
 

 

 

ABSTRACT 

LIU, XIAOZHEN. Quantification and Source Apportionment of Human Exposure to 

Atmospheric Fine Particulate Matter. (Under the direction of Dr. Henry Christopher Frey.) 

 

PM2.5 exposure is associated with short-term and chronic respiratory effects.  Therefore, there 

is a need to investigate human exposure to PM2.5 in order to support assessment of the 

association between exposure and adverse health effects. The methodology used in the 

current version of Stochastic Exposure and Dose Simulation Model for Particulate Matter 

(SHEDS-PM) for in-vehicle PM2.5 concentration is reviewed. An alternative approach of 

estimating in-vehicle PM2.5 concentration based on the use of a dispersion model to estimate 

near-road PM2.5 concentration and a mass balance model for estimating in-vehicle 

concentration has been specified and applied. In-vehicle concentration is estimated based on 

air exchange rate and filter efficiency.  In-vehicle concentration varies with road type, traffic 

flow, wind speed, stability class, and ventilation.  Average in-vehicle exposure is estimated to 

contribute 10 to 20 percent of average daily exposure.  The contribution of in-vehicle 

exposure to total daily exposure can be higher for some individuals.  Recommendations are 

made for updating exposure models and implementation of the alternative approach. 

To relate adverse health effects to PM2.5 sources and to develop effective control 

strategy for PM2.5, source apportionment studies for exposure of PM2.5 are needed to 

determine the contributions of PM2.5 sources to exposure.  The objectives are to: (a) identify 

geographic and seasonal variability in source contributions to total PM2.5 exposure; and (b) 

analyze factors that cause the variability.  The Stochastic Human Exposure and Dose 

Simulation Model for PM2.5 (SHEDS-PM) was used to apportion non-ambient PM sources 

and to determine contribution of ambient exposure to total exposure.  U.S. EPA Speciation 



 

 

 

Trends Network (STN) speciated PM2.5 fixed site monitoring data for 10 sites in three 

geographic areas (Texas, North Carolina, and New York City) were used to characterize the 

composition of ambient PM2.5 over space and the study periods are April, July, October and 

December 2002. Secondary sulfate and motor vehicles are found to contribute most to total 

exposure among all ambient sources for all sites.  Home smoking contributes most to total 

exposure for smokers and non-smokers living with smokers. Home cooking contributes most 

to total exposure for non-smokers not living with smokers among non-ambient sources. 

Seasonal and geographical variability of source apportionment are strongly affected by air 

exchange rates. Exposure apportionment for two age groups, people 12 years old and under, 

65 years old and under are also studied. The characteristics are similar as the overall group, 

except that children have less exposure to cooking. Infiltration factor has significant effects 

on ambient source apportionment. Uncertainty associated with method, data, and results 

interpretation is discussed. Future work and policy making recommendations are made.  
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PART !        INTRODUCTION 
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1.1 Introduction 

Fine particulate matter (PM2.5) is defined as particles 2.5 microns or less in aerodynamic 

diameter.  The contact of a chemical with the outer boundary of the human body is defined as 

exposure (Aldrich et al., 1993), which is determined both by chemical concentration and 

duration of contact.  Human exposure to ambient PM2.5 can lead to short-term and chronic 

respiratory effects, such as exacerbation of asthma, increased susceptibility to infection, 

decreased lung function, and mortality (USEPA, 2009a).   

  Movement of individuals through microenvironments and their contact with 

pollutants are simulated using scenario-based human exposure models.  A microenvironment 

is a location within which air pollutant concentrations are relatively uniform or well-

characterized.  Several scenario-based models estimate inhalation exposure to airborne PM, 

such as The Total Human Exposure Model (THEM), Air Pollutants Exposure Model 

(APEX), and the Stochastic Human Exposure and Dose Simulation for PM2.5 (SHEDS-PM) 

(Klepeis et al., 1994; USEPA, 2008; Burke, 2005).  As an example, SHEDS-PM accounts for 

eight microenvironments, including outdoors, residence, office, school, store, restaurant, bar, 

and in-vehicle.  For each individual, a time-weighted PM2.5 concentration is estimated based 

on the time spent in each microenvironment and microenvironmental concentrations.   

  The in-vehicle microenvironment is a potentially significant contributor to human 

exposure.  Approximately 90% of US commuters drive to work (USDOT, 2008).  In-vehicle 
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PM2.5 concentration is higher than that of other microenvironments, such as houses (Adams 

et al., 2001a).  

  The estimated in-vehicle concentration is based on a linear regression relative to fixed 

site monitor data (FSMs) in SHEDS-PM.  However, in-vehicle concentration is only weakly 

related to an area-wide measurement of PM2.5 (Adams et al., 2001b).  Hence, there is a need 

for an improved methodology for estimating in-vehicle PM2.5 concentration. 

  Primary PM2.5 is emitted directly from a source and secondary PM2.5 is formed in the 

atmosphere from precursors as a result of physical or chemical processes (McMurry et al., 

2004). PM2.5 is emitted from stationary sources such as power plants and mobile sources 

such as gasoline and diesel engines (Tucker, 2000). Secondary PM2.5 includes sulfate and 

nitrate formed from SO2 and NOx emitted by fossil fuel combustion and NH3 emitted by 

mobile sources or animal husbandry, sewage, and fertilized lands (Tucker, 2000). 

  In order to develop source control strategy that minimizes PM2.5 exposure with the 

lowest cost, it is important to identify PM2.5 sources that contribute most to PM2.5 exposure 

(Ito et al., 2004; Hopke et al., 2005).  Thus source apportionment of PM2.5 exposure is 

needed.  Different PM2.5 sources have different health effects (USEPA, 2009a).  

Quantification of source contributions to PM2.5 exposure also helps to establish relationships 

between PM2.5 sources and their health effects (Ito et al., 2004; Hopke et al., 2005).   
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  Source contributions to ambient PM2.5 have been estimated using receptor models.  

The results were found to be consistent across users and methods (Hopke et al., 2005; Ito et 

al., 2005; Mar et al., 2005). Several studies apportioned PM2.5 sources using ambient PM2.5 

concentrations detected at fixed monitoring sites (FMS) and receptor-oriented models (Ito et 

al., 2004; Li et al., 2004; Qin et al., 2006; Zheng et al., 2002).   

  However, human exposure to PM2.5 does not entirely depend on ambient 

concentrations.  Non-ambient sources, such as smoking and cooking, contribute to total 

exposure but are not represented by ambient PM2.5 concentrations (Burke et al., 2001).  

Exposure/concentration ratio (E/C) for PM2.5 varies among individuals (Özkaynak et al., 

2009).  Variation in exposure factors is due to differences in demographics and air exchange 

rates. Demographics are associated with differences in sub-groups of population, such as 

smokers and non-smokers. Air exchange rates are associated with season and climate (Burke 

et al., 2001). Therefore, an approach that can apportion total human exposure to PM2.5 

sources instead of ambient concentrations is necessary.  Such an approach needs to address 

variability in different sub-populations and in different seasons. 

  Existing studies on personal PM2.5 exposure for small numbers of population 

provided useful information about source apportionment factors. Yakovleva and Hopke 

(1999) analyzed PM2.5 source contributions for 1991 Particle Total Exposure Assessment 

Methodology (PTEAM) study, in which personal PM2.5  exposures were measured for 178 
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individuals in Riverside, CA in fall 1991. The PTEAM study proved the importance of 

indoor activities to PM2.5 exposure and identified exposure source contribution differences 

between people exposed and not exposed to tobacco smoke, but does not address 

geographical variability and seasonal variability since the study was conducted in one city 

during one season. Hopke et al. (2003) conducted source apportionment for personal PM2.5 

exposure data collected in The 1998 Baltimore Particulate Matter Epidemiology-Exposure 

Study (BPMEES). The study focus was elderly non-smokers who do not cook. Larson et al. 

(2004) apportioned outdoor, indoor, and personal PM2.5 exposures for 20 individuals in 

Seattle, WA. Neither of these two studies was able to represent a large population. 

  Different PM2.5 species may have different infiltration factors from outdoor to 

indoors, depending on air exchange, penetration and deposition rates (Meng et al. 2007, 

Wallace and Williams, 2005; Baxter et al. 2007).  The penetration and deposition of PM2.5 

depends on particle size.  Thus, source apportionment of indoor ambient exposure can be 

different from that of outdoor ambient exposure. 

1.2 Objective 

The objectives are to:  

i. Assess, demonstrate and improve exposure modeling approach using SHEDS-PM; 

ii. Demonstrate and evaluate a methodology for apportioning ambient and non-

ambient exposure to PM2.5 emission sources; 
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iii. Quantify the variability of exposure apportionment for different sub-groups of the 

population; 

iv. Identify geographical and temporal variability in source contributions to total 

PM2.5 exposure;  

v. Analyze effects of infiltration factors on source apportionment. 

1.3 Organization 

Part II evaluates the current in-vehicle PM2.5 exposure modeling method in SHEDS-PM. An 

alternative approach is developed and demonstrated. Case studies for different traffic 

scenarios are conducted.  

  Part III applies the alternative approach of in-vehicle PM2.5 exposure modeling to 

more cases and analyzes the sensitivity of the modeling results to the key inputs. The 

alternative approach is evaluated.  

  Part IV demonstrates and evaluates a methodology for apportioning ambient and non-

ambient exposure to PM2.5 emission sources based on a case study for New York City; 

seasonal variability and differences in source apportionment for different sub-population are 

analyzed and discussed.  The effects of infiltration factor on source apportionment are also 

analyzed.  

  Part V presents case studies for Harris County in Texas, Wake, Durham, Orange, 

Alamance, Guilford and Forsyth in North Carolina; and Bronx and Queens County in New 

York City.  Geographical variability in source apportionment has been discussed.  
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  Part VI presents the conclusions and recommendations for further study based on the 

analysis provided in Part II, III, IV and V.  
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PART II  MODELING OF IN-VEHICLE HUMAN EXPOSURE TO AMBIENT 

FINE PARTICULATE MATTER
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ABSTRACT 

A method for estimating in-vehicle PM2.5 exposure as part of a scenario-based population 

simulation model is developed and assessed.  In existing models, such as the Stochastic 

Exposure and Dose Simulation model for Particulate Matter (SHEDS-PM), in-vehicle 

exposure is estimated using linear regression based on area-wide ambient PM2.5 

concentration.  An alternative modeling approach is explored based on estimation of near-

road PM2.5 concentration and an in-vehicle mass balance.  Near-road PM2.5 concentration is 

estimated using a dispersion model and fixed site monitor (FSM) data.  In-vehicle 

concentration is estimated based on air exchange rate and filter efficiency.  In-vehicle 

concentration varies with road type, traffic flow, windspeed, stability class, and ventilation.  

Average in-vehicle exposure is estimated to contribute 10 to 20 percent of average daily 

exposure.  The contribution of in-vehicle exposure to total daily exposure can be higher for 

some individuals.  Recommendations are made for updating exposure models and 

implementation of the alternative approach. 
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2.1 Introduction 

Fine particulate matter (PM2.5) is defined as particles 2.5 microns or less in aerodynamic 

diameter.  Human exposure to ambient PM2.5 can lead to short-term and chronic respiratory 

effects, such as exacerbation of asthma, increased susceptibility to infection, decreased lung 

function, and mortality (USEPA, 2004).   

The in-vehicle microenvironment is a potentially significant contributor to human 

exposure.  A microenvironment is a location within which air pollutant concentrations are 

relatively uniform or well-characterized.  Approximately 90% of US commuters drive to 

work (USDOT, 2008).  In-vehicle PM2.5 concentration is higher than that of other 

microenvironments, such as houses (Adams et al., 2001a).  

Movement of individuals through microenvironments and their contact with 

pollutants are simulated using scenario-based human exposure models.  Several scenario-

based models estimate inhalation exposure to airborne PM, such as The Total Human 

Exposure Model (THEM), Air Pollutants Exposure Model (APEX), and the Stochastic 

Human Exposure and Dose Simulation for PM2.5 (SHEDS-PM) (Klepeis et al., 1994; 

USEPA, 2008; Burke, 2005).  As an example, SHEDS-PM accounts for eight 

microenvironments, including outdoors, residence, office, school, store, restaurant, bar, and 

in-vehicle.  For each individual, a time-weighted PM2.5 concentration is estimated based on 

the time spent in each microenvironment and microenvironmental concentrations.  The 
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estimated in-vehicle concentration is based on a linear regression relative to fixed site 

monitor data (FSMs).  However, in-vehicle concentration is only weakly related to an area-

wide measurement of PM2.5 (Adams et al., 2001b).  Hence, there is a need for an improved 

methodology for estimating in-vehicle PM2.5 concentration. 

The objectives of this paper are to: (a) compare in-vehicle PM2.5 exposure to total 

daily exposure; (b) evaluate an alternative modeling approach for estimating in-vehicle PM2.5 

concentration; and (c) demonstrate the alternative approach. 

2.2 sOverview of Exposure Modeling 

SHEDS-PM is used here as the basis for population-based exposure modeling.  The aspects 

related to estimation of in-vehicle exposures are briefly reviewed.  

2.2.1 Key Inputs and Outputs 

There are four major categories of SHEDS-PM input data.  These include: (a) ambient PM2.5 

concentration; (b) human activity diary data; (c) demographic data regarding population 

distribution and housing types; and (d) microenvironment-specific parameters for penetration 

of ambient PM2.5 indoors and indoor emission sources (Burke et al., 2001).  The user may 

supply data for ambient PM2.5 concentration for a specific geographic area and time period 

from FSMs, gridded air quality models, or both. 
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The PM2.5 concentration in an indoor microenvironment is estimated in one of three 

ways: (1) scaled to the ambient concentration by a single fixed ratio; (2) a linear function of 

the ambient concentration with slope and intercept; or (3) mass balance taking into account 

penetration and indoor air exchange rates.  The outputs include estimated daily average 

ambient, non-ambient, and total exposure for each individual for each microenvironment.  

Commuting activities are simulated for employed individuals living in the study area.  

Ambient PM2.5 concentrations for both the home and work census tracts are taken into 

account.  If the work tract is outside the study area, then the concentrations in the home tract 

only are used.  Commuter trips for people who live outside of the study area are not included. 

2.2.2 In-Vehicle Concentration 

The SHEDS-PM in-vehicle PM2.5 concentration is estimated as a linear function of home 

tract ambient PM2.5 concentration measured at a FSM or based on an area-wide average 

estimated from a gridded air quality model:  

                                          (1) 

Where, 

bvt   = in-vehicle non-ambient PM2.5 concentration for vehicle type vt (µg/m
3

) 

Civ, vt = in-vehicle PM2.5 concentration for vehicle type vt (µg/m
3

) 

vtvtambvtvtiv,
ε++= bCkC
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Camb = area-wide ambient PM2.5 concentration (µg/m
3

) 

kvt   = Ratio of in-vehicle to area-wide ambient PM2.5 concentration for vehicle  

 type vt, constant 

vt   = vehicle types: car, bus, truck, train, and other vehicles 

# = unbiased error term for residual variability in in-vehicle PM2.5 

concentration, where # ~ N (0, $!) and $! is the standard deviation (µg/m
3

) 

The ratio, kvt, is estimated by comparing in-vehicle with area-wide ambient measured 

concentration.  In-vehicle sources of PM2.5, such as smoking, can be included in bvt (Burke et 

al., 2001).  

2.3 Methodology 

A preliminary methodology introduced by Liu et al. (2009) is extended and refined here. The 

methodology includes: (1) assessment of input data and the SHEDS-PM default in-vehicle 

method PM; (2) sensitivity analysis of the contribution of in-vehicle to total exposure; (3) an 

alternative approach to estimating in-vehicle PM2.5; and (4) demonstration of the alternative 

approach.  A key hypothesis is that in-vehicle PM2.5 concentration is estimated more 

accurately based on ambient concentration immediately outside the vehicle rather than area-

wide concentration.   

A near roadway air quality model was selected to estimate the incremental component 

of ambient concentration near a roadway attributable to local emissions from vehicles 
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operating on the roadway (Hatano et al., 1989).  This incremental concentration is 

superimposed with an area-wide concentration from a FSM or a gridded air quality model to 

estimate the total concentration surrounding vehicles on a roadway.  An assumption is made 

that the contribution of vehicle emissions from the roadway of interest is very small 

compared to the observed area wide ambient concentration because a FSM is far from the 

roadway or because a gridded air quality model will typically underestimate near-road 

concentration because of horizontal and vertical averaging within a grid cell.   

There is not an existing model reviewed in USEPA’s Guideline on Air Quality Models 

(USEPA, 2005) that can accurately predict PM2.5 concentration on the roadway in the vehicle 

flow path.  CALINE4 can estimate near-roadway concentrations (Chen et al., 2008).  Thus, 

an assumption is made that the near-roadway estimated concentration is a surrogate for the 

on-road concentration.  CALINE4 treats the region directly over the roadway as uniformly 

distributed mixing zone.  Benson et al. (1979) verified that the dominant dispersive 

mechanisms within the mixing zone are mechanical turbulence created by moving vehicles 

and thermal turbulence from vehicle exhaust, except under highly unstable atmospheric 

conditions.  CALINE4 is applicable for rural and urban scenarios within or outside of the U.S 

(Broderick et al., 2005, Hatano et al., 1989; Chen et al., 2008). Thus the proposed model is 

applicable for these areas as well.  

Sensitivity analysis was conducted to determine which factors significantly influence 
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near-roadway air quality.  The inputs that influence the predicted incremental concentration 

were compared and ranked.   

To estimate in-vehicle air quality, a mass balance approach was adopted (Switzer and 

Ott,1992; Abadie et al., 2006).  Sensitivity analysis was conducted to assess variability of in-

vehicle PM2.5 concentration as a function of time spent in vehicle, air exchange rate and 

PM2.5 filter efficiency.   

The coupled near-road and in-vehicle models are demonstrated via example case 

studies.  The case studies account for variations in key inputs including ambient conditions, 

traffic emissions, vehicle characteristics, and vehicle operation.  The results from default 

SHEDS-PM and alternative modeling approaches are compared.   

Recommendations are developed regarding how the alternative modeling approach 

can be simplified for implementation in a scenario-based exposure simulation model such as 

SHEDS-PM. 

2.4 Results 

Literature on in-vehicle PM2.5 exposure is reviewed with a focus on data that can be 

implemented as inputs to SHEDS-PM.  Key factors influencing PM2.5 concentrations are 

reviewed.  Furthermore, sensitivity analysis illustrates the performance of SHEDS-PM.  The 
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alternative coupled air quality and in-vehicle modeling approach is presented.  

Demonstrations of the alternative approach are provided.  Results from the alternative 

approach are used with SHEDS-PM to characterize sensitivity of exposure to the in-vehicle 

microenvironment.    

2.4.1 Review of In-vehicle Inputs  

Adams et al. (2001a) measured in-vehicle PM2.5 concentration for buses, cars, and subways 

and compared to FSMs.  The ratio of mean in-car to area-wide ambient PM2.5 concentration 

was 1.7 and 2.5 in the summer and winter, respectively.  Riediker et al. (2003) conducted in-

vehicle PM2.5 exposure studies with police patrol cars.  The average ratio of in-vehicle to 

area-wide ambient PM2.5 concentration was 0.71.  Gee and Raper (1999) measured PM4 on 

buses in Manchester, UK.  The in-bus PM4 concentration was 12 times higher than the PM10 

concentration at the closest FSM.  Since PM4 is a component of PM10, these results imply 

that PM levels for a given size range inside a vehicle can be much larger than that at the 

nearest FSM.  Toll station worker PM2.5 exposure was measured in Taipei (Lai et al., 2004).  

The workers were exposed to PM2.5 over 8 hours, with bus and truck lane concentrations 

averaging 308 µg/m
3

, or 14.3 times greater than the nearest FSM.   

There is not a strong correlation between FSM ambient and in-vehicle PM2.5 

concentration (Adams et al., 2001b; Gulliver and Briggs, 2004; Kaur et al., 2007).  In-vehicle 

PM2.5 concentrations are correlated with wind speeds and in-vehicle air exchange rates 
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(Adams et al., 2001b; Gomez-Perales et al., 2004; Rodes et al., 1998; Kaur et al., 2005).  

2.4.2 Sensitivity Analysis 

Sensitivity analyses were conducted for a case study based on Wake County, NC.  Wake 

County had a 2000 population of 630,000 people and 105 census tracts.  A random sample of 

one percent of these individuals was simulated.  The case study includes all ages and genders.   

Commuting was simulated.  PM2.5 concentration data are based on hourly 36-km by 36-km 

grid cell predictions for July 1, 2002 to July 30, 2002 produced by U.S. EPA from the CMAQ 

air quality model.  Census tract ambient concentration is estimated based on the CMAQ grid 

cell that encloses the census tract centroid.  On this basis, 15 grid cells of CMAQ predictions 

are used.  The hourly average weekday PM2.5 ambient concentration during 7-9 AM peak 

morning and 5-7 PM peak afternoon commute times is 18.6 and 15.7 µg/m
3

, respectively.  

The concentrations at other times of day are not substantially different, averaging 18.1 µg/m
3

 

from midnight to 7 am, 19.7 µg/m
3

 from 9 am to 5 pm, and 16.5 µg/m
3

, from 7 pm to 

midnight.    During the weekday peak commuting periods, employed people are estimated to 

spend an average of 70 minutes in a vehicle per day, versus only 42 minutes for people not 

employed.  The daily average ambient PM2.5 concentration among all simulated individuals 

during July 2002 is 12.7 µg/m
3

.   
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In-vehicle to Ambient Concentration Ratio 

Three values of kvt were selected to represent low and high bounding cases and a moderate 

case, based on real world conditions reported in the literature (Adams et al., 2001a; Lai et al., 

2004; Riediker et al. 2003).  SHEDS-PM Version 3.5 was run for each sensitivity case.  Each 

run had an approximate runtime of 100 minutes on a Windows XP quad-processor computer.  

For kvt =0.71, of in-vehicle exposure contributed only 6.0% to total exposure for an average 

individual.  However, for kvt =14.3, the average portion increases to 57%.  The 95
th

 percentile 

of inter-individual variability in in-vehicle is approximately 3.3 times the average in-vehicle 

exposure.  Hence, the in-vehicle exposure and its contribution to total exposure are highly 

variable and can be substantial.  

Vehicle Types 

SHEDS simulates travel mode choice based on Consolidated Human Activity Data (CHAD) 

diary data (Burke, 2005).  CHAD diaries include National Human Activity Pattern Survey 

(NHAPS) data from all 50 states of the US and individual study data from: Baltimore, 

Denver, California, Washington, D.C., Valdez, Cincinnati, and Los Angeles.  The time period 

during which diaries were collected ranges from 1985 to 1998 (McCurdy et al., 2000).  The 

sensitivity of total and in-vehicle exposure to vehicle type was evaluated by comparing four 

scenarios.  In each scenario, one type of vehicle was assumed to have a moderately large in-

vehicle to area-wide ambient concentration ratio (kvt) of 2.5, while the other types were 

assigned ratios of 1.0, as shown in Table 2-1.  A base case for which all kvt were set to 1.0 is 
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also given.  The total exposure, in-vehicle exposure, and proportion of in-vehicle to total 

exposure were insensitive to variations in kvt for the bus, truck and train vehicles, but 

significantly affected by variability for cars.  This is because relatively few simulated 

individuals spent time in buses, trucks, or trains.   In the US, the average time people spend 

in cars is more than 90% of the average of time in vehicle (USDOT, 2008).  This proportion 

can differ locally depending on availability of public transit. 

Table 2-1. Sensitivity of Estimated Total and In-vehicle Exposure to Variations in the In-

vehicle to Ambient PM2.5 Concentration Ratios among Four Types of Vehicles 

Employment Status 

SHEDS-PM simulates in-vehicle exposure for employed and not employed people.  The time 

spent in-vehicle is based on CHAD diaries.  Diaries are selected to match the employment 

status of individuals, and age and gender.  A comparison of in-vehicle exposure for employed 

people versus not employed people for selected values of kvt is given in Table 2-2.  The 

employed people are estimated to have 33 to 55 percent higher average in-vehicle exposure 

compared to those who are not employed.  This is because employed people spend more time 

in vehicles.  The in-vehicle exposure and its proportion of total exposure increase with kvt for 

both groups. 

Table 2-2. Comparison of Estimated In-vehicle PM2.5 Exposure for Employed People versus 
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not Employed People 

2.4.3 An Alternative Approach 

The use of a ratio such as kvt does not account for the influence of local emissions on the 

roadway nor factors that affect penetration of PM2.5 from the surroundings into the vehicle 

interior.  Key factors influencing in-vehicle PM2.5 exposure include traffic conditions, wind 

speed, in-vehicle air exchange rate, and vehicle type (Adams et al., 2001a, 2001b; Kaur et 

al., 2005; Chan et al., 2002; Gomez-Perales et al., 2004; Lai et al., 2004; Rodes et al., 1998; 

Tang and Wang, 2006).  To address these factors, a microscale dispersion model and an in-

vehicle mass balance model are identified. 

Dispersion Model 

For predicting near-road concentration, USEPA recommends three Gaussian models: 

CALINE4, CALINE3 with queuing and hot spot calculations (CAL3QHC) and the 

atmospheric dispersion modeling system (AERMOD).  Chen et al. (2008) found that 

CALINE4 performs best among these three.  Key inputs to CALINE4 include road geometry, 

traffic volume, emission factor, wind speed, and stability class. 

Because existing models cannot predict on-road concentration, a roadside receptor is 

used as a surrogate.  A receptor as close as 6.4 meters to the edge of the road is deemed valid 

(Chen et al., 2008; Hatano et al., 1989). 
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To represent variability in area-wide ambient concentrations attributable to roadway 

characteristics, three categories of roadways are evaluated, including local, arterial and 

highway.  These correspond to the U.S. Federal Highway Administration road function 

classifications of interstate, arterials, and collectors, respectively (FHWA, 2000).  For local 

and highway categories, three variations are differentiated by the number of lanes and speed 

limits.  The characteristics of the road types are summarized in Table 3.  Results and analysis 

based on these road types are applicable to any roads that match with these geometric and 

traffic characteristics, regardless of how they are named in country-specific standards.  

