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1. Executive summary  

This technical report describes the work carried out under action 5.3 and 5.4 of the 

Population Exposure to PAH (EXPAH) LIFE+ project. 

Air pollution has become one main environmental concern because of its known 

impact on human health. Every day, an individual is exposed to different 

concentrations of atmospheric pollutants as he/she moves from and to different 

outdoor and indoor places (or microenvironments). In addition, the statistical 

survey carried out for children and elderly people under action 3.1, demonstrated 

that indoor microenvironments (eg. home and school) are the prevalent living ones. 

Therefore, a more efficient way to assess the health risks of population caused by 

air pollution should be based on exposure rather than ambient air concentrations 

estimations. The aim of 5.3 – 5.4 actions is to develop an exposure model which 

integrates the outdoor PAHs concentrations and PAHs infiltration indoors with 

population time-activity, including time spent indoors and in traffic to estimate the 

actual exposure levels generated by the emissions and atmospheric dispersion 

processes. The model relies on analysis results from Actions 5.1 and 5.2 and 

therefore also on field campaign data collected in Action 3.3. 

A deterministic and a statistical exposure models have been developed to assess 

human exposure of the target population living in Rome. They are based on 

exposure calculated as time weighted average concentrations over the 

microenvironments visited for fractions of time during a day (action 3.1), using 

outdoor concentrations provided by a Chemical Transport Model (action 4.5) 

combined with an infiltration model to estimate the indoor concentrations. The 

probabilistic modeling approach takes into account the variability of the time 

occupancy of the different microenvironments and the variability of the infiltration 

factors caused by the penetration efficiency of the pollutant, by the architectural 

structure of the microenvironments (air exchange rate; ventilation system; 

insulation capacity; number and type of windows used), by the deposition and re-

suspension factors and by the interactions between men-microenvironment.  

Since the exposure assessment of population requires the relation between 

concentration and density of population, exposure population profiles have been 

obtained by matching exposure maps with density population maps. 

Results show that both children and elderly are exposed to PAHs concentrations up 

to 2 ng/m3 on yearly bases with a possible uncertainty of about 1 ng/m3. As for BaP 

the average annual exposure is predicted to be about 0.6 ng/m3 with an 

uncertainty of 0.2 ng/m3. So the legal limit of BaP (1 ng/m3) is not exceeded. A 

strong seasonal behavior is foreseen. As for children, mean exposures up to 4.0 

and 1.1 ng/m3 are estimated for PAHs and BaP respectively during the heating 

season. Conversely during the non-heating season, much lower exposures are 

predicted (up to 0.6 and 0.15 ng/m3 for PAHs and BaP respectively). Downtown 

area are found to be more exposed than outskirts ones. The most contributing 

microenvironment was found to be home followed by school, due to the 

predominant time spent in these two indoor rooms respect to the time spent at 

outdoor or in other activities. According to this apportionment the sum of the 

exposure in these two microenvironments represents about 85% of the total daily 

exposure. Equivalent results were also found for PM2.5 exposure. 
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2. Materials and methods 

The objective of actions 5.3 and 5.4 is to develop and apply a methodology to 

estimate the human PAHs and PM2.5 exposure of children and elderly people living in 

Rome. 

Human exposure in general is defined as an event that occurs when a person 

comes in contact with a pollutant.  

Concentration is a physical characteristic of the environment at a certain place and 

time whereas exposure describes the interaction between the environment and a 

living subject, but it does not measure the pollutant inhalation or absorption. The 

exposure estimation requires the relation between both variables: concentration 

and density of population (C.Borrego et al., 2009). This means that, for example, in 

remote un-populated area with could find bad environmental conditions with high 

concentration of pollutants, but zero exposure due to the lack of living population. 

In  order to estimate population exposure it is important to characterize the 

exposure path of the studied population during a typical day. So, an analysis of 

exposure to air pollution should take into account different key aspects such as: 

indoor locations where they spend most time, the lifestyle of target population, in 

particular the time they spend in different locations (home, school, office, parks and 

transport). Modern methodologies take into account all these key aspects 

(Hänninen et al., 2009) and integrate them into an exposure model, which uses 

outdoor concentrations provided by a Chemical Transport Model (CTM), to estimate 

the distribution of personal exposures for the target population. These 

methodologies estimate the population exposure by applying a weighted average 

concentration on the basis of both the amount of time spent in each 

microenvironment and of the estimated concentration in each of the main 

microenvironments.   

The general approach for exposure estimation can be expressed by the following: 





n

j

jiji tCExp
1

,  

Equation 1 

Where Expi is the total exposure for person i over the specified period of time; ti,j is 

the time spent by the person i in microenvironment j and Cj is the pollutant 

concentration in each microenvironment j. Because urban populations typically 

spend large fractions of time in indoor environments, it is important to understand 

how exposures to outdoor particles are affected by building envelopes (Wallace, 

1996; Hanninen et al., 2011). For some pollutants indoor sources may also 

contribute to the daily exposure, in addition to that of outdoor origin.The modelling 

approach allows for inclusion of indoor sources, too, but in the case of risk 

assessment based on epidemiology data and consequent development of public 

policies to reduce the effects of outdoor air pollution, the indoor sources do not play 

a significant role and are set to zero in the current work.  Infiltration of outdoor 

pollutants indoors due to building characteristics (eg. age, structure), population 

behaviours (opening/closing of windows/doors for air exchange and outdoor access) 

and air conditioning systems, can therefore be considered the main factors 

modifying population exposures in this context. The indoor concentrations are 
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calculated as the product between the ambient (outdoor) concentration and the 

infiltration factor from outdoor to indoor of the pollutant: 

Cj =            

Equation 2 

Thus, Equation 1 can be written as the following: 

Expi =                  
 
    

Equation 3 

A Kj coefficient has been defined depending on the infiltration factor from outdoor 

to indoor of the microenvironment j and the time spent in this microenvironment 

(see Equation 4Equation 4): 

Kj =             
 
             Expi =           

    

Equation 4 

Thus, the exposure assessment is based on several EXPAH analysis  outlined below: 

 pollutant ambient concentration in the city of Rome (Camb) – Action 4.5 

 time activities of the target population (ti,j) – Action 3.1 

 infiltration factor outdoor-indoor of considered pollutants(Finf) – Action 3.3 

The following paragraphs will summarize each of the above data which will feed the 

exposure model. 

2.1 FARM model - simulation of ambient concentration 
In order to estimate PAHs and PM2.5 ambient concentration (Camb), a newer version 

of the three-dimensional Eulerian chemical-transport model FARM (Flexible Air 

quality Regional Model), which includes the PAHs reactions with hydroxyl radical 

and their partitioning between gas and aerosol phases, has been applied to an high 

spatial resolution (1x1 Km2) domain including the Rome conurbation area (EXPAH 

Tech. Report action 4.5, 2013). Simulations have been carried out for one year 

period (June 2011-May 2012) to estimate gridded PAHs in both gaseous a aerosol 

phases. 

The simulation spatial domain, which includes 60x60 cells, is showed in Figure 1: 

 

Figure 1 Rome target domain 
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Daily estimations of PM2.5 concentrations were obtained over the modeled domains. 

Data fusions techniques, which integrates model results with observations, were 

applied in order to obtain an higher accuracy. Details on this validation study can 

be found in the EXPAH technical report of action 4.5 (EXPAH Tech. Report action 

4.5, 2013). 

Daily PAHs concentrations have been estimated by FARM model including 4 

congeners: Benzo[a]Pyrene(B[a]P), Benzo[b]fluoranthene (B[b]f), 

Benzo[k]fluoranthene (B[k]f) and Indeno Pyrene (IP). They are considered in the 

list of most carcinogenic PAHs compounds (eg. Agency for Toxic Substances and 

Disease Registry (ATSDR)) 

A first comparison between observed and model predicted PAHs concentrations has 

evidenced the capability of the modeling system to reconstruct PAHs concentration 

levels over Rome conurbation and to describe their seasonal variation. Nonetheless, 

an overestimation of observed concentrations is identified during colder periods 

when domestic heating is assumed to operate.  

To provide more reliable data to the exposure model, estimated daily PAHs 

concentrations have been corrected by a factor computed as the monthly average 

of the ratios between observed and predicted concentrations. Details can be found 

in EXPAH Technical Report of Action 4.5 (EXPAH Tech. Report action 4.5, 2013). 

The corrected PAHs concentration results have then been used to feed the exposure 

model. 

2.2 Time activities of the target population 
The estimation of time activity data has been carried out in EXPAH by Action 3.1 

which is aimed to collect and analyze time activity data of population groups to get 

information of which kind of microenvironment (home, school, car bus, outdoor, 

etc) are visited during a weekday and a public holiday in different seasons. 

For this action two different populations have been investigated: a population of 

700 children (7- 8 years old) involved in a birth cohort study, and a population of 

998 elderly (65-85 years old) involved in a survey on respiratory health (EXPAH 

Tech. Report action 3.1, 2013). 

As an example, Figure 2 shows the annual occupancy percentage of each 

considered microenvironment during heating season workdays. 
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Figure 2 Children and Elderly time-activities in a workday during heating and non heating seasons 

The time activities have been grouped as follows: 

 Home: time spent at home indoor 

 School: time spent at school indoor for the children;  

 Work: time spent at work indoor for the elderly 

 Other indoor: time spent doing sport indoor and at other indoor places for 

children; time spent at other indoor places for elderly 

 Walking: time spent walking or cycling 

 Commuting: Time spent in transfer by motorcycle, car/taxi, bus/tram, 

metro/train for children; time spent in transfer by car/taxi, bus/tram, 

metro/train for children 

 Other outdoor: time spent doing sport outdoor and at home outdoor or at 

other outdoor places for children; : time spent at home outdoor or at other 

outdoor places for elderly. 

The analysis have been carried out stratifying by season (spring/summer (non-

heating) and autumn/winter (heating)), day of the week (Wednesday (workday) 

and Sunday (weekend)) and gender (males and females). 

The following Table 1 summarizes daily data results: 

Table 1: Time activity – daily data for target population
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Results clearly show that home represents the most visited microenvironment in 

every season and day-type. 

Detailed results can be found in The EXPAH technical report of action 3.1 (EXPAH 

Tech. Report action 3.1, 2013). 

In the frame of EXPAH exposure assessment study, the term ti,j  of Equation 1 has 

been evaluated considering the averaged different activities of the target population 

during workdays and weekends in heating (November-March) and non heating 

(April-October) seasons; the following Table 2 and Table 3 show two examples of 

computed activities of the target population during workdays: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

EXPAH Technical Report on the development of an exposure model – Actions 5.3-5.4       9 
 

Table 2 Children time activity during workday relied on EXPAH Action 3.1 data 

SEASON MONTH 
walk  
bike 

motor 
cycle 

car    
taxi 

bus  
tram 

metro  
train 

home  
in 

home 
out 

school 
in 

school 
out 

sport 
in 

sport 
out 

other 
in 

other 
out 

(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) 

HEATING 

1 2,19 0,15 3,83 0,20 0,00 59,78 0,71 25,30 3,19 1,25 0,56 2,05 0,79 

2 2,17 0,16 3,85 0,22 0,00 59,40 0,91 24,39 3,17 1,16 0,61 2,24 1,71 

3 2,15 0,17 3,87 0,24 0,01 59,03 1,12 23,48 3,15 1,08 0,65 2,43 2,63 

N
O

N
 H

EA
TI

N
G

 4 2,13 0,18 3,90 0,25 0,01 58,66 1,32 22,57 3,12 0,99 0,70 2,61 3,56 

5 2,11 0,18 3,92 0,27 0,01 58,29 1,52 21,66 3,10 0,90 0,74 2,80 4,48 

6 2,09 0,19 3,95 0,29 0,02 57,91 1,73 20,75 3,08 0,82 0,78 2,99 5,40 

7 2,09 0,19 3,95 0,29 0,02 57,91 1,73 20,75 3,08 0,82 0,78 2,99 5,40 

8 2,11 0,18 3,92 0,27 0,01 58,29 1,52 21,66 3,10 0,90 0,74 2,80 4,48 

9 2,13 0,18 3,90 0,25 0,01 58,66 1,32 22,57 3,12 0,99 0,70 2,61 3,56 

10 2,15 0,17 3,87 0,24 0,01 59,03 1,12 23,48 3,15 1,08 0,65 2,43 2,63 

HEATING 
11 2,17 0,16 3,85 0,22 0,00 59,40 0,91 24,39 3,17 1,16 0,61 2,24 1,71 

12 2,19 0,15 3,83 0,20 0,00 59,78 0,71 25,30 3,19 1,25 0,56 2,05 0,79 



 

