d 257 636 0 0 4 50 228 655 15 715
iF ppt 362 895 0 0 6 71 321 922 22 121
iFpersonal ppt 18 22 1 4 5 10 21 41 325

Fig. 3. Mean PM2.5 concentrations due to near-road emissions for four buffers and four day periods. Plots show mean, 10th, 25th 75th and 90th percentile con-
centrations.

Table 6
Parameters and results for the one compartment iF steady-state and emission-weighted model (with hourly variation of dilution rates and emissions).

Domain Area Width Population Population density Breathing rate Dilution rate iF iF personal

(km2) (km) (million) (km−2) (m3/d) (m2/s) (ppm) (ppt)

Steady-state model
Lisbon metropolitan area 3002 55 2.82 940 16.0 1069 8.1 2.9
Lisbon city 85 9 0.55 6444 16.0 1069 9.3 17.1

Emission-weighted model*
Night-time 3002 55 2.82 940 8.1 672 7.2 2.5
Morning commuting 3002 55 2.82 940 19.1 808 14.1 5.0
Day-time 3002 55 2.82 940 19.1 4969 2.3 0.8
Evening commuting 3002 55 2.82 940 19.1 2763 4.1 1.5
24-h mean 3002 55 2.82 940 14.5 2118 6.5 2.3

* Lisbon metropolitan area.
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metropolitan area with a population of 2.8 million and an area of
3002 km2, giving a population density of only 940 km−2 (Table 6). On a
per person basis, our iFpersonal estimate is 2.9 ppt, less than half of the
earlier estimate (7.0 ppt).

As noted earlier, iFs based on one-compartment models are sensitive
to the domain selected, which ideally should correspond to the scope
and goal of the study. In this study, iF estimates considered exposure to
traffic-related air pollutants across the Lisbon metropolitan area, and
administrative borders were used to define the domain. In contrast,
Apte et al. (2012) based the land area and city population on a dataset
derived from satellite mapping of built land cover, and obtained a po-
pulation density that exceeded those in any of the 18 municipalities
that comprise metropolitan Lisbon (139 km−2 in Alcochete to
7389 km−2 in Amadora; INE, 2013). Satellite-based estimates can differ
significantly from administrative boundaries, e.g., parks, forested and
water areas may be excluded within an urban area (Angel et al., 2010;
Schneider et al., 2009). Excluding such areas, which increases the po-
pulation density with the effect of increasing the iF, may be appropriate
for traffic-related emissions since exposure and intake occurs near the
source. However, results can depend on the scale and urban form. The
similarity between our dispersion modeling-based iF and Apte et al.’s
(2012) results might be fortuitous. Two urban settlements with the
same area and population but different urban forms (e.g., road con-
figuration and population distribution) could have significantly dif-
ferent iFs when spatially-resolved, but very similar iFs using a one-
compartment model.

The high dilution rate in Lisbon is reflected in the one-compartment
model iF estimate. Mixing heights in Lisbon generally exceed values
used in one-compartment modeling (Table 1). Our 2001–2002 data
shows mean and median mixing heights of 1317 and 1144m, respec-
tively, which are consistent with previous Lisbon 1999–2000 monthly-
averaged midday mixing height estimates (843–1465m) using radio-
sonde data (Baklanov et al., 2005), and also with the mean height
(1219m) of the first inversion layer derived from twice daily radio-
sonde observations for Lisbon in 2001–2002 (NOAA, 2016). Our dilu-
tion rate (harmonic mean of 1069m2/s) also is comparable to the
1130m2/s calculated by Apte et al. (2012) for Lisbon using the NASA
MERRA database (Rienecker et al., 2011).

4.4. Sensitivity analyses

Several sensitivity analyses were completed for key modeling
parameters. First, analyses using four road orientations (range±
22.50°), presented previously, were compared with the use of eight
orientations (range±11.25°). The latter increased 24-h mean con-
centrations by an average of 3–6% across the four day periods, and
increased the overall near-road iF by 11% (12.0–13.4 ppm). This sug-
gests that RLINE modeling might benefit from additional road or-
ientations. The effect of the number of orientations will depend on the
road configuration and meteorological variables (especially wind di-
rection), but handling additional orientations in the modeling frame-
work is not difficult.