Emissions factors and traffic flow are given for three traffic flow scenarios. 

Table 2-3. Characteristics of Road types and Traffic Conditions 

The near-road PM2.5 concentration increments predicted by CALINE4 for various 

combinations of traffic flow, road type, atmospheric stability class, and wind speed are 

summarized in Table 2-4.  The lowest wind speeds are specified based on a verification study 

of CALINE4 (Broderick, et al., 2005).  Other wind speeds are specified based on historic 

weather data for Wake County.  The highest predicted concentration increment for each 

traffic flow scenario occurs for the Highway III roadway and at a wind speed of 1.0 m/s, 

when the stability class is G.  The PM2.5 increments are higher for highways than the other 

road types because the emission factors and traffic volumes are higher.  The near-road 

incremental PM2.5 concentrations decrease when wind speed increases.  Among these factors, 
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the road type, which is associated with variations in emission factors and traffic volume, has 

the largest impact on the near-road PM2.5 increments.   

Table 2-4. Near-road PM2.5 Increment (µg/m
3

) Estimated Using CALINE4 for Selected 

Traffic Flow, Road Type, Wind Speed and Stability Class Scenarios 

In-vehicle Mass Balance Model 

Switzer and Ott (1992) derived a mass balance model to simulate indoor and in-vehicle 

microenvironments: 

    (2) 

Where, 

Cin = Concentration in the vehicle, µg/m
3

 

Csv = Concentration surrounding the vehicle exterior, µg/m
3

 
 

P = Penetration efficiency, dimensionless 

ACH = Air exchange rate, 1/hr 

% = Deposition rate, 1/hr 

This model treats the in-vehicle microenvironment as a well-mixed zone.  Allen et al. (2007) 

evaluated the indoor mass balance model by comparing with hourly light scattering 

measurement data.  The estimates of P and % were 1.01±0.10 and 0.26±0.10 hr
-1

, respectively.  

β
ininsv

in

CCACHCACHP

dt

dC

−×−××=
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They suggested that this model is more reliable than the simple linear regression model in 

which indoor PM concentrations are regressed on outdoor PM concentrations. 

Abi Esber and EI-Fadel (2008) used a similar mass balance model to simulate in-

vehicle CO with measured out-vehicle concentrations and field-recorded driving patterns.  

Removals by air cleaners and sinks were represented by a single term.  Since CO is in the gas 

phase, the penetration rate is 1.  The simulation results showed good agreement with 

measurements using the fractional bias (FB) and normalized mean square error (NMSE) as 

indicators, and most of the results are within 10% of the measurements. 

Here, a similar mass balance model is derived based on the schematic of the vehicle 

cabin and heating, ventilating, and air conditioning (HVAC) system shown in Figure 2-1.  

The model is based on the following assumptions:  (a) particles inside the vehicle cabin are 

well-mixed, leading to a uniform concentration; (b) particles enter the vehicle cabin due to 

advection from outside via windows, infiltration through cracks and by advection from the 

HVAC system; (c) in the HVAC system, air passes through a filter with filter efficiency &; (d) 

particles are removed from the vehicle cabin by advection to the outside via windows, 

exfiltration through cracks, advection to the HVAC system in the case of air recirculation, 

and deposition to surfaces inside the vehicle; (e) the deposition rate is time- and 

directionally-independent; (f) the filter removal efficiency for the HVAC system is time-

independent and constant irrespective of particle concentration; and (g) the HVAC system 
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can accept air either from the vehicle cabin or from the outdoors.  

Figure 2-1.  Schematic of Air Flow Through the Vehicle Cabin and the Heating, Ventilating, 

and Air Conditioning (HVAC) System 

The mass balance model for the case of the HVAC system using outside air is: 

 

 

dC
in

dt

= λ
in
C

sv
− (λ

in
+λ

hvac
)C

in
+λ

hvac
C

sv
(1−η)−C

in
β     (3) 

Where, 

P' = Penetration efficiency through vehicle cracks and windows 

(inf = Air exchange rate due to infiltration, 1/hr 

(adv = Air exchange rate due to advection through windows, 1/hr 

(hvac = Air exchange rate for the HVAC system, 1/hr 

& = Filter removal efficiency, fraction 

% = Deposition rate, 1/hr 

The terms in the equation represent advection of outside air into the vehicle, advection of 

cabin air to the outside, advection of outside air via the HVAC system filter, and deposition 

inside the cabin.  In the case for recirculation of cabin air via the HVAC system, the mass 

balance is: 

βλλλληλλ
ininhvacadvsvhvacsvadv

in

CCCCP

dt

dC
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hvac
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η−C

in
β      (4) 

The terms for this mass balance include the net advection for outside air into the cabin versus 

cabin air to the outside, the net effect of cabin air that recirculates through the HVAC filter, 

and deposition inside the cabin.  

If the penetration rate is approximately 1 as estimated by Allen et al. (2007), the mass 

balance is: 

    (5) 

Equations (4) and (5) are solved analytically.  The results from these models can be used to 

specify the ratio of the in-cabin concentration, Cin, to the concentration surrounding the 

vehicle, Csv, which is denoted as kvt'.  The estimate of kvt' relative to the vehicle surrounding 

replaces kvt, which is relative to an FSM in Equation (1).  

Air exchange rates were measured for four vehicles, taking into account variations in 

vehicle speed, window opening and ventilation (Ott and Switzer, 2007).  The mean ACH 

ranges from 0.92 hr
-1 

to 78.6 hr
-1

.  The lowest ACH was observed for a stopped 2005 Toyota 

Corolla with windows closed and no ventilation.  The highest ACH was for a 2005 Ford 

Taurus sedan at a speed of 20 mph with one window fully open and no ventilation.  

[ ] βηλλλλλ
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When all windows were closed and ventilation was set to low for the same vehicle, 

the air exchange rate ranged from 1.8 hr
-1

 when the vehicle was stopped to 5.6 hr
-1

 when the 

vehicle was moving at a speed of 35 mph.  Hence, these air exchange rates are assumed to be 

representative of the HVAC system.  

During the summer, the typical scenarios of vehicle operation are: (1) windows closed 

and ventilation on; and (2) windows open and ventilation off. ACH values corresponding to 

these two scenarios are 30.3 h
-1

 and 71 h
-1

, respectively (Ott and Switzer, 2007).  For 

scenario (1), air exchange is due to the effects of the ventilation system and vehicle speed.  

For scenario (2), air exchange is due to advection through windows in addition to the factors 

of scenario (1). 

For a vehicle cabin air exchange rate of 30.3 hr
-1

, and an HVAC system air exchange 

rate of 5.6 hr
-1

, the dominate means of advection is exchange of outside air via windows.  

Hence, the filter processes only a small portion of the cabin air.  At such high rates of 

advection of outside air, there is very little difference in interior PM2.5 concentration between 

whether the HVAC system intakes outside or recirculated air.   

In contrast, if the cabin air exchange rate was relatively low, such as 5 hr
-1

, and if the 

HVAC system air exchange rate was comparable at 5.6 hr
-1

, then at 50% filter efficiency the 

in-vehicle concentration would be reduced compared to outside air by 33 percent using fresh 
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air, and by 43 percent using recirculated air.  As filter efficiency approaches 100%, the cabin 

concentration would approach only 43 percent of the outside value for either HVAC intake 

source.  

Deposition rates depend on particle size and air exchange rate (He et al., 2005).  The 

deposition rates measured by Thatcher and Layton (1995) in a residential environment for 

particle sizes of 1-2 µm and 2-3 µm are 0.25 hr
-1

 and 0.55 h
-1

, respectively.  Meng et al. 

(2005) measured a mean deposition rate of 0.79 hr
-1

 for PM2.5 in a residential environment.  

As a bounding estimate of sensitivity, if the deposition rate were 0 hr
-1

 instead of 1.0 hr
-1

, the 

cabin concentration would be 47 percent of the outside value.  Hence, the results are not very 

sensitive to deposition rate.  

For cases of high advection of outside air, the ratio of in-cabin to outdoor 

concentration is approximately 0.82 to 0.99, depending on the filter efficiency.  When the 

windows are closed and the HVAC system is in recirculation mode, the ratio would be more 

likely to be in the range of 0.5 to 0.8. 

2.4.4 Implementation in SHEDS-PM 

The combination of CALINE4 and an in-vehicle air quality model is too computationally 

intensive for direct implementation in SHEDS-PM.  However, the PM2.5 concentration 

surrounding the vehicle (Csv) is predicted by superimposing the incremental component of 
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ambient concentration on a roadway (Cicr) that is attributable to local emissions from vehicles 

operating on the roadway to an area-wide concentration from a FSM or a gridded air quality 

model (Camb).  Therefore, the slope and intercept of Equation (1) can be estimated based on: 

    (6) 

The term kvt'Cicr+bvt, can be substutited as the intercept in Equation (1).  To demonstrate the 

application of the alternative approach, the near-road incremental PM2.5 concentration 

estimation model and the in-vehicle air quality model are applied for various scenarios.  The 

model inputs are varied to analyze the sensitivity of the modeling results and estimated 

exposure to selected inputs. 

2.4.5 Demonstration of the Alternative Approach 

In order to demonstrate the application of the alternative approach and compare with the 

approach used in SHEDS, the highest near-road PM2.5 concentration increment scenario is 

used as an example.  The largest incremental concentration in Table 2-4 is 23 µg/m
3 

for free 

flow, 70 µg/m
3 

for capacity and 79 µg/m
3

 for traffic congestion.  Six cases of the in-vehicle 

mass balance are analyzed for each of the free flow, capacity and congestion traffic flow 

scenarios.  Both employed and unemployed people are simulated.  Selected in-vehicle mass 

balance model inputs for these scenarios are given in Table 2-5.  These cases represent 

typical air exchange rates in combination with bounding estimates of filter removal 

efficiency between 0 and 1.  The corresponding estimated daily average exposures are 

included in Table 2-5.  In-vehicle daily average exposures for all simulated individuals and 

vtvticrvtambvtvtiv
bCkCkC ε+++= ''

,
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all days are calculated manually based on SHEDS-PM results:  

     (7) 

Where, 

Eiv, vt = estimated in-vehicle daily average exposures, µg/m
3

 

Eamb  = daily average in-vehicle exposure to ambient PM2.5 for all simulated 

individuals and all days estimated by SHEDS-PM using Camb, µg/m
3

 

 = average area-wide ambient concentration for all simulated individuals and 

all days during the study period, µg/m
3

 

A similar approach is used for 95th percentile, in which the in-vehicle concentration for the 

95
th

 percentile individual is estimated based on their respective daily average in-vehicle 

exposure and area-wide ambient concentration.   

Table 2-5. In-vehicle Exposure In-vehicle Mass Balance Model Inputs and Corresponding 

Estimated Daily Average and 95
th

 percentile Exposure, for Selected Highway Traffic Flow 

Scenarios 

For the free flow scenario, the estimated in-vehicle concentrations range from 16 to 

36 µg/m
3

, with 24-hr average exposures ranging from 1.0 to 2.2 µg/m
3

.  For the capacity 

scenario, the in-vehicle concentration range is 36 to 82 µg/m
3

, and for the congestion 

scenario, the in-vehicle concentration range is 40 to 91 µg/m
3

.  Riediker et al. (2003) 

amb

icramb

vtambvtiv
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measured in-vehicle PM2.5 concentrations for selected vehicles in Wake County, NC in 2001 

and observed a mean of 24 µg/m
3 

with a range from 4 µ g/m
3

 to 54 µ g/m
3

.  The range of 

estimated in-vehicle concentrations in Table 2-5 is similar to the range of observed 

concentrations measured by Riediker et al. (2003), and thus considered to be reasonable.  

The congestion scenario has the highest incremental PM2.5 concentration and thus the 

greatest in-vehicle PM2.5 exposure comparing to other two scenarios for the same road type, 

meteorology and vehicle operator.  This is mainly due to higher traffic flow than for the other 

scenarios. 

For a given scenario, in-vehicle exposure is sensitive to filter efficiency for low 

values of ACH, but not at high values.  For example, when ACH is low, the in-vehicle PM2.5 

concentration and exposure decrease approximately 50% as the filter removal efficiency 

varies from 0 to an upper bound of 1.  When ACH is high, the in-vehicle PM2.5 concentration 

and exposure decrease less than 10% as the filter removal efficiency increases.  Cars with 

open windows usually have high ACH values.  Thus, having open windows and not using 

recirculation settings in a vehicle can be expected to reduce correlation with filter removal 

efficiency. 

The in-vehicle exposure for the free flow scenario represents 8 to 17 percent of daily 

average exposure, which is comparable to the 6 to 18 percent contribution estimated in the 
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sensitivity analysis from low to moderate values of the in-vehicle to ambient ratio based on 

independent studies.  The contribution of in-vehicle to total exposure for the capacity 

scenario is higher by 5 to 7 percentage points than for the free-flow scenario.  The congestion 

and capacity scenarios have similar contributions of in-vehicle to total exposure.  The in-

vehicle exposure is as much as 23 percent of the total estimated exposure. 

The high-end in-vehicle exposures are approximately 3.3 times higher than the mean 

exposures.  This is due to variability in exposure duration. Based on the CHAD diaries, high 

end (97.5
th

 percentile) exposure duration is 330 minutes longer than low end (2.5
th

 percentile) 

durations.  Longer commuting times are likely to represent occupational situations that 

involve a significant amount of driving.  The CHAD database does not specifically 

distinguish commuting times with respect to purpose, but distinguishes driving that is related 

to 'work' versus that not related to 'work'.  

2.5 Conclusions 

There is growing recognition of the importance of the contribution of in-vehicle exposures to 

PM2.5 of ambient origin as a component of total daily average exposure.  The ratio of in-

vehicle to ambient concentration is subject to substantial variability.  In-vehicle exposure 

potentially can contribute more than half of an individual’s daily PM2.5 exposure.  However, 

existing exposure models such as SHEDS-PM use highly simplified modeling techniques 

that are not able to account for key sources of variability in in-vehicle exposure.  The in-
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vehicle concentrations are influenced by emissions on the roadway, whereas a FSM might be 

located sufficiently far from the roadway that it is not a good indicator of on-road air quality.  

Thus, the preferred method for estimating in-vehicle concentration is to estimate the ambient 

concentration surrounding the vehicle, from which the concentration inside the vehicle can 

be estimated.  However, there is not yet an accepted modeling approach for estimating on-

road concentration.  The most relevant surrogate to on-road concentration that can be reliably 

estimated with existing tools, such as CALINE4, is near-road concentration. 

An alternative approach based on near-road PM levels and mass transfer between the 

near-road air and interior of the vehicle cabin is introduced and discussed.  The alternative 

approach takes into account road width, on-road emission rate, traffic volume, wind speed, 

stability class, in-vehicle air exchange rate, filter efficiency, and deposition rate.   

This alternative approach can be coupled with the existing parameterization of 

SHEDS-PM. The estimated results from the coupled near-road air quality and in-vehicle 

mass balance models as demonstrated here are comparable to those obtained from in-vehicle 

measurements.  The exposure case studies using this approach explain the variability of in-

vehicle exposure better than the existing linear regression approach used in algorithm of 

SHEDS. 

SHEDS-PM accounts for inter-personal variability in activity patterns and ambient 
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PM2.5 concentrations, but does not allow for different in-vehicle linear regression parameters 

in a single run.  The in-vehicle modeling approach demonstrated here can be implemented as 

a post processing step based on SHEDS-PM output estimates of ambient concentration and 

microenvironmental concentrations for each individual.  

Depending on traffic flow, meteorological conditions, vehicle emission rates, the 

status of vehicle windows and HVAC system, and duration of time spent in-vehicle, the in-

vehicle exposure may account for approximately 10 to 20 percent of total daily average 

exposure. However, high end in-vehicle exposures can be a factor of 3 greater than mean 

exposures, because of differences in exposure duration.  

Typical driving scenarios, which are combinations of roadway types, meteorological 

conditions, and ventilation conditions, can be identified for a study area based on applicable 

emission factors, traffic volume data, historical meteorological data, and ventilation 

assumptions. Additional surveys of ventilation control behavior (window open or close, 

ventilation on or off) depending on weather would help to improve characterization of 

variability in vehicle operation. 

Field measurements of in-vehicle and surrounding-vehicle PM2.5 concentrations are 

recommended to better estimate in-vehicle/out-vehicle penetration rate, HVAC filter 

efficiency and in-vehicle deposition rate, and to aid in evaluation and validation of the model. 
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The methodology presented here is a promising basis for refinement of population-

based exposure simulation models in order to better account for the in-vehicle contribution to 

total exposure, both for the average and for variability between vehicle routes, vehicle 

operators and individual in-vehicle exposure durations.
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Table 2-1. Sensitivity of Estimated Total and In-vehicle Exposure to Variations in the In-vehicle to Ambient PM2.5 

Concentration Ratios among Four Types of Vehicles 

  Input Ratio of In-vehicle to 

Ambient PM2.5 Concentration (kvt) 

 

Results from SHEDS-PM Model 

 

Scenario Car Bus Truck Train 

Average 24-hr 

Total PM2.5 

Exposure 

(µg/m
3

) 

Average 24-hr 

In-vehicle PM2.5 

Exposure 

(µg/m
3

) 

Percentage of 

Average Total 

Exposure that 

Occurs  

In-vehicle (%) 

1 2.5 1 1 1 13.7 2.4 18 

2 1 2.5 1 1 12.4 1.1 8.6 

3 1 1 2.5 1 12.4 1.1 8.7 

4 1 1 1 2.5 12.3 1.0 8.4 
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Table 2-2. Comparison of Estimated In-vehicle PM2.5 Exposure for Employed People Versus Not Employed People
a

 

Scenario 

Input Ratio of 

In-Vehicle to 

Ambient 

PM2.5 

Concentration 

(kvt) 

Results from SHEDS-PM Model for Daily PM2.5 Exposure
b

 

 

Employed People

 

People Not Employed
a

 

 

Average 

 In-Vehicle 

(µg/m
3

) 

95th 

Percentile 

In-

Vehicle 

(µg/m
3

) 

Average 

Percent of 

Total that 

Occurs In 

Vehicle 

(%) 

Average 

 In-Vehicle 

(µg/m
3

) 

95th 

Percentile 

In-

Vehicle 

(µg/m
3

) 

Average 

Percent of 

Total that 

Occurs In 

Vehicle 

(%) 

1 0.71 0.8 2.6 6.8 0.6 2.0 4.9 

2 2.5 3.0 9.3 21 2.0 7.2 16 

3 14.3 18 55 61 12 40 51 

 

a

“People not employed” refers to those who do not work, including children and retired people. 

b

Results are based on 105 census tracts in Wake county, NC for a simulated population of 6300 people and hourly air 

quality estimates during July 2002 from CMAQ. 
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Table 2-3. Characteristics of Road Types and Traffic Conditions 

Road Type 
No. 

Lanes 

Width (m) 

Free Flow Capacity Congestion 

Ave. 

Speed 

(mph) 

PM2.5 

Emission 

Factor 

(g/vehicle-

km)
d

 

Traffic 

Flow 

(vehicles 

per hour)
e

 

Ave. 

Speed 

(mph) 

PM2.5 

Emission 

Factor 

(g/vehicle-

km)
d

 

Traffic 

Flow 

(vehicles 

per hour)
f

 

Ave. 

Speed 

(mph)
g 

PM2.5 

Emission 

Factor 

(g/vehicle-

km)
d

 

Traffic 

Flow 

(vehicles 

per hour)
h

 
Lane

a

 
Road

b

 
Mixing 

Zone
c

 

Local I 2 3.15 6.3 12.3 30 0.033 1078 30 0.033 3234 7 0.033 4269 

Local II 3 3.15 9.5 15.5 30 0.033 1617 30 0.033 4851 7 0.033 6403 

Local III 4 3.15 12.6 18.6 30 0.033 2105 30 0.033 6315 7 0.033 8336 

Arterial 4 3.45 13.8 19.8 45 0.041 2231 45 0.041 6693 13 0.033 8634 

Highway I 4 3.6 14.4 20.4 60 0.100 2271 60 0.100 6813 53 0.100 7494 

Highway II 6 3.6 21.6 27.6 60 0.100 3407 60 0.100 10221 50 0.100 11754 

Highway 

III 
8 3.6 28.8 34.8 60 0.100 4542 60 0.100 13626 50 0.100 15670 

a

Calculated by averaging the lower and upon limits of the AASHTO standard (AASHTO, 2007).  

b

Calculated by multiplying numbers of lanes and the lane width. 

c

Calculated by adding 3 meters on each side to the total width of the road (Hatano et al., 1989). 

d

 Based on vehicle speeds and emission factors from a tunnel study for mix of light duty and heavy duty vehicles by 

Kristensson et al. (2004) 

e

Time interval between vehicles in the same lane is 6 seconds. 

f 

Time interval between vehicles in the same lane is 2 seconds. 

g

Based on vehicle speeds between level of service (LOS) E and F (TRB, 1994). 

h

Based on volume to capacity (v/c) ratio estimated by vehicle speeds (TRB, 1997).
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Table 2-4. Near-road PM2.5 Increment (µg/m
3

) Estimated Using CALINE4 for Selected Traffic Flow, Road type, 

Wind Speed and Stability Class Scenarios 

Traffic 

Flow 

Wind Speed
a

  

(m/s) 
1.0 2.3 3.3 4.9 5.4 

Stability 

Class
b

 
A G A G A G B E B E 

Road Type Estimated Incremental PM2.5 Concentration Near the Road Attributed to Onroad Emissions (µg/m
3

) 

Free Flow 

Local I 2.1 2.4 1.1 1.2 0.8 1.0 0.6 0.7 0.5 0.6 

Local II 3.1 3.5 1.7 1.9 1.2 1.4 0.9 1.0 0.8 0.9 

Local III 3.9 4.4 2.1 2.5 1.7 1.8 1.1 1.3 1.0 1.2 

Arterial 5.1 5.8 2.8 3.3 2.1 2.4 1.5 1.7 1.4 1.6 

Highway I 12 14 7.1 8.1 5.3 5.9 3.8 4.3 3.5 3.9 

Highway II 17 19 10 11 7.7 8.7 5.3 6.4 5.2 5.9 

Highway III 20 23 12 14 9.5 11 7.2 8.2 6.5 7.5 

Capacity 

Local I 6.3 7.2 3.3 3.6 2.4 3.0 1.8 2.1 1.5 1.8 

Local II 9.3 11 5.1 5.7 3.6 4.2 2.7 3.0 2.4 2.7 

Local III 12 13 6.3 7.5 5.1 5.4 3.3 3.9 3.0 3.6 

Arterial 15 17 8.4 9.9 6.3 7.2 4.5 5.1 4.2 4.8 

Highway I 36 42 21 24 16 18 11 13 11 12 

Highway II 51 57 30 33 23 26 16 19 16 18 

Highway III 60 70 36 42 29 33 22 25 20 23 

Congestion 

Local I 8.3 9.5 4.4 4.8 3.2 4.0 2.4 2.8 2.0 2.4 

Local II 12 14 6.7 7.5 4.8 5.5 3.6 4.0 3.2 3.6 
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Table 2-4. Continued 

 Local III 15 17 8.3 9.9 6.7 7.1 4.4 5.1 4.0 4.8 

Congestion 

Arterial 16 18 8.7 10 6.5 7.5 4.7 5.3 4.4 5.0 

Highway I 40 46 23 27 17 19 13 14 12 13 

Highway II 59 66 35 38 27 30 18 22 18 20 

Highway III 69 79 41 48 33 38 25 28 22 26 

 

a

The lowest wind speeds are chosen based on a verification study of CALINE4 (Broderick, et al., 2005), and the other 

wind speeds are selected based on historic weather data for Wake County, NC. 

b

Upper and lower bounds of stability classes are chosen. For high wind speeds such as 4.9 and 5.4 m/s, the stability 

class A, F and G are not possible. 
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Table 2-5. In-vehicle Exposure In-vehicle Mass Balance Model Inputs and Corresponding Estimated Daily Average 

and 95th Percentile Exposure, for Selected Highway Traffic Flow Scenarios 

Traffic Flow 

Input Assumptions
a

 SHEDS-PM Output 

Air 

Exchange 

Rate ACH 

Filter 

Removal 

Efficiency 

In-vehicle/ 

surroundings 

Ratio of PM2.5 

Concentration 

for Vehicle 

Type vt kvt’ 

PM2.5 

Concentration 

in the Vehicle 

Civ 

Average 24-hr 

In-vehicle 

PM2.5 

Exposure 

95th 

Percentile 

24-hr In-

vehicle 

PM2.5 

Exposure 

Average 

24-hr 

Total 

PM2.5 

Exposure 

Percentage 

of Total 

Exposure 

that Occurs 

In Vehicle 

(h
-1

) ! (µg/m
3

) (µg/m
3

) (µg/m
3

) (µg/m
3

) 

Free Flow
b 

5 0 0.83 30 1.9 5.2 13 14 

5 1 0.43 16 1.0 2.7 12 8.3 

30.3 0 0.97 35 2.2 6.0 14 16 

30.3 1 0.82 30 1.9 5.2 13 14 

71 0 0.99 36 2.2 6.0 14 17 

71 1 0.91 33 2.1 
5.7 

13 15 

Capacity
c 

5 0 0.83 69 4.3 10.8 21 21 

5 1 0.43 36 2.2 5.6 16 14 

30.3 0 0.97 80 5.0 13.1 23 22 

30.3 1 0.82 68 4.3 10.8 21 21 

71 0 0.99 82 5.0 13.1 23 22 

71 1 0.91 75 4.8 
12.3 22 22 
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Table 2-5. Continued 

Congestion
d 

5 0 0.83 76 4.8 12.4 23 21 

5 1 0.43 40 2.5 6.3 17 15 

30.3 0 0.97 89 5.6 14.3 25 22 

30.3 1 0.82 76 4.8 12.2 23 21 

71 0 0.99 91 5.6 14.2 25 22 

71 1 0.91 84 5.3 
13.4 24 23  

a 

Area wide concentration is 12.7 µg/m
3

. Deposition rate is 1.0 hr
-1

. HVAC air exchange rate is 5.6 hr
-1

. 

b 

Incremental near roadway concentration is 23.3 ug/m
3

. Csv = 36.0 µg/m
3

. 

c 

Incremental near roadway concentration is 69.9 ug/m
3

. Csv = 72.6 µg/m
3

. 

d 

Incremental near roadway concentration is 79.4 ug/m
3

. Csv = 92.1 µg/m
3

.
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Figure 2-1.  Schematic of Air flow through the Vehicle Cabin and the Heating, Ventilating, 

and Air Conditioning (HVAC) System

!"#$%&'()*+



 

a

This part is based on:  X.Liu, H.C. Frey, Y. Cao, 2010. Transportation Research Record, 

2158, 105-112. 

PART III ESTIMATION OF IN-VEHICLE CONCENTRATION AND HUMAN 

EXPOSURE FOR PM
2.5

 BASED ON NEAR ROADWAY AMBIENT AIR QUALITY 

AND VARIABILITY IN VEHICLE OPERATION
a
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ABSTRACT 

PM2.5 exposure is associated with short-term and chronic respiratory effects.  Therefore, there 

is a need to investigate human exposure to PM2.5 in order to support assessment of the 

association between exposure and adverse health effects. The methodology used in the 

current version of Stochastic Exposure and Dose Simulation Model for Particulate Matter 

(SHEDS-PM) for in-vehicle PM2.5 concentration is reviewed. An alternative approach of 

estimating in-vehicle PM2.5 concentration based on the use of a dispersion model to estimate 

near-road PM2.5 concentration and a mass balance model for estimating in-vehicle 

concentration has been specified and applied. The objectives of this paper are to: (a) 

demonstrate the application of the alternative approach to various scenarios; (b) analyze the 

sensitivity of the modeling results to the key inputs; and (c) evaluate this approach. Typical 

inputs for the alternative approach are reviewed. Sensitivities of these inputs to the modeling 

results and estimated human exposure have been analyzed. The in-vehicle PM2.5 

concentration was estimated to vary by more than a factor of two depending on factors such 

as the cabin air exchange rate and filter efficiency of the ventilation system.  

Recommendations are made for field data that would be useful to better characterize 

variability in factors that affect in-vehicle PM2.5 concentration.  

  



 

 53

3.1 Introduction 

Fine particulate matter (PM2.5) includes particles that are 2.5 microns or less in aerodynamic 

diameter.  Exposure to PM2.5 is associated with short-term and chronic respiratory effects 

(USEPA, 2004).  Therefore, there is a need to quantify exposure to PM2.5 to support 

assessment of it with adverse health effects. 

 In 2007, 90% of US commuters drove to work (USDOT, 2008).  Thus, the in-vehicle 

microenvironment is a potentially significant contributor to human exposure to pollutants, 

especially for commuters.  A microenvironment is a location within which air pollutant 

concentrations are relatively uniform or well-characterized.   In-vehicle PM2.5 concentration 

is high compared to those of other microenvironments, such as houses (Adams et al., 2001).   

 The Stochastic Exposure and Dose Simulation model for Particulate Matter (SHEDS-

PM) is a scenario-based human exposure model developed by the US Environmental 

Protection Agency (USEPA).  It simulates individual and population exposure to PM2.5 

(Burke, 2005). Eight microenvironments are accounted for in SHEDS-PM, including 

outdoors, residence, office, school, store, restaurant, bar, and in-vehicle.  For each 

microenvironment, the penetration of ambient PM2.5 is estimated based on a mass balance, 

linear regression, or scaling factor.  For selected microenvironments, such as residence, 

restaurant, and bar, indoor sources of PM2.5 emissions are estimated.  The proportion of time 

that each simulated person spends in each microenvironment is based on sampling diary data 
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from the Consolidated Human Activity Database (CHAD).  The characteristics of housing 

that affect indoor air quality are based on census tract data from the 2000 U.S. Census.  

Details on SHEDS-PM are available elsewhere ( Burke, 2005; Burke et al., 2005).  SHEDS-

PM estimates in-vehicle exposure based on an average ratio of in-vehicle versus ambient 

PM2.5 concentrations, with the latter estimated based on a fixed site monitors (FSMFSM). 

FSMs typically represent area-wide concentrations, but not localized concentrations on the 

roadway. The latter are influenced by vehicle emissions.  

 Liu et al. (2009) reviewed the SHEDS in-vehicle PM2.5 algorithm and inputs and 

developed an alternative approach of estimating in-vehicle PM2.5 concentration. The 

alternative approach estimates PM2.5 concentration near the roadway, and uses a mass 

balance model to predict in-vehicle PM2.5 concentration.  

 The objectives of this paper are to: (a) demonstrate the application of the alternative 

approach to various scenarios; (b) analyze the sensitivity of the modeling results to the key 

inputs; and (c) evaluate this approach. 

3.2 Methodology 

In SHEDS-PM, inhalation exposure to PM2.5 is estimated based on the amount of time spent 

in each microenvironment and the microenvironmental concentrations experienced by every 

individual. SHEDS simulates individuals in a selected population for a specified geographic 
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area and time period. Individual activity patterns are sampled from CHAD diary data. 

Housing type is sampled from U.S. census data at the census tract level. Air quality data may 

be input from FSMs, air quality model results, or arbitrary user-specified inputs. SHEDS-PM 

simulates commuting by vehicles to work, as well as non-commuting vehicle activity (Burke, 

2005). 

 For the in-vehicle microenvironment, SHEDS simulates cars, trucks, buses, trains and 

“all other.” The in-vehicle PM2.5 concentration is estimated as a linear function of ambient 

PM2.5 concentration:  

                                                       (1) 

Where, 

 bvt  = in-vehicle non-ambient PM2.5 concentration for vehicle type vt (µg/m
3

) 

 Civ, vt = in-vehicle PM2.5 concentration for vehicle type vt (µg/m
3

) 

 Camb = ambient PM2.5 concentration (µg/m
3

) 

 kvt  = in-vehicle/ambient ratio PM2.5 concentration for vehicle type vt, constant 

 vt  = vehicle types: car, bus, truck, train, and other vehicles 

 ! = error term for residual variability in in-vehicle PM2.5 concentration, where  

       ! ~ N (0, "!) and "! is the standard deviation (µg/m
3

) 

The ratio of in-vehicle to ambient PM2.5 concentrations, kvt, for vehicle type vt is determined 

by comparing in-vehicle measurement data with ambient data. The background in-vehicle 

vtvtambvtvtiv,
ε++= bCkC
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concentrations bvt is non-zero only when there are in-vehicle sources of PM2.5, such as 

smoking (Riediker et al., 2003).  

 Liu et al. (2009) reviewed the in-vehicle algorithms and inputs for SHEDS-PM and 

performed case studies. The case studies indicated that the ratio of in-vehicle to ambient 

concentration is subject to substantial variability, ranging from 0.71 to 14.3 (Riediker et al., 

2003; Lai et al., 2004; ).  Updates to in-vehicle microenvironmental inputs for SHEDS-PM 

were recommended and an alternative approach that integrates a dispersion model and a mass 

balance model to address the variability of in-vehicle PM2.5 exposure was developed.  

 In this alternative approach, the PM2.5 concentration surrounding the vehicle (Csv) is 

predicted by superimposing the incremental component of ambient concentration on a 

roadway (Cicr) that is attributable to local emissions from vehicles operating on the roadway 

to an area-wide concentration from a FSM or a gridded air quality model (Camb). The 

incremental concentration is estimated by CAlifornia LINE Source Dispersion Model, 

version 4 (CALINE4). CALINE4 predicts near-road incremental concentration, based on 

vehicle emissions, roadway characteristics, and meteorological data (10). Yura et al. (11) 

evaluated the performance of CALINE4 in predicting near-road PM2.5 concentrations and 

found it produced results similar to measured data for areas close to the emission source and 

near to the ground in suburban areas. However, for urban areas, CALINE4 did not provide 

good predictions, which may be due to street canyon effects.  There is not an existing 
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modeling tool that is capable of estimating on-road PM2.5 concentration accurately. Hence, 

near-road concentration is used as a surrogate for on-road concentration.  

 For air quality inside the vehicle, a mass balance is derived based on the schematic of 

the vehicle cabin and heating, ventilating, and air conditioning (HVAC) system of Figure 3-

1.  The model is based on these assumptions:  (a) particles inside the vehicle cabin are well-

mixed; (b) particles enter the vehicle cabin via advection or infiltration from outside and by 

advection from the HVAC system; (c) in the HVAC system, air passes through a filter with 

filter efficiency ; (d) particles are removed from the vehicle cabin by advection or !
exfiltration to the outside, advection to the HVAC system in the case of air recirculation, and 

deposition to interior surfaces; (e) the deposition rate is time- and directionally-independent; 

(f) the filter removal efficiency for the HVAC system is constant; and (g) the HVAC system 

can accept air either from the vehicle cabin or from the outdoors.  

 The mass balance for the case of the HVAC system using outside air is: 

  
!"

!#
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'1!η*!Cβ                               (2) 

Where,   

 Civ = Concentration in the vehicle, ug/m
3

  

 Csv = Concentration surrounding the vehicle exterior, ug/m
3

  

 !in = Air exchange rate due to inflitration, 1/hr 

 !hvac = Air exchange rate for the HVAC system, 1/hr 
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 # = filter removal efficiency, fraction 

$ = Deposition rate, 1/hr 

The terms in the equation represent advection of outside air into the vehicle, advection of 

cabin air to the outside, advection of outside air via the HVAC system filter, and deposition 

inside the cabin.  In the case for recirculation of cabin air via the HVAC system, the mass 

balance is: 

  
!"

!#

! λ
$%
$C

&'
!C&!λ

(')*
Cη!Cβ                                               (3) 

The terms for this mass balance include the net advection for outside air into the cabin versus 

cabin air to the outside, the net effect of cabin air that recirculates through the HVAC filter, 

and deposition inside the cabin.   

 The models in Equations (2) and (3) are solved numerically.  The results from these 

models are used to specify the ratio of the in-cabin concentration, Civ, to the concentration 

surrounding the vehicle, Csv, or the area-wide ambient concentration, Camb.  Hence, the slope 

kvt in Equation (1) can be inferred and entered into SHEDS-PM to represent the in-vehicle air 

quality model.  The intercept bvt can be set to zero. In order to demonstrate the application of 

the alternative approach, the near-road incremental PM2.5 concentration estimation model and 

the in-vehicle air quality model are applied for various scenarios. The model inputs are 

varied to analyze the sensitivity of the modeling results and estimated exposure to selected 

inputs. 
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3.2.1 Near-road Incremental PM2.5 Concentration 

The inputs to CALINE4 include receptor positions, road geometry, and road activity.  As a 

surrogate of on-road incremental PM2.5 concentration, the receptor is set as close to the edge 

of the roadway as possible. Existing studies on near-road PM2.5 concentration estimated by 

CALINE 4 indicates that the closest valid distance is 3.4 meters (Benson et al., 1989). Liu et 

al. (2009) have identified the following key input variables for CALINE4:  road geometry; 

traffic volume; emission factor; wind speed; and stability class.  The values for these inputs 

are reviewed and the sensitivity of near-road incremental PM2.5 concentration to these inputs 

is quantified.  

3.2.2 In-vehicle Air Quality Model 

The in-vehicle air quality model has the following key inputs:  PM2.5 concentration 

surrounding the vehicle (Csv); air exchange rates for the cabin and the HVAC system; filter 

efficiency; and deposition rate.  The exterior concentration is sensitive to the roadway 

scenario, and depends on vehicle speed, emission rate, traffic volume, and number of lanes.  

To illustrate these latter sources of variability, two scenarios are defined based on arterial and 

highway roadways. 
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3.2.3 Sensitivity of Exposure 

Human exposure to PM2.5 is estimated using SHEDS-PM, based on a case study for Wake 

County, NC. The sensitivity of in-vehicle exposure and total exposure to the key inputs of the 

near roadway and in-vehicle air quality models are analyzed.  

3.3 Results 

This section reviews the key inputs for the alternative approach and quantifies the sensitivity 

of PM2.5 concentration and exposure to these inputs. 

3.3.1 Near-road Incremental PM2.5 Concentration 

The ranges of values for key inputs are summarized in Table 3-1. The sensitivity of near-road 

incremental PM2.5 concentration to these inputs is estimated by altering these inputs over 

nominal ranges. 

 CALINE4 is able to model straight or curved roads, intersections, parking lots and 

other roadway geometry (Benson et al., 1989).  However, the human activity data used in 

SHEDS do not contain information regarding the time people spend on roadways of different 

geometries.  Thus for simplicity, only straight roads are considered here. Roads geometry is 

defined by start and end points of road links, road heights, lane and road width, and mixing 

zone width. The latter includes 3m of additional width on both sides of the road. Estimated 
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near road concentration was found not to be sensitive to road length when varied over a range 

of 150 m to 10 km.   

 Chen et al. (2008) reported an average traffic volume of 1919 vehicles per lane per hr 

on a six-lane highway in Sacramento, California and validated CALINE4 predictions of 

PM2.5 concentrations near this road.  The traffic volumes for different road types are 

estimated based on the number of lanes, average vehicle speed, and distance separating two 

vehicles in the same lane: 

      (4) 

Where,  

 TV  = estimated traffic volume per lane, vehicles/hour 

 v  = average vehicle speed, m/s 

 t0   = average time interval between cars in the same lane, s 

 l = vehicle length, m 

For a time interval of 2 seconds, and a vehicle length of 15 meters, the estimated traffic 

volumes are approximately 1600 vehicles per hour per lane for a 4-second following time 

over a range of speeds from 50 to 100 km h
-1

.  

 Kristensson et al. (2004) measured PM2.5 emission factors in grams emitted per 

vehicle-kilometer traveled (g/VKT) in a Swedish tunnel that included both gasoline and 

s/hr3600TV

0

×
+×

=
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v
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diesel light duty vehicle traffic and found that they increase with vehicle speed.  These real-

world emission factors include all sources of PM2.5, such as exhaust, brake wear, tire wear, 

and resuspension of particles deposited on the road. For vehicles at speeds from 45 to 70 km 

h
-1

, 70 to 75 km h
-1

 and 75 to 90 km h
-1

, the average link-based emission factor was 0.033, 

0.041 and 0.100 g/VKT, respectively.  The overall average was 0.067 g/VKT, which is 

similar to 0.062 g/VKT as modeled by Chen et al. (2008) in a U.S. validation study of 

CALINE4.  Furthermore, the emission factors from the tunnel study are comparable to those 

obtained from the MOBILE6 emission factor model.  For example, the PM2.5 emission factor 

simulated by MOBILE6 using example data provided by USEPA is 0.033 g/VKT on average 

for all vehicle types, including exhaust emissions, brake and tire wear emissions. Such a 

result is similar in magnitude to that from the tunnel study measurements.  

 Wind speed affects air pollutant dispersion. Wind speed data in 2007 at six stations in 

North Carolina were examined to account for variability in the typical wind speeds in the 

study area.  On a monthly basis, the average minimum and maximum monthly wind speeds 

were 2.3 and 5.4 m/s, respectively.  On an annual basis, these were 3.3 and 4.9 m/s, 

respectively.  The capacity of CALINE4 to estimate CO concentrations under low wind 

speed conditions was verified at wind speeds of approximately 1.0-1.5 m/s (Yura et al., 

2007).  However, no comparable PM2.5 validation studies have been conducted.  It is 

assumed that the low wind speed performance of CALINE4 is suitable for estimation of 

PM2.5 concentration. Thus 1.0 m/s is selected as the lower bound of the possible wind speeds.  
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 To quantify variability in concentrations attributable to roadway geometry and 

vehicle operations, three categories including seven types of roadways were identified and 

compared.  The categories are local, arterial and highway.  Table 3-2 lists these road types 

and their characteristics including geometry, traffic volume and emission factor.   

 For each road types, CALINE4 is applied for various wind speeds and stability class. 

Atmospheric stability class ranges from very unstable (A) to very stable (G), and each 

stability class is associated with particular ranges of meteorological conditions such as wind 

speed. Not all stability classes can be used in combination with a particular wind speed.  Low 

wind speeds can be associated with any stability class.  However, the higher wind speeds 

considered are can only be associated with stability classes B through E.  For each wind 

speed, two bounding stability class are considered.  

 CALINE4 runs were conducted on a Windows XP quad-processor computer and had 

a runtime of a few seconds. Table 3 shows the CALINE4 outputs.  Among the road types, 

Highway III has the highest estimated near-road incremental PM2.5 concentration (35.0 

µg/m
3

), whereas Local I has the lowest concentrations (0.8 µg/m
3

).  As expected, the 

incremental concentrations decrease when wind speed increases.  For example, for the Local 

I roadway, concentration decreases 75% when wind speed increases from 1.0 to 5.4 m/s, and 

by 68 percent for Highway III.  More stable conditions lead to higher concentrations. For 

example, for a wind speed of 1.0 m/s and Highway III, the PM2.5 concentration for stability 
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class G is 16% times greater than for stability class A.  Overall, concentrations varied by as 

much as an order-of-magnitude when comparing road types, a factor of three to four when 

comparing wind speeds, and only by 4 to 25 percent when comparing stability class.  

3.3.2 In-vehicle Air Quality Model 

 Ott et al. (2007) measured the air exchange rates (ACH) for four vehicles with 

variations in vehicle speed, window opening and ventilation. ACH is the average volumetric 

air flow rate divided by the interior volume.  The lowest mean ACH was 0.92 hr
-1

, which was 

observed for a 2005 Toyota Corolla when the vehicle was stopped with the window closed 

and the fan off.  The highest mean ACH of 78.6 hr
-1

 was observed for a 2005 Ford Taurus 

sedan at a speed of 20 mph with one window fully open and the ventilation fan turned off. 

 The US National Human Activity Pattern Survey (NHAPS) (Klepeis et al., 2001) 

indicates that people spent an average of 5.5% of the day in vehicles.  Employed people 

commute twice per day, and each commute event has a duration of approximately 40 

minutes.  As an approximation, it is assumed that people spend approximately 1.5 hours per 

day in a vehicle. 

 Rodes et al. (1989) monitored both in-vehicle and on-road PM2.5 concentration 

surrounding the vehicle for traveling events lasting 2 hours.  When the vehicle was at high 

speed and the ventilation was high, the ACH was higher than 20.7 hr
-1

.  When all windows 
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were closed and ventilation was set to low for the same vehicle, the air exchange rate ranged 

from 1.8 hr
-1 

when the vehicle was stopped to 5.6 hr
-1

 when the vehicle was moving at a 

speed of 35 mph.  Hence, these air exchange rates are assumed to be representative of the 

HVAC system.  

 During the summer, the typical scenarios of vehicle operation are: (1) windows 

closed and ventilation on; and (2) windows open and ventilation off.  Two ACH values 

corresponding to the two scenarios are selected respectively: (1) 31.3 h
-1 

and (2) 71 h
-1

 (13). 

Variability and uncertainty in filter efficiency is addressed by considering bounding and 

intermediate values of 0.00, 0.25, 0.50, 0.75, and 1.00.  The deposition rate was varied from 

0 to 1 hr
-1

 to assess its effect on the estimated in-vehicle concentration.  Examples of the 

results of sensitivity analysis of the in-vehicle concentration model are shown in Figure 3-2, 

based the assumption of a nominal Csv = 10 µg/m
3

, !in = 30.3 and 71 hr
-1

,  = 0.5, and  = ! !
1 hr

-1

. 

 For a vehicle cabin air exchange rate of 30.3 hr
-1

, and an HVAC system air exchange 

rate of 5.6 hr
-1

, the dominate means of advection is exchange of outside air via windows.  

Hence, the filter processes only a small portion of the cabin air.  Therefore, even if the filter 

efficiency were 100%, the reduction in in-cabin concentration compared to that outside the 

vehicle would only be 18 percent.  As the cabin air exchange rate increases to 71 hr
-1

, the in-

vehicle concentration would be only 9 percent less than that of the outdoors even with 100% 
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filter efficiency.   At these high rates of advection of outside air via windows, there is very 

little difference between whether the HVAC system intakes outside or recirculated air.   

 In contrast, if the cabin air exchange rate was relatively low, such as 5 hr
-1

, and if the 

HVAC system air exchange rate was comparable at 5.6 hr
-1

, then at 50% filter efficiency the 

in-vehicle concentration would be reduced compared to outside air by 33 percent using fresh 

air into the HVAC system, and by 43 percent using recirculated air.  As filter efficiency 

approaches 100%, the cabin concentration would approach only 43 percent of the outside 

value for either HVAC intake source.  If the deposition rate were 0 hr
-1

 instead of 1.0 hr
-1

, the 

cabin concentration would be 47 percent of the outside value.  Hence, the results are not very 

sensitive to deposition rate. 

 For cases of high advection of outside air via windows, the ratio of in-cabin to 

outdoor concentration is approximately 0.82 to 0.99, depending on the filter efficiency.  

When the windows are closed and the HVAC system is in recirculation model, the ratio 

would be more likely to be in the range of 0.5 to 0.8. 

3.3.3 Sensitivity of Exposure 

The sensitivity analysis is based on a case study for Wake County, NC. Wake County 

contains 105 census tracts and had a 2000 population of 630,000 people. A random sample of 

one percent of these individuals was simulated. People of all ages and genders were included 
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and commuting was considered. PM2.5 concentration data for the case study are based on 

hourly data from July 1, 2002 to July 30, 2002 from the output of the CMAQ air quality 

model.  The average PM2.5 concentration during this time period was estimated to be 12.7 

µg/m
3

.  All the key input assumptions for each microenvironment are listed in Table 3-4 

except for the in-vehicle microenvironment.   

 Table 3-5 lists the inputs to the in-vehicle air quality model, the corresponding value 

of kvt, the in-vehicle concentration, the in-vehicle exposure (assuming a total of 1.5 hours of 

commuting per day, averaged over 24 hours), corresponding total exposure for three values 

of the cabin air exchange rate, and the percentage of total exposure that occurs in-vehicle.  

 The results indicate that in-vehicle exposure for a typical commuting scenario can 

represent approximately 10 to 20 percent of the daily average exposure for an individual 

depending on the status of windows and HVAC system capabilities.  The lowest contribution 

of in-vehicle exposure is associated with relatively little air exchange via windows, use of 

recirculated air, and a high filter efficiency.  The highest contributions are associated with a 

high exchange rate with outside air and no filtering by the HVAC system.  The in-vehicle 

concentrations during in-vehicle exposures are estimated to range from 21 to 47 µg/m
3

, with 

24 hour averages ranging from 1.3 to 2.9 µg/m
3

. 
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 Redieker et al. (2003) measured in-vehicle PM2.5 concentrations for selected vehicles 

in Wake County, NC in 2001 and observed a mean of 24 µg/m
3 

with a range from 4 µg/m
3

 to 

54 µg/m
3

.  The range of estimated in-vehicle concentrations in Table 3-5 is enclosed by the 

range of observed concentrations measured by Redieker et al., and thus are considered to be 

reasonable.  

3.3.4 Discussion of Data Needs 

Although the near-road PM2.5 concentration CALINE4 has been validated for CO and PM2.5 

(Lai et al., 2003; Chen et al., 2008; Broderick et al.,  2009), whether it is appropriate to use it 

as a surrogate for PM2.5 concentration immediately surrounding a vehicle operating on the 

road has not been validated.   

 Some studies indicate that self-pollution may occur for the in-vehicle 

microenvironment (Behrentz et al., 2004; Sabin et al., 2005). Self-pollution refers to 

infiltration into the cabin of the same vehicle’s tailpipe emissions.  Therefore, three sets of 

PM2.5 concentration data may need to be collected simultaneously in future research to 

further develop the modeling approach:  near-road, surrounding the vehicle, and self-emitted. 

 The near-road PM2.5 concentration can be sampled by portable instruments located in 

a vehicle.  Air can be drawn in by a pump through a size selective inlet. Airborne particles 

can be collected on a filter.  By weighing the filter before and after sampling the particle 
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mass of the sample can be determined.  Tiitta et al. (2002) and Kaur et al. (2005) measured 

near-road PM2.5 concentrations with this method.  PM2.5 concentrations surrounding the 

vehicle can be sampled by the same instruments used to measure in-vehicle PM2.5 

concentrations.  More simultaneous measurements of in-vehicle and surrounding-vehicle 

concentrations are needed in order to validate and further develop the mass balance modeling 

approach. 

 To further apply the mass balance model for in-vehicle concentration, data are needed 

for a variety of vehicles in order to characterize in-cabin and HVAC air exchange rates 

taking into account inter-vehicle variability and variation in driver preference for operating 

conditions.  The overall ACH for a running vehicle can be determined by the following 

procedure: (1) fill a Tedlar sampling bag with tracer gas for which the quantity is known; (2) 

release all the gas in the bag, and (3) measure the concentration decay in the vehicle as a 

function of time (Ott et al., 2007).  The filter removal efficiency can be measured by 

comparing PM concentrations that enter the HVAC system to those that exit the HVAC 

system.  

3.4 Conclusions 

There is growing recognition of the importance of the contribution of in-vehicle exposures to 

PM2.5 as a component of total daily average exposure.  However, to date there are few field 

studies that quantify in-vehicle PM2.5 concentration, and existing exposure models such as 
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SHEDS-PM use highly simplified modeling techniques that are not able to account for key 

sources of variability.  In particular, the use of a linear regression in which in-vehicle 

concentration is estimated based on a distant FSM explains very little variability in the in-

vehicle concentration.  The in-vehicle concentrations are influenced by emissions on the 

roadway, whereas a FSM might be located sufficiently far from the roadway that it is not a 

good indicator of on-road air quality.  Thus, the preferred method for estimating in-vehicle 

concentration is to estimate the ambient concentration surrounding the vehicle, from which 

the concentration inside the vehicle can be estimated.  However, there is not yet an accepted 

modeling approach for estimating on-road concentration.  The most relevant surrogate to on-

road concentration that can be reliably estimated with existing tools, such as CALINE4, is 

near-road concentration.  

 The near-road concentration is most sensitive to roadway type and wind speed, and 

less sensitive to stability class.  The near-road concentration estimated for highways is a 

factor of six greater than that for local roads and a factor of 3.5 greater than that for arterials, 

over a wide range of wind speeds and stability classes.  Furthermore, near roadway air 

quality varied by more than an order-of-magnitude among all of the combinations of road 

and atmospheric characteristics considered.   

 If the ambient concentration surrounding a vehicle is known, then a reasonable 

estimate can be made of the in-vehicle concentration using a mass balance model.  The key 
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factor to which in-vehicle concentration is sensitive, aside from the outdoor concentration, is 

the air exchange rate.  For low ACH, filter efficiency is also an important factor.  For 

occupants who wish to minimize average in-vehicle concentration, the preferred operating 

scenario is to keep windows closed and use the HVAC system in recirculation mode, as long 

as there are no in-vehicle emission sources.   In-vehicle concentration in the on-road fleet is 

likely to be highly variable because of differences in driver choices regarding operation of 

windows and HVAC system, as well as inter-vehicle variability in cabin volume.   

 There are key data needs that would enable improved estimates of in-vehicle PM2.5 

concentrations.  These include ability to estimate on-road rather than near-road ambient 

concentration, accounting for vehicle self-pollution in situations where it may be important, 

accounting for in-vehicle emissions sources such as cigarette smoking, validating model 

predictions of in-vehicle concentration based on simultaneous measurements of in-vehicle 

and outside-the-vehicle air quality, and characterization of the frequency distribution of 

factors such as interior volume, ACH, and filter efficiency. 

 The estimated results from the coupled near-road air quality and in-vehicle mass 

balance models as demonstrated here are comparable to those obtained from in-vehicle 

measurements.  Thus, the methodology presented here is a promising basis for refinement of 

population-based exposure simulation models in order to better account for the in-vehicle 

contribution to total exposure.
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Table 3-1.  Range of Values for the Key Inputs for CALINE4 

CALINE4 Inputs Value Unit 

Traffic Volume 1,600-6,800
a 

Vehicles per hour 

Emission Factor 0.033-0.100 g/VKT 

Wind Speed 1.0-5.4 m/s 

Stability Class A,B, C, D, E,F,G - 

 

a

Varies by road type and number of lanes. See Table 3-2 for more detail. 
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Table 3-2.  Characteristics of Road Types 

Road 

Type 

# of 

Lanes 

Width 

per 

lane
a 

(m) 

Total 

Width 

of the 

road (m) 

Total 

Width 

of the 

mixing 

zone
b

 

(m) 

Emission 

Factor 

(g/VKT) 

Average 

Vehicle 

Speed 

(mph) 

Distance 

Between 

Vehicles 

(ft) 

Traffic 

Volume 

Used in 

CALINE4
c

 

(vehicles 

per hour) 

Local I 2 3.15 6.3 12.3 0.033 30 279 1617 

Local II 3 3.15 9.5 15.5 0.033 30 279 2425 

Local III 4 3.15 12.6 18.6 0.033 30 279 3233 

Arterial 4 3.45 13.8 19.8 0.041 45 411 3347 

Highway 

I 
4 3.6 14.4 20.4 0.100 60 

543 3407 

Highway 

II 
6 3.6 21.6 27.6 0.100 60 

543 5110 

Highway 

III 
8 3.6 28.8 34.8 0.100 60 

543 6813 

 

a

According to AASHTO (2004), local roads must have lane widths between 2.7 to 3.6 m, 

arterial roads must have lane widths between 3.3 to 3.6m, and highways must have lane 

widths no less than 3.6m. The average values of the possible ranges of lane width are used in 

the estimation of total width of the road.  The latter is the product of the number of lanes and 

width per lane. 

b

Calculated by adding 3 meters on each side to the total width of the road. 

c

Time interval between vehicles in the same lane is 4 seconds. 
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Table 3-3.  Near-road PM
2.5

 Increment (µg/m
3

) Estimated Using CALINE4 for Road Type 

and Wind Speed Scenarios 

Wind Speed 

(m/s) 1.0 2.3 3.3 4.9 5.4 

Stability

 Class  

Road Type A G A G A G B E B E 

Local I 3.2 3.6 1.7 1.8 1.2 1.5 0.9 1.1 0.8 0.9 

Local II 4.7 5.3 2.6 2.9 1.8 2.1 1.4 1.5 1.2 1.4 

Local III 5.9 6.6 3.2 3.8 2.6 2.7 1.7 2.0 1.5 1.8 

Arterial 7.7 8.7 4.2 5.0 3.2 3.6 2.3 2.6 2.1 2.4 

Highway I 18.6 21.5 10.7 12.2 8.0 8.9 5.7 6.5 5.3 5.9 

Highway II 25.4 28.8 15.0 17.0 11.6 13.1 8.0 9.6 7.8 8.9 

Highway III 30.3 35.0 18.5 21.0 14.3 16.5 10.8 12.3 9.8 11.3 
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Table 3-4.  Key Inputs for North Carolina Case Study 

Micro-

environment 

Calculation 

Scheme 

Parameter
 

Distribution 

Type
c 

Distribution Values Reference 

All Outdoor Scaling Factor
a

 Factor Fixed 1.0  

 

 

Home 

 

 

Mass Balance 

Penetration Normal Mean=0.91, 

StdDev=0.1 

Meng et al., 2005 

Deposition Normal Mean=0.79, 

StdDev=0.31 

Air 

Exchange 

Rate 

Lognormal Season3 (summer)
d

:  

GeoMean=0.555, 

GeoStd=1.844 

Murray and 

Burmaster, 1995 

 

Office 

 

Linear Regression
b

 

Slope Fixed 0.18 Burke, et al., 2001 

 Intercept Fixed 3.6 

Residuals Normal Mean=0, 

StdDev=2.9 

 

School 

 

Linear Regression 

Slope Fixed 0.6 Burke, et al., 2001 

 Intercept Fixed 6.8 

Residuals Normal Mean=0, 

StdDev=5.4 

 

Store 

 

Linear Regression 

Slope Fixed 0.75 Burke, et al., 2001 

 Intercept Fixed 9.0 

Residuals Normal Mean=0, 

StdDev=2.1 
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Table 3-4.  Continued 

a

 Scaling factor equation: C
micro

=aC
amb

, where: C
micro 

= microenvironmental PM concentration; C
amb

 = ambient PM 

concentration; a = factor; 
b

 Linear regression equation: C
micro

 =kC
amb

+b+!, where: k=slope; b= intercept; ! 

=residuals, which is used to calculate variability. The intercepts account for cooking or other emissions. Smoking is 

handled separately in SHEDS-PM. 

c

 Fixed refers to constant value; Normal refers to Normal distribution; Lognormal refers to Lognormal distribution. 

d

 The modeling period is from July 1 to July 30, thus only season3 (summer) has been used. 

 

 

Restaurant 

 

Linear Regression 

Slope Fixed 1.0 Burke, et al., 2001 

 Intercept Fixed 9.8 

Residuals Normal Mean=0, StdDev=10 

 

Bar 

 

Linear Regression 

Slope Fixed 1.0 Burke, et al., 2001 

 Intercept Fixed 9.8 

Residuals Normal Mean=0, StdDev=10 

 

All Other Indoor 

 

Linear Regression 

Slope Fixed 0.85 Burke, et al., 2001 

 Intercept Fixed 8.4 

Residuals Normal Mean=0, StdDev=4 
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Table 3-5.  Example of Sensitivity of In-vehicle Exposure to Vehicle Air Exchange Rate and 

HVAC Filter Efficiency for Highway Scenario with C
icr

 =35.0 µm/m
3

 

ACH 

η k
vt

 

In-

Vehicle 

PM2.5 

Concen-

tration 

C
iv

 

Average 24-hr 

In-vehicle 

PM
2.5

 Exposure 

(µg/m
3

) 

Average 24-hr 

Total PM
2.5

 

Exposure  

(µg/m
3

) 

Percentage 

of Total 

Exposure 

that Occurs 

In-vehicle (h
-1

) (µg/m
3

) 

5.0 0.00 0.83 39.7 2.5 13.8 18.1 

5.0 0.25 0.68 32.2 2.0 13.3 15.1 

5.0 0.50 0.57 27.1 1.7 13.0 13.0 

5.0 0.75 0.49 23.4 1.5 12.8 11.5 

5.0 1.00 0.43 20.6 1.3 12.6 10.2 

30.3 0.00 0.97 46.2 2.9 14.2 20.3 

30.3 0.25 0.93 44.2 2.8 14.1 19.6 

30.3 0.50 0.89 42.4 2.6 13.9 19.0 

30.3 0.75 0.86 40.7 2.5 13.8 18.4 

30.3 1.00 0.82 39.2 2.4 13.7 17.8 

71.0 0.00 0.99 47.0 2.9 14.2 20.6 

71.0 0.25 0.97 46.1 2.9 14.2 20.3 

71.0 0.50 0.95 45.3 2.8 14.1 20.0 

71.0 0.75 0.93 44.4 2.8 14.1 19.7 

71.0 1.00 0.91 43.6 2.7 14.0 19.4 

Assumptions:  Area wide concentration is 12.7 ug/m
3

, Incremental near roadway 

concentration is 35.0 ug/m
3

, C
sv

 = 47.7 ug/m
3

, Deposition rate is 1.0 hr
-1

, HVAC air 

exchange rate is 5.6 hr
-1

. 
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Figure 3-1.  Schematic of Air Flow Through the Vehicle Cabin and the Heating, Ventilating, 

and Air Conditioning (HVAC) System  
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(a) !
in

 = 30.3 hr
-1     

(b) !
in

 = 71 hr
-1 

 

Figure 3-2.  Example Results for Estimated In-Vehicle PM
2.5

 Concentration as a Function of 

Time for HVAC System Operation with Outside and Recirculated Air for Selected Vehicle 

Cabin Air Exchange Rates, Filter Efficiency of 0.5, and Deposition Rate of 1.0 hr
-1
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PART IV SOURCE APPORTIONMENT OF PM
2.5

 TOTAL EXPOSURE 
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ABSTRACT 

To relate adverse health effects to PM
2.5

 sources and to develop effective control strategy for 

PM
2.5

, source apportionment studies for exposure of PM
2.5

 are needed.  Limitations of 

existing source apportionment studies are discussed.  The objectives are to: (a) demonstrate 

and evaluate a methodology for apportioning human exposure to PM
2.5

 emission sources; (b) 

quantify the variability of exposure apportionment for different sub-groups of the population; 

(c) identify seasonal differences in source contributions to total PM
2.5 

exposure; and (d) 

analyze effects of infiltration factors on source apportionment. The Stochastic Human 

Exposure and Dose Simulation Model for PM
2.5

 (SHEDS-PM) is used to apportion non-

ambient PM sources and to determine the contribution of ambient exposure to total exposure. 

Two receptor modeling approaches are used to apportion ambient concentrations to sources: 

chemical mass balance (CMB) and Positive Matrix Factorization (PMF). U.S. EPA 

Speciation Trends Network (STN) speciated PM
2.5

 fixed site monitoring data for two 

counties in New York City (Bronx and Queens) were used to characterize the composition of 

ambient PM
2.5

 over space and the study periods are April, July, October and December 2002. 

Secondary aerosols and motor vehicles contribute most among ambient sources. Smoking 

contributes most among non-ambient sources to the exposure for smokers and non-smokers 

living with smokers. Home cooking contributes most among non-ambient for non-smokers 

that do not live with smokers. Seasonal variability in ambient source apportionment is 

affected by air exchange rate and secondary PM formation. Sensitivity analysis on infiltration 

factors indicates that source-specific infiltration factors lead to significant differences in 
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source apportionment. 
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4.1 Introduction 

Fine particulate matter (PM
2.5

) includes particles that are 2.5 microns or less in aerodynamic 

diameter.  The contact of a chemical with the outer boundary of the human body is defined as 

exposure (Aldrich et al., 1993), which is determined both by chemical concentration and 

duration of contact.  Many epidemiological studies indicate that ambient PM exposure is 

associated with short-term and chronic respiratory effects, such as exacerbation of asthma, 

increased susceptibility to infection, and decreased lung function (USEPA, 2009a).   

Primary PM
2.5

 is emitted directly from a source and secondary PM
2.5

 is formed in the 

atmosphere from precursors as a result of physical or chemical processes (McMurry et al., 

2004). PM
2.5

 is emitted from stationary sources such as power plants and mobile sources 

such as gasoline and diesel engines (Tucker, 2000). Secondary PM
2.5

 includes sulfate and 

nitrate formed from SO
2
 and NO

x
 emitted by fossil fuel combustion and NH

3
 emitted by 

mobile sources or animal husbandry, sewage, and fertilized lands (Tucker, 2000). 

To develop source emission control strategies that minimizes effectively reduce PM
2.5

 

exposure with the lowest cost, it is important to identify PM
2.5

 sources that contribute most to 

PM
2.5

 exposure (Ito et al., 2004; Hopke et al., 2006).  Thus source apportionment of PM
2.5

 

exposure is needed.  Different PM
2.5

 sources have different health effects (USEPA, 2009a).  

Quantification of source contributions to PM
2.5

 exposure also helps to establish relationships 

between PM
2.5

 sources and their health effects (Ito et al., 2004; Hopke et al., 2006).   
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Several studies apportioned PM
2.5

 sources using ambient PM
2.5

 concentrations 

detected at fixed monitoring sites (FMS) and receptor-oriented models (Ito et al., 2004; Li et 

al., 2004; Qin et al., 2006; Zheng et al., 2002). Source contributions to ambient PM
2.5

 have 

been estimated using receptor models.  The results were found to be consistent across users 

and methods (Hopke et al., 2006; Ito et al., 2006; Mar et al., 2006). Several studies 

apportioned PM
2.5

 sources using ambient PM
2.5

 concentrations detected at fixed monitoring 

sites (FMS) and receptor-oriented models (Ito et al., 2004; Li et al., 2004; Qin et al., 2006; 

Zheng et al., 2002).   

However, human exposure to PM
2.5

 does not entirely depend on ambient 

concentrations.  Non-ambient sources, such as smoking and cooking, contribute to total 

exposure but are not represented by ambient PM
2.5

 concentrations (Burke et al., 2001).  The 

Exposure/concentration ratio (E/C) for PM
2.5

 varies among individuals (Özkaynak et al., 

2009).  Because of variation in exposure factors is due to differences in demographics and air 

exchange rates. Demographics are associated with differences in sub-groups of population, 

such as smokers and non-smokers. Air exchange rates are associated with season and climate 

(Burke et al., 2001). Therefore, an approach that can apportion total human exposure to 

PM
2.5

 sources instead of ambient concentrations is necessary.  Such an approach needs to 

address variability in different sub-populations and in different seasons. 

Existing studies on personal PM
2.5

 exposure for small numbers of people provided 
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useful insight regarding factors that affect exposure apportionment.. Yakovleva and Hopke 

(1999) analyzed PM
2.5

 source contributions for the 1991 Particle Total Exposure Assessment 

Methodology (PTEAM) study, in which personal PM
2.5

 exposures were measured for 178 

individuals in Riverside, CA in fall 1991. The PTEAM study proved the importance of 

indoor activities to PM
2.5

 exposure and identified exposure source contribution differences 

between people exposed and not exposed to tobacco smoke. However, the PTEAM data were 

collected only for once city during on season.  Hopke et al. (2003) conducted source 

apportionment for personal PM
2.5

 exposure data collected in The 1998 Baltimore Particulate 

Matter Epidemiology-Exposure Study (BPMEES), which focused on elderly non-smokers 

who do not cook. Larson et al. (2004) apportioned outdoor, indoor, and personal PM
2.5

 

exposures for 20 individuals in Seattle, WA.  However, because of the cost of field studies, 

these two studies were not able to represent a large population. 

Different PM
2.5

 species may have different infiltration factors from outdoor to 

indoors, depending on air exchange, penetration and deposition rates (Meng et al. 2005, 

Wallace and Williams, 2005; Baxter et al. 2007).  The penetration and deposition of PM
2.5

 

depends on particle size.  Thus, source apportionment of indoor ambient exposure can be 

different from that of outdoor ambient exposure. 

The objectives are to: (a) demonstrate and evaluate a methodology for apportioning 

human exposure to PM
2.5

 emission sources; (b) quantify the variability of exposure 
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apportionment for different sub-groups of the population; (c) identify seasonal differences in 

source contributions to total PM
2.5 

exposure; and (d) analyze effects of infiltration factors on 

source apportionment. 

4.2 Methodology 

Human exposure to PM
2.5

 can be quantified by point-of-contact method personal monitoring 

devices or via scenario evaluation method using environmental monitors at selected sites 

(Amstrong et al., 1994; Burke et al., 2001). Since personal monitoring of exposure is time-

consuming and expensive, it is not practical for widespread application. Thus, the scenario 

evaluation method is used here. Scenario-based human exposure models simulate the 

movement of individuals through microenvironments and their contact with pollutants. A 

microenvironment is a location within which air pollutant concentrations are relatively 

uniform or well-characterized (USEPA, 2008a).  

To apportion exposure to sources, it is necessary to apportion microenvironmental 

PM
2.5

 concentration.  Outdoor microenvironmental exposure is based on ambient 

concentration, which can be apportioned to emission sources using receptor models (Ito et 

al., 2004; Li et al., 2004; Qin et al., 2006; Zheng et al., 2002). Receptor models use statistical 

procedures to estimate the contributions of PM
2.5

 sources to total PM
2.5

 based on PM
2.5

 

constituents measured at receptor monitoring sites. Indoor microenvironmental 

concentrations are affected by ambient PM
2.5

 that penetrates from outdoors, and non-ambient 
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PM
2.5

 sources such as indoor smoking and cooking.  

4.2.1 Exposure Modeling 

The contributions of ambient and non-ambient exposure are estimated using the Stochastic 

Human Exposure and Dose Simulation for PM
2.5

 (SHEDS-PM) (Burke, 2005). Exposure is 

quantified based on microenvironmental concentration and human activity patterns.  SHEDS-

PM inputs include ambient PM
2.5

 concentration, human activity diary data, demographic data 

regarding population distribution and housing types; and microenvironment-specific 

parameters for penetration of ambient PM
2.5

 indoors and indoor emission sources (Burke et 

al., 2001).  SHEDS-PM simulates eight categories of microenvironments: outdoors, home, 

school, office, store, restaurant, bar, and in-vehicle (Burke et al., 2001).  Ambient exposure 

includes outdoor PM
2.5

 exposure and indoor exposure to PM
2.5

 of outdoor origin. Ambient 

outdoor and indoor microenvironmental concentrations are apportioned to emission sources 

using receptor models based on speciated ambient air quality data. Ambient exposure, except 

in-vehicle exposure, is quantified by SHEDS-PM and apportioned based on monthly 

averaged weighting of ambient concentrations to primary emission sources and to secondary 

PM
2.5

. In-vehicle exposure is estimated based on SHEDS-PM results and an in-vehicle mass 

balance model (Liu et al., 2010). 

Non-ambient exposures are apportioned to indoor sources based on sensitivity 

analysis of SHEDS-PM. The total exposure is apportioned to sources by synthesizing 
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receptor models and scenario-based exposure model, as illustrated in Figure 4-1.  

Figure 4-1.  Source Apportionment of PM
2.5 

Exposure Framework 

4.2.2 Source Apportionment of Total and Non-ambient PM
2.5

 Exposure 

SHEDS-PM estimates microenvironmental exposure per simulated person and day. Ambient 

and non-ambient exposures are reported separately. However, SHEDS-PM does not report 

apportionment of non-ambient exposure attributable to specific sources such as smoking or 

cooking. Therefore, the contributions of specific non-ambient sources to total exposure are 

estimated based on sensitivity analysis, in which the model is run with and then without a 

source in order to infer the marginal change in PM
2.5

 exposure attributable to the source. 

There are six source categories identified for total exposure: outdoor and indoor ambient 

(except in-vehicle); in-vehicle; home smoking; home cooking; smoking in restaurants and 

bars; and all other non-ambient sources. 

4.2.3 Source Apportionment of Ambient PM
2.5

 Concentration  

U.S. EPA established the Speciation Trends Network (STN) to monitor ambient PM
2.5

 and to 

analyze the composition of PM
2.5

 samples regularly (Kim et al., 2005). Two commonly used 

receptor models are applied to the available monitoring data: Chemical Mass Balance (CMB) 

(Coulter, 2004) and Positive Matrix Factorization (PMF) (Eberly, 2005).   
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STN ambient PM
2.5

 speciation data were downloaded from EPA’s AirExplorer 

database (USEPA, 2010). The composition of PM
2.5

 includes but is not limited to OC, EC, 

SO
4

2-

, NO
3

-

, NH
4

+

, K
+

, Na
+

, Fe, Cu, Pb, Al, Cl, Au, Ta and Se. Large relative uncertainties in 

measured trace element concentrations may influence the reliability of results and can cause 

failure of convergence for both CMB and PMF methods (Ito et al., 2004; Qin et al., 2006). 

Therefore, speciated data are screened based on criteria such as amount of data below 

detection limit or with high signal to noise ratios in PMF user guide (Eberly, 2005) to find 

appropriate species to be analyzed before searching for solutions. For consistency, the same 

set of species is used in CMB analysis. 

Since there is no reported observation uncertainty for these monitors, measurement 

errors are estimated based on the method detection limit (MDL), measurements reported for 

similar monitors (Kim et al., 2005) and PMF user guide (Eberly, 2005).   

The CMB method assumes that the species concentration distribution at a receptor is 

a linear average of source profile concentrations and solves a set of equations to find the 

average weights for sources (Coulter, 2004). Other assumptions include that source emission 

profiles have constant composition, source profiles are linearly independent, and chemical 

species are non-reactive. Measurement uncertainties are assumed to be random, uncorrelated, 

and normally distributed (Coulter, 2004). CMB Version 8.2 is used. Source profile data were 

downloaded from EPA’s SPECIATE4.2 database (USEPA, 2008b). Measurement errors for 
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specie proportions to total PM
2.5

 mass for each source is also provided in source profiles, 

expressed as percentages of specie proportions, and labeled as “uncertainty percent”. The 

methods for estimating the uncertainty varies with specie and source profile, as detailed in 

SPECIATE4.2 database.  

The PMF approach solves a similar linear problem as CMB using constrained, 

weighted, least-squares (Norris, et al., 2008).  Unlike CMB, PMF only requires concentration 

data at an ambient monitoring site and does not require source profiles. The method used to 

infer factors is principle component analysis (Eberly, 2005). 

Watson et al. (2008) summarizes the strengths and weaknesses of CMB and PMF. 

CMB is able to quantify contribution and uncertainties of each source for every sample. 

However, it is not always possible to have a representative set of source profiles. Actual 

source emission profiles may change over time, as a result of feedstock changes or 

implementation of emission control techniques.  For example, the most recently available oil 

combustion source profile is based on data collected in 1989. Even for representative profiles, 

lack of linear independence may cause failure of convergence (Coulter, 2004).    

PMF does not require source profiles. Instead, it generates factor profiles.  However, 

it requires over 100 ambient samples. Within STN, each sample is collected for 24 hours only 

once per few days, which limits available data sample size. The results are sensitive to the 
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species selected and the number of factors sought the interpretation of which source(s) is 

represented by a factor can be highly subjective and inconsistent from one study to another. 

4.2.4 Sensitivity Analysis of Infiltration Factors 

Meng et al. (2007) measured infiltration factors for three geographic areas and identified four 

types of PM
2.5

 based on differences in infiltration: primary combustion, secondary sulfate 

and organics, secondary nitrate, and mechanically generated PM. Meng et al. (2007) 

suggested that source apportionment can be better predicted if PM
2.5

 is treated as a 

combination of the four types of PM with different infiltration factors instead of as a whole; 

however, only three of them were quantified. As a base case, the composition of PM
2.5

 that 

penetrates indoors is assumed to be the same as that of ambient PM
2.5

 measured at outdoor 

monitoring sites.  The infiltration factors used in the base case are based on penetration rates, 

deposition rates and air exchange rates used in SHEDS-PM.  The possible bias of source 

apportionment results based on this assumption is then analyzed based on sensitivity analysis 

of different infiltration factors.  The infiltration factors used in sensitivity cases are calculated 

by multiplying base case infiltration factors with ratio of source-specific infiltration factors 

estimated by Meng et al. (2007) to total PM
2.5

 infiltration factors estimated from RIOPA 

study data (Meng et al., 2005). 

4.3 Results and Discussion 

To choose an appropriate location for a case study, ideally there should be previously 
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conducted studies or measurements of source apportionment for comparison purposes and 

availability of speciated, monitoring data. There are a number of source apportionment 

studies since 2001 in New York City. Health data for New York City are available for 2002 

that will be averaged in separate, future work. Thus, a case study of source apportionment for 

New York City is conducted for 2002. 

During the case study time period, there were three active STN monitoring sites in 

New York City, designated as sites B1 and B2 in Bronx County and Site QS in Queens 

County. Sites B1 and B2 are 5.8 kilometers apart, whereas Site QS is 11.0 to 15.1 kilometers 

from each of the Bronx monitors. Since census data that contain age, gender and housing 

information are available only through 10-year census survey, Year 2000 census data are 

used. The simulation periods are April, July, October, and December, in the year 2002, which 

represent spring, summer, fall and winter seasons, respectively.  

The simulation data quality objective is to obtain a numeral precision of plus or minus 

0.1 µg/m
3

 of the mean of daily exposure for all simulated individuals and days per season. 

Given the standard deviation in simulated inter-individual variability, the required number of 

daily average individual exposure estimates is approximately 400,000. Details are discussed 

in Appendix A (c).  A random sample of two percent of the total population in selected 

counties was simulated. The simulation sample size for Bronx County is 26,652, and for 

Queens County is 44,586. The sample sizes are thus 799,560 and 1,337,580 individual daily 
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exposure estimated for a 30-day time period, respectively.  People of all ages and genders 

were included and commuting was considered. 

Gridded area-wide PM
2.5

 concentration data were downloaded from EPA (USEPA, 

2009b). A space-time hierarchical Bayesian model was used by EPA used to fuse fine 

particulate air (24-h average) monitoring data from the National Air Monitoring 

Stations/State and Local Air Monitoring Stations (NAMS/SLAMS) with gridded output from 

the Models-3/Community Multiscale Air Quality model (CMAQ) for these pollutants. The 12 

km gridded data are used. 

4.3.1 Microenvironmental Inputs 

The residential microenvironmental inputs used in the case studies are summarized in Table 

1. Other microenvironmental inputs are based on Burke et al. (2001). 

Table 4-1. Residential Microenvironmental Inputs in SHEDS-PM 

Penetration rates, deposition rates are based on measurements of indoor and outdoor PM
2.5

 

concentrations for approximately 100 homes in 1999-2001 (Weisel et al., 2005) and 178 

residents in 1990 (Özkaynak et al., 1996). Seasonal air exchange rates are based on data that 

represent the climate zone New York City is located in (Murray and Burmaster, 1995). 
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For smoking at home, smoking prevalence inputs are based on 2002 data from New York 

City Department of Health and Mental Hygiene (NYC DOHMH, 2009). Numbers of 

cigarettes smoked for different gender and age groups and environmental tobacco smoke 

parameters are based on NHAPS questionnaire data (Klepeis et al., 1996; Tsang and Klepeis, 

1996), since there are no specific data for New York City. SHEDS-PM can account for 

smoking in restaurants and bars. Since New York City did not ban smoking in restaurants 

until 2003, the smoking option is selected for these two microenvironments for both counties 

and all seasons. 

4.3.2 Source Apportionment of Total PM
2.5

 Exposure using SHEDS-PM 

For both Bronx and Queens County, average contributions of six source categories are 

summarized for the overall population and three sub-groups of population: smokers, non-

smokers exposed to environmental tobacco smoke, and non-smokers not exposed to 

environmental tobacco smoke.  

4.3.3 Source Apportionment of Ambient PM
2.5

 Exposure 

STN speciated daily average PM2.5 samples for New York City were available and analyzed 

typically every 3 days. In 2002, there were 120, 114, and 103 days of speciated samples for 

Sites B1, B2, and QS, respectively. Samples collected in each of the four seasons were 

analyzed separately to compare seasonal differences based on seasonal averaged daily 

concentration.  
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Since PMF requires more than 100 samples for each site (Watson et al. 2008), PMF 

analysis is conducted on an annual basis for the selected sites. The Site B1 and B2 PM
2.5

 

samples were generally collected on the same dates and their PM
2.5

 mass concentrations have 

a correlation of 0.9. Because these two sites have very similar results, only one site is used to 

represent Bronx County.   Site B1 is chosen since it has two more samples available during 

the study period.  

Chemical Mass Balance Modeling Results 

To inform the selection of relevant source profiles, primary PM
2.5

 emission sources are 

identified for counties that are within 100 miles of Site B1 and QS monitors using 2002 

National Emission Inventory data (USEPA, 2008c). The top 10 sources, including highway 

and off-highway vehicles, residential wood, fugitive dust, coal combustion, commercial 

cooking, waste disposal & recycling, oil combustion, residential other combustion (distillate 

oil), and mineral products together contribute 93.0% of total PM
2.5

 mass emission for 

counties near Bronx and 92.4% for counties near Queens. Source profiles other than for the 

top 10 primary sources and for secondary sulfate and nitrate sources are not included in the 

CMB analysis. Measurement errors for these source profiles are estimated based on standard 

deviation, as recorded in SPECIATE4.2 database.   

To find an appropriate selection of profiles, collinearity among source profiles were 

investigated. The correlations between specie contributions to PM
2.5

 mass for a source were 
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calculated across all species. Profiles with correlations greater than 0.6 were grouped, and 

only one of the correlated profiles was used to represent the group. Sensitivity analysis using 

different combinations of profiles or profile groups was conducted to exclude profiles that 

were identified as not making any contributions to total PM
2.5

 for most of the sampling dates. 

Source profiles for motor vehicles, wood burning, vegetative burning, and cooking 

have pairwise correlations greater than 0.85, mainly because they all have high loadings of 

OC and EC. Thus, CMB is not able to distinguish among these profiles for most observation 

days. Wood burning, vegetative burning and cooking are grouped together as one source 

category, identified as biomass burning. Since motor vehicle has higher loadings of metal 

elements comparing to the other three sources, it is used as an individual profile category. 

The final source profile combination selected is: secondary sulfate, secondary nitrate, 

paved roads, motor vehicles, vegetative burning, oil combustion, and marine aerosol.  

Table 4-2 shows the results of source apportionment using CMB. For all seasons and 

sites, all seven sources have statistically significant contributions. For Site B1, average 

predicted PM
2.5

 for the entire year is 101% of the measured PM
2.5

 mass. The model 

performance is measured by the R-square and chi-square.  The R-square (r
2

) is the fraction of 

the variance in the measured concentrations that is explained by the variance in the calculated 

species concentrations. It is determined by a linear regression of measured versus model-
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calculated values for the fitting species. The chi-square statistic (!
2

) is the weighted sum of 

squares of the differences between the calculated and measured fitting species 

concentrations. The weighting is inversely proportional to the squares of the measurement 

errors in the source profiles and for ambient data for each species. Measurement errors for 

the source profiles are from the SPECIATE4.2 database and for the ambient data are 

calculated based on existing studies, as described in Section 4.2.3. Ideally, there would be no 

difference between calculated and measured species concentrations and the chi-square 

statistic would equal zero. A value less than 1 indicates a very good fit to the data; values 

between 1 and 2 are considered as good fit; values less than 4 are acceptable. Chi-square 

statistic values greater than 4 indicate that one or more species concentrations are not well 

explained by the source contribution estimates (Watson et al., 1997). The critical value is 

determined based on an acceptability probability greater than 0.95 and varies with degrees of 

freedom. The degrees of freedom equal the number of fitting species minus the number of 

fitting sources, which is approximately 20. 

  The average r
2

 for predicted daily PM
2.5

 mass is 0.94. The !
2

 is 2.9. For Site QS, 

predicted PM
2.5

 for the entire year is 94% of the measured PM
2.5

 mass. The average r
2

 for 

predicted PM
2.5

 versus measured PM
2.5

 regression is 0.93. The !
2

 is 3.6.  These results satisfy 

targets of r
2

>0.9 and !
2

 <4.0 in CMB user’s manual (Coulter, 2004).  

Table 4-2. Source Contributions to Ambient Concentration from Chemical Mass Balance  
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For both sites, the mean contribution from secondary sulfate contribution is 

significantly greater in the summer than in winter. Conversely, the mean secondary nitrate 

contribution is significantly smaller in summer than in winter. Secondary sulfate and nitrate 

are influenced by primary SO
2
 emissions from coal combustion and primary NO

x
 emissions 

from fuel combustion. These trends are consistent with existing source apportionment studies 

(Ito et al., 2004; Qin et al., 2006). Secondary sulfate is likely to represent high sulfur 

emission sources such as coal power plants and furnaces. Nitrate is likely to represent NO
x
 

emission sources such as vehicles, power plants, and other combustion sources. SO
2
 and NO

2
 

are precursors of secondary PM
2.5

. SO
2
 converts to H

2
SO

4
 by initial reactions with oxidants 

such as OH radicals, H
2
O

2
, O

3
, or O

2
. Then, H

2
SO

4
 and NH

3
 form (NH

4
)
2
SO

4
 or (NH

4
)HSO

4
. 

NO
x
 converts to HNO

3
 by reacting with oxidants. When all H

2
SO

4
 is neutralized by NH

3
, 

NH
3
 left in the atmosphere react with HNO

3
 and form NH

4
NO

3
 (West et al., 1999; Ansari and 

Pandis, 1998). The SO
2
 conversion rate in winter is approximately an order lower than that in 

summer because of lower temperature; thus, secondary sulfate levels are higher in summer 

and lower in winter (USEPA, 2004). Therefore, for NO
x
 conversion, more oxidants are 

available in winter and more HNO
3
 is formed (Burr and Zhang, 2011). Less H

2
SO

4
 needs to 

be neutralized by NH
3
 in winter as well, thus more NH

3
 is available to form secondary nitrate 

and secondary nitrate level is higher in winter than in summer (West et al., 1999; Ansari and 

Pandis, 1998). 
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Positive Matrix Factorization Modeling Results 
The numbers of factors are chosen based on Q-value in the PMF user’s guide (Eberly, 2005). 

The calculated Q-value should be approximately equal to the theoretical Q-value, which is 

the number of degree of freedom. For Sites B1, six factors were found from the PMF 

analysis. For Site QS, five factors were found. The model performance is measured by the R-

square (r
2

) and the Kolmogorov-Smirnov test (KS test) p-values.  The R-square (r
2

) is the 

fraction of the variance in the measured concentrations that is explained by the variance in 

the calculated species concentrations.  The KS test uses the maximum vertical deviation 

between the measured concentrations and the calculated species concentrations’ cumulative 

distribution curves as the statistic D. The tested hypothesis is that the two groups of 

concentrations have the same distributions. If the KS test p-value is greater than 0.05, then 

the null hypothesis is not rejected, which means the measured concentration and the 

calculated species concentrations have distributions that are not significantly different. For 

site B1, the predicted versus measured PM
2.5

 has a r
2

 of 0.87 and KS test had a p-value of 

0.97. For Site QS, the r
2

 is 0.91 and KS test p-value is 0.83. Thus, the PMF model adequately 

predicts PM
2.5

. 

Table 4-3 shows the contribution of factors to ambient PM
2.5

 concentration. Factors 

are described as representing one or more emission source categories based on signature or 

highly loaded species in the profile (Qin et al., 2006). Factor 1 is inferred to best represent 

marine aerosol, since it has high loadings of Na
+

, Mg
2+

 and Cl
-

. Factor 2 is indicative of oil 
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combustion, since it has high loadings of OC, EC, Ni and V. Factor 3 may represent motor 

vehicles since it has high loadings of OC, EC and metals such as Pb, Zn, Fe and K. However, 

Factor 2 and 3 have high loadings of NO
3

-

. 
 

Factor 4 has a load of SO
4

2-

 and is inferred to 

represent secondary sulfate. Factor 5 may represent soil and road dust, since it has high 

loadings of Al, Ca, and Si. Factor 6 may represent biomass burning, since it has high loadings 

of OC and EC. However, it also has high loadings of Cu, Fe and Si, which are emitted by 

other sources such as industrial processing or other combustion.  

Source categories represented by the factors found for site QS are also identified and 

their contributions to ambient PM
2.5

 concentrations are summarized in Table 3. Results based 

on PMF are similar for sites B1 and QS except that “other combustion” is not identified in 

Queens. The estimated contribution of oil combustion is greater in Bronx based on CMB, but 

greater in Queens based on PMF. Possibly, some combustion emissions from non-oil sources 

are included in the “oil combustion” factor in Queens.  

PMF source apportionment results indicate that secondary sulfate and nitrate are 

major sources of PM
2.5

.  

Table 4-3. Annual Source Contributions to Ambient PM
2.5

 Concentrations Based on Positive 

Matrix Factorization (PMF) for New York City 
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Ambient Source Apportionment Benchmarks 
There are three other source apportionment studies for New York City from 2001 to 2003, all 

using PMF (Ito et al., 2004; Qin et al., 2006; Li et al., 2004).  The July 2001 study is only for 

Queens County. Contributions of source categories based on these studies are summarized in 

Table 4-4.  

Table 4-4. Source Contributions to Ambient PM
2.5

 Concentrations: Comparison Among 

Chemical Mass Balance (CMB) results and other studies for New York City (mean and 

standard deviation) (unit: µg/m
3

) 

All studies except for July 2001 indicate secondary sulfate, motor vehicles, oil 

combustion as major sources. Although secondary nitrate was not identified in two of the 

PMF studies, the factors that represent other sources included NH
4

+

 and NO
3

-

. This indicates 

that secondary nitrate may be included as part of factors attributed by the authors to primary 

sources in the contributions from these sources.  

Motor Vehicle Emission Simulator (MOVES) 2010a developed by US Environmental 

Protection Agency was used to simulate motor vehicle PM
2.5

 emissions in the US for April, 

July, October, and December in 2002. The contribution of brake and tire wear to monthly 

total emissions of PM
2.5

 ranges from 5.6% to 7.5%. Therefore, motor vehicle PM
2.5

 

emissions are mainly determined by exhaust. 



 

 106

Residential wood combustion was identified as a significant source in the emission 

inventory. However, previous studies did not identify this source. As noted earlier, the 

profiles of wood burning, vegetative burning, and cooking are collinear with motor vehicle 

source profile. Thus the contributions of biomass burning may be accounted for as part of 

another factor, such as related to motor vehicle sources. The sum of motor vehicle and 

biomass burning contributions are about 50% of the total PM
2.5

 based on PMF results here, 

which is consistent with the sum of contributions of such sources in the emission inventory. 

However, since motor vehicles also emit NO
x
 as a PM

2.5
 precursor, motor vehicles also 

contribute contributions to formation of secondary nitrate. 

Soil and dust sources contribute to 15% of the emission inventory, but were reported 

as contributing no more than 10% for all receptor modeling studies for New York City. Road 

dust particles are large within the PM
2.5

 size range, and thus more likely to settle and might 

not transport far enough to influence PM
2.5

 monitored at a receptor location. Thus, the 

emission inventory is only a very rough estimate of ambient PM
2.5

 monitored at a receptor 

location.  

Marine aerosols were distinguishable from other sources but contribute only a small 

amount of PM
2.5

 based on all studies.  
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Burr and Zhang (2011a, 2011b) used CAMx/BMF and CAMx/PSAT to apportion 

PM
2.5

 sources. The sources categories identified are biogenic, biomass burning, coal 

combustion, other combustion, diesel vehicles, gasoline vehicles, other mobile, industrial 

processes, miscellaneous areas sources, inorganic carbon, and black carbon. Unexplained 

portion of PM
2.5

 is labeled "leftover". Biogenic and miscellaneous sources emit secondary 

aerosol precursor NH
3
/NH

4

+

 and organic carbon. Coal combustion and industrial sources 

emit secondary sulfate precursor SO
2
. Other combustion and motor vehicles sources 

generates secondary nitrate precursor NO
x
. The sources that are associated with formation of 

secondary aerosol, together contribute to 69% and 65% of total PM
2.5

 mass (including 

primary and secondary) in July 2002 for New York City based on CAMx/BMF and 

CAMx/PSAT, respectively. Secondary aerosols and sources associated with precursors of 

secondary aerosols contribute to 89% of total PM
2.5

 mass based on CMB results. The rest of 

PM
2.5

 for CAMx/BMF is mainly “leftover”, thus not explained. Based on CMAx/PSAT, 

among the PM
2.5 

not related to secondary aerosols, more than 90%  is black carbon. Based on 

CMB, among the PM
2.5

 not related to secondary aerosols, more than 90% is marine aerosol, 

such as sea spray.  Black carbon (BC) is emitted from combustion sources such as diesel 

vehicle emissions and biomass burning. Thus BC is already included in CMB results. Marine 

aerosol is not accounted for in CMAx analysis. Since receptor models uses measurements 

taken at monitoring sites, it is not possible to distinguish secondary aerosols from different 

precursor sources. Therefore, a direct quantitative comparison of CMAx results with receptor 

model results is not possible. However, top source categories and seasonal trends from 
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CMAx source apportionment are consistent with receptor model results. For example, the top 

source categories identified for Bronx site Jul 2002 by CMB is secondary sulfate and motor 

vehicles by CMB. The top source categories identified by CAMx/BMF is biomass burning, 

coal combustion, and other combustion. As discussed before, motor vehicle and biomass 

burning profiles has colinearity and may not be able to be distinguished by CMB. Coal 

combustion emit sulfate and causes the formation of secondary sulfate. Thus, CMB and 

CMAx results are qualitatively consistent. 

4.3.4 Source Apportionment of Total PM
2.5

 Exposure 

Since smoking is a source that provides very high indoor PM
2.5

 concentrations but only 

influences a subset of the population, it is analyzed separately.  Table 4 shows the source 

apportionment of total PM
2.5

 exposure based on CMB results for non-smokers who are not 

expose to ETS. For such persons, home cooking contributes 16% to 38% to total exposure.  

Motor vehicles contribute as high as 33% of the total exposure. Secondary sulfate and 

secondary nitrate contribute a notable amount, at least 8.6%.  

For both smokers and non-smokers exposed to ETS, home smoking contributes at 

least 69.5% of total exposure for all seasons. Home cooking contributes about 5% to total 

exposure for smokers and 4% for non-smokers exposed to ETS. Motor vehicles contributes 

the largest share of total exposure after home cooking and home smoking. For all other 

sources, each contributes less than 10% of the total exposure.  
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Table 4-5. Total Exposure Source Apportionment of Bronx Non-smokers Not Exposed to 

Environmental Tobacco Smoke
a

 (unit: µg/m
3

) 

The seasonal variability of non-ambient exposure source apportionment results from 

variability in air exchange rates variability. High air exchange rates cause lower non-ambient 

exposure. For example, air exchange rate in summer is the highest; thus exposure from home 

cooking in summer is the lowest among all seasons for non-smokers not exposed to ETS.  

4.3.5 Sensitivity Analysis of Infiltration Factors 

Infiltration factors from outdoor to indoors may affect the composition of PM
2.5

 and thus 

affect source apportionment. Therefore, estimated source contributions to total exposure may 

need to be adjusted. Meng et al. (2007) reported that the average infiltration factors are 0.51, 

0.78, and 0.04 for primary combustion, secondary sulfate, and mechanically generated 

particles, respectively.  Among the source categories here, motor vehicles, oil combustion, 

and biomass burning are considered as primary combustion, dust/soil and marine aerosols are 

considered mechanically generated particles. Nitrate was not measured in Meng et al. (2007), 

thus the infiltration factor for nitrate is assumed to be the same as F
inf

 for total PM
2.5

.  It is 

assumed that for different seasons and climate zones, the ratio of F
inf

 for a specific source 

category to F
inf

 for total PM
2.5

 is the same.   

Infiltration factors are found to have a great impact on source apportionment results 
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when comparing the sensitivity case with the base case.  For example, for Bronx non-

smokers that do not live with smokers, secondary sulfate contribution to total exposure 

increases most among all sources, from 29.8 to 40.2 percent in July; marine aerosol 

contribution decreases most, from 7.2 to 0.5 percent in July.  Thus, the effect of infiltration 

variability needs to be considered when apportioning PM
2.5

 exposure to sources.  Further 

investigation of infiltration factors for major individual emission sources is needed to better 

quantify the effect. 

4.3.6 Limitations 

Limitations for source apportionment include: a) receptor model limitations; b) uncertainties 

for ambient source apportionment data including speciated ambient concentration data, 

source profiles, and emission inventory; c) ambiguity in interpreting PMF results; d) 

uncertainties in SHEDS-PM databases; and e) quantifiable uncertainties for SHEDS-PM case 

studies. Items a) through d) are evaluated qualitatively as discussed in Appendix A: 

supporting information.  

For CMB, estimated contributions from secondary source categories represent 

multiple precursor sources. For example, secondary sulfate precursor SO
2
 is emitted from 

coal combustion and secondary nitrate precursor NO
x
 is emitted from oil combustion and 

vehicle exhaust. For PMF, a source factor may represent more than one source category, and 

one source category may be included in multiple factors.  
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There is potential for improving the data used in receptor models. For example, 

speciated data could have higher time resolution than every few days. However, increasing 

the frequency of speciated data monitoring will require increased budget.  More recently 

updated and better quality source profiles are needed. New source profile data can be 

developed by collecting samples from relevant sources. 

PMF factor interpretation depends on the analyst’ s judgment. Thus, when PMF 

results are reported, it is essential to clarify what are the characteristics of each source factor, 

what are the possible source categories they represent, why such judgment is made, and 

whether a factor may include more than one source category. 

Part of SHEDS-PM uncertainty comes from the assumption of spatially uniform 

concentration for any microenvironment. This assumption is not applicable if a nearby source 

exists. For example, when smoking occurs in a residential microenvironment, PM
2.5

 

concentration in the same room where smoking takes place is different from concentration in 

a distant room. This implies that variability of exposure is more complicated than estimated. 

For people near a non-ambient source, SHEDS-PM results may underestimate the exposure. 

For outdoor microenvironment, near-road microenvironment may have higher concentrations 

than air quality model estimates because of local emissions from on-road emissions. Thus for 

people exposed to near-road ambient microenvironment, SHEDS-PM underestimates the 

exposure. 
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SHEDS-PM uses tract-based air quality data. However, air quality data at the ground 

level may not be applicable for people living in high-rise buildings because of vertical 

gradients of traffic-related particulate matter emissions (Li et al., 2005; Jung et al., 2011). 

Exposure models need to be improved to enable multiple air quality inputs and exposure 

estimates for people living in the same tracts at different floor levels. 

Variability in the inputs for the “other indoor microenvironment” may not be 

represented adequately, because “other indoor microenvironment” includes various unrelated 

microenvironments, but only has one set of slope and intercepts as inputs. Thus, a sensitivity 

analysis of linear regression model inputs for other indoor microenvironment is conducted to 

investigate if those inputs have a great impact on the source apportionment results. Doubling 

of other indoor slopes and intercepts only causes less than 5% of the total daily exposure. 

Therefore, the impact of this input is very small. 

To address the effects of input uncertainty on results, uncertainty in exposure 

estimates needs to be quantified and compared with the variability in exposure estimates 

using the two-dimensional (2-D) analysis. The 2-D analysis refers to two-dimensional Monte 

Carlo sampling of the input distributions to propagate the variability and uncertainty in the 

inputs through to the predicted exposure distributions (Burke et al., 2001). The sampling for 

variability is done based on user-specified variability input distributions. The sampling for 

uncertainty is done based on user-specified uncertainty distributions for each variability input 
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distribution parameter. Example of 2-D SHEDS-PM case studies quantified uncertainties 

associated with model input assumptions. The 2-D analysis is detailed in Appendix A.l.v. The 

range of uncertainty is less than 10%, which is relatively small.. Thus, despite the range of 

uncertainties estimated for inputs to the mass balance and regression models for 

microenvironmental concentration, the results for variability are not subject to substantial 

uncertainty.   

To investigate how robust are the model results to the possibility of wider range of 

uncertainty in selected inputs, alternative wider ranges of uncertainty in P and ACH were 

evaluated. The results are included in Appendix A.l.v. A moderately wider range of 

uncertainty is observed in the median exposure.   However, the increased estimate of 

uncertainty does not significantly change qualitative insights regarding the variability in 

exposures.  