EXPAH Technical Report on the development of an exposure model – Actions 5.3-5.4       10 
 

 

Table 3 Elderly time activity during workday relied on EXPAH Action 3.1 data 

SEASON MONTH 

walk  
bike 

car    
taxi 

bus  
tram 

metro  
train 

home  
in 

home 
out 

work 
in 

work 
out 

other 
in 

other 
out 

(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) 

HEATING 

1 5.0 2.0 0.8 0.2 81.2 2.0 1.0 0.2 5.7 1.8 

2 5.3 2.1 0.8 0.2 80.2 2.6 1.1 0.2 5.3 2.1 

3 5.7 2.2 0.8 0.2 79.2 3.2 1.1 0.2 4.9 2.5 

N
O

N
 H

EA
T

IN
G

 

4 6.0 2.3 0.7 0.3 78.3 3.8 1.2 0.2 4.5 2.8 

5 6.3 2.4 0.7 0.3 77.3 4.4 1.2 0.2 4.1 3.2 

6 6.6 2.5 0.6 0.3 76.3 4.9 1.3 0.2 3.7 3.5 

7 6.6 2.5 0.6 0.3 76.3 4.9 1.3 0.2 3.7 3.5 

8 6.3 2.4 0.7 0.3 77.3 4.4 1.2 0.2 4.1 3.2 

9 6.0 2.3 0.7 0.3 78.3 3.8 1.2 0.2 4.5 2.8 

10 5.7 2.2 0.8 0.2 79.2 3.2 1.1 0.2 4.9 2.5 

HEATING 
11 5.3 2.1 0.8 0.2 80.2 2.6 1.1 0.2 5.3 2.1 

12 5.0 2.0 0.8 0.2 81.2 2.0 1.0 0.2 5.7 1.8 

Then these data have been used in addition to the correspondent microenvironment 

infiltration factors (see chap 2.3) to obtain the coefficient of Equation 4 which takes 

into account both the time occupancy of each microenvironment and its 

characteristic coefficient of indoor penetration factor of each pollutant. 

Then, the derived coefficients (different for children and elderly people) will be used 

as input parameter in the exposure formula (Equation 4), together  with the 

ambient air PAHs concentration provided by FARM, to estimate the exposure of the 

target population. 

2.3 Indoor/Outdoor infiltration factors in living 

microenvironments 
In order to provide information on the actual exposure to PAHs and PM2.5 in 

different living places and to collected data needed to estimate pollutants I/O 

infiltration factors, indoor/outdoor measurements have been carried out  during two 

field campaigns (summer and winter)in EXPAH project. For these experiments 

different sampling sites have been used over the Rome urban/metropolitan area. 

These locations represents up to five different living place typologies (e.g. home, 

office, school, car; further microenvironments), with three to five individual points 

for each typology (see Figure 3). The methodology was based on active sampling at 

low volume condition on PTFE filters and gas chromatography/mass spectrometry 

determination of PM2,5-bound PAHs non-volatile congeners, characterized by higher 

carcinogenic and mutagenic potencies. In each seasonal campaign, 20 living 

environments have been monitored including two cars, one bus, six schools, two 

offices and nine houses. In addition, three urban monitoring stations (ARPA 

Stations) have been also monitoring PM2,5 and associated PAHs nonvolatile 

congeners during the in-field sampling periods. The main effort was focused on the 

carcinogenic PAHs, namely benz(a)anthracene, benzo(b)fluoranthene, 

benzo(j)fluoranthene, benzo(k)fluoranthene, benzo(a)pyrene, indeno(1,2,3-

cd)pyrene, dibenz(a,h)anthracene and the mutagenic benzo(ghi)perilene (EXPAH 

technical Report Action 3.3, 2013). 
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At each location the sampling of PM2.5 has been performed with the following 

constraints: 

 living/working room have been located at not more than 10 meters over the 

ground; 

 close, intensive sources of air contaminants (e.g. kitchen, boiler room, 

vehicle garage) have been prevented; 

 the presence of smokers/not smokers have been taken in account; 

 each sampling lasts 24 h, starting at midnight. 

The EXPAH sampling site map is shown in Figure 3: 

 

Figure 3 EXPAH sampling site map 

PAHs analysis was then carried out on weekly bases, integrating all PM2.5 filters to 

obtain a better signal/noise ratio and consequently an higher accuracy of PAHs 

concentrations. 

Personal exposure monitoring has been also carried out for people living in selected 

environments for model validation (action 5.4) and to quantify actual PAHs 

exposure.  

Details on the sampling activities and PAHs analysis and determination can be 

found in  the EXPAH technical report of action 3.3 (EXPAH technical Report Action 

3.3, 2013).  

The indoor/outdoor PAHs and PM2.5 concentrations have been the bases for the 

estimation of indoor concentrations of outdoor origin, needed by the exposure 

model to estimate the overall exposure. In particular, The Cj term of Equation 1 is 

derived from outdoor concentrations (see Equation 2), based on the specific 

pollutant dependent indoor-outdoor infiltration factor Finf. For this purpose, 

infiltration in different microenvironments and different seasons has been evaluated 

for PAHs and PM2.5. Regression analysis have been carried out under EXPAH actions 

5.1 and 5.3 (EXPAH tech. report actions 5.1-5.3, 2013) on field I/O data collected 

under Action 3.3 for each microenvironment/season, to obtain the pollutants I/O 
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infiltration factors. No indoor sources have been considered. For this reason points 

which showed indoor measured concentration higher than the outdoor one, have 

been excluded from the dataset. 

The selection has been carried out taking in account theoretical background, in 

particular: 

 building types, especially building tightness, ventilation systems, and the 

behavior of occupants differ between schools, homes and offices may be 

reflected on the infiltration of ambient particles; 

 summer time infiltration is higher than winter time, spring and fall are 

intermediate. 

A table containing some literature available infiltration factors of PM2.5 is showed in 

Table 4.  
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Table 4 PM2.5 infiltration factors from literature 

PM2.5 Infiltration Factors 

  House School Office Car Bus 

Wichmann et al., 2010 
site: Stockholm 

Finf 0.42 0.08    

R2 0.27 0.04    

Hanninen et al., 2011 
site: ROME 

Season   Sp Su Au Wi All   

Finf 0.47 0.82 0.63 0.60 0.62 

Hanninen et al., 2011 
site: FLORENCE 

Season Sp Su Au Wi All     

Finf   0.54 0.51 0.53 

Hanninen et al., 2011 
site: ATHENS 

Season Sp Su Au Wi All     

Finf 0.76 0.81 0.68 0.57 0.71 

Rodes et al. 2010 

site: Detroit 

Season Sp Su Au Wi All     

Finf  0.81  0.59  

Hoek et al., 2007 

site: ATHENS 

Finf 0.42     

MacNeill et al., 2012 
site: Canada 

Season Sp Su Au Wi All     

Finf (2005)  0.24  0.26      

Finf (2007)  0.36  0.34      

Fondelli el al., 2004 

site: FLORENCE 

Finf    1.02 0.84 

Cig    20 32 

R2    0.69 0.41 

Songiorgi et al., 2013 
site:MILAN 

Season   Sp Su Au Wi All   

Finf  0.50  0.58  
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A summary of obtained infiltration factors for PAHs, B[a]P and PM2.5 are shown in 

Table 5, Table 6. Used infiltration factors are highlighted in green. 

Table 5 Statistical summary of PAHs infiltration factors and indoor generated component – Finf has been 

calculated as best linear fit; Cig: indoor generated component; R2 coefficient of determination; n number 
of samples. 

  PAHs ∑(BaP, Bbkf, IP) 

  home school office car bus 

NON-
HEATING 

Finf 0.62 0.82 0.39 0.40 0.79 

Cig 0.06 -0.06 0.08 0.19 0.00 

R2 0.80 0.85 0.59 0.45 0.84 

n 37 19 10 4 6 

HEATING 

Finf 0.62 0.68 0.33 0.51 0.88 

Cig 0.42 -0.07 1.94 0.59 0.06 

R2 0.90 0.82 0.19 0.80 0.85 

n 8 15 5 4 5 

ALL 

DATA 

Finf 0.66 0.67 0.56 0.59 0.92 

Cig 0.05 0.02 0.09 0.13 -0.05 

R2 0.97 0.91 0.80 0.96 0.99 

n 45 34 15 8 11 

 

Because of the lack of seasonality and statistics for home, office, car and bus an 

annual PAHs infiltration factor was chosen (Table 5). School is the only environment 

with evidence for plausible seasonality, but it is not reflected in BaP (Table 6), so all 

annual infiltration factors were chosen for B[a]P. A larger measurement campaign is 

needed to capture the seasonality in other microenvironments. 

 

Table 6 Statistical summary of B[a]P infiltration factors and indoor generated component – Finf has 

been calculated as best linear fit; Cig: indoor generated component; R2 coefficient of determination; n 

number of samples. 

  B[a]P 

  home school office car bus 

NON-
HEATING 

Finf 0.63 0.64 0.47 0.45 0.75 

Cig 0.01 0.01 0.01 0.05 0.01 

R2 0.83 0.75 0.66 0.75 0.75 

n 37 20 10 6 7 

HEATING 

Finf 0.68 0.65 0.90 0.49 0.97 

Cig 0.02 -0.02 -0.39 0.28 -0.03 

R2 0.85 0.69 0.69 0.82 0.95 

n 7 15 5 5 5 

ALL 
DATA 

Finf 0.69 0.63 0.69 0.61 0.93 

Cig 0.00 0.01 -0.03 0.06 -0.01 

R2 0.95 0.85 0.88 0.95 1.00 

n 44 35 15 11 12 
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The PAHs infiltration factors are consistent with those obtained by Jung et al (Jung, 

2010) which obtained 0.72 and 0.99 for respectively heating and non-heating 

seasons for the                  compounds in residential houses of New York City’s 

Northern Manhattan and the Bronx. 

Also the estimation of PM2.5 infiltration factors has been carried out by using EXPAH 

campaign Outdoor/Indoor data . 

EXPAH offices’ I/O data seem bimodal and seasonal regressions produced contrasts 

with poor statistical performances; while only two offices were included, the 

representativity of the results is considered weak and therefore it is suggested to 

utilize values from a larger set of buildings (homes) (see Table 7). More accurate 

parametrization of PM2.5 infiltration at office buildings requires a wider campaign. 

In vehicles (cars and buses) the average infiltration factor is close to unity with 

some evidence on the impact of other indoor sources, e.g.  re-suspension of 

outdoor origin particles. While the indoor source strength could not be accurately 

defined, it is clear that the vehicles exhibit practically no protection against the 

ambient pollution; therefore the infiltration factor is set to 1 (Table 7). 

For school microenvironments a different approach has been adopted: mass 

concentration could be affected by gravimetric errors due to the low sampling 

volume in EXPAH campaigns. For some schools sulphur data were available. It is a 

suitable marker for PM, due to its secondary origin and consequently indoor sources 

are absent. A large fraction of the ambient particles contain traces of sulphur, but 

the largest fraction of particle bound sulphur is in the submicron particle size range. 

Decay rates of PM2.5 particles differ from that of PM-bound sulphur, and thus 

corresponding infiltration rates also differ (Hanninen et al., 2004).  

To assess PM2.5 infiltration factor, sulphur infiltration factor has been corrected as 

showed in the following: 

 

Equation 5 

Where: 

 FS
INF: infiltration factor of suplhur for a single school evaluated forcing 

regression via origin; 

 β1
PM2.5 and β1

s: PM2.5 and sulphur indoor-outdoor regression slopes for all 

schools. 

(Hanninen et al., 2004). 
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Table 7 Statistical summary of PM2.5 infiltration factors and indoor generated component – Finf has been calculated as best linear fit by excluding Ci<Co points; Cig: 
indoor generated component; R2 coefficient of determination; n number of samples. All dataset is considered for bus microenvironment. 

  PAHs ∑(BaP, Bbkf, IP) 

  home school office car bus 

  
daily 
data 

daily 
data 

SO4
2- 

derivation 
daily 
data 

SO4
2- 

derivation 
daily 
data 

SO4
2- 

derivation 
daily 
data 

SO4
2- 

derivation 

NON-

HEATING 

Finf 0.65 0.69 0.82 0.44  0.93  0.56  

Cig 2.46 2.47  2.96  -7.25  11.68  

R2 0.67 0.76  0.35  0.84  0.26  

n 109 28  25  6  9  

HEATING 

Finf 0.48 0.75 0.71 0.86  1.49  0.58  

Cig 13.44 -1.49  -2.02  -32.63  42.94  

R2 0.81 0.80  0.50  0.81  0.42  

n 13 66  14  3  7  

ALL 
DATA 

Finf 0.70 0.70 0.64 0.85 0.70** 1.18 1.00*** 1.56 1*** 

Cig 1.81 0.47  -2.49  -17.36  -11.01  

R2 0.89 0.80  0.69  0.75  0.89  

n 122 94  39  9  16  

**Assumed as home Finf 

***Assumed 1
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Thanks to the good representativeness of sulphur for PM2.5, the SO4
2- derivate PM2.5 

infiltration factor has been chosen for the school microenvironments (see table 7). 

The lack of sufficient statistic in I/O houses data  during heating season (13 data, 

see table 7), caused the choose of an annual  infiltration factor for PM2.5. 

The Cj term of Equation 1 can be evaluated as the product between the FARM 

modeled outdoor concentration (Camb) and the infiltration factors for the 

microenvironment j (see Equation 2) in order to obtain the indoor concentrations 

needed to calculate the exposure of the target population. As the number of 

microenvironments considered in the time activity data described in paragraph 2.2 

is much larger than those analyzed for infiltration factors, a number of assumptions 

have been made about the unmonitored microenvironments. Table 8 summarizes 

the final infiltration factors Finf used in the exposure model, which match with those 

foreseen in the statistical survey of time activity data of population.  

 

Table 8 Infiltration factors used in the exposure model to predict indoor concentration. 

Environment  PAHs  BaP  PM2.5  

Walking  1  1  1  

Motorbike  1  1  1  

Car  0.59 0.61 1 

Bus  0.92 0.93 1 

Metro  0.66 (as Home avg) 0.69 (as Home avg) 0.70 (as Home avg) 

Home closed  0.66 0.69 0.70 

Home outdoor  1  1  1  

School closed  0.82 (non heating) 

0.68 (heating) 

0.63 0.82 (non heating) 

0.71 (heating) 

School outdoor  1  1  1  

Sport closed  0.66 (as Home avg) 0.69 (as Home avg) 0.70 (as Home avg) 

Sport outdoor  1  1  1  

Work closed  0.56 0.69 0.70 (as Home avg) 

Work outdoor  1  1  1  

Other closed  0.66 (as Home avg) 0.69 (as Home avg) 0.70 (as Home avg) 

Other outdoor  1  1  1  
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2.4 Development of the exposure model 
Based on the PAH and PM2.5 modeled ambient concentrations, the infiltration factors 

of each microenvironment and the percent of occupancy time of each 

microenvironment, the Equation 1, which defines the formula used to estimate the 

daily exposure of the target population, has been applied on every model cell of 

dimension 1Km x 1Km of FARM modeled ambient concentration, to obtain exposure 

maps of target population. 

Exposure assessment has been carried out by producing programs running under 

emulated UNIX operative system, using netCDF format for input and output files. 

Programs have also been developed to calculate mean exposure of target 

population in terms of annual and seasonal averages. 

Output files shows daily (from  June 1, 2011 to May 31, 2012 maps) exposure to 

PAHs, B[a]P and PM2.5 of the target population in the area of Rome. As mentioned 

above, the PAH exposure has been calculated as the sum of four congeners: B[a]P, 

B[b]f, B[k]f and IP.  

In addition, to consider the different levels of toxicity of PAH congeners, the Total 

Toxicity Equivalent Concentration (TTEC) has been calculated by using the following 

equation: 

          

 

     

Equation 6 

Where PAHi is the concentration of the PAH congener i and TEFi is the carcinogenic 

Toxicity Equivalent Factor of the PAH congener i. 

The following TEF values were used, as derived by Collins et al (Collins, 1998). 

Table 9 Toxicity Equivalent Factor of some PAHs 

PAH TEF 

Benzo[a]Pyrene (B[a]P) 1 

Benzo[b]fluoranthene (B[b]F) 0.1 

Benzo[k]fluoranthene (B[k]F) 0.1 

Indeno Pyrene (IP) 0.1 

In addition to annual exposure maps, seasonal exposure maps have been carried 

out for PAHs, B[a]P and PM2.5 pollutants. 

Some assumptions have been taken into account in the  assessment of exposure: 

1. Absence of mobility of the target population: all activities are considered 

happening in the same cell. 

This approximation is plausible since the target population, which includes children 

and elderly people, unlikely uses to move very far from home; that would be not 

true with the working class which is not here assessed. 

2. Exposure maps don’t take in account population distribution inside the area, 

so they merely show the potential exposure within the model cell. 

Since the exposure assessment requires the relation between concentration and 

density of population, exposure population profiles were obtained by matching 

exposure maps with density population maps. 
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3. Results and discussion 

The air quality exposure forecasting system has been applied for one year, from 1st 

June 2011 to 31th May 2012 over the Rome domain. 

According to the objectives defined, results consists of daily exposure maps to PAHs 

and PM2.5 of the target population and seasonal and annual PAHs and PM2.5 

exposure cumulative distribution of target population. 

3.1 PAHs exposure results 
Seasonal and annual average exposure maps have been carried out.  

The following figure shows children and elderly averaged annual exposure to PAHs. 

  

      (a)               (b) 

Figure 4 Annual PAHs exposure maps for (a) children, (b) elderly people 

Figure 5 and Figure 6 show seasonal children and elderly PAHs exposure maps. As 

we said heating season includes November-March period, while non-heating season 

goes from April to October. 

  

                   (a)                                 (b) 

Figure 5 Seasonal children PAHs exposure maps during (a) heating season, (b) non heating season 
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                          (a)                                 (b) 

Figure 6 Seasonal elderly PAHs exposure maps during (a) heating season, (b) non heating season 

There are no remarkable differences between children and elderly exposure and 

their values are higher during heating season; this suggests that cold season 

combustion is probably the main source of population exposures in Rome. This 

results is confirmed by the source emission inventory developed under action 4.4 

which estimates the domestic heating sector as the main emission source in urban 

area of Rome. 

Since the exposure assessment requires the relation between concentration and 

density of population, exposure population profiles have been obtained by spatially 

match exposure maps with density population maps (Figure 7 – Figure 8), derived 

from the 2000 census carried out in the city of Rome. 

 

Figure 7 Children PAHs exposure profile 
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Figure 8 Elderly PAHs exposure profile 

Results show that mean annual exposure is under 1.5 ng/m3 for almost the 50% of 

the investigated target population. It is worth to notice the effect of living in indoor 

microenvironments in reducing the exposure (see Figure 7 and Figure 8 for 

differences in PAHs concentrations between the FARM annual values (black curve) 

and exposure annual one (green line)). 

3.1.1 Total Toxicity Equivalent Concentration 

Total Toxicity Equivalent Concentration has been evaluated for PAHs as described in 

chap 2.4. Each compound presents a proper TEF (Toxicity Equivalent Factor, see 

Table 9), thus TTEC has been calculated by availing Equation 6. 

In the following table averaged TTEC in the simulation period are shown for the 

target population. 

Table 10 Mean TTEC for each compound in the simulated period 

TTEC (ng/m3) 

POP B[a]P B[b]F+B[k]F+IP PAHs 

CHD 0.367 0.110 0.477 

ELD 0.374 0.108 0.482 

As expected, the most influent compound in toxicity is B[a]P which presents a 

TEF=1. 

The following graphs show maps of PAHs toxicity and toxicity profiles for the target 

population: 
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(a) 

  

(b)                                                             (c) 

Figure 9 PAHs TTEC maps (a) annual average, (b) heating season, (c) non heating season 

  

(a)                                                         (b) 

Figure 10 PAHs TTEC profiles for children (a) and elderly (b) people 
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3.2 B[a]P results 
Seasonal and annual average exposure maps have been estimated.  

The following figure shows children and elderly averaged annual exposure to B[a]P. 

 
 

                             (a)                              (b) 

Figure 11 Annual B[a]P exposure maps for (a) children, (b) elderly people 

Next figures show the seasonal B[a]P exposure : 

  

                             (a)                                 (b) 

Figure 12 Seasonal children B[a]P exposure maps during (a) heating season, (b) non heating season 
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                              (a)                                 (b) 

Figure 13 Seasonal elderly B[a]P exposure maps during (a) heating season, (b) non heating season 

As we expected also in this case there are no remarkable differences between 

children and elderly exposure to B[a]P; heating exposure levels are always higher 

than non-heating ones, this suggests that the main source comes from organic 

combustion in domestic heating sector. The inner part of the city seems to be 

affected by BaP values close to the annual legal limit of 1 ng/m3 during the heating 

season. 

Population exposure profiles have been calculated also for B[a]P by linking 

exposure with density of population: 

 

Figure 14 Children B[a]P exposure profile  
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Figure 15 Elderly B[a]P exposure profile  

Results show that BaP exposure is under 0.3 and 0.4 ng/m3 for almost the 50% of 

respectively children and elderly population. 

The yearly averaged BaP exposure was found lower than legal limit (1 ng/m3) both 

for most part of population , although during the colder seasons a value close to the 

legal limit is detected for a small part of the target population. Here the shielding 

effect produced by the indoor microenvironments contributes in reducing the 

exposure, especially during the heating period. 

3.3 PM2.5 results 
The same exposure modeling system has been applied to assess human exposure 

to PM2.5 starting from FARM modeled ambient concentration . 

Daily gridded exposure maps have been produced from whom seasonal and annual 

averaged maps have been made. In Figure 16 annual averaged maps are showed. 

 
 

                              (a)                          (b) 

Figure 16 Annual exposure maps to PM2.5 (a) children, (b) elderly people 
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In order to have a better details on the seasonality of PM2.5 exposure, four seasons 

results have been produced: averaged Winter (Jan-Feb-Mar), Spring (Apr-May-

Jun), Summer (Jul-Aug-Sept) and Fall (Oct-Nov-Dec) maps have been obtained.  

Maps exhibit a stronger exposure during colder months (winter and fall) in 

connection with the higher ambient concentrations. Urban areas are found to be 

exposed to higher concentrations than suburbs ones, as a consequence of related 

emissions. Downtown urban results show a few differences in exposure 

concentrations among the city districts which could affects different health effects. 

  

                           (a)                                                                   (b) 

  

                        (c)                                                                          (d) 

Figure 17 Seasonal children exposure maps to PM2.5 (a) winter, (b) spring (c) summer (d) fall 
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                         (a)                                                                    (b) 

 

 

                         (c)                                                                        (d) 

Figure 18 Seasonal elderly exposure maps to PM2.5 (a) winter, (b) spring (c) summer (d) fall 

As observed in other exposure results (PAHs and B[a]P), exposure doesn’t show a 

very remarkable difference between children and elderly target population, it is 

supposed to be mainly caused by significant lack of differences in time activity data 

among the studied population.  

Concentration limits of PM2.5 are listed in the following table: 

Table 11 Air Quality standards for PM2.5 – European Commission 

Pollutant Concentration Averaging period Legal nature 

PM2.5 fine 
particles 

25 µg/m3 1 year 
Target value entered into force 
1.1.2010 Limit value enters into 

force 1.1.2015 

PM2.5 Exposure 
concentration 

obligation 
20 µg/m3 (AEI) 

Based on 3 year 
average 

Legally binding in 2015 (years 
2013,2014,2015) 

PM2.5 fine 
particles 

10 µg/m3 1 year 
WHO guideline for health 

protection 
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Exposure profiles show that annual averaged exposure is under 20 µg/m3 (see 

green line in Figure 19 and Figure 20) both for children and elderly people, while 

higher values are registered during winter. Although the annual legal limit of 25 

µg/m3 is accomplished, a significant portion of population (90%) is exposed to 

concentrations higher than WHO guideline limit (10 µg/m3). This result demands for 

mitigation strategies to be implemented. 

 

Figure 19 Children exposure profile to PM2.5 

 

Figure 20 Elderly exposure profile to PM2.5 
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4. Validation of the exposure model 

In order to verify the ability of the exposure model in predicting the actual 

exposure of population, the model results need to validated against measurements. 

The EXPAH project carried out personal exposure measurements to both assess the 

actual PAH and PM2.5 exposure of target population and provide data for model 

validation. Details about this activity can be found in a proper technical report 

(EXPAH Action 3.3: Extended Technical Report. 2013).  

Four children and two elderly volunteers exposure samples have been inspected for 

PAHs and PM2.5 exposure to provide data to be compared with modeled exposure 

results. Data about sampling date/time, location within the urban area and time 

activity have been collected for the studied volunteer and then used to extract the 

correspondent model exposure results (coupled in time and space).  Figure 21 

shows geographical position of all volunteers and the sampling interval. 

 

 

Figure 21 Volunteers geographic position 
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4.1 PAHs and B[a]P 
Next results relate the graphic comparison between modeled and measured 

exposure for each volunteer. 

 

 

Figure 22 Comparison between modeled and observed exposure to PAHs for children.  

 

Figure 23 Comparison between modeled and observed exposure to PAHs for elderly. 
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Figure 24 Comparison between modeled and observed exposure to B[a]P for children. 

 

Figure 25 Comparison between modeled and observed exposure to B[a]P for elderly. 

Agreement was found with personal PAHs and B[a]P exposure data, although the 

day-by-day variations were poorly reproduced.  

Validation with personal exposure survey has been carried out only during low 

exposure period (April – non heating period); validation during higher exposure 

period (heating period) is needed to better identify model performance. 

Thus, in order to evaluate model forecasting performance, index of agreement and 

fraction of predictions indexes have been calculated as following: 

      
        

 
   

 

                        
   

 

Equation 7 

     
 

 
   

 
    with     

             
  

  
   

      

  

Equation 8 
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Where P and O are the respectively the modeled and observed value;    and    the 

averaged modeled and observed values. Both indexes ideal values are 1. Table 12 

shows obtained IOA, FAC2 and the number of considered samples (n) for each 

compound considered for the target population. 

Table 12 Model performance index 

  IOA FAC2 n 

PAHs 
CHD 0.43 0.75 51 

ELD 0.38 0.75 28 

B[a]P 
CHD 0.44 0.73 51 

ELD 0.39 0.62 29 

4.2 PM2.5 
The following graphs show the comparison between modeled and observed 

exposure to PM2.5 for children and elderly people. 

As it has been said, PM2.5 exposure measurement can be affected by gravimetric 

error due to the low sampling volume.  

Figure 26 and Figure 27 show the comparison between personal (volunteers) and 

computed exposure. Modeled exposure seems to be underestimated. 

 

Figure 26 Comparison between modeled and observed exposure to PM2.5 for children 
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Figure 27 Comparison between modeled and observed exposure to PM2.5 for elderly 

All volunteers samples show higher exposure than modeled exposure. Detailed 

analysis of personal exposure samples suggests a possible mass contribution from 

particles with higher size fraction than 2.5 µm, affecting the right determination of 

PM2.5 concentrations; to verify this hypothesis VCF (elderly) personal samples have 

been compared to the related closer ARPA station (Cipro - CYP) ambient 

concentration. The two sampling points are located at the distance of about 1 Km. 

Figure 28 shows that ambient CYP concentration is always lower than VCF observed 

personal exposure, thus it confirms that personal exposure measurement can be 

overestimated. 

 

Figure 28 Comparison between modeled and observed exposure with FARM modeled and ARPA 
measured ambient concentration 
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5. Assessing the uncertainties of the 

estimation of population exposure by 

means of a statistical approach.  

5.1 Sources of variability and uncertainty in 

estimation of population exposure 
Air pollutants exposures often vary in space and time due to an individual’s 

activities and the combination of sources having an impact on air pollutant levels in 

the different locations where these activities occur. Thus, for example, an 

individual’s exposure will vary depending on the location of their home, work or 

school, as well as their commuting patterns. Sources may include both regionally 

transported air pollution and local pollution from industry and traffic. In addition, 

people spend the majority of their time indoors, and may spend time away from 

their home or in other near-source environments (e.g., in vehicles), where the 

composition and toxicity of pollutants can vary. Ambient pollutant infiltration to the 

indoor environment and indoor sources of air pollution are also among the 

important exposure factors to consider. Consequently there is a need for future 

research developing pollutant-specific infiltration data (including for PM species) 

and improving existing data on human time-activity patterns and exposure to local 

source (e.g., traffic), in order to enhance human exposure modeling estimates 

(Baxter et al., 2013). 

In addition to the intrinsic variability of exposure caused by the above mentioned 

reasons, there are uncertainties derived by the methodologies and related 

parameters used to assess the exposure. When integrated models are used to 

estimate exposure the modeling relies on different inputs about human activity, 

ambient concentration and model parameters. The uncertainties in these inputs will 

propagate through the model process to results (Spiegelman, 2010) and they 

should be taken into account when assessing exposure (Özkaynak et al., 2009). As 

for modeling of ambient concentrations, air quality models incorporate emissions 

and meteorological data in characterizing complex atmospheric physical and 

chemical processes by mathematical parameterization. The uncertainty in an 

inventory depends on the geographic area, averaging period, time of year, types of 

emission sources, and other factors. In addition to emissions, there are also 

uncertainties in the structure of air quality models, including the formulation of the 

advection, dispersion, gas-phase chemistry, aerosol thermodynamics, mass-

transfer and deposition processes. Uncertainties in the exposure model predictions, 

are also influenced by parameter and structural model uncertainties. Common input 

or parameter uncertainties, include imprecision in: (a) the parameters used to 

estimate concentrations in the various locations individuals spend time (outdoors, 

indoors and in vehicles), such as indoor infiltration, deposition, and information on 

the type and use of mechanical ventilation; (b) the mobility and time-activity 

information for the different population cohorts. Even though current probabilistic 

human exposure models incorporate the important behavioral and physical 

processes influencing exposures to pollutants of outdoor origin (Georgopoulos et 

al., 2005), due to lack of appropriate data, structural uncertainties with these 

models have not been adequately evaluated. 
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In this action of EXPAH project, to evaluate the impact on population exposure to 

pollutants induced by mobility of population, uncertainties in their time-activity and 

indoor infiltration of pollutants in different living microenvironments, a statistical 

approach based on Monte Carlo method has been applied to derive the overall 

uncertainties of modeled pollutants exposure. Probabilistic assessment is used to 

describe the exposure variability, including the prevalence of the highest levels, as 

accurately as possible, including quantitative estimates for model uncertainty when 

needed. Uncertainties are quantified in both I/O infiltration factor of PAHs and 

PM2.5 and time-activity data using data provided by respectively the EXPAH field 

campaigns and the EXPAH field survey of target population carried out within the 

project. Then the propagation of these uncertainties is quantified stochastically 

using Monte Carlo simulation of the exposure model. Details about this assessment 

study can be found in the following paragraphs. 

 

5.2 Estimation of variability of population time-

activity data 
The EXPAH project carried out a population survey aimed to collect and analyze 

time activity data of population groups to get information of which kind of 

environment (home, school, car bus, outdoor, etc) are attended during a weekday 

and a public holiday. Two different populations were investigated: a population of 

700 children (7-8 years old) involved in a birth cohort study (GASPII), and a 

population of 998 elderly (65-85 years old) involved in a survey on respiratory 

health (IMCA study). 

As outlined in paragraph 2.1 the time activities have been grouped in different 

microenvironments as follows: 

 Home: time spent at home indoor 

 School: time spent at school indoor for the children;  

 Work: time spent at work indoor for the elderly 

 Other indoor: time spent doing sport indoor and at other indoor places for 

children; time spent at other indoor places for elderly 

 Walking: time spent walking or cycling 

 Commuting: Time spent in transfer by motorcycle, car/taxi, bus/tram, 

metro/train for children; time spent in transfer by car/taxi, bus/tram, 

metro/train for children 

 Other outdoor: time spent doing sport outdoor and at home outdoor or at 

other outdoor places for children; : time spent at home outdoor or at other 

outdoor places for elderly. 

The analysis has been carried out stratifying by season (spring/summer (non-

heating) and autumn/winter (heating)), day of the week (Wednesday (workday) 

and Sunday (weekend)) and class of population (children and elderly). Average 

values for population/season/day of week were calculated as reported in paragraph 

2.1. However by looking at raw data it seems that some variations exist for each of 

the above microenvironments. As an example, figure 29 shows the histograms of 

occupancy time of home, school, car and walking microenvironments during 

autumn/winter seasons for children. Significant variations are observed among the 

occupancy time of each microenvironments, although peak values can be clearly 

detected addressing for a prevalent occupancy time. This variation is due to both 
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the intrinsic variation in the statistical sample analyzed and the mobility of 

population who move among the different microenvironments. This variation in 

occupancy time might have a significant impact on pollutants exposure and 

consequently it should be taken into account by exposure models. In particular this 

mobility affects both the position of individuals, with consequent variation in the 

ambient concentrations of pollutants, and the indoor exposure due to the different 

indoor penetration of pollutants between the leaving and entering 

microenvironments. By selecting low mobility population, such as children and 

elderly people, the variation of ambient exposure caused by a change in the living 

location can be limited. Conversely the variation of exposure induced by a 

modification in the leaving microenvironments should be accounted for.  
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CAR WALKING 

Figure 29 Histograms of observed occupancy time of home, school, car, walking for children during a 
working day of the autumn/winter seasons. Bet fit PDF functions (solid line) are also shown. 

This can be done by means of a probabilistic approach where the occupancy time of 

each considered microenvironments are randomly sampled from a Probability 
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Density Function (PDF) describing the statistical behavior of the microenvironment 

time-activity data. These PDF are obtained from time-activity data provided by the 

questionnaires delivered for the EXPAH project and analyzing them to find out the 

best theoretical PDF function which fits the observed data. PDF functions were 

obtained by stratifying for population/seasons/day of week/microenvironment. The 

Gaussian, lognormal, gamma, exponential and chi-squared functions were 

considered for fitting of the observed distribution. The distribution which obtained 

the lowest  value was chosen to be used for modeling. Figure 29 shows examples 

of best PDF theoretical functions obtained for home, school, car and walk in a 

weekday of winter/autumn season for children. Whenever data lies on specific 

dominant value (eg. Time activity for bus, motorbike, metro work) the 

correspondent mean value was used as fixed one. Tables 13 and 14 summarizes 

the PDF functions obtained from children time-activity data about the occupancy 

time of different microenvironments. 

 

Table 13 Summary of PDF functions obtained from children time-activity data about the occupancy time 
(% of hour of day) of different microenvironments. 

 weekday weekend 

 Autumn/ 

Winter 

Spring/ 

Summer 

Autumn/ 

Winter 

Spring/ 

Summer 

Walking  Exponential 

(lamda= 0.35)  

Exponential 

(lamda= 0.46)  

Gamma 

(scale=7: 

shape=0.7)  

Gamma 

(scale=7: 

shape=0.7) 

Motorbike  0.154 %  0.192 %  0.051 %  0.053 %  

Car  Chi-squared 

(DF=3.848)  

Chi-squared 

(DF=3.9)  

Exponential 

(lamda= 0.2)  

Chi-squared 

(DF=4.77) 

Bus  0.205 %  0.288 %  0.051 %  0.044 %  

Metro  0.0 %  0.0%  0.094 %  0.018 %  

Home 

closed  

Lognormal 

(mean=3.95; 

std=0.14)  

Lognormal 

(mean=4.06; 

std=0.14)  

Chi-squared 

(DF=75.7) 

Chi-squared 

(DF=68) 

Home 

outdoor  

0.709 %  1.726 %  Gamma 

(scale=6: 

shape=0.3) 

Gamma 

(scale=16.1: 

shape=0.26) 

School 

closed  

Normal 

(mean=27;std=6)  

0 (summer);  

Normal 

(mean=30;std=4.7)  

0.068 %  0.0 %  

School 

outdoor  

Chi-squared 

(DF=3.22) 

Chi-squared 

(DF=3.11) 

0.077 %  0.07 %  

Sport 

closed  

Chi-squared 

(DF=2.2) 

Chi-squared 

(DF=2.2) 

0.068 %  0.062 %  
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 weekday weekend 

 Autumn/ 

Winter 

Spring/ 

Summer 

Autumn/ 

Winter 

Spring/ 

Summer 

Sport 

outdoor  

0.564 %  0.785 %  0.298 %  0.264 %  

Other 

closed  

Exponential 

(lamda= 0.29)  

Exponential 

(lamda= 0.29)  

Exponential 

(lamda= 0.12)  

Exponential 

(lamda= 0.09)  

Other 

outdoor  

Exponential 

(lamda= 0.7)  

Exponential 

(lamda= 0.18)  

Exponential 

(lamda= 0.16)  

Exponential 

(lamda= 0.07)  

 

Table 14 Summary of PDF functions obtained from elderly time-activity data about the occupancy time 
(% of hour of day) of different microenvironments. 

 weekday weekend 

 Autumn/ 
Winter 

Spring/ 
Summer 

Autumn/ 
Winter 

Spring 
/Summer 

Walking  Gamma 
(scale=10.7: 
shape=0.8)  

Lognormal 
(mean=0.64; 
std=2.1448)  

Gamma 
(scale=9.86: 
shape=0.4190) 

Lognormal 
(mean=0.3; 
std=2.2427)  

Car  Gamma 
(scale=10.7: 
shape=0.4) 

Lognormal (mean=-
0.7; std=2.1213)  

Gamma 
(scale=6.3217: 
shape=0.3747) 

CHI-squared 
(DF=2.5) 

Bus  0.85 %  0.627 %  0.256 %  0.445 %  

Metro  0.175 %  0.322 %  0.204 %  0.364%  

Home  
closed  

100 - Gamma 
(scale=7: 
shape=3) 

100 - Gamma 
(scale=16.1; 
shape=1.8) 

Normal 
(mean=87;std=15.
556) 

100 - Gamma 
(scale=15: 
shape=2) 

Home 
outdoor  

2.043 %  Gamma 
(scale=15.661: 
shape=0.3191) 

1.994 % Gamma 
(scale=18.4: 
shape=0.31) 

Work 
closed  

1.047 %  1.295 %  0.115 %  0.27 %  

Work  
outdoor  

0.192 % 0.185 % 0.010 %  0.067 %  

Other  
closed  

Gamma 
(scale=18; 
shape=0.47) 

Gamma 
(scale=10.559; 
shape=0.3530) 

Gamma 
(scale=20.4549: 
shape=0.3511) 

Gamma 
(scale=13.368: 
shape=0.3477) 

Other 
outdoor  

1.752 % Gamma 
(scale=12.115; 
shape=0.2967) 

1.942 % Gamma 
(scale=14.584: 
shape=0.2978) 

 

A wide range of best fit PDF functions was obtained for the selected 

microenvironments for the different seasons, days and population classes. This is 

the results of the optimization procedure based on the minimization of some 

performance parameters (eg. chi-squared test, degree of freedom and p-value 

parameter) which best reproduces the observed distribution and its parameters (eg. 
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modal, standard deviation and skewness). Although for some microenvironments a 

greater homogeneity among the selected PDF functions could be obtained (eg. 

home closed), we decided to keep the results provided by the minimization of 

performance parameters for consistency reasons. 

 

5.3 Estimation of uncertainties in indoor infiltration of 

air pollutants 
As described in paragraph 2.3, the EXPAH project carried out seasonal field 

campaigns to collect indoor/outdoor PAHs and PM2.5 concentration data to assess 

actual population exposure in different living microenvironments. Based on these 

data, I/O infiltration factors were derived for some selected microenvironments by 

applying a linear best fit procedure by assuming a direct link between the indoor 

and the outdoor concentrations. Results demonstrate a good correlation between 

the two concentrations, addressing for an outdoor origin for the indoor pollutants 

concentrations and the consequent applicability of an infiltration factor to estimate 

the indoor concentrations. However, looking at the observed I/O ratios obtained in 

the monitored microenvironments, it seems that some variation exist among the 

values. This uncertainty is due to different reasons. Sampling and analysis of 

pollutants are the first sources of errors. According to preliminary tests and 

sensitivity study, an accuracy of 10% can be ascribed to PAHs concentrations. In 

addition, there is an intrinsic variability in pollutants infiltration caused by the 

involved process (MacNeill et al, 2012). In fact, each microenvironment has its own 

peculiarity in interacting with the outdoor environment. As an example the age of 

building structures, the number of windows, the window-opening behaviors, the 

ventilation systems, the meteorological variables are key aspects for infiltration in 

home and school environments. They introduce variation in the key parameters of 

infiltration process such as: the penetration efficiency, the air exchange rate, the 

decay rate indoors and interior volume of the building. Consequently indoor 

concentrations might be different among inter and intra microenvironments. A 

proper exposure assessment should take into account this variability in indoor 

infiltration. 

This can be done by using a probabilistic approach where the infiltration factors for 

a given microenvironment are randomly sampled from a Probability Density 

Function (PDF) describing the statistical behavior of the indoor/outdoor ratio. These 

PDF are obtained from observed I/O ratios collected within the EXPAH project and 

analyzing them to find out the best theoretical PDF function which fits the observed 

data. PDF functions were obtained by stratifying for pollutants (PAHs, BaP and 

PM2.5) and microenvironments. As for the determinist exposure model the PAHs 

concentrations were those estimated by FARM model: Benzo[a]Pyrene(B[a]P), 

Benzo[b]fluoranthene (B[b]f), Benzo[k]floranthene (B[k]f) and Indeno Pyrene (IP). 

According to the availability of I/O data, the following microenvironments were 

analyzed for PDF function: car, bus, home, school and work. For the other indoor 

microenvironments (metro, sport closed, work closed, other closed) for which I/O 

ratios were not available, the best linear fit I/O infiltration factor calculated for 

home was used. Outdoor microenvironments (eg. walking, motorbike etc.) were set 

to have outdoor concentrations (I/O ratio set to 1). In order to maximize the 

statistics, both winter and summer data were integrated to obtain observed I/O PDF 
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functions apart from those obtained for PM2.5 of schools where seasonal (heating 

and non-heating) distributions were derived. The latter choice was consistent with 

that applied for the deterministic approach (see par. 2.3, table 7). Thanks to the 

availability of daily PM2.5 data, the seasonal approach was considered statistical 

significant even with a reduced dataset. The Gaussian and lognormal functions were 

considered for fitting of the observed distribution. The distribution which obtained 

the lowest  value was chosen to be used for modeling.  

Figure 30 and 31 show examples of the observed distributions of PAHs/BaP and 

PM2.5 I/O infiltration factors and the best PDF theoretical functions obtained for 

homes and schools. Table 15 summarizes the PDF functions obtained for PAHs, BaP 

and PM2.5  I/O infiltration for the different microenvironments. It can be noticed 

that, though the observed distributions show a well defined peak at approximately 

the value obtained from the best linear fit of I/O concentrations (see par. 2.3). 

Observed PDFs also exhibit values higher than one addressing for possible indoor 

sources of likely outdoor origin (eg. resuspended particles) (Dubowsky et al., 1999; 

Naumova et al., 2002; Ohura et al., 2004a; Ohura et al., 2004b). These results are 

consistent with those obtained by Jung et al (Jung, 2010) in residential houses of 

New York City’s Northern Manhattan and the Bronx, which obtained I/O ratios for 

nonvolatile PAH close to one. 

Zuurbier et al. (2010) found I/O PM2.5 in cars higher than 1 and even higher in 

public transport (2.98). As for homes, a recent study carried out in the city of 

Helsinki (Hanninen et al., 2013) estimates a modal value of about 0.6 for PM2.5 

infiltration factor using either an aerosol or a sulphur-based method. The difference 

with the value obtained in this study (0.9) can be ascribed to the warmer climate in 

Rome, which favours less tightly sealed buildings. Whichman et al. (2010) found 

I/O PM2.5 ranging from 0.51 to 2.54 (0.96 as median) in Swedish homes and from 

0.34 to 2.06 (0.89 as median) in schools both with low relationship between indoor 

and outdoor concentrations. 

Right skewed distributions with low probability are detected, particularly for PM2.5. 

This can be ascribed to some I/O values higher than one, of probably either indoor 

or outdoor originated nature. The above distributions testify that, although a clear 

modal value can be identified, there is a very large spread in the values of I/O 

infiltration factors, which should be considered in the exposure model as 

uncertainty in the assessment of this parameter as a consequence of the 

heterogeneities of the infiltration processes among the microenvironments. 
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Figure 30 Histograms of observed I/O PAHs and BaP infiltration factors for homes and schools. Bet fit 
PDF functions (solid line) are also shown. 
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Figure 31 Histograms of observed I/O PM2.5 infiltration factors for homes and schools. Bet fit PDF 
functions (solid line) are also shown. 
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Table 15 Summary of the fixed values and PDF functions obtained for PAHs and BaP I/O infiltration 
factor for the different microenvironments. 

 PAHs BaP  PM2.5 

Walking  1  1  1 

Motorbike  1  1  1 

Car  Lognormal  
(mean=  -0.16; 
std=0.2828)  

Lognormal  
(mean=  -0.18; 
std=0.2773)  

Lognormal  
(mean=  -0.2; 
std=0.3873) 

Bus  Lognormal  
(mean=  -0.011; 
std=0.349)  

Lognormal  
(mean= 0.1; std=0.4)  

Lognormal  
(mean= 0.163; 
std=0.2275) 

Metro  0.76  
(as Home avg) 

0.55 ( 
as Home avg) 

0.70  
(as Home avg) 

Home closed  Normal 
 (mean=  0.76; 
std=0.1732)  

Lognormal  
(mean= -0.24; 
std=0.3162)  

Lognormal  
(mean= 0.08; 
std=0.4123)  

Home 
outdoor  

1  1  1 

School 
closed  

Lognormal  
(mean= -0.25; 
std=0.3163)  

Lognormal  
(mean= -0.24; 
std=0.3162)  

winter/autumn 
Lognormal  
(mean= -0.3248; 
std=0.3873) 

summer/spring 
Lognormal  
(mean= 0.1781; 
std=0.3873) 

School 
outdoor  

1  1  1 

Sport closed  0.76  
(as Home avg) 

0.55  
(as Home avg) 

0.70  
(as Home avg) 

Sport 
outdoor  

1  1  1 

Work closed  Normal  
(mean= 0.5732; 
std=0.1892)  

Normal  
(mean= 0.76; 
std=0.1342)  

Lognormal  
(mean= -0.2; 
std=0.5289) 

Work 
outdoor  

1  1  1 

Other closed  0.76  
(as Home avg) 

0.55  
(as Home avg) 

0.70  
(as Home avg) 

Other 
outdoor  

1  1  1 

 

5.4 Design and implementation of a statistical 

exposure model 
Probabilistic models use probability to overcome the limitations of unavailability of 

actual deterministic data for specific individuals, and to still estimate the exposure 

variability in a given population. This is achieved by using the available data for 
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estimating probability distributions of the values as described in paragraphs 6.2 and 

6.3. The population exposures are then simulated using physical equations from 

input values randomly sampled by the computer from them. In terms of data needs 

and model complexity, probabilistic modeling is the most efficient technique for 

estimation of population exposure and its uncertainty. 

Because the input data in the probabilistic models are drawn randomly from defined 

statistical distributions, results of individual calculations are essentially random. 

Combination of a large number of them provides an estimate for population 

exposure. 

In practice the equation 3, described in paragraph 2 and used in the deterministic 

model to estimate the pollutants population exposure, is applied in a Monte Carlo 

probabilistic approach to obtain randomly values of the pollutant exposure. This 

method defines a domain of possible inputs, generates inputs randomly from a 

probability distribution over the domain, performs a deterministic calculation using 

the inputs and then finally aggregates the results. Consequently the equation 3 is 

modified as following: 

E =                 
 
    

where F and T are random variables describing the indoor infiltration in the 

microenvironment j of the outdoor pollutant and the time spent in the 

microenvironment j respectively and coutd is the outdoor pollutant concentration as 

estimated by the CTM model FARM. The calculated exposure E is itself a random 

variables from which descriptive parameters, such as average and variance and 

percentiles values can be calculated. The probability density functions of the above 

random variables describe the uncertainties associated with their estimated values 

as used in the deterministic approach. The uncertainties, as described in paragraph 

6.2 and 6.3, are linked to statistical, physical and behavior aspects, and are 

considered by assuming probability density functions derived from observed and 

statistical survey data. The PDF’s parameters shown in tables 13, 14 and 15 were 

used for Finf,j and Tj random variables, while the outdoor pollutant concentrations 

(coutd) provided by the CTM model FARM was not considered for uncertainties. As 

outlined above (par. 6.1), here uncertainties came from several key parameters 

such as: emission inventory, meteorological data formulation of the key 

physical/chemical processes. The impact on the results due to these uncertainties is 

challenging for the current state of art CTM models.  At the moment none CTM 

model implements methods to calculate errors to be linked with the provided 

pollutants average values. 

The probabilistic model was implemented by means of IDL’s program functions. The 

main core loop of the program is shown in figure 32. For each model cell (60x60) 

and time frames (365 days), one thousand random samples were extracted from 

the each involved PDF functions, using IMSL random library functions embedded in 

the IDL program. As for the microenvironments time-activity random sampled data 

(Tj, 13 and 10 for children and elderly people respectively), a normalization 

procedure was needed to avoid either a lack (<24 hours) or an overtime (>24 

hours) of the total time spent in the considered microenvironments as a 

consequence of the sampling procedure of the occupancy time. Consequently the 

sampled microenvironments time-activity data were normalized to sum to 24 hours. 

According to tests, the normalization procedure made little change to the sampled 
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values, which did not modify the resulting PDF functions (see example in figure 33 

for homes and schools). 

For each model cell 1000 random samples were available for the pollutant 

population exposure (E) in each of the 365 daily timeframe (June 2011-May 2012). 

Average, 5 and 95 percentiles values of the population exposure were calculated to 

summarize results. The following paragraphs will report the results for PAHs, BaP 

and PM2.5 exposure for children and elderly people. 

 

Figure 32 Main core loop of program to calculate pollutant population exposure using a probabilistic 
approach. 

 

Start and setup of fixed data and 

parameters 
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Home School 

Figure 33 PDF functions of not normalized (solid line) and normalized (dotted line) of time-activity 
randomly sampled data fir home and school microenvironments. 

 

5.5 Results 

PAHs results 

Figure 34 shows the time-series of the PAHs exposure of children and elderly 

people living in a downtown model cell. 

PAHs 

  
BaP 

  
Children Elderly 

Figure 34 Time-series (June 2011-May 2012) of PAHs and BaP exposure of children and elderly people 

living in a downtown area of Rome. The 5th and 95th percentiles are plotted as accuracy in the 

determination of exposure.  



 

EXPAH Technical Report on the development of an exposure model – Actions 5.3-5.4       47 
 

 

According to results there is no difference in PAHs exposure between children and 

elderly people. This may be caused by the prevalence of indoor microenvironments 

(eg. home and school) over the outdoor ones in the time activity data, and by the 

little difference in the correspondent infiltration PDF functions. It is worth to notice 

the dependence of the exposure uncertainty, evaluated as the difference between 

the 5th and the 95th percentiles, on the outdoor PAHs concentrations. Heating 

periods results show both higher average and uncertainties values than non-heating 

periods. However when analyzed in percentage, an uncertainty of 55% respect to 

the average PAHs exposure is observed over the whole year. This result is 

consistent with the average peak’s width of the PDF functions used to sample both 

time-activity and infiltration factors data. 

The figures 35a,b show map of annual averaged of mean, 5th and 95th percentiles of 

PAHs and BaP exposures. As seen before, the maps do not exhibits significant 

differences on PAHs exposure between children and elderly people. According to the 

maps, the downtown area of the city seems to be the more PAHs exposed. It 

should be considered that the spatial distribution of the exposure reflects that 

provided by the outdoor concentration calculated by the CTM model FARM, which is 

not modified by the exposure model, but only used to calculate the indoor 

concentrations. Average PAHs exposure up to 2 ng/m3 is estimated with a possible 

uncertainty of about 1 ng/m3. As for BaP the average annual exposure is predicted 

to be about 0.6 ng/m3 with an uncertainty of 0.2 ng/m3. The legal limit of 1 ng/m3 

is not exceeded even considering the uncertainties. When exposure is stratified by 

seasons, such as heating and non heating periods, much either higher and lower 

exposure are obtained. Figure 36a shows the average PAHs and BaP exposure for 

children during the above seasonal periods. The heating results exhibit a more 

defined spatial gradient than the yearly one (see figures 35) with peak 

concentrations in the downtown area slowly decreasing towards the outskirts zones. 

As for children, mean exposures up to 4.5 and 1.1 ng/m3 are estimated for PAHs 

and BaP respectively during the heating season. Conversely during the non-heating 

season, much lower exposures are predicted (up to 0.6 and 0.15 ng/m3 for PAHs 

and BaP respectively). It outlines the strong seasonal dependence of PAHs exposure 

of population, demanding for possible modification of the time averaging of the 

legal limit. 
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Figure 35a Annual PAHs exposure maps for children and elderly people living in Rome. 
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Figure 35b Annual BaP exposure maps for children and elderly people living in Rome. 

 

 

PAHs 

  

BaP 

  

Heating Non-heating 

Figure 36 Average PAHs exposure maps for children during heating and non-heating periods. 
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A deeper analysis about the contributions of the different microenvironments to the 

total average exposure is shown in figure 37. The dominant contribution of the 

exposure experienced in home and school microenvironments is evident. This is due 

to the predominant time spent in these two indoor rooms respect to the time spent 

at outdoor or in other activities. According to this apportionment the sum of the 

exposure in these two microenvironments represents about 85% of the total daily 

PAH exposure. Similar results are obtained for BaP. 
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Figure 37 Time series of microenvironments contributions to the total average PAHs exposure for 

children living in a downtown area of Rome. 

In order to analyze the amount of uncertainty in the determination of the PAHs 

exposure and how it reflects the uncertainties of the single exposures estimated in 

the selected microenvironments, the PDFs of the total PAHs exposure as well as 

those related with the single contributions were calculated. Figure 38 shows the 

exposure’s PDFs for children living in a downtown area of Rome during a winter day 

(28/11/2011) characterized by a peak concentration of PAHs. 
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Figure 38 Probability Density Functions (PDFs) of the total and microenvironments PAHs exposure for 

children living in a downtown area of Rome during an autumn day (28/11/2011).  

According to the PDF results of the total PAHs exposure, the probability density 

function exhibits a Gaussian shape where the average value (9.4 ng/m3) is quite 

closed to the most probable value (8.8 ng/m3) and the standard deviation is about 

1.6 ng/m3. Consequently the uncertainty in the determination of the average 

exposure is about 35% (two standard deviations). The home indoor contribution 

shows a Gaussian shape PDF as a result of the superposition of infiltration factor 

and time-activity PDFs with a mean value of 4.4 ng/m3 and a standard deviation of 

1 ng/m3. Conversely the school indoor contribution to PAHs exposure exhibits a log-

normal shaped PDFs with a modal value of 2.2 ng/m3 and a tail extending the PAHs 

exposure up to 6 ng/m3. As can be seen from figure 38 the other contributions (in 

vehicle, walking, outdoors) are of less weight for the total PAHs exposure and show 

PDFs of exponential shape with long tails which produce exposure values higher 

than one order of magnitude with respect to their modal value.   

The availability of population density maps over the model cells, allows the 

calculation of cumulative PAHs exposure stratified by population classes. Figure 

39a,b shows the mean and percentiles (5th and 95th) PAHs and BaP results stratified 

by population classes (children and elderly) and for different averaging periods 

(yearly, heating and non-heating seasons). The results provided by the application 

of the deterministic exposure model (PAHs_determin, BaP_determ) (chapter 4.1) 

and by the FARM model (PAHs_ambient, BaP_ambient) are also plotted for 

comparison. It can be seen 50% of the children is exposed to PAHs concentrations 
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(PAHs_stat results) of about 1.5 ng/m3 on a yearly bases, while the same amount 

of elderly people experience a slightly higher concentration (1.75 ng/m3). As for 

BaP, the 50% of children population is exposed to concentrations of about 0.4 

ng/m3 on a yearly bases, while elderly experience a little higher value (0.45 

ng/m3). As outlined above none population is exposed to concentrations higher 

than the annual legal limit of BaP. When cumulative exposures are analyzed for 

heating and non-heating seasons, the above results increase and decreases 

accordingly  (PAHs: 3 and 0.4 ng/m3 for children in heating and non-heating 

seasons and 3.5 and 0.48 ng/m3 for elderly; BaP: 0.8 and 0.1 ng/m3 for children 

and 0.9 and 0.12 ng/m3 for elderly). The absolute amplitude of the uncertainty in 

the determination of PAHs exposure, assessed as the difference between the 5th 

and the 95th percentiles (PAHs_stat_5 and PAHs_stat_95), is found to increase with 

PAHs concentrations, although the percentage value is nearly constant to 50% over 

the whole PAHs values interval. It is worth to notice that the upper limit (95th 

percentile) of cumulative population PAHs exposure overlaps with that obtained by 

using the PAHs ambient air concentration values as calculated by FARM model. This 

means that outdoor concentrations without any filtration from indoor 

microenvironments, can be considered as an extreme level of exposure for 

population. This effect is not observed for BaP where the ambient values as 

predicted by the model FARM are between the average and 95th percentile values 

provided by the statistical exposure model. In addition, the cumulative exposure 

obtained by applying the deterministic approach (PAHs_determ and BaP_determ) is 

systematically below (up to 0.3 ng/m3 at 100% of population for PAHs) the values 

provided by the average of random samples (PAHs_stat) got from the application of 

the statistical approach. The results provided by the deterministic approach are also 

closer to the lower extreme (5th percentile) exposure results of the statistical 

model, addressing for a possible underestimation of exposure when this approach is 

used. 
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Figure 39a Cumulative population exposure to PAHs estimated from yearly, heating and non-heating 

averaged periods stratified by children and elderly people. 95th and 5th percentiles of PAH exposure are 

also shown. The PAHs exposures obtained with the deterministic exposure model and the modeled PAHs 

ambient air values obtained by the FARM model are shown for comparison. 
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Figure 39b Cumulative population exposure to BaP estimated from yearly, heating and non-heating 

averaged periods stratified by children and elderly people. 95th and 5th percentiles of BaP exposure are 

also shown. The BaP exposures obtained with the deterministic exposure model and the modeled BaP 

ambient air values obtained by the FARM model are shown for comparison. 
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PAHs and BaP exposure results were validated against personal exposure 

measurements carried out under the EXPAH project. Figure 40 shows a scatter plot 

of average value of random samples of modeled exposure versus observed PAHs 

and BaP personal exposure. Error bars of modeled values were extracted by the 5th 

and 95th percentiles.  Most of the results lie within the acceptance zone (area 

between the ±50% straight lines), which means that the exposure model is able to 

catch the order of magnitude of the actual exposure. However time series analysis 

of modeled and observed exposures indicates the model inability in reproducing the 

day by day variations. Most of this inability is inherited by the CTM model, which 

also shown difficulty in reproducing day by day dynamics. In order to quantify the 

level of performance of the exposure model, two indexes were calculated: Index Of 

Agreement (IOA) and fraction of predictions within a factor two of observations 

(FAC2) (see equations 7 and 8 above). Table 16 shows the results obtained for the 

indexes of performances of modeling of PAHs and BaP exposure. Although the 

values of FAC2 are close to the ideal value of 1, especially for children, the results 

of IOA indicates poor performances in reproducing the observed values. In fact, as 

outlined above, the day by day variations are scarcely reproduced. 
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Figure 40. Scatter plot of modeled vs observed PAHs and BaP exposure of children and elderly people. 

Modeled values were obtained by the average values of random samples of exposure. Error bars were 

calculated by using 5th and 95th percentiles of the random exposure results. 

 

Table 16. Indexes of performance (IOA, FAC2) of PAHs and BaP exposure modeling for children and 
elderly people. 

  n IOA FAC2 

PAHs 
CHD 51 0.5 0.8 

ELD 28 0.35 0.7 

BaP 
CHD 51 0.5 0.8 

ELD 29 0.25 0.6 
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PM2.5 results  

Figure 41 shows the time series of modeled PM2.5 exposure for children and elderly 

people living in a downtown model cell. 

Children Elderly 

  
Figure 41 Time-series (June 2011-May 2012) of PM2.5 exposure of children and elderly people living in a 

downtown area of Rome. The 25th and 75th percentiles are plotted as accuracy in the determination of 

exposure.  

As for PAHs results, the PM2.5 one do not exhibit significant difference between 

children and elderly exposure. Again the prevalence of indoor microenvironments 

(eg. home and school) over the outdoor ones in the time activity data and the little 

difference between their infiltration factors,  are the main reasons for this 

matching. As for PAHs the uncertainty of exposure, evaluated as the difference 

between the 25th and the 75th percentiles, depends on the outdoor PM2.5 

concentrations. Autumn and winter periods show both higher average and 

uncertainties values than summer period. However when analyzed in percentage, 

an uncertainty of 40% respect to the average PM2.5 exposure is observed over the 

whole year.  

Figure 42 shows maps of annual averaged of mean, 25th and 75th percentiles of 

PM2.5 exposures. The maps confirm the very little differences between children and 

elderly exposures. In particular the latter seems to have a slightly greater impact 

over the urban area. Yearly averaged exposure up to 24 µg/m3 are foreseen with 

an uncertainty of about ±4 µg/m3, evaluated as difference of the 25th and 75th 

percentiles. This value is very close to the legal limit of 25 µg/m3, but well above 

the WHO guideline limit set at 10 µg/m3. A stratification for different seasons is 

shown in figure 43 for children. As expected a strong seasonality of the exposure is 

found. During winter the maximum exposure is foreseen with values up to 31 

µg/m3. The lowest exposure is estimated at spring, when concentrations up to 16 

µg/m3 are estimated. The summer and fall seasons show values in between with 

exposure of respectively 18 and 27 µg/m3. 
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Figure 42 Annual PM2.5  average, 25th and 75th percentiles exposure maps for children and elderly 

people living in Rome. 
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Figure 43 Seasonal averaged PM2.5  exposure maps for children people living in Rome. 

 

The analysis of contributions of the different microenvironments to the total 

average PM2.5 exposure is shown in figure 44 for children living in downtown cell. As 

for PAHs the dominant contribution to the total exposure experienced comes from 

the exposure at home and school. This is due to the predominant time spent in 

these two indoor rooms respect to the time spent at outdoor or in other activities. 

According to this apportionment the sum of the exposure in these two 

microenvironments represents about 84% of the total daily PM2.5 exposure. An 

analysis of the PDF of total PM2.5 exposure and its microenvironments contribution 

has been carried out to investigate about the spread of the statistical samples of 

exposure provided by the statistical exposure model. This information gives the 

accuracy of the exposure estimation, as well as an indication of the usability of the 

average value of the statistical samples as most probable exposure value. Figure 45 

is an example of the PDF functions obtained for the total daily PM2.5 exposure and 

its microenvironments contributions obtained for November 29th 2011 in a 

downtown cell. Most of the PDF functions are right skewed reflecting the shape of 

PM2.5 I/O infiltration PDFs of some microenvironments. This means that exposure 
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values higher than the most probable one (modal value) could have significant 

statistical occurrence. In particular, the PDF of total exposure shows a modal value 

of about 46 µg/m3 and an average value of 55 µg/m3, with a long tail up to 80 

µg/m3. An accuracy of about ±24 µg/m3 (two std of the Gaussian fit of PDF) can be 

identified around the peak value, addressing for an uncertainty in the determination 

of the total average daily exposure of about 40%. Similar behavior can be identified 

for the other exposure contributions (eg. Home and School) with different weight in 

determining the total exposure. The walking, in vehicle and other indoor/outdoor 

microenvironments show, in agreement with the correspondent time activities 

PDFs, an exponential behavior with modal values lower than 5 µg/m3. 
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 Figure 44 Time series of microenvironments contributions to the total average PM2.5 exposure for 

children living in a downtown area of Rome. 
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Figure 45 Probability Density Functions (PDFs) of the total and microenvironments PM2.5 exposure for 

children living in a downtown area of Rome during a Autumn day (29/11/2011).  

 

As for PAHs, the cumulative PM2.5 exposure stratified by population classes were 

calculated to evaluate the amount of population exposed to certain interval of 

exposure. Figure 46 shows the mean and percentiles (25th and 75th) PM2.5 results 

stratified by population classes (children and elderly) and for different averaging 

periods (yearly and seasons). The results provided by the application of the 

deterministic exposure model (PM2.5_determin) (chapter 4.1) and by the FARM 

model (PM2.5_ambient) are also plotted for comparison. It can be seen 50% of the 

children are exposed to average PM2.5 concentrations (PM2.5_stat results) of about 

21.5 µg/m3 on a yearly bases, while the same amount of elderly people experience 

a slightly higher concentration (22.5 µg/m3). In addition, according to the statistic 

results provided by the probabilistic model, these average exposures range from 

16.5 to 23.5 µg/m3 for children and from 17 to 26.5 µg/m3. These values are 

slightly above the legal limit of 25 µg/m3, but well above the WHO guideline limit 

set at 10 µg/m3. In particular the latter is exceeded by the whole population (98%) 

living in Rome. According to the seasonal results, more than 90% of children and 

elderly population are exposed to concentrations (PM2.5_stat results) higher than 
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the legal limit during winter. At fall season 80% and 88% of children and elderly 

respectively are exposed to average concentrations (PM2.5_stat results) higher 

than the annual legal limit, while the latter is not exceed during the summer and 

spring seasons. As far as the 75th percentile of exposure is considered, the legal 

limit is exceed for a certain amount of population (30% and 40% for children and 

elderly respectively) even during summer time. It is worth to notice that the 

population cumulative exposure results provided by the determinist exposure model 

(PM2.5_determ) are at the lower extreme with respect to the statistic results 

(PM2.5_stat_x) and FARM model results (PM2.5_ambient), addressing for a 

possible underestimation of exposure using this approach. The FARM model results 

(PM2.5_ambient), which provide the cumulative exposure by using the ambient 

concentration without any indoor infiltration or microenvironment weighted 

exposure is between the 25th and 75th percentiles of the probabilistic model results, 

just slightly lower than the average results (PM2.5_stat). 
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Figure 46 Cumulative population exposure to PM2.5 estimated from yearly and seasonal averaged 

periods stratified by children and elderly people. 75th and 25th percentiles of PM2.5  exposure are also 

shown. The PM2.5  exposures obtained with the deterministic exposure model and the modeled PM2.5  

ambient air values obtained by the FARM model are shown for comparison. 

PM2.5 exposure results were validated against personal exposure measurements 

carried out within the EXPAH project. Figure 47 shows scatter plots of modeled vs 
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observed exposure for children and elderly. Error bars of modeled values were 

extracted by the 25th and 75th percentiles.  Most of the results lie within the 

acceptance zone (area between the ±50% straight lines), which means that the 

exposure model is able to catch the order of magnitude of the actual exposure. 

However, A tendency to under estimate the observations is quite evident from the 

results. In order to quantify the level of performance of the exposure model, two 

indexes were calculated: Index Of Agreement (IOA) and fraction of predictions 

within a factor two of observations (FAC2) (see equations 7 and 8 above). Table 17 

shows the results obtained for the indexes of performances of modeling of PM2.5 

exposure. Although the values of FAC2 are quite acceptable, especially for elderly, 

the results of IOA indicates poor performances in reproducing the observed values. 

It should be considered that personal PM2.5 exposure measurements are very critical 

due to problems related with efficiency in size-fraction aerodynamic filtering with 

consequent contributions to mass from higher size-fraction particles dimensions. In 

addition, personal measurements may be affected by sources (eg: indoor, 

resuspension from indoor surfaces) other than those considered by the present 

exposure model approaches. Consequently a model underestimation is expected for 

such applications. 

    

Children Elderly 

  

Figure 47. Scatter plot of modeled vs observed PM2.5 exposure of children and elderly people. Modeled 

values were obtained by the average values of random samples of exposure. Error bars were calculated 

by using 25th and 75th percentiles of the random exposure results. 

 

Table 17. Indexes of performance (IOA, FAC2) of PAHs and BaP exposure modeling for children and 

elderly people. 

  n IOA FAC2 

PM2.5 
CHD 33 -0.4 0.6 

ELD 26 0.02 0.7 
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Conclusions 

An exposure model, able to estimate the PAHs and PM2.5 exposure of children and 

elderly people living in the city of Rome, has been developed and applied using data 

carried out by the EXPAH project. Conversely to what usually done in epidemiologic 

study, where exposure is estimated using ambient data available at representative 

location within the studied area, the current work describes how exposure can be 

estimated by taking into account important variables such as indoor concentrations 

in different living environments estimated by outdoor one, and the time spent in a 

day in each of these environments. When this methodology is applied over a city, 

starting from ambient air pollutants map, an exposure map can be obtained by 

applying the exposure formula over the model cells. However, this approach 

assumes that population live close to its residential address, which is, according to 

the statistical survey, particularly true for elderly and children age classes. For 

these classes, ambient pollutant concentrations estimated or measured closer to 

their residential address can be directly linked with their environment burden 

experienced during a typical day.  Conversely, working age population classes 

usually live and work either close or away from their residential areas. 

Consequently, the assessment of their daily exposure would require the knowledge 

of their exposure path, which includes exposures at home, commuting and 

office/working often experienced far from their residential address. This kind of 

information is not available for a large number of population, therefore exposure 

cannot be easily assessed for such a people. As a consequence this study has only 

dealt with air pollutant exposure of children and elderly people. We should also 

consider that these population classes are those more likely involved  to health 

effects due to air pollution, so an exposure assessment study about them is also 

scientific justified. 

 

The model is based on the assumption that exposure can be evaluated as a 

weighted average of the concentrations experienced by a subject in the different 

microenvironments visited during a day using the time spent in each of them as 

weighting factor. The action 3.1 of EXPAH project identified the most visited 

microenvironments for the target population living in Rome, providing data for this 

analysis. Home, School, Work, Other indoor, Walking, Commuting and Other 

outdoor were the most common microenvironments identified. 

As the pollutants concentration in each of the above microenvironments is needed 

to calculate exposure, an infiltration model was developed. Based on data provided 

by the monitoring field campaigns carried out within the EXPAH project (action 

3.3), Indoor/Outdoor infiltration factors were derived for the main identified 

microenvironments by applying a linear best fit procedure by assuming a direct link 

between the indoor and the outdoor concentrations. Results demonstrate a good 

correlation between the two concentrations, addressing for an outdoor origin for the 

indoor pollutants concentrations and the consequent applicability of an infiltration 

factor to estimate the indoor concentrations. Starting from the ambient air 

concentrations estimated by a Chemical Transport Model over the studied area 

(action 4.5), the indoor concentrations were then calculated by applying the 

infiltration factors. Daily exposures were then calculated by weighting each 
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microenvironment concentration for the correspondent occupancy time as derived 

by data collected by action 3.1. PAHs (as sum of Benzo[a]Pyrene(B[a]P), 

Benzo[b]fluoranthene (B[b]f), Benzo[k]floranthene (B[k]f) and Indeno Pyrene 

(IP)), Benzo[a]Pyrene and PM2.5 children and elderly exposure were calculated for a 

year from June 2011 to May 2012.  

In order to take into account the variability of the involved model parameters and 

their impact in the accuracy of the exposure assessment, a statistical version of 

above model were developed and applied. The uncertainties in the determination of 

both the occupancy time of each microenvironment and the evaluation of infiltration 

factors, were investigated by extracting probability density functions (PDFs) from 

the observed data. These PDFs were then fitted with theoretical functions to be 

used as random sample generators in a Monte Carlo approach. Here the 

deterministic model mentioned above, is applied in a Monte Carlo probabilistic 

approach to obtain randomly values of the pollutant exposure. This method defines 

a domain of possible inputs, generates inputs randomly from a probability 

distribution over the domain, performs a deterministic calculation using the inputs 

and then finally aggregates the results. The calculated exposure is itself a random 

variables from which descriptive parameters, such as average, variance and 

percentiles values were calculated to obtain a measure of accuracy in the 

determination of exposure. 

Maps of PAHs, BaP and PM2.5 exposure were calculated on daily bases during a 

whole year for the target population living in Rome. Annual and seasonal averaged 

results were then calculated. The downtown area was found to be the most exposed 

one with concentrations up to 2 and 0.6 ng/m3 on yearly bases for respectively 

PAHs and BaP. According to the legal limit for BaP, set at 1 ng/m3 as year average, 

it seems that this limit is not exceeded in the city of Rome. The concentrations are 

estimated to decrease toward the outskirts areas reaching values as low as 0.4 and 

0.12 ng/m3 on yearly base for respectively PAHs and BaP. In addition, Total Toxicity 

Equivalent Concentration (TTEC) has been evaluated on exposure results in order to 

take in account toxicity of each PAHs compound. Annual average values of TTECT of 

0.48 ng/m3 were estimated for both children and elderly.  

As for PM2.5, up to 16 µg/m3 are foreseen in the downtown area as yearly average. 

Exposure maps for this pollutant exhibit a more spatially diffused behavior. Here 

the decreasing of concentrations toward the outskirts area is less pronounced then 

PAHs one, with values of about 11 µg/m3. Although the annual legal limit of 25 

µg/m3 is accomplished, the WHO guideline limit for health protection (10 µg/m3)is 

overcome.  

No differences were found between children and elderly PAHs and BaP exposure, 

while small variations for PM2.5. This is mainly due to the predominance of home 

and other indoor microenvironments in the time activity data used for these two 

classes of population, which show similar occupancy time.  

Seasonality were found to strongly contributes to the overall exposure. As for 

children, mean exposures up to 4.0 and 1.1 ng/m3 are estimated for PAHs and BaP 

respectively during the heating season. Conversely during the non-heating season, 

much lower exposures are predicted (up to 0.6 and 0.15 ng/m3 for PAHs and BaP 

respectively). These results address to the inability of the current legal limit of PAHs 

to represent the actual exposure of population.  Conversely a seasonal averaged 
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legal limit should be better represent the burden of population exposure. Similar 

results were found for PM2.5. Highest exposure was found in winter with average 

concentrations up to 23 µg/m3, followed by autumn and summer with values up to 

19 and 13 µg/m3 respectively. The lowest concentrations were found at spring with 

values up to 11 µg/m3.  

By superimpose pollutants exposure with population density data it was possible to 

calculate how much population is exposed to a certain interval of concentrations. 

Graphs were produced for PAHs, BaP and PM2.5 using yearly and season averaged 

data. Results indicate that mean annual PAHs exposure is under 1.5 ng/m3 for 

almost the 50% of the investigated target population, increasing up to 3 ng/m3 

during the heating season. As for BaP, it was found under 0.3 and 0.4 ng/m3 for 

almost the 50% of respectively children and elderly population on yearly bases. 

When results are stratified by season the same amount of population is exposed to 

a double level of BaP concentration during the heating season (0.6 and 0.8 ng/m3 

for children and elderly respectively). As far as PM2.5 is concerned, the annual legal 

limit of 25 µg/m3 is not experienced by the target population. However a significant 

portion of population (90%) is exposed to concentrations higher than WHO 

guideline limit (10 µg/m3). This result demands for mitigation strategies to be 

implemented. 

According to the results provided by the statistical approach used to develop the 

exposure model, the above PAHs and PM2.5 results are affected by an uncertainty of 

about 55% due to the uncertainty in the determination of both the infiltration 

factors used to estimate indoor concentrations, and the occupancy time of each 

considered microenvironment, caused by the intrinsic variation in the statistical 

sample analyzed and by the intra-microenvironment mobility. 

In order to analyze the contribution of the considered microenvironments to the 

total pollutants exposure, an apportionment study were carried out. The most 

contributing microenvironment was found to be home followed by school, due to 

the predominant time spent in these two indoor rooms respect to the time spent at 

outdoor or in other activities. According to this apportionment results, the sum of 

the exposures in these two microenvironments represents about 85% of the total 

daily exposure. Equivalent results were also found for PM2.5 exposure. 

Finally, model results were validated against PAHs and PM2.5 personal exposure 

measurements carried out on a few subjects owning to the target population. Most 

of the results lie within the acceptance zone (area between the ±50% straight 

lines), which means that the exposure model is able to catch the order of 

magnitude of the actual exposure. However time series analysis of modeled and 

observed exposures indicates the model inability in reproducing the day by day 

variations. 

The above results represent the first assessment of PAHs exposure carried out in 

the city of Rome. They will be used for an health effects assessment study to be 

carried out within the EXPAH project.  

The methodology used in this study can be easily transferred to other urban areas 

allowing the estimation of PAHs population exposure in different context. 

  



 

EXPAH Technical Report on the development of an exposure model – References       68 
 

References 

Baxter Lisa K., Dionisio K. L., Burke J., Ebelt Sarnat S. , Sarnat J. A., Hodas N., 
Rich D. Q., Turpin B. J., Jones R. R., Mannshardt E., Kumar N., Beevers S. D. 

and Özkaynak H. k., 2013. Exposure prediction approaches used in air pollution 
epidemiology studies: Key findings and future recommendations. Journal of 
Exposure Science and Environmental Epidemiology (2013) 23, 654–659 

Borrego C., Sà E., Monteiro A., Ferreira J., Miranda A.I. Forecasting human 
exposure to atmospheric pollutants in Portugal – A modelling approach. 
Atmospheric Environment 43: 5796–5806 (2009). 

Collins JF, Brown JP, Alexeeff GV and Salmon AG. Potency Equivalency Factors for 
Some Polycyclic Aromatic Hydrocarbons and Polycyclic Aromatic Hydrocarbon 
Derivatives. Regulatory Toxicology and Pharmacology, 28: 45-54 (1998). 

Dubowsky, S., Wallace, L., Buckley, T., 1999, The contribution of traffic to indoor 
concentrations of polycyclic aromatic hydrocarbons. Journal of exposure analysis 
and environmental epidemiology 9, 312-321. 

EXPAH - Technical report on FARM model capability to simulate PM2.5 and PAHs in 
the base case – Action 4.5, 2013 (http://www.ispesl.it/expah/documenti/R2013-
06_ARIANET_EXPAH_A4.5_final.pdf ) 

EXPAH –Technical report on time-activity pattern of children and elderly people in 
Rome- action 3.1. 
(http://www.ispesl.it/expah/documenti/Survey%20on%20children%20and%20el
derly%20people%20time%20activity%20in%20Rome-
action%203.1.%20final%20report.pdf ) 

EXPAH Action 3.3: Extended Technical Report on Indoor/Outdoor monitoring of 

PAHs, PM2.5 and its chemical components with ancillary measurements of 

gaseous toxicants in the frame of the EXPAH Project. , 2013. 

(http://www.ispesl.it/expah/documenti/Technical_Report_CNR_INAIL_2012h%2

0finale.pdf) 

EXPAH - Technical Report on infiltration and exposure model with software 

prototypes – actions 5.1-5.3, 2013. 

http://www.ispesl.it/expah/documenti/Report%20on%20infiltration%20and%20

exposure%20model%20with%20software%20prototypes%20Actions%205.1-

5.3.pdf   

Georgopoulos PG, Wang S, Vyas VM, Sun Q, Burke JM, Vedantham R, McCurdy T, 
Özkaynak H., 2005. A source-to-dose assessment of population exposures to 
fine PM and ozone in Philadelphia, PA, during a summer 1999 episode. Journal of 
Exposure Analysis and Environmental Epidemiology 2005;15:439–457. 

Hänninen Otto, Sorjamaa R., Lipponen P. , Cyrys J., Lanki T., Pekkanen J., 2013. 

Aerosol-based modeling of infiltration of ambient PM2.5 and evaluation against 
population-based measurements in homes in Helsinki, Finland. Journal of Aerosol 
Science 66 (2013) 111–122. 

Hänninen O., Zauli-Sajani S., De Maria R., Lauriola P., Jantunen M (2009) 
Integrated ambient and microenvironment model for estimation of PM10 
exposure of children in annual and episode settings. Environ. Model Assess 
14:419-429. 

Hänninen Otto, Hoek Gerard, Mallone Sandra, Chellini Elisabetta, Katsouyanni Klea, 
Gariazzo Claudio, Cattani Giorgio, Marconi Achille, Molnár Peter, Bellander Tom, 
Jantunen Matti, 2011, Seasonal patterns of outdoor PM infiltration into indoor 

http://www.ispesl.it/expah/documenti/R2013-06_ARIANET_EXPAH_A4.5_final.pdf
http://www.ispesl.it/expah/documenti/R2013-06_ARIANET_EXPAH_A4.5_final.pdf
http://www.ispesl.it/expah/documenti/Survey%20on%20children%20and%20elderly%20people%20time%20activity%20in%20Rome-action%203.1.%20final%20report.pdf
http://www.ispesl.it/expah/documenti/Survey%20on%20children%20and%20elderly%20people%20time%20activity%20in%20Rome-action%203.1.%20final%20report.pdf
http://www.ispesl.it/expah/documenti/Survey%20on%20children%20and%20elderly%20people%20time%20activity%20in%20Rome-action%203.1.%20final%20report.pdf
http://www.ispesl.it/expah/documenti/Technical_Report_CNR_INAIL_2012h%20finale.pdf
http://www.ispesl.it/expah/documenti/Technical_Report_CNR_INAIL_2012h%20finale.pdf
http://www.ispesl.it/expah/documenti/Report%20on%20infiltration%20and%20exposure%20model%20with%20software%20prototypes%20Actions%205.1-5.3.pdf
http://www.ispesl.it/expah/documenti/Report%20on%20infiltration%20and%20exposure%20model%20with%20software%20prototypes%20Actions%205.1-5.3.pdf
http://www.ispesl.it/expah/documenti/Report%20on%20infiltration%20and%20exposure%20model%20with%20software%20prototypes%20Actions%205.1-5.3.pdf


 

EXPAH Technical Report on the development of an exposure model – References       69 
 

environments: review and meta-analysis of available studies from different 
climatological zones in Europe. Air Qual. Atmos. Health (2011) 4:221–233 

Hänninen O., Lebret E., I1acqua V., Katsouyanni K., Kunzli N., Sram R.J., Jantunen 
M. Infiltration of ambient PM2.5 and levels of indoor generated non-ETS PM2.5 in 
residences of four European cities. Atmospheric Environment 38 (2004) 6411–
6423 

Jung K.H., Patel M.M., Moors K., Kinney P.L., Chillrud S.N., Whyatt R., Hoepner L., 

Garfinkel R., Yan B., Ross J., Camann D., Perera F. P., Miller R.L., 2010.  Effects 
of heating season on residential indoor and outdoor polycyclic aromatic 
hydrocarbons, black carbon, and particulate matter in an urban birth cohort. 
Atmospheric Environment, 44 (36) , pp. 4545-4552. 

MacNeill M., L. Wallace, J. Kearney, R.W. Allen, K. Van Ryswyk, S. Judek, X. Xu, A. 
Wheeler, 2012. Factors influencing variability in the infiltration of PM2.5 mass 
and its components. Atmospheric Environment 61, (2012) 518-532. 

Naumova, Y., Eisenreich, S., Turpin, B., Weisel, C., Morandi, M., Colome, S., 
Totten, L., Stock, T., Winer, A., Alimokhtari, S., 2002, Polycyclic aromatic 

hydrocarbons in the indoor and outdoor air of three cities in the US. Environ. Sci. 
Technol 36, 2552-2559. 

Ohura, T., Amagai, T., Fusaya, M., Matsushita, H., 2004a, Polycyclic aromatic 
hydrocarbons in indoor and outdoor environments and factors affecting their 

concentrations. Environ. Sci. Technol 38, 77-83. 

Ohura, T., Amagai, T., Sugiyama, T., Fusaya, M., Matsushita, H., 2004b, 
Characteristics of particle matter and associated polycyclic aromatic 
hydrocarbons in indoor and outdoor air in two cities in Shizuoka, Japan. 
Atmospheric Environment 38, 2045-2054. 

Özkaynak, H., Frey, H., Burke, J., Pinder, R., 2009. Analysis of coupled model 
uncertainties in source-to-dose modeling of human exposures to ambient air 
pollution: a PM2.5 case study. Atmospheric Environment 43, 1641-1649. 

Spiegelman, D., 2010. Approaches to uncertainty in exposure assessment in 
environmental epidemiology. Annual Review of Public Health 31, 149-163. 

Wallace, L., Williams, R., Rea, A., Croghan, C., 2005. Continuous weeklong 

measurements of personal exposures and indoor concentrations offline particles 
for 37 health-impaired North Carolina residents for up to seasons. Atmospheric 
Environment 40, 399–414. 

Wichmann J., Lind T., Nilsson M.A.-M., Bellander T., 2010. PM2.5, soot and NO2 
indoor-outdoor relationships at homes, pre-schools and schools in Stockholm, 
Sweden. Atmospheric Environment 44 (2010) 4536-4544 

Zuurbier M., Hoek G., Oldenwening M., Lenters V., Meliefste K., van den Hazel P., 
Brunekreef B., 2010. Commuters’ Exposure to Particulate Matter Air Pollution Is 

Affected by Mode of Transport, Fuel Type, and Route. Environ Health Perspect. 
118:783–789 


	1. Executive summary
	2. Materials and methods
	2.1 FARM model - simulation of ambient concentration
	2.2 Time activities of the target population
	2.3 Indoor/Outdoor infiltration factors in living microenvironments
	2.4 Development of the exposure model

	3. Results and discussion
	3.1 PAHs exposure results
	3.1.1 Total Toxicity Equivalent Concentration

	3.2 B[a]P results
	3.3 PM2.5 results

	4. Validation of the exposure model
	4.1 PAHs and B[a]P
	4.2 PM2.5

	5. Assessing the uncertainties of the estimation of population exposure by means of a statistical approach.
	5.1 Sources of variability and uncertainty in estimation of population exposure
	5.2 Estimation of variability of population time-activity data
	5.3 Estimation of uncertainties in indoor infiltration of air pollutants
	5.4 Design and implementation of a statistical exposure model
	5.5 Results
	PAHs results
	PM2.5 results


	Conclusions