Second, to examine the effect of buffer size or resolution, we mod-
eled an east-west road in western Lisbon (highway A5; 25.6 km, 11
segments) and compared iF estimates for the four buffers used pre-
viously (cut-offs at 50, 100, 200 and 500m) with results from two other
sets of buffers: two large buffers (cut-offs at 200 and 500m), and eight
small buffers (25, 50, 75, 100, 150, 200, 350 and 500m). The three sets
of buffers used 1 808, 1340 and 2875 cells, respectively. Compared to
the 4-buffer case, the 2-buffer model increased iFs by 17%, while the 8-
buffer case decreased iFs by 25%. While results might differ from other
roads and areas for Lisbon, these results demonstrate the sensitivity to
buffer size or resolution, and indicate the need for highly-resolved
analyses near major roads. While a larger number of buffers is poten-
tially more accurate, we generally do not know where individuals re-
side or work with precision. Further investigation on buffer size is

warranted.
A third sensitivity analysis examined how the segment road length

used by RLINE affected results. Compared to the 3 km segment used, a
1 km segment decreased mean concentrations by 16–17% (averaged
across 33 230 cells and four day periods), and the overall near-road iF
(including background concentration) decreased by 20%. With a 10 km
segment, mean concentrations increased by 6–7% and the iF increased
by 8%. The 3 km segment length, which represents a compromise with
respect to modeling the actual road geometry, captures the bulk of the
near-road impacts.

Fourth, to compare results obtained using dispersion modeling to
the one-compartment model used for background and far-field con-
centrations, we added an additional buffer for distances from 500 to
1000m from the road using receptors on 50m centers. The added
buffer contained 14 744 cells and 693 000 to 770 000 people (for day-
and night-time periods, respectively), representing 25–27% of the me-
tropolitan Lisbon population. In this buffer, the mean concentration
was 0.14 μg/m3 and the iF was 2.7 ppm, equal to a 40% increase in
concentration and a 58% increase in the iF for this population com-
pared to the one-compartment model (which yielded a concentration of
0.10 μg/m3 and an iF of 1.7 ppm). Thus, extending the dispersion
modeling domain increased the iF of the overall urban population
compared to simple one-compartment models, although the bulk of
exposure (69%) occurs within 500m of roads. Differences are expected
to decrease, however, as the buffer size increases since predicted con-
centrations decrease with distance.

These analyses suggest that overall errors caused by discretizing
road segments by direction and using a standard length can be on the
order of 10% on average and that utilizing a number a limited number
of buffers may cause larger errors, perhaps on the order of 25% on
average and potentially higher for some subgroups or in some buffers.
Due to data gaps and the computational challenge, we did not model
the actual road network or use a highly resolved receptor grid to cal-
culate iFs, which might serve as a reference case. The sensitivity ana-
lyses help to identify possible error sources and support our major
conclusion, that is, the importance of near-road exposures.

4.5. Computational considerations

The RLINE dispersion modeling for Lisbon required four 2-year runs
for each road direction and the 196 receptors; these runs were com-
pleted within 10 h on a PC workstation. In contrast, modeling the me-
tropolitan area with the 601 km road network would require about 1.2
million receptors using a 50m grid or 195 000 receptors for the near-
road (within 500m) area, presenting an enormous computation burden.

4.6. Main strengths and limitations

This paper presents an innovative and efficient approach for esti-
mating iFs that account for near-road exposure to traffic-related air
pollutants using local and spatially-resolved emission and demographic
data. The approach represents the small-scale spatial variation in con-
centrations and population density, which is important for intake and
impact estimates for traffic-related air pollutants since most exposure
occurs near major roads. In addition, the approach does not have the
scale or domain sensitivity observed in simple one-compartment
models. Thus, the suggested approach appears to be more accurate and
robust than one-compartment models and coarse resolution dispersion
models, which have strong scale dependencies and which do not ac-
count for spatial heterogeneity.

In addition to estimating the overall intake and iF, the spatially-
resolved approach identifies the areas where intake and exposure rates
are high. This information can inform and support decision-making in
transportation and urban planning. For example, it can be used to map
and prioritize areas and roads for traffic management policies (e.g.,
tolls, reduced speeds, time or fleet restrictions on specific roads or
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zones); inform road infrastructure and transit planning to account for
health impacts, and in a development context, target areas with lower
exposures for urbanization and densification. More generally, spatially-
resolved analyses are required to assess exposure and health disparities,
and to evaluate and resolve potential environmental injustice issues in
which vulnerable populations (e.g., by race/ethnicity, or socio-eco-
nomic level) are associated with higher exposures and adverse health
consequences (Hajat et al., 2015; Pratt et al., 2015; Kravitz-Wirtz et al.,
2016).