However, uncertainties in air quality and activity data are not quantified, and some 

aspects of uncertainty in microenvironments, such as whether the ACH data are 

representative of the housing stock now in the study domain, are not quantified.  Thus, the 

actual uncertainty may have more random error than implied by SHEDS-PM uncertainty case 

studies and may bias the analysis if the actual activity and housing stock inputs in the study 

domain have biases compared to the inputs used.   
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4.4 Supporting Information 

Supporting information is available in Appendix A that includes more details regarding: a) 

the basis of receptor models; b) PMF factor profiles; c) selecting sample sizes for case 

studies; d) sensitivity studies used to apportion non-ambient exposure based on SHEDS-PM; 

e) in-vehicle PM
2.5

 exposure estimation; f) distribution of estimated exposure to non-ambient 

sources for three subgroups of population for Bronx and Queens County; g) selecting CMB 

source profiles; h) Break and tire ware contributions to motor vehicle emission; i) total 

exposure source apportionment for smokers and non-smokers with ETS for Bronx and 

Queens County; j) sensitivity analysis of infiltration factor; k) sensitivity analysis on prior 

distributions; l) uncertainty associated with methods, data, results and interpretation.
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Table 4-1. Residential Microenvironmental Inputs in SHEDS-PM 

Microenvironment Algorithms Parameter 

Penetration
a

 Triangular Tri (0.70, 0.78, 1.0) 

Deposition
a

 Normal Mean = 0.40, StdDev = 0.10 

Air Exchange Rate
b

 Lognormal 

Season1 (winter):     GeoMean=0.45, GeoStd=2.03 

Season2 (spring):     GeoMean=0.40, GeoStd=1.82 

Season3 (summer):  GeoMean=0.64, GeoStd=2.09 

Season4 (fall):          GeoMean=0.22, GeoStd=1.75 

Smoking
c

 Lognormal GeoMean =13.56, GeoStd = 1.31 

Cooking Normal Mean =1.56, StdDev = 0.412 

a

Sources: Weisel et al. (2005); Özkaynak et al. (1996) 

b 

Sources:

 

Murray and Burmaster (1995); Koontz and rector (1995) 

c 

Sources: Özkaynak et al. (1996);

  

Nelson et al. (1994); Nazaroff and Klepeis (2003).
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Table 4-2. Source Contributions to Ambient Concentration from Chemical Mass Balance (mean and average t-ratio) 
a

  

Factor Spring Summer Fall Winter 

Conc. Average 

t-ratio 

Conc. Average 

t-ratio 

Conc. Average 

t-ratio 

Conc. Average 

t-ratio (µg/m
3

) (µg/m
3

) (µg/m
3

) (µg/m
3

) 

  Site B1 

Secondary Sulfate 4.8 16 6.0 17 3.7 16 3.9 13 

Secondary Nitrate 2.7 14 1.4 13 2.2 14 5.1 16 

Motor Vehicles 4.5 6.2 5.5 6.7 4.3 6.2 6.1 6.8 

Dust/ Soil 0.00 0.12 0.07 4.4 0.00 0.6 0.0 - 

Oil Combustion 1.0 9.9 0.4 3.9 0.8 8.6 1.9 11 

Marine Aerosol 1.5 3.4 1.5 3.7 1.0 3.3 0.9 1.5 

Biomass Burning 0.2 3.1 0.1 1.7 0.2 2.3 0.5 5.6 

  Site QS 

Secondary Sulfate 4.9 15 6.4 17 4.0 16 3.9 13 

Secondary Nitrate 2.5 6.6 1.4 4.7 2.5 7.5 5.0 13 

Motor Vehicles 2.4 6.1 3.8 6.5 2.9 5.8 3.9 6.5 

Dust/ Soil 0.07 1.4 0.01 2.3 0.02 0.33 0.01 2.7 

Oil Combustion 0.6 9.4 0.3 3.3 0.7 8.5 1.3 11.4 

Marine Aerosol 1.9 4.9 1.8 5.0 1.1 4.1 1.6 2.8 

Biomass Burning 0.2 3.3 0.1 1.4 0.4 3.6 0.4 5.8 

a

Mean and average t-ratio values are based on daily source contributions during the indicated time periods and sites.
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Table 4-3. Annual Source Contributions to Ambient PM2.5 Concentrations Based on Positive Matrix Factorization 

(PMF) for New York City  

Factor 

ID Factor characteristics Possible Source Category 

Annual Average 

Source contribution 

Mean (µg/m
3

)
a

  

1 High loadings of Na
+

, Mg
2+

 and Cl
-

 Marine Aerosol 1.0 

2 

High loadings of OC, EC, Ni and V, also 

include NO3- 
b

 

Oil Combustion and 

secondary nitrate 
2.9 

3 

High loadings of OC, EC and metals such as 

Pb, Zn, Fe and K, also include NO3-
b 

Motor vehicles and 

secondary nitrate 
3.4 

4 High loadings of SO4

2-

  Secondary sulfate 5.2 

5 High loading of Al, Ca, and Si Soil/Road dust 1.1 

6 

High loadings of OC and EC; include Cu, Fe, 

and Si
b 

Biomass burning, may also 

include industrial processing 1.4  

 

a

Daily factor contributions in PMF model is not constrained to positive values. 

b

Factor 2, 3, and 6 all have high loadings of OC and EC, which indicats combustion. Nitrate (NO3

-

) is an indication of 

precursor NOx emissions. NOx is a product of high temperature combustion. Oil combustion and motor vehicles 

(mostly exhaust) are high temperature combustions, thus include secondary nitrate as part of the factors.. The 

signature trace elements in oil are Ni and V as indicated by Qin et al. (2006) and speciated source profile from 

USEPA database SPECIATE4.2 (USEPA, 2008b).. For motor vehicle exhaust, content of metal elements as mentioned 

is one key characteristic (Qin et al., 2006). Factor 6 has ambiguity, but it does not include NO3-.



 

 121

Table 4-4. Source Contributions to Ambient PM2.5 Concentrations: Comparison Among Chemical Mass Balance 

(CMB) Results and Other Studies for New York City 
a

 

Bronx 
 

 !  !   
 

Source Categories 

 

CMB 2002
b 

Annual 

mean, µg/m
3  

CMB 2002
b 

Daily 

coefficient of 

variation
e

 

PMF 

2001-2002
c 

mean, µg/m
3 

 

PMF 

2001-2003
d 

mean, µg/m
3 

 

PMF 

2001-2003
d

 

Daily 

coefficient 

of variation
e 

Secondary Sulfate 4.60 0.83 5.0 5.77 0.91 

Secondary Nitrate 2.82 0.98   2.10 1.17 

Motor vehicles 5.08 0.46 3.2 2.57 0.77 

Oil Combustion 1.00 0.72 2.7 0.52 0.83 

Soil/Road Dust
f

 0.01 7.00 0.4 1.48 0.72 

Marine Aerosol 1.22 0.64   0.68 1.01 

Biomass burning 0.28 1.32      

Others    4.4    
Total 15.02 0.54 15.7 13.12   
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Table 4-4. Continued 

Queens 
 

 
  

 

Source Categories 

CMB 

2002
b 

Annual 

mean, 

µg/m
3

 

CMB 

2002
b 

Daily 

coefficient 

of 

variation
e

 

PMF 

2001-2002
c 

mean, 

µg/m
3

 

PMF 

2001-2003
d 

mean, 

µg/m
3

 

PMF 

2001-2003
d

 

Daily 

coefficient 

of 

variation
e

 

PMF 

July 2001
g 

mean, 

µg/m
3

 

PMF 

July 2001
g

 

Daily 

coefficient 

of 

variation
e

 

Secondary Sulfate 4.84 0.82 6.0 4.87 0.92 7.63 0.88 

Secondary Nitrate 2.94 0.94 1.81 (1.41) 1.41 1.28 0.72 

Motor vehicles 3.65 0.59 5.1 2.55 (0.82) 0.82 0.52 0.79 

Oil Combustion 0.78 0.91 2.2 1.25 (1.02) 1.02 1.08 0.91 

Soil/Road Dust 0.02 1.50 1.1 0.75 (0.85) 0.85 4.13 0.30 

Marine Aerosol 1.59 0.62 0.44 (1.39) 1.39 1.73 1.09 

Biomass burning 0.28 1.11   

Others    0.6       

Total 14.11 0.57 15.0 11.67  16.37  

a

Factors vary among studies and are only approximately comparable. 

b

This study; 
c

Ito et al., 2004; standard deviation not reported, 24-hr sample were collected every 3 days; mean is over 

two years; 
d

Qin et al., 2006, 24-hr sample were collected every 3 days, mean is over two years; 
e

Coefficent
 

of 

variation is standard deviation divided by the mean; it reflects day-to-day variability for days on which samples were 

collected.during the corresponding time period. 
f

Contribution for some days of the year is zero. 
g

Li et al., 

2004.measured every 6-hrs;  
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Table 4-5. Total Exposure Source Apportionment of Bronx Non-smokers Not Exposed to Environmental Tobacco 

Smoke based on Chemical Mass Balance Model and SHEDS-PM
a 

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 2.3 19.4 5.0 29.8 1.8 15.9 1.6 12.4 

Secondary 

Nitrate 0.8 6.8 1.1 6.2 0.7 5.9 2.1 16.7 

Motor Vehicles 2.0 16.4 4.1 24.1 1.5 13.3 2.3 17.8 

Oil/Gas 

Combustion 0.1 1.0 0.1 0.7 0.1 0.5 0.3 2.0 

Soil/Road Dust 0.6 5.1 1.2 7.2 0.4 3.3 0.2 1.9 

Marine Aerosol 0.5 3.8 0.3 1.6 0.3 2.5 0.6 5.0 

Biomass Burning 0.7  5.6 1.1  6.7 0.6  5.3 0.7  5.9 

In-vehicle  3.6  29.9 2.7  16.3 4.5  40.0 3.4  26.8 

Non-

Ambient 

Home smoking 0.5  4.2 0.5  3.0 0.5  4.4 0.5  4.2 

Home cooking 0.9  7.8 0.8  4.5 1.0  8.8 0.9  7.3 

Smoking in R&B 11.9 16.8 11.3 12.7 

Other non-

ambient 2.3 19.4 5.0 29.8 1.8 15.9 1.6 12.4 

Total   0.8 6.8 1.1 6.2 0.7 5.9 2.1 16.7 

a

Based on 18,270 individuals. 
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Figure 4-1.  Source Apportionment of PM
2.5

 Exposure Framework 
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PART V SOURCE APPORTIONMENT OF PM
2.5

 TOTAL EXPOSURE FOR 

TEXAS, NORTH CAROLINA AND NEW YORK CITY
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ABSTRACT 

To relate adverse health effects to PM
2.5

 sources and to develop effective control strategy for 

PM
2.5

, source apportionment studies for exposure of PM
2.5

 are needed to determine the 

contributions of PM
2.5

 sources to exposure.  The objectives are to: (a) identify geographic and 

seasonal variability in source contributions to total PM
2.5

 exposure; and (b) analyze factors 

that cause the variability.  The Stochastic Human Exposure and Dose Simulation Model for 

PM
2.5

 (SHEDS-PM) was used to apportion non-ambient PM sources and to determine 

contribution of ambient exposure to total exposure.  U.S. EPA Speciation Trends Network 

(STN) speciated PM
2.5

 fixed site monitoring data for 10 sites in three geographic areas 

(Texas, North Carolina, and New York City) were used to characterize the composition of 

ambient PM
2.5

 over space and the study periods are April, July, October and December 2002. 

Secondary sulfate and motor vehicles are found to contribute most to total exposure among 

all ambient sources for all sites.  Home smoking contributes most to total exposure for 

smokers and non-smokers living with smokers. Home cooking contributes most to total 

exposure for non-smokers not living with smokers among non-ambient sources. Seasonal and 

geographical variability of source apportionment are discussed. Infiltration factor has 

significant effects on ambient source apportionment. 
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5.1 Introduction 

Fine particulate matter is a type of air pollutants. It is also known as PM2.5, for it includes 

particles that are 2.5 microns or less in aerodynamic diameter.  Human Exposure is defined 

as the contact of a chemical with the outer boundary of the human body (Aldrich et al., 

1993).  Many epidemiological studies indicate that ambient PM2.5 exposure is associated with 

short-term and chronic respiratory effects, such as exacerbation of asthma, increased 

susceptibility to infection, and decreased lung function (USEPA, 2009a).    

Source apportionment means to estimate contributions of different PM2.5 sources to 

total exposure. PM2.5 is not only emitted directly from a source, but also formed in the 

atmosphere from precursors as a result of physical or chemical processes (McMurry et al., 

2004). PM2.5 is emitted from stationary sources such as power plants and mobile sources 

such as gasoline and diesel engines (Tucker, 2000). Secondary PM2.5 includes sulfate and 

nitrate formed from SO2 and NOx emitted by fossil fuel combustion and NH3 emitted by 

mobile sources or animal husbandry, sewage, and fertilized lands (Tucker, 2000). 

Source apportionment is important because it helps to determine the sources with the 

largest contribution to human exposure. Based on source apportionment results, source 

control strategy that minimizes PM2.5 exposure with the lowest cost can be developed (Ito et 

al., 2004; Hopke et al., 2006).  To establish relationships between PM2.5 sources and their 

health effects, Source apportionment is also needed (Hopke et al., 2006).   
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Source contributions to ambient PM2.5 have been estimated using receptor models 

with ambient PM2.5 concentrations detected at fixed monitoring sites (Ito et al., 2004; Li et 

al., 2004; Qin et al., 2006; Zheng et al., 2002).  However, human exposure to PM2.5 does not 

entirely depend on ambient concentrations.  Non-ambient sources, such as smoking and 

cooking, contribute to total exposure but are not represented by ambient PM2.5 concentrations 

(Burke et al., 2001).  Exposure/concentration ratio (E/C) for PM2.5 varies among individuals 

(Özkaynak et al., 2009).  Variation in exposure factors includes demographics and air 

exchange rates. Demographics are associated with differences in sub-groups of population, 

such as smokers and non-smokers. Air exchange rates are associated with season and climate 

(Burke et al., 2001). Therefore, an approach that can apportion total human exposure to 

PM2.5 sources instead of ambient concentrations is necessary.  Such approach needs to 

address variability in different sub-populations and in different seasons. 

Liu et al. (2011) apportioned PM2.5 total exposure to sources for 2% of population in 

Bronx and Queens County, NY in 2002.  Difference in infiltration factors from outdoor to 

indoors for different source are also considered.  The relative importance of specific exposure 

sources was found to vary with time of the year and differs among smokers, non-smokers 

exposed to environmental tobacco smoke (ETS), and non-smokers not exposed to ETS. The 

NYC case study also showed that infiltration factors have a significant impact on source 

apportionment.  
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To obtain sufficient evidence to allow differentiation of those constituents or sources, 

further studies similar to NYC case study are needed to identify consistent relationships for 

similar health outcomes across different locations.  The objectives are to (a) identify 

geographic and seasonal variability in source contributions to total PM2.5 exposure; and (b) 

analyze factors that cause the variability. 

5.2 Methodology 

Liu et al. (2011) developed a methodology for apportioning PM2.5 total human exposure to 

sources and demonstrated the methodology by a case study for New York City in 2002.  

To investigate geographical variability in source apportionment, case studies in 

different areas for the same time period were conducted and compared with New York City 

Case. Harris County in Texas and six counties in North Carolina (Wake, Durham, Orange, 

Alamance, Guilford and Forsyth) were selected because health data and speciated PM2.5 

monitoring data for these areas in 2002 are available and they can represent different climate 

zones.  New York City and Houston cases also represent urban areas, and North Carolina 

case represents both urban and sub-urban areas.  

Daily exposure for people living in these areas is simulated using the Stochastic 

Human Exposure and Dose Simulation for PM2.5 (SHEDS-PM) (Burke, 2005).  The 

contributions of ambient and non-ambient exposure are estimated. Exposure is quantified 
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based on microenvironmental concentration and human activity patterns. Ambient exposure 

includes outdoor PM2.5 exposure and indoor PM2.5 exposure resulting from outdoor sources. 

Ambient exposure is then apportioned to anthropogenic and natural ambient source 

categories. Concentration source apportionment based on receptor models is used to 

determine the contribution of different source categories to ambient exposure.  

5.2.1 Data Sources 

SHEDS-PM specifies ambient air quality data for every census tract.  Concentrations for a 

census tract used in SHEDS-PM are specified as the concentrations for an air quality model 

grid where the tract centroid is located.  Gridded area-wide PM2.5 concentration data were 

downloaded from EPA (USEPA, 2009b).  A space-time hierarchical Bayesian model is used 

to fuse fine particulate air (24-h average) monitoring data from the National Air Monitoring 

Stations/State and Local Air Monitoring Stations (NAMS/SLAMS) with gridded output from 

the Models-3/Community Multiscale Air Quality model (CMAQ) for these pollutants. The 12 

km gridded data is used.  

U.S. EPA established the Speciation Trends Network (STN) to monitor ambient PM2.5 

and to analyze the composition of PM2.5 samples regularly (Kim et al., 2005). 
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5.2.2 Source Apportionment of PM2.5 non-ambient Exposure 

In SHEDS-PM, individual exposure is simulated based on microenvironmental 

concentrations and human activity patterns. SHEDS-PM simulates eight categories of 

microenvironments: outdoors, home, school, office, store, restaurant, bar, and in-vehicle 

(Burke et al., 2001).  

SHEDS-PM estimates microenvironmental exposure per simulated person and day. 

Ambient and non-ambient exposures are reported separately. However, SHEDS-PM does not 

report apportionment of non-ambient exposure attributable to specific sources such as 

smoking or cooking. Therefore, the contributions of specific non-ambient sources to total 

exposure are estimated based on sensitivity analysis, in which the model is run with and then 

without a source in order to infer the marginal change in PM2.5 exposure attributable to the 

source. There are six source categories identified for total exposure: outdoor and indoor 

ambient (except in-vehicle); in-vehicle; home smoking; home cooking; smoking in 

restaurants and bars and all other non-ambient sources. 

The residential microenvironmental inputs used in the case studies are summarized in 

Table 5-1. Other microenvironmental inputs are based on Burke et al. (2001). 

Table 5-1. Residential Microenvironmental Inputs for TX, NC and NYC 
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For smoking at home, smoking prevalence inputs for TX and NC are based on 2002 

data from Behavioral Risk Factor Survey Data reported by U.S. Center for Disease Control 

and Prevention (USCDC, 2009).  

5.2.3 Source Apportionment of PM2.5 Ambient Exposure Calculation Scheme 

Two commonly used models are used to apportion ambient exposure: Positive Matrix 

Factorization (PMF) and chemical mass balance (CMB). 

 The two receptor models assume that the species concentration distribution at a 

receptor is a linear average of source profile concentrations and solves a set of equations to 

find the average weights (Coulter, 2004). Other assumptions include that source emission 

profiles have constant composition, source profiles are linearly independent and chemical 

species are non-reactive. The measurement uncertainties are assumed to be random, 

uncorrelated, and normally distributed (Coulter, 2004). 

  Positive Matrix Factorization (PMF) solves linear equations using constrained, 

weighted, least-squares (Norris, et al., 2008). PMF only requires concentration data at an 

ambient monitoring site and does not require source profiles:  

    i=1,2,…I, I!J (1) 

Where,  

! ikijjkik
e+fg=x
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i = index of element species 

I = the total number of element species 

j = index of factors 

J  = the total number of factors 

k = index of observation dates 

xik  = concentration at a receptor for the i
th

 specie on the k
th

 day 

gjk = contribution of the j
th

 factor to the receptor on the k
th

 day 

fij = fraction of the k
th

 factor that is species i 

eik = residual for the i
th

 species on the k
th

 day (Eberly, 2005) 

The input data include speciated ambient PM2.5 concentration for one receptor and associated 

measurement uncertainty. The outputs are factor profiles that represent one or more source 

categories and their contributions to total PM. The factors interpreted with respect their 

possible representation of one or more source categories based on their composition 

characteristics. For example, a factor with high loading of S and NH4

+

 likely represents 

secondary sulfate (Qin et al., 2006). However, there is no standard way of interpreting 

factors. For example, Qin et al. (2006) inferred that a factor represented diesel vehicles based 

on high loading of elemental carbon (EC) and mental elements such as Cu, Ca, and Zn. In 

contrast, Rizzo and Scheff (2007) inferred that a factor represented diesel vehicles based on 

high Fe and Mn loadings. Seasonal trends and day of the week patterns of a factor can also 

help to identify which sources category it might represent, if they match with the temporal 

characteristics of the source (Ito et al., 2004; Qin et al., 2006; Lall and Thurston, 2006). 
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Sometimes, a factor is identified as a combination of two or more sources. For example, Lall 

and Thurston (2006) inferred that a factor with high loading of EC, organic carbon (OC), Fe 

and Ca was representative of a “traffic” source, including vehicle exhaust and re-suspended 

road dust. 

Several runs that use different numbers of factors were conducted to find the best 

possible solution. The criteria of assessing the reliability of results are based on PMF user 

manual (Norris, et al., 2008). Key diagnostic statistics include regression R
2

 and p-values of 

Kolmogorov-Smirnov test (KS test) of estimated PM2.5 mass versus measured PM2.5 mass 

over multiple days. 

 Unlike PMF, CMB requires source profiles as inputs. Secondary sulfate and 

secondary nitrate are represented by source profiles, enabling ambient PM2.5 to be 

apportioned to secondary PM2.5 (Rizzo and Scheff, 2007). A complete set of source profiles 

must be identified prior to analysis in order to obtain meaningful results. The number of 

sources must be less than or equal to the number of species. Primary PM2.5 emission sources 

are examined using National Emission Inventory data (USEPA, 2008c). Corresponding 

source profiles were obtained from the SPECIATE4.2 database (USEPA, 2008b) for CMB 

analysis. Secondary sulfate and nitrate profiles are based on the weight fractions of their 

elemental or functional group constituents (Rizzo and Scheff, 2007). Since more source 

profiles may cause failure of convergence, sensitivity studies were conducted to find the 
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optimal combination of source profiles that can obtain convergence while successfully 

explain most of the measured mass and has a good regression between predicted and 

measured mass.  

The basic equation of CMB is  

    i=1,2,…I, I!J (2) 

Where, 

i = index of element species 

I = the total number of element species 

j' = index of sources 

J’  = the total number of sources 

Ci = concentration at a receptor for the i
th

 specie, "g/m
3

 

Fij'  = the fraction of source j contribution composed of the i
th

 specie 

Sj' = the contribution of source j to the total PM2.5, "g/m
3

 

CMB Version 8.2 is used. The corresponding source profile data were downloaded from 

EPA’s SPECIATE4.2 database (USEPA, 2008b) and used in CMB. Key CMB outputs are 

non-negative source contributions for each observation day and associated diagnostic 

statistics, such as percentages of estimated PM2.5 mass versus measured PM2.5 mass, and 

regression R
2

 of estimated PM2.5 mass versus measured PM2.5 mass over multiple days.  

C
i
= F

ij '
⋅S

j '

j '=1

J '

!
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Watson et al. (2008) summarizes the strengths and weaknesses of PMF and CMB. 

CMB is able to quantify contribution and uncertainties of each source for every sample. 

However, it requires a complete linearly independent representative set of source profiles that 

are applicable to the study area, which is not always possible. For example, the most recently 

available oil combustion source profile is based on data collected in 1989. Actual source 

emission profiles may change over time, as a result of feedstock changer or implementation 

of emission control techniques. PMF does not require source profiles. Instead, it generates 

factor profiles. However, it requires over 100 ambient samples, which are collected for 24 

hours once per few days in STN. The results are sensitive to the species selected and the 

number of factors sought. The interpretation of which source is represented by a factor can be 

highly subjective and inconsistent from one study to another. 

5.2.4 Sensitivity Analysis of Infiltration Factors 

Liu et al. (2011) uses infiltration factors estimated by Meng et al. (2007) and infiltration 

factors used in SHEDS-PM to determine source-specific infiltration factors in NYC case. The 

same method is used to estimate infiltration factors in TX and NC cases.  

5.3 Results and Discussion 

Case studies were conducted for Harris County in Texas; Wake, Durham, Orange, Alamance, 

Guilford and Forsyth in North Carolina; and Bronx and Queens County in New York City.  

The source apportionment results are compared and discussed. 
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To address seasonal variability, exposure apportionment is investigated for April, July, 

October, and December of 2002, which represent spring, summer, fall, and winter, 

respectively. 

SHEDS-PM uses Monte Carlo random sampling to select individuals it simulates. Liu 

et al. (2011) determined study population based on sample sizes required for 95% confidence 

interval on the mean of daily exposure for an error less than plus or minus 0.1 µg/m
3

.  As a 

result, Liu et al. (2011) conducted case studies for 2% of total population for 30 days in every 

season for New York City.  In order to generate comparable results, daily exposure for 2% of 

total population is simulated in Harris County, TX and six counties in NC.  

To address source apportionment for different age groups, another set of case studies 

are conducted for children (age 12 and under) and elderly people (age 65 and greater) in the 

same geographic areas. Sample sizes required for 95% confidence interval on the mean of 

daily exposure for an error less than plus or minus 0.1 µg/m
3

 are estimated and summarized 

in Table 5-2. Table 5-2 also shows corresponding population required for a 30-day period and 

numbers of people simulated in case studies that meet these requirements.  

Table 5-2. Sample Size and Population Needed and Used in Age Group Case Studies 
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5.3.1 Source Apportionment of Non-ambient PM2.5 Exposure 

Total exposure to PM2.5 is apportioned to six source categories based on sensitivity analysis 

of SHEDS-PM: outdoor and indoor ambient (except in-vehicle); in-vehicle; home smoking; 

home cooking; smoking in restaurants and bars and all other non-ambient sources. 

Table 5-3 summarizes the non-ambient PM2.5 exposure apportionment results of 

Harris County, TX for the overall population and three sub-groups of population: smokers, 

non-smokers exposed to environmental tobacco smoke, and non-smokers not exposed to 

environmental tobacco smoke.  

Table 5-3. PM2.5 exposure apportionment results for Harris County, TX based on SHEDS-PM 

Table 5-4 summarizes the non-ambient PM2.5 exposure apportionment results of six 

counties in NC.  

Table 5-4. PM2.5 exposure apportionment results for Wake, Durham, Orange, Alamance, 

Guilford and Forsyth County, NC based on SHEDS-PM 

For smokers and non-smokers exposed to ETS, home smoking contributes most to 

total exposure. For non-smokers not exposed to ETS, ambient PM2.5 that is not in-vehicle 

contributes most to total exposure; cooking contributes most among non-ambient sources.  
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Seasonal trends of non-ambient source apportionment are discussed later with total 

source apportionment.  

Non-ambient PM2.5 exposure apportionment results for children and their sub-groups 

are summarized in Table 5-5a, 5b, 5c, and 5d for Harris County, TX, six counties in NC, and 

Bronx and Queens County in New York City, respectively. Non-ambient PM2.5 exposure 

apportionment results for elders and their sub-groups are summarized in Table 6a, 6b, 6c, and 

6d for the three geographic areas.  

Table 5-5a. PM2.5 exposure apportionment results for Bronx Children based on SHEDS-PM 

in 2002 

Table 5-5b. PM2.5 exposure apportionment results for Queens Age 12 and under based on 

SHEDS-PM in 2002 

Table 5-5c. PM2.5 exposure apportionment results for Harris, TX Age 12 and under based on 

SHEDS-PM in 2002     

Table 5-5d. PM2.5 exposure apportionment results for North Carolina Age 12 and under 

based on SHEDS-PM in 2002 
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Table 5-6a. PM2.5 exposure apportionment results for Bronx Age 65 and older based on 

SHEDS-PM in 2002     

Table 5-6b. PM2.5 exposure apportionment results for Queens Age 65 and older based on 

SHEDS-PM in 2002  

Table 5-6c. PM2.5 exposure apportionment results for Harris,TX Age 65 and older based on 

SHEDS-PM in 2002       

Table 5-6d. PM2.5 exposure apportionment results for North Carolina Age 65 and older 

based on SHEDS-PM in 2002   

For people 65 years old and above, monthly averaged smoking contribution is at least 

60% of total exposure for smokers and non-smokers exposed to ETS. There is no smoking 

prevalence information for people 12 years old and younger. Dairies used in SHEDS are 

randomly selected from CHAD for these people regardless of their smoking status. Among 

8738 dairies in CHAD for people 12 years old and younger, only 19 dairies are smokers. 

Thus only a very small fraction of people in this age group is smokers. The monthly averaged 

smoking contribution is at least 68% of total exposure for 12 years and younger non-smokers 

exposed to ETS among all seasons and geographic areas. 
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Ambient exposure trends are consistent with ambient concentration and seasonal air 

exchange rate trends. For example, the seasonal air exchange rate trend in North Carolina is 

July > October > December > April. But ambient concentration in April is greater than in 

December. Thus children living in the North Carolina domain have the following trend for 

ambient exposure: July > October >April> December, with April exposure approximately the 

same as December exposure. However, cooking contribution to daily total exposure is much 

less for children because most children do not have cooking activities in their diaries.  

Health effects of PM2.5 are most severe on dates that have high PM2.5 ambient 

concentration and for people who tend to have higher exposure to PM2.5. Thus, ambient 

exposure on the highest PM2.5 concentration days and for individuals at the high-end of 

percentiles is compared with median ambient exposure. The median and 95
th

 percentile 

ambient value for median concentration days and highest concentration days are summarized 

in Table 5-7a and 5-7b. 

Table 5-7a Variability of Ambient Exposure for Bronx and Queens County, NY 

Table 5-7b Variability of Ambient Exposure for Harris County, TX and Selected Counties in 

North Carolina 

The extent and seasonal trends of ambient exposure variability for the three domains 
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is very different. For NYC, ambient exposures on high concentration days are much greater 

than that of median concentration days. The ratio between the two ranges from 1.4 to 5.1. 

The highest ratio occurs in fall and the lowest occurs in winter. For TX, ambient exposures 

on high concentration days are less different from that of median concentration days. The 

ratio between the two ranges from 1.1 to 2.0. The highest ratio occurs in summer and the 

lowest occurs in winter. For NC, ambient exposures on high concentration days are only 6% 

to 27% greater than that of median concentration days. The highest ratio occurs in fall and 

the lowest occurs in spring. The reason for the geographic difference might be local 

emissions near the monitors. For the NYC and TX domains, receptors are near local non-

point sources such as on-road emissions. For the NC domain, receptors are located at less 

urbanized areas. PM2.5 concentration near on-road sources have more variability than 

concentration away from on-road sources because of wind directions and fluctuate traffic 

flow. Thus the PM2.5 concentrations at the receptor are more stable, as particulates are 

transported from distant areas. The seasonal effects are not consistent for different 

geographic areas. Wind directions may account for some of the difference. Wind directions 

have seasonal trends (NCDC, 1998). For example, in NYC, southwest wind dominates in 

summer and west wind dominates in fall. If local sources are in the upwind direction of the 

monitor in a particular season, the effects on PM2.5 concentration ratios between high-

concentration days to median concentration days should be greater. However, further analysis 

of the possibility of wind direction impacts requires knowledge of the location of significant 

emission sources in relation to the location of the monitor, weather data, and PM2.5 formation 
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and transport modeling. 

Inter-individual variability differs less among geographic areas compared to temporal 

variability. The 95
th

 percentile daily ambient exposure averages approximately 50% more 

than the 50
th

 percentile exposure for all areas and both high and median concentration days. 

The range of 95
th

 to 50
th

 percentile exposure ratio is 1.3 to 2.4. Only two of the studied 32 

days have the 95
th

 to 50
th

 percentile exposure ratio greater than 2, both of which are in the 

NC domain. The primary reason for the ratio variability is spatial variability among different 

census tracts. For example, for NC domain on the highest concentration day in April, the 

average input ambient concentration among all simulated individuals is 16.8 µg/m
3

 and the 

standard deviation is 1.9 µg/m
3

. For Bronx on the highest concentration day in April, the 

average input ambient concentration among all simulated individuals is 43.9 µg/m
3

 and the 

standard deviation is only 0.2 µg/m
3

. 

5.3.2 Source Apportionment of Ambient PM2.5 Exposure  

There are five STN sites (labeled as TX1, TX2, TX3, TX4, and TX5) in Harris County, TX 

and two STN sites (Wake and Forsyth) in the studied six counties in NC. To obtain enough 

speciated samples for PMF analysis, the number of days in which 24-hr speciated PM data 

were collected should be greater than 100.  STN data were collected every 6 days in North 

Carolina sites. Thus, two-year STN data collected from 2002 to 2003 are used in applying 

receptor models to apportion ambient exposure. For NYC case, Liu et al. (2011) estimated 



 

 144

source contributions to ambient concentration based on only 2002 data.  In order to make 

appropriate comparison, NYC ambient PM2.5 concentration source apportionment is also 

based on STN data collected from 2002 to 2003. Annual results based on PMF method and 

CMB method are compared. Benchmarks including emission inventory and existing studies 

are also discussed. Seasonal apportionment results are discussed later.  

Source Apportionment Using PMF Method 

Not all species available in speciated ambient monitoring data are used for PMF analysis. 

Species that have more than 50% of sample data lower than method detection limit (MDL) 

are excluded. The exceptions are Mg and Cl, which are footprints of marine aerosol. For the 

rest of species, S and SO4

2-

, K and K
+

, Na and Na
+

 represent the same elements, respectively. 

Thus, only S, K, and Na+ are kept. As a result, species used are: Al, As, Au, Ba, Br, Ca, Cl, 

Cr, Cu, Fe, Pb, Mn, Ni, Mg, Se, Ti, V, Si, Zn, Sr, K, Na+, NH4

+

, S, NO3

-

, OC and EC.   

Contributions of source factors for the three geographic areas are summarized in 

Table 5-8.  

Table 5-8. Source Apportionment Results from PMF Method for Texas, North Carolina, and 

New York City (Annual) 

For Texas, five factors are identified for Site TX1, TX3, TX4, and TX5.  They are 
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secondary sulfate, motor vehicles, soil/road dust, marine aerosol, and biomass burning.  Each 

site has its own factor profiles.  “Secondary sulfate” factors have high loads of SO4

2-

 and 

NH4

+

.  “Motor vehicles” factors have high loads of OC, EC and metal elements such as Fe 

and Mn. “Soil/road dust” factors have high loads of Ca and Si.  “Marine aerosol” factors 

include most Na
+

 and Cl; and contain more Mg than other factors.  “Biomass burning” 

factors have high loads of OC and EC, but with more K and less metals comparing to “motor 

vehicles” factors. An additional factor is identified for Site TX2, which is interpreted as gas 

combustion.  It has high loads of Ca, Fe, Si and Ba.  

For North Carolina, six factors are identified for both sites.  The factors also include 

secondary sulfate, motor vehicles, soil/road dust, and biomass burning. Comparing to Texas, 

“marine aerosol” factors are not found and “secondary nitrate” factors are identified.  Texas 

PM2.5 composition does include nitrate, but secondary nitrate factors are not identified as a 

single factor.  Instead, nitrate is included in “motor vehicles” and “biomass burning” factors. 

For New York City, six factors are identified for both sites.  These factors are 

secondary sulfate, motor vehicles, soil/road dust, biomass burning, marine aerosol, and oil 

combustion. Oil and gas combustion factors have similar profiles. However, based on 

emission inventories, the combustion factor for New York City is more likely to represent oil 

combustion and the combustion factor for Texas is more likely to represent gas combustion.     
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For all geographic areas, secondary sulfate and motor vehicles are sources that 

contribute most to total PM2.5 mass. Biomass burning, which probably includes wood 

burning and cooking, also contributes a notable amount to total PM2.5 mass. 

Source Apportionment Using Chemical Mass Balance Method 

To select relevant source profiles, primary PM2.5 emission sources are identified for counties 

that are within 100 miles of all monitors in Texas, North Carolina, and New York City study 

areas using 2002 National Emission Inventory data (USEPA, 2008c). The primary sources 

contribute most to emission inventories include highway and off-highway vehicles, fugitive 

dust, vegetative wood burning, gas combustion, oil combustion, and commercial cooking. 

Quantities of their emissions are compared with concentration source apportionment results 

later.  Besides anthropogenic sources, marine aerosol also contributes to PM2.5 exposure (Qin 

et al., 2006). Source profiles of above source categories and secondary nitrate and sulfate are 

used as CMB inputs. For consistency, species used for CMB are the same as for PMF.   

Table 5-9. Source Apportionment Results from CMB Method for Texas, North Carolina, and 

New York City (Annual) 

For Texas and North Carolina sites, all sources except biomass burning have 

statistically significant contributions.  For New York City sites, all sources have statistically 

significant contributions.  For Forsyth, average predicted PM2.5 for the entire year is 91% of 
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the measured PM2.5 mass. The r
2

 for predicted daily PM2.5 mass is 0.94. The #
2

 is 1.6.  These 

results satisfy targets of R
2

>0.8 and #
2

 <4.0 in CMB user’s manual (Coulter, 2004). Results 

for other sites also satisfy such targets. 

Secondary sulfate and motor vehicles are the top two sources for all sites except 

Wake, NC. For each site, secondary sulfate contributes 32% to 40% of total PM2.5. For the 

Wake site, the contribution of biomass burning is comparable to that of motor vehicle at other 

sites. However, the distribution of the weight fraction of species in these source profiles is 

highly correlated. Therefore, there is ambiguity in interpreting whether the biomass source 

might represent motor vehicles.  

Secondary nitrate contributions for New York City sites are greater than that for the 

North Carolina sites. The secondary nitrate contributions for Texas sites are very small.  

Secondary nitrate is formed more at lower temperature. Thus, the difference in secondary 

nitrate contributions is consistent with the climate differences among these areas. 

Other source categories contribute less than 1.0 µg/m
3 

each, and less than 10% of the 

total PM2.5 except marine aerosols at the NYC sites. Oil combustion is identified for NYC 

sites but not for the other two areas. Gas combustion is identified for some of TX sites but 

not for the other two areas. Soil/road dust is identified for all sites. However, its contribution 

is not statistically significant for NC and NYC. Marine aerosol is identified for NC and NYC 
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but not for TX. Because the NYC domain is closer to the coast than the NC domain, the 

larger contribution in the NYC area is reasonable. 

Contributions from top sources (secondary sulfate and motor vehicles) are similar for 

all three studied areas, but contributions from other sources vary among geographic areas.  

Comparison among CMB, PMF, Source Inventory and Other Studies 

In general, CMB and PMF results are consistent.  They both identified large contributions 

from secondary sulfate and motor vehicles for all sites.  Biomass burning contributions are 

also quantitatively consistent for most sites.   

However, the estimations of secondary nitrate and marine aerosol contribution from 

CMB and PMF do not agree.  For Texas sites, PMF does not identified secondary nitrate as a 

source, but CMB does.  This is because secondary nitrate is related with combustion source, 

and PMF may or may not treat it as a separate source, depending on the significance of 

contribution.  CMB uses the chemical composition of secondary nitrate as the source profile. 

Therefore, secondary nitrate can be distinguished from combustion sources. 

For Texas sites, marine aerosol is identified as a source by PMF but not by CMB. For 

North Carolina sites, the trends are opposite.  Marine aerosol profile used in CMB is based 

on the composition of sea salt, which is mainly NaCl, and includes Mg.  But the 
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concentrations of Mg and Cl in PM2.5 samples are below detection limits. Therefore, marine 

aerosol may not be well-characterized by CMB. Marine aerosol factor in PMF include not 

only sea salt but also species that are likely to relate to combustion, such as NO3

-

.  Thus, this 

factor may involve marine transportation or industrial process, and the concentration of sea 

salt is less than the contribution estimated for “marine aerosol” factor.   

 Emission inventory for Harris County showed that fugitive dust, highway and off-

highway vehicles, waste disposal and recycling (mainly open burning) and gas combustion 

are significant contributors (more than 5%) to total PM2.5 emission.  These are consistent 

with soil/dust, motor vehicles, biomass burning and gas combustion sources identified by 

CMB and PMF.  Liu et al. (2011) indicate that soil/dust PM are larger particles that may not 

transport far enough to be detected at monitoring sites.  Thus, percentage contribution of 

soil/dust source estimated by receptor models is much less than that in emission inventories.   

 Emission inventory for Wake and Forsyth County also showed large amount of 

fugitive dust, highway and off-highway vehicles contribute to PM2.5 emission. Wood burning 

and cooking are also significant contributors. These are also consistent with sources 

identified from CMB and PMF.   

Variability of Ambient Concentration Source Apportionment 

CMB can apportion ambient concentration based on daily monitoring data. Thus, source 
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apportionment for the highest concentration days can be analyzed and compared with the 

average source apportionment results to investigate the variability of ambient concentration 

source apportionment. Source apportionment of ambient concentrations for high 

concentration days are summarized in Table 5-10. The days selected have the highest PM2.5 

concentrations among days that have speciated monitoring data and convergent receptor 

model results for every simulated month. Only one monitor per geographic area is selected 

for illustration purposes.  

Table 5-10. Variability of Ambient Concentration Source Apportionment 

For site B1, motor vehicles and marine aerosols are important contributors through the year. 

Secondary sulfate is the main cause of high concentration in April and July and secondary 

nitrate is the main cause of high concentration in October and December. Such results are 

consistent with the seasonal average contribution characteristics. July 7, for which day a 

Canadian wild fire significantly affected PM2.5 concentration, is not included.  

For site TX3, secondary sulfate is one of the major contributors to ambient concentration for 

days that have high concentration through the year. Secondary nitrate and motor vehicles are 

important contributors for fall and winter. These are consistent with the seasonal average 

contribution characteristics. However, on Jul 12, dust contributes more than 50% of total 

PM2.5, which may also be an effect of the Canadian wild fire.  



 

 151

For site Wake, NC, secondary sulfate is the main contributor to PM2.5 for days that have high 

concentrations in April and July and motor vehicles are the main contributor for days that 

have high concentrations in October and December. Biomass burning contributes a large 

amount of PM2.5 for all four of the highest concentration days. These contributions are the 

same as the seasonal average source contribution characteristics, as discussed previously in 

source apportionment results based on CMB. 

5.3.3 Source Apportionment of Total PM2.5 Exposure 

The overall source apportionment of total PM2.5 exposure is to integrate the results of 

ambient source apportionment and total source exposure source apportionment by SHEDS-

PM. Since PMF is only able to find source contributions for the whole year due to the 

requirement of a large number of samples, CMB results were used for apportioning ambient 

PM2.5 exposure reported by SHEDS-PM for four seasons. Table 5-11 and 5-12 show source 

apportionment of total exposure for Texas and North Carolina cases, respectively.  

Table 5-11. Source Apportionment of Total Exposure for Texas (4 seasons, sub-population) 

Table 5-12. Source Apportionment of Total Exposure for North Carolina (4 seasons, sub-

population) 

The seasonal variability of non-ambient exposure source apportionment results from 
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variability in air exchange rates variability. High air exchange rates cause lower non-ambient 

exposure. For example, in NYC, air exchange rate in summer is the highest; thus exposure 

from home cooking in summer is the lowest among all seasons for non-smokers not exposed 

to ETS. Air exchange rate in summer for North Carolina is the highest; thus exposure from 

home cooking in summer is the lowest among all seasons for non-smokers not exposed to 

ETS. However, since air exchange rate in fall for Harris County is the highest, exposure from 

home cooking in fall is lowest. The relationship between monthly average daily exposure and 

geometric mean of air exchange rate for the three geographic domains is plotted in Figure 5-

1.  The two variables are approximately inversely linearly related. The absolute value of the 

slope for NYC is greater than that for TX and NC, which means people living in NYC tends 

to be exposed more to cooking for the same air exchange rate. When air exchange rates 

increase 0.1h
-1

, average cooking contribution to exposure decreases 0.42 "g/m
3

 for the NYC 

domain, and 0.25 "g/m
3

 for TX and NC domains. This is probably because the housing types 

are different for NYC comparing to the other two. There are more small volume houses in 

NYC than in TX and NC.  

5.3.4 Sensitivity Analysis of Infiltration Factors 

Infiltration factors from outdoor to indoors may affect the composition of PM2.5 and thus 

affect source apportionment. Therefore, estimated source contributions to total exposure may 

need to be adjusted.  
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Meng et al. (2007) reported that the average infiltration factors are 0.51, 0.78, and 

0.04 for primary combustion, secondary sulfate, and mechanically generated particles, 

respectively.  Among the source categories here, motor vehicles, oil combustion, gas 

combustion and biomass burning are considered as primary combustion, dust/soil and marine 

aerosols are considered mechanically generated particles. Nitrate was not measured in Meng 

et al. (2007), thus the infiltration factor for nitrate is assumed to be the same as Finf for total 

PM2.5.  It is assumed that for different seasons and climate zones, the ratio of Finf for a 

specific source category to Finf for total PM2.5 is the same.   

The effect of infiltration variability on source apportioning is significant for 

secondary sulfate and mechanically generated PM.  Since the ratio of secondary sulfate Finf to 

total PM2.5 Finf is about 1.5 and the ratio of mechanically generated PM Finf to total PM2.5 Finf, 

marine aerosol contribution decreases most.   

5.4 Conclusions 

Exposure apportionment varies by time of year (season) and subpopulation. For ambient 

exposures, the key contributors are secondary sulfate and motor vehicles. Other ambient 

sources include secondary nitrate, soil/road dust, wood burning, cooking, oil combustion, gas 

combustion and marine aerosols. Results from CMB and PMF models are generally 

consistent. Apportionment results qualitatively consistent with emission inventories and 

literature. 
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For both smokers and non-smokers exposed to ETS, home smoking contributes at 

least 69.5% of total exposure for all seasons. Home smoking contributes most to total 

exposure for smokers and non-smokers living with smokers. Home cooking contributes most 

to total exposure for non-smokers not living with smokers among non-ambient sources.  

Source apportionment for different age groups has not been done before. Ambient 

contributions are approximately the same for people 65 years old and above and 12 years old 

and under as for the overall people. Smoking is still important for people 65 years old and 

above and 12 years old and under, like for the overall population. For people 65 years old and 

above, monthly averaged smoking contribution is at least 60% of total exposure for smokers 

and non-smokers exposed to ETS. Only a very small fraction  (less than 1%) of people 

among children are smokers. Monthly averaged smoking contribution is at least 68% of total 

exposure for non-smokers exposed to ETS for children 12 years and younger. Contributions 

from other non-ambient sources are not the same for all age groups. Cooking contribution to 

daily total exposure is much less for children; because most children do not have cooking 

activities in their diaries. Average contributions of restaurants and bars to daily total exposure 

for the elderly are approximately half of that for all age groups, because elders spend less 

time in these places. 

Although smokers’ exposure to PM2.5 through smoking is voluntary exposure, 

smoking in public places should continue to be regulated so that involuntary exposure can be 
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reduced. As of January 2012, 29 states have enacted smoking bans in all workplaces and 

public places, including bars and restaurants (American Nonsmokers’ Rights Foundation, 

2012). Based on this study, there are ongoing needs for such bans. 

Seasonal and geographical variability of source apportionment to PM2.5 exposure 

were quantified extensively. They are estimated for four seasons and three geographical 

domains. Ambient exposure trends are consistent with ambient concentration and seasonal air 

exchange rate trends.. Contributions from top sources (secondary sulfate and motor vehicles) 

are similar for all three studied areas, but contributions from other sources vary among 

geographic areas. Some variance may be the result of local emissions, such as oil or gas 

combustions. For example, for both sites of New York City, oil combustion is one of the 

significant contributors. However, oil combustion is not identified as a source in TX and NC 

domains. 

The seasonal variability of non-ambient exposure source apportionment results from 

variability in air exchange rates. Non-ambient exposure is inversely proportional to air 

exchange rate. When air exchange rates increase by an increment of 0.1 h
-1

, average cooking 

contribution to exposure decreases 0.42 "g/m
3

 for the NYC domain, and 0.25 "g/m
3

 for TX 

and NC domains. Thus, for areas in different climate zones, the seasonal trends of non-

ambient exposure contributions are different. Housing type is also affecting the exposure 

response to air exchange rate. People living in smaller houses tend to have more exposure 
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from non-ambient sources. 

Analysis of daily ambient exposure variability shows that day-to-day temporal 

variability are obviously different among studied geographic areas. Such variability is greater 

in NYC and less in NC. The ratios of ambient exposures on high concentration days to that 

on median concentration range from 1.06 to 5.1.  It also varies by season for the same area. 

The reason for the geographic difference might be local emissions near the monitors. But the 

seasonal difference may not imply any trend because some ratios are small and seasonal 

differences among three geographic areas are not consistent even if climate influence is 

considered. Inter-individual variability differs less among geographic areas comparing with 

temporal variability. The ratio of 95
th

 to 50
th

 percentile exposure is from 1.3 to 2.4. The 

primary reason for variability in ratio is spatial variability among different census tracts. 

Concentrations in the NC domain have much larger variability than the other two. For 

example, for NC domain on the highest concentration day in April, the average input ambient 

concentration among all simulated individuals is 16.8 µg/m
3

 and the standard deviation is 1.9 

µg/m
3

. For Bronx on the highest concentration day in April, the average input ambient 

concentration among all simulated individuals is 43.9 µg/m
3

 and the standard deviation is 

only 0.2 µg/m
3

. However, the inter-individual variability differences among geographic areas 

may be underestimated because the dairy database is the same for all three domains.  

Source-specific infiltration factors lead to significant differences in source 
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apportionment.  However, infiltration factors for nitrate have not yet been quantified. 

Infiltration factors for primary combustion, which include a number of different sources (e.g. 

motor vehicles, wood burning, and oil combustion), may have great variability.  Thus, further 

investigation of infiltration factors for major individual emission sources is needed to better 

quantify the effect. 

5.5 Supporting Information 

Supporting information is available in Appendix that includes more details regarding: a) 

PMF factor profiles; c) in-vehicle exposure estimation for Texas and North Carolina; d) total 

exposure source apportionment for different subpopulations; e) sensitivity analysis for 

infiltration factors.
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Table 5-1. Residential Microenvironmental Inputs in SHEDS-PM 

Microenvironment Algorithms Parameter 

Penetration
a

 Triangular Tri (0.70, 0.78, 1.0) 

Deposition
a

 Normal Mean = 0.40, StdDev = 0.10 

Air Exchange 

Rate
b

 
Lognormal 

TX 

Season1(winter):     GeoMean=0.52, 

GeoStd=1.2 

Season2(spring):     GeoMean=0.35, 

GeoStd=2.0 

Season3(summer):  GeoMean=0.33, 

GeoStd=1.1 

Season4(fall):          GeoMean=0.69, 

GeoStd=2.0 

NC 

Season1(winter):        GeoMean=0.384, 

GeoStd=1.802 

Season2 (spring):       GeoMean=0.309, 

GeoStd=2.312 

Season3 (summer):    GeoMean=0.538, 

GeoStd=1.695 

Season4 (fall):            GeoMean=0.492, 

GeoStd=1.621 

NYC 

Season1 (winter):     GeoMean=0.45, 

GeoStd=2.03 

Season2 (spring):     GeoMean=0.40, 

GeoStd=1.82 

Season3 (summer):  GeoMean=0.64, 

GeoStd=2.09 

Season4 (fall):          GeoMean=0.22, 

GeoStd=1.75 

Smoking
c

 Lognormal GeoMean =13.56, GeoStd = 1.31 

Cooking Normal Mean =1.56, StdDev = 0.412 

a

Sources: Weisel et al. (2005); Özkaynak et al. (1996) 

b 

Sources:

 

Murray and Burmaster (1995); Koontz and rector (1995) 

c 

Sources: Özkaynak et al. (1996);

  

Nelson et al. (1994); Nazaroff and Klepeis (2003) 
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Table 5-2. PM
2.5

 Exposure Apportionment Results for Harris County, TX based on SHEDS-PM 

Age 

Groups   TX NC Bronx Queens 

Age 65+ 

Required sample size
a 

249600 235769 3915775 290694 

Required population 8320 7859 13053 9690 

Simulated number of people 9072 8206 14610 13416 

Simulated sample size 272160 246180 438300 402480 

Age 12- 

Required sample size
a 

391525 378840 682903 566437 

Required population 13050 12628 22763 18881 

Simulated number of people 15208 17350 24580 33762 

Simulated sample size 456240 520500 737400 1012860 

 

a

To obtain a 95% confidence interval for the mean that is less than 0.2 !g/m
3

 wide, sample sizes are estimated based 

on the following equation presented by Cullen and Frey (1994) using standard deviations obtained from test runs: m > 

(2cs/")
2

 

where,  

 m = sample size 

  c = the deviation for the unit normal enclosing probability #. For # =95%, c is about 2.   

  s
2 

= estimation of variance based on a small Monte Carlo run.  

 " = width of confidence interval 
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Table 5-3.  PM
2.5

 Exposure Apportionment Results for Harris County, TX based on SHEDS-PM in 2002  

 Source Apportioned Exposure Concentration by Season and Subpopulation (µg/m
3

) 

Source 

April July October December 

SS
a 

NS-

ETS
b 

NS-

w/o 

ETS
c 

SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 

Ambient 

excluding 

in-vehicle 8.0  8.1  7.8  7.9  7.9  7.7  8.0  8.1  7.9  6.2  6.2  6.0  

Ambient in-

vehicle 1.0  0.8  0.9  1.0  0.8  0.9  0.8  0.7  0.8  0.7  0.6  0.7  

Home 

smoking 46.7  36.3  0.0  47.6  36.7  0.0  32.4  25.5  0.0  38.0  29.5  0.0  

Home 

cooking 2.6  1.8  2.7  2.6  1.8  2.8  1.9  1.2  1.9  2.2  1.3  2.2  

Smoking in 

restaurants 

& bars 1.1  0.4  0.6  1.2  0.4  0.6  1.1  0.4  0.6  1.2  0.4  0.6  

Other 1.1  0.9  0.9  1.1  0.9  0.9  1.1  1.0  0.9  1.2  1.1  1.0  

All 60.6  48.4  13.1  61.3  48.5  13.2  45.3  36.8  12.3  49.3  39.1  10.8  

a

SS: smokers  

b

NS-ETS: non-smokers with ETS 

c

NS-w/o ETS: non-smokers without ETS
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Table 5-4. PM
2.5

 Exposure Apportionment Results for North Carolina based on SHEDS-PM in 2002 

 Source Apportioned Exposure Concentration by Season and Subpopulation (µg/m
3

) 

Source 

April July October December 

SS
a 

NS-

ETS
b 

NS-

w/o 

ETS
c 

SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 

Ambient 

excluding 

in-vehicle 6.5  6.5  6.3  11.6  11.6  11.3  7.7  7.7  7.5  6.4  6.4  6.2  

Ambient in-

vehicle 0.8  0.7  0.8  1.3  1.1  1.2  0.8  0.7  0.8  0.8  0.7  0.7  

Home 

smoking 49.2  38.2  0.0  37.9  30.1  0.0  39.1  31.0  0.0  45.1  35.1  0.0  

Home 

cooking 3.3  2.4  2.9  2.0  0.8  2.3  3.0  1.0  2.4  2.5  1.3  2.7  

Smoking in 

restaurants 

& bars 1.2  0.4  0.6  1.2  0.5  0.6  1.2  0.4  0.6  1.1  0.4  0.6  

Other 1.2  1.0  1.0  1.0  0.8  0.8  1.2  1.0  1.0  1.2  1.1  1.0  

All 62.2  49.2  11.9  54.9  44.8  16.4  53.1  41.8  12.5  57.1  44.9  11.5  

a

SS: smokers  

b

NS-ETS: non-smokers with ETS 

c

NS-w/o ETS: non-smokers without ETS
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Table 5-5a. PM
2.5

 Exposure Apportionment Results for Bronx Children based on SHEDS-PM in 2002 

 Source Apportioned Exposure Concentration by Season and Subpopulation (µg/m
3

) 

Source 

April July October December 

SS
a 

NS-

ETS
b 

NS-

w/o 

ETS
c 

SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 

Ambient 

excluding 

in-vehicle 7.0  6.6  6.7  12.4  12.4  12.3  5.3  5.0  5.0  7.7  7.5  7.5  

Ambient in-

vehicle 0.6  0.5  0.5  0.9  0.9  0.8  0.5  0.4  0.4  0.6  0.6  0.6  

Home 

smoking 67.1  51.4  0.0  62.9  41.0  0.0  87.3  66.4  0.0  73.3  48.9  0.0  

Home 

cooking 1.1  0.4  0.4  1.2  0.3  0.3  1.2  0.5  0.5  1.5  0.4  0.3  

Smoking in 

restaurants 

& bars 1.0  0.2  0.2  0.7  0.2  0.2  0.9  0.2  0.2  1.0  0.2  0.2  

Other 1.3  1.2  1.2  1.7  1.0  0.9  2.2  1.3  1.3  2.3  1.2  1.2  

All 78.1  60.3  8.9  79.8  55.6  14.6  97.4  73.7  7.3  86.5  58.7  9.7  

a

SS: smokers  

b

NS-ETS: non-smokers with ETS 

c

NS-w/o ETS: non-smokers without ETS
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Table 5-5b. PM
2.5

 Exposure Apportionment Results for Queens Age 12 and Under based on SHEDS-PM in 2002 

 Source Apportioned Exposure Concentration by Season and Subpopulation (µg/m
3

) 

Source 

April July October December 

SS
a 

NS-

ETS
b 

NS-

w/o 

ETS
c 

SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 

Ambient 

excluding 

in-vehicle 6.4  6.4  6.4  12.5  12.5  12.5  5.0  4.7  4.7  7.4  7.2  7.2  

Ambient in-

vehicle 0.5  0.5  0.5  1.0  0.8  0.9  0.4  0.4  0.4  0.6  0.5  0.5  

Home 

smoking 65.0  47.0  0.0  53.0  35.0  0.0  83.7  58.3  0.0  63.4  43.6  0.0  

Home 

cooking 1.9  0.3  0.3  3.2  1.6  0.3  2.2  0.4  0.4  1.8  0.3  0.3  

Smoking in 

restaurants 

& bars 0.9  0.2  0.2  0.7  0.2  0.2  0.9  0.2  0.2  1.3  0.2  0.2  

Other 1.2  1.2  1.2  1.6  1.0  0.9  2.4  1.3  1.3  2.5  1.2  1.2  

All 75.9  55.6  8.6  72.0  51.0  14.7  94.7  65.3  7.0  77.0  53.1  9.5  

a

SS: smokers  

b

NS-ETS: non-smokers with ETS 

c

NS-w/o ETS: non-smokers without ETS
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Table 5-5c. PM
2.5

 Exposure Apportionment Results for Harris, TX Age 12 and Under based on SHEDS-PM in 2002 

 Source Apportioned Exposure Concentration by Season and Subpopulation (µg/m
3

) 

Source 

April July October December 

SS
a 

NS-

ETS
b 

NS-

w/o 

ETS
c 

SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 

Ambient 

excluding 

in-vehicle 8.5  8.2  8.2  8.4  8.1  8.1  8.3  8.2  8.2  6.5  6.3  6.3  

Ambient in-

vehicle 0.8  0.6  0.6  0.7  0.6  0.6  0.5  0.6  0.6  0.6  0.5  0.5  

Home 

smoking 55.5  40.8  0.0  50.8  41.7  0.0  44.3  28.6  0.0  46.3  33.1  0.0  

Home 

cooking 1.4  0.3  0.3  1.6  0.3  0.3  0.7  0.2  0.2  0.9  0.2  0.2  

Smoking in 

restaurants 

& bars 0.9  0.2  0.2  1.0  0.2  0.2  1.2  0.2  0.2  0.9  0.2  0.2  

Other 1.1  1.0  1.0  2.1  1.4  1.1  2.4  1.1  1.1  2.3  1.2  1.3  

All 68.2  51.1  10.4  64.7  51.7  10.3  57.5  38.9  10.2  57.5  41.4  8.4  

a

SS: smokers  

b

NS-ETS: non-smokers with ETS 

c

NS-w/o ETS: non-smokers without ETS
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Table 5-5d. PM
2.5

 Exposure Apportionment Results for North Carolina Age 12 and Under based on SHEDS-PM in 

2002 

 Source Apportioned Exposure Concentration by Season and Subpopulation (µg/m
3

) 

Source 

April July October December 

SS
a 

NS-

ETS
b 

NS-

w/o 

ETS
c 

SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 

Ambient 

excluding 

in-vehicle 6.7  6.6  6.6  12.1  11.9  12.0  8.1  7.9  7.9  6.7  6.5  6.5  

Ambient in-

vehicle 0.5  0.5  0.5  0.9  0.8  0.8  0.6  0.6  0.6  0.6  0.5  0.5  

Home 

smoking 63.0  43.4  0.0  46.1  33.2  0.0  47.3  34.6  0.0  49.9  39.3  0.0  

Home 

cooking 0.9  0.3  0.4  0.6  0.2  0.2  1.7  0.3  0.3  1.6  0.3  0.3  

Smoking in 

restaurants 

& bars 1.2  0.2  0.2  0.9  0.2  0.2  0.9  0.2  0.2  0.9  0.2  0.2  

Other 1.1  1.2  1.2  1.8  0.9  0.9  2.2  1.2  1.2  2.2  1.2  1.2  

All 73.4  52.2  8.9  62.3  47.3  14.2  60.7  44.7  10.1  61.9  48.0  8.7  

 

a

SS: smokers; 
b

NS-ETS: non-smokers with ETS; 
c

NS-w/o ETS: non-smokers without ETS
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Table 5-6a. PM
2.5

 Exposure Apportionment Results for Bronx Age 65 and Older based on SHEDS-PM in 2002 

 Source Apportioned Exposure Concentration by Season and Subpopulation (µg/m
3

) 

Source 

April July October December 

SS
a 

NS-

ETS
b 

NS-

w/o 

ETS
c 

SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 

Ambient 

excluding 

in-vehicle 6.0  5.8  5.9  11.4  11.2  11.2  4.2  4.1  4.1  6.8  6.6  6.7  

Ambient in-

vehicle 0.5  0.5  0.5  0.9  0.8  0.9  0.5  0.4  0.5  0.5  0.5  0.6  

Home 

smoking 57.7  40.4  0.0  44.8  29.9  0.0  71.6  49.8  0.0  56.1  35.7  0.0  

Home 

cooking 3.5  5.4  4.8  2.5  4.3  3.9  4.7  6.8  6.4  4.1  5.1  4.6  

Smoking in 

restaurants 

& bars 0.5  0.3  0.4  0.6  0.4  0.4  0.5  0.4  0.4  0.6  0.4  0.4  

Other 0.6  0.5  0.6  1.1  0.9  0.9  1.1  1.0  1.0  1.1  0.9  1.0  

All 68.8  52.9  12.1  61.3  47.5  17.3  82.6  62.5  12.4  69.2  49.3  13.3  

a

SS: smokers  

b

NS-ETS: non-smokers with ETS 

c

NS-w/o ETS: non-smokers without ETS
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Table 5-6b. PM
2.5

 Exposure Apportionment Results for Queens Age 65 and Older based on SHEDS-PM in 2002 

 Source Apportioned Exposure Concentration by Season and Subpopulation (µg/m
3

) 

Source 

April July October December 

SS
a 

NS-

ETS
b 

NS-

w/o 

ETS
c 

SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 

Ambient 

excluding 

in-vehicle 5.7  5.7  5.7  11.7  11.6  11.5  4.1  3.9  4.0  6.6  6.5  6.5  

Ambient in-

vehicle 0.5  0.5  0.5  0.9  0.9  0.9  0.5  0.4  0.5  0.6  0.6  0.6  

Home 

smoking 51.5  35.6  0.0  43.3  27.1  0.0  68.0  47.4  0.0  50.0  32.0  0.0  

Home 

cooking 3.4  4.2  4.4  2.6  3.8  3.6  3.9  6.8  5.6  2.9  4.0  4.0  

Smoking in 

restaurants 

& bars 0.6  0.4  0.4  0.6  0.4  0.4  0.5  0.4  0.4  0.5  0.4  0.4  

Other 0.6  1.0  1.0  1.1  0.9  0.9  1.1  1.0  1.0  1.1  1.1  1.0  

All 62.3  47.5  12.0  60.3  44.6  17.4  78.1  60.0  11.4  61.6  44.7  12.5  

a

SS: smokers  

b

NS-ETS: non-smokers with ETS 

c

NS-w/o ETS: non-smokers without ETS



 

 172

Table 5-6c. PM
2.5

 Exposure Apportionment Results for Harris,TX Age 65 and Older based on SHEDS-PM in 2002 

 Source Apportioned Exposure Concentration by Season and Subpopulation (µg/m
3

) 

Source 

April July October December 

SS
a 

NS-

ETS
b 

NS-

w/o 

ETS
c 

SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 

Ambient 

excluding 

in-vehicle 7.6  7.3  7.2  7.4  7.1  7.1  7.7  7.5  7.5  5.9  5.7  5.7  

Ambient in-

vehicle 0.7  0.7  0.7  0.7  0.7  0.7  0.6  0.6  0.6  0.5  0.5  0.5  

Home 

smoking 46.4  33.6  0.0  48.6  36.5  0.0  34.0  22.4  0.0  38.1  24.4  0.0  

Home 

cooking 2.5  3.9  3.9  2.5  4.4  4.0  1.6  2.6  2.7  2.1  3.3  3.1  

Smoking in 

restaurants 

& bars 0.5  0.4  0.4  0.6  0.4  0.4  0.7  0.4  0.4  0.5  0.4  0.4  

Other 0.6  1.0  1.0  1.1  1.0  1.0  1.5  1.2  1.2  1.2  1.1  1.0  

All 58.4  46.8  13.1  61.0  50.1  13.2  46.1  34.8  12.4  48.2  35.4  10.7  

a

SS: smokers  

b

NS-ETS: non-smokers with ETS 

c

NS-w/o ETS: non-smokers without ETS
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Table 5-6d. PM
2.5

 Exposure Apportionment Results for North Carolina Age 65 and Older based on SHEDS-PM in 

2002  

 Source Apportioned Exposure Concentration by Season and Subpopulation (µg/m
3

) 

Source 

April July October December 

SS
a 

NS-

ETS
b 

NS-

w/o 

ETS
c 

SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 SS
a

 

NS-

ETS
b

 

NS-

w/o 

ETS
c

 

Ambient 

excluding 

in-vehicle 6.0  5.7  5.7  11.1  10.8  10.9  7.2  7.1  7.0  5.9  5.8  5.7  

Ambient in-

vehicle 0.6  0.6  0.6  0.9  0.9  0.9  0.6  0.6  0.6  0.6  0.6  0.6  

Home 

smoking 50.3  32.5  0.0  36.5  25.2  0.0  40.5  31.3  0.0  45.6  31.2  0.0  

Home 

cooking 2.9  4.5  4.2  1.9  3.7  3.0  1.9  3.7  3.3  2.9  4.2  3.8  

Smoking in 

restaurants 

& bars 0.6  0.4  0.4  0.5  0.4  0.4  0.5  0.2  0.4  0.6  0.4  0.4  

Other 0.6  1.0  1.0  1.0  1.0  0.9  1.1  1.2  1.0  1.2  1.1  1.1  

All 61.1  44.6  12.0  52.0  42.0  16.2  51.9  44.1  12.4  56.7  43.3  11.6  

 

a

SS: smokers; 
b

NS-ETS: non-smokers with ETS; 
c

NS-w/o ETS: non-smokers without ETS 
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Table 5-7a. Variability of Daily Average Ambient Exposure Based on SHEDS-PM for Bronx and Queens County, NY 

  

Source 

Central Tendency Exposure and High End Exposure for Selected days 
Bronx, NY Queens, NY 

Median 

Concentration Day
a

 

Highest Concentration 

Day
b

 

Median 

Concentration Day
a

 

Highest 

Concentration Day
b

 

 Date 

Percentile of 

Inter-

individual 

Variability 

(µg/m
3

) 

 Date 

 

Percentile of 

Inter-

individual 

Variability 

(µg/m
3

) 

 Date 

Percentile of 

Inter-

individual 

Variability 

(µg/m
3

) 

 Date 

Percentile of 

Inter-

individual 

Variability 

(µg/m
3

) 

50th 95th 50th 95th 50th 95th 50th 95th 

April 4/5 4.6 6.5 4/17 17.2 24.3 4/14 5.5 8.5 4/17 17.7 25.1 

July 7/10 11.3 15.9 7/19 22.7 31.0 7/22 10 15.2 7/19 24.0 32.7 

October 10/8 3.2 5.1 10/2 16.3 25.9 10/20 3.8 6.5 10/2 16.2 25.4 

December 12/28 11.5 15.4 12/7 17.9 25.5 12/28 11.6 16.9 12/7 16.2 24.3 

 

a

Median concentration day is the day for which the median ambient concentration of the month was observed.   

b

Highest concentration day is the day for which the highest ambient concentration of the month was observed.   
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Table 5-7b. Variability of Daily Average Ambient Exposure for Harris County, TX and Selected Counties in North 

Carolina 

  

Source 

Central Tendency Exposure and High End Exposure for Selected days 
Harris County, TX North Carolina 

Median 

Concentration Day
a

 

Highest Concentration 

Day
b

 

Median 

Concentration Day
a

 

Highest 

Concentration Day
b

 

 Date 

Percentile of 

Inter-

individual 

Variability 

(µg/m
3

) 

 Date 

 

Percentile of 

Inter-

individual 

Variability 

(µg/m
3

) 

 Date 

Percentile of 

Inter-

individual 

Variability 

(µg/m
3

) 

 Date 

Percentile of 

Inter-

individual 

Variability 

(µg/m
3

) 

50th 95th 50th 95th 50th 95th 50th 95th 

April 4/14 6.7 11.1 4/2 9.5 15.1 4/2 8.8 14.2 4/20 9.3 15 

July 7/19 7.2 12.3 7/31 7.8 12.8 7/31 11.0 26.4 7/1 12.0 24.1 

October 10/11 10.6 15.8 10/17 14.8 21.8 10/17 8.1 12.1 10/23 10.3 15.7 

December 12/22 6.7 10.1 12/28 13.3 19.5 12/16 7.1 11 12/28 8.1 12.1 

 

a

Median concentration day is the day for which the median ambient concentration of the month was observed.   

b

Highest concentration day is the day for which the highest ambient concentration of the month was observed.   
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Table 5-8. Annual Source Apportionment Results from PMF Method for Texas, North Carolina, and New York City 

Domains 

Source Categories
a

 

Source Apportionment of Annual Average Ambient Concentration (µg/m
3

) 

Texas North Carolina New York City 

TX1
a

 TX2
a

 TX3
a

 TX4
a

 TX5
a

 Wake
a

 Forsyth
a

 Bronx1
a

 Queens
a

 

Secondary Sulfate 5.2 4.6 5.4 6.0 6.1 6.0 7.9 5.2 7.2 

Secondary Nitrate           1.9 1.1     

Motor vehicles 3.0 1.3 2.1 2.1 2.4 2.7 2.4 3.4 3.6 

Oil/Gas 

Combustion   0.7           2.9 1.8 

Soil/Road Dust 1.4 1.0 1.0 1.2 1.3 1.0 0.6 1.1 1.8 

Marine Aerosol 1.0 0.8 0.9 1.0 0.6     1.0 0.8 

Biomass burning 1.7 0.8 1.3 1.9 1.4 3.0 2.1 1.4   

Total 12.3 9.3 10.7 12.1 11.7 14.6 14.1 15.0 15.2 

Model Performance for Predicted PM
2.5

 v.s. Measured PM
2.5

  

Linear Regression 

R
2

 0.89 0.91 0.92 0.90 0.92 0.91 0.93 0.94 0.89 

KS Test p-value 0.85 0.90 0.84 0.81 0.89 0.96 0.94 0.91 0.90 

 

a

Each site has its own factors. Source categories are labeled as the most likedly source each factor may represent 

based on analyst judgment.
 

b

Name of monitoring site
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Table 5-9. Annual Source Apportionment Results from Chemical Mass Balance Method for Texas, North Carolina, 

and New York City Domains 

 Source Apportionment of Annual Average Ambient Concentration (µg/m
3

) 
Source Categories 

Texas North Carolina New York City 

TX1
a 

TX2
a

 TX3
a 

TX4
a 

TX5
a 

Wake
a 

Forsyth
a 

Bronx1
a 

Queens
a 

Secondary Sulfate 4.2 3.6 4.5 4.2 4.2 5.1 5.7 4.6 4.8 

Secondary Nitrate 0.3 0.2 0.4 0.3 1.2 1.2 1.3 2.8 2.9 

Motor vehicles 6.2 4.0 5.0 3.9 4.3 2.4 3.8 5.1 3.7 

Oil Combustion               1.0 0.8 

Gas Combustion 0.6   0.6 0.4           

Soil/Road Dust 0.7 0.4 1.0 0.8 0.9 0.2 0.2 0.0 0.0 

Marine Aerosol           0.5 0.3 1.2 1.6 

Biomass Burning 1.3 1.2 0.7 1.0 1.1 4.6 1.9 0.3 0.3 

Total 13.1 9.4 12.3 10.6 11.6 13.8 13.2 15.0 14.1 

Model Performance for Predicted PM
2.5

 v.s. Measured PM
2.5

  

Linear Regression 

R
2

 0.91 0.94 0.90 0.85 0.87 0.95 0.94 0.91 0.96 

Chi square 2.6 1.8 2.4 1.6 3.1 1.5 2.0 2.1 2.9 

% of Mass 96 98 97 102 95 91 93 101 97 

 

a

Name of monitoring site
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Table 5-10. Ambient Concentration Source Apportionment from Chemical Mass Balance Method for the highest 

PM
2.5

 Concentration day 

  

Spring Summer Fall Winter 

Conc.   Conc.   Conc.   Conc.   

(µg/m
3

) t-ratio
a

 (µg/m
3

) t-ratio (µg/m
3

) t-ratio (µg/m
3

) t-ratio 

Site B1 

Date 

4/17 

 

7/19 

 

10/2 

 

12/7 

 

Secondary 

Sulfate 17.2 18.8 19.0 18.4 21.5 17.9 8.5 13.5 

Secondary 

Nitrate 1.3 13.0 3.8 14.2 6.0 14.5 11.4 15.9 

Motor Vehicles 9.3 7.0 7.1 7.0 7.7 7.1 8.2 7.0 

Dust/ Soil 0.0 0.1 0.0 - 0.0 - 0.0 - 

Oil Combustion 0.7 4.5 0.4 3.5 0.5 4.0 0.5 4.0 

Marine Aerosol 3.9 4.2 2.0 4.1 2.4 4.3 2.3 3.5 

Biomass Burning 0.2 1.0 0.2 2.2 0.2 1.4 0.2 1.4 

Total 32.5   32.6   38.3   31.1   

  Site TX3 

Date 4/2 7/12  10/17 12/28 

Secondary 

Sulfate 7.3 15.7 5.1 11.6 5.8 11.7 5.0 7.2 
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Table 5-10. Continued 

Secondary 

Nitrate 0.4 7.2 0.04 0.4 0.7 5.6 3.6 11.0 

Motor Vehicles 2.0 2.7 7.2 3.5 7.6 4.1 13.3 3.8 

Dust/ Soil 1.1 7.4 5.1 8.7 0.6 3.0 1.1 3.2 

Gas Combustion 1.7 2.5 1.9 1.3 0.0 / 0.0 / 

Biomass Burning 0.3 1.0 0.3 0.6 1.7 1.3 4.1 1.4 

Total 12.8   19.7   16.4   27.1   

  Site Wake 

Date 4/20 7/1 10/23 12/28 

Secondary 

Sulfate 6.4 13.6 12.2 15.8 4.6 11.8 2.3 8.5 

Secondary 

Nitrate 1.6 12.4 0.8 8.9 1.9 12.6 1.3 10.6 

Motor Vehicles 2.5 1.8 0.6 0.4 4.4 2.6 4.5 2.2 

Dust/ Soil 0.4 3.0 0.1 0.8 0.3 2.4 0.0 0.3 

Marine Aerosol 0.4 4.5 0.2 2.6 0.9 6.7 0.5 5.1 

Biomass Burning 5.3 3.2 9.1 4.2 2.3 1.5 5.4 2.6 

Total 16.7   23.0   14.4   14.0   

 

a

t-ratio is the ratio of standard error to the mean. If t-ratio is approximately greater than 2, the mean contribution is 

statistically significant. 
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Table 5-11. Source Apportionment of Total Exposure for Non-smokers not exposed to ETS in Harris County, Texas 

Based on Chemical Mass Balance Method 

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 3.3 25.6 3.8 29.7 4.0 32.9 3.0 7.6 

Secondary 

Nitrate 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Motor Vehicles 1.9 14.7 1.1 8.4 1.6 12.8 1.0 2.7 

Oil/Gas 

Combustion 0.0 0.0 0.6 4.5 0.0 0.0 0.0 0.0 

Soil/Road Dust 0.9 6.9 0.8 6.5 0.7 6.1 0.6 1.5 

Marine Aerosol 0.6 4.9 0.7 5.2 0.7 5.5 0.5 1.3 

Biomass Burning 1.1 8.4 0.7 5.2 1.0 7.9 0.9 2.4 

In-vehicle  0.9 7.0 0.9 7.0 0.8 6.6 0.7 6.6 

Non-

Ambient 

Home smoking 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Home cooking 2.7 20.9 2.8 21.8 1.9 15.7 2.2 20.9 

Smoking in R&B 0.6 4.7 0.6 4.7 0.6 5.0 0.6 5.7 

Other non-

ambient 0.9 7.0 0.9 7.0 0.9 7.4 1.0 9.5 

Total   12.9   12.8   12.1   10.5   

 



 

 181

Table 5-12. Source Apportionment of Total Exposure for Non-smokers not exposed to ETS in Selected Counties in 

North Carolina Based on Chemical Mass Balance Method 

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 2.6 22.3 4.6 28.7 3.1 25.1 2.5 22.7 

Secondary 

Nitrate 0.8 7.1 1.5 9.1 1.0 7.9 0.8 7.2 

Motor Vehicles 1.2 10.0 2.1 12.9 1.4 11.3 1.1 10.2 

Oil/Gas 

Combustion 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Soil/Road Dust 0.4 3.7 0.8 4.8 0.5 4.2 0.4 3.8 

Marine Aerosol 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Biomass Burning 1.3 11.2 2.3 14.3 1.5 12.5 1.3 11.4 

In-vehicle  0.8 6.9 1.2 7.4 0.8 6.5 0.7 6.3 

Non-

Ambient 

Home smoking 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Home cooking 2.9 25.0 2.3 14.2 2.4 19.5 2.7 24.1 

Smoking in R&B 0.6 5.2 0.6 3.7 0.6 4.9 0.6 5.4 

Other non-

ambient 1.0 8.6 0.8 4.9 1.0 8.1 1.0 8.9 

Total   11.6   16.2   12.3   11.2   
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PART VI CONCLUSIONS 
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6.1 Modeling of In-Vehicle Human Exposure to Ambient Fine Particulate Matter  

There is growing recognition of the importance of the contribution of in-vehicle exposures to 

PM2.5 of ambient origin as a component of total daily average exposure.  The ratio of in-

vehicle to ambient concentration is subject to substantial variability, ranging from less than 1 

to greater than 10 based on analysis of existing studies.  In-vehicle exposure potentially can 

contribute more than half of an individual’s daily PM2.5 exposure.  However, existing 

exposure models such as SHEDS-PM use highly simplified modeling techniques that are not 

able to account for key sources of variability in in-vehicle exposure.  The in-vehicle 

concentrations are influenced by emissions on the roadway, whereas a FSM might be located 

sufficiently far from the roadway that it is not a good indicator of on-road air quality.  Thus, 

the preferred method for estimating in-vehicle concentration is to estimate the ambient 

concentration surrounding the vehicle, from which the concentration inside the vehicle