A third important strength is the computation efficiency of the ap-
proach. The use of RLINE, considered to be a state-of-the-science dis-
persion model for near-road applications (Snyder et al., 2013), involves
considerable computation and large-scale applications using this model
are difficult. We modeled a large area by pre-computing transfer coef-
ficients for different road alignments. Factors that might be considered
to increase the accuracy include additional road-angles, segment
lengths, smaller buffers, and terrain and road features (e.g., road
grade).

Our analysis required a number of simplifications and assumptions,
mainly due to the lack of publicly available data. The road network was
incomplete, traffic-activity profiles were simplified, the day-time po-
pulation was approximated, national fleet data and emission factors
were used, and congestion was not considered. Only major streets were
modeled. While these account for the bulk of emissions, the use of a
more detailed and complete road network could improve accuracy.
Accuracy could be improved using link-specific emissions inventory
data, Lisbon-specific fleet information, more detailed population ac-
tivity patterns, and the inclusion of on-road exposure. An improved
emissions inventory might include spatially-resolved traffic-activity
data (e.g., vehicle type, age, speeds, etc.). Despite the simplifications
and assumptions made in the present analysis, our iF estimates appear
more accurate than those based on simple box models.

We also simplified the dispersion modeling, in part to address data
gaps and to increase computational efficiency. The RLINE model, like
other line source models, incompletely addresses influences of the
urban form, such as effects from narrow roads, street canyons, chan-
neling of winds, and other factors that can influence dispersion (Tang
and Wang, 2007). The accuracy of dispersion models is highly depen-
dent on the quality and relevance of meteorological data (Stevens et al.,
2007), and the single meteorological site used might not be re-
presentative of the entire metropolitan area. In addition, mixing height
and wind profile data were based on only two radiosonde measure-
ments per day. We examined only traffic-related emissions and primary
PM2.5; modeling secondary PM could add significant complexity
(Lamancusa et al., 2017), although iF estimates may not increase con-
siderably (Greco et al., 2007b). Lastly, our background estimates (at-
tributable to far-field traffic emissions) used a simple box model, which
does not account for possible gradients in the far-field, and it double
counted emissions from the near-road road segment, however, this was
shown to have negligible (< 1%) impact. Using four archetype road
segments and discretizing dispersion modeling outputs into only four
buffers significantly increased efficiency; however, the use additional
alignments and smaller (narrower) buffers could improve accuracy.

Additional limitations reflect the use of ambient concentrations as a
measure of personal exposure. We did not account for time-activity data
and outdoor-indoor penetration of pollutants (Dons et al., 2011; Tainio
et al., 2014; Requia, Adams et al., 2017). On-road exposures and traffic
congestion were not considered. Urban scale iF estimates have yet to
account for these types of effects.

5. Conclusions

We present a novel approach for estimating spatially-resolved iFs
for traffic-related air pollutants that features a computationally-effi-
cient dispersion model approach to account for near-road exposure and
the population distribution. The overall iF estimate for the Lisbon

metropolitan area, 16.4 ppm for PM2.5, is nearly twice that based on
one-compartment models for the same area. Most (74%) intake occurs
within 500m of major roads (16% of the domain) by a subset of the
population (32–37%) living or working near large roads. Unlike the
simplified one-compartment models, the suggested approach accounts
for the temporal and spatial variability of emissions, accounts for po-
pulation shifts over the day, identifies areas and populations that are
highly exposed, and it appears robust with respect to the spatial domain
considered.

This suggested approach can increase the accuracy of exposure and
health effects estimates associated with traffic-related air pollutants. It
demonstrates the importance of using local and spatially-resolved data
for exposure and health impact estimates. The results can inform and
support policies and decision-making addressing urban air quality and
public health, particularly, transportation-related planning that can
prioritize areas to decrease or displace emissions, such as road use fees,
time or fleet restrictions on specific roads or zones and truck routing. It
can also inform urban planning decisions by developing urbanization
and densification strategies that minimize exposure.
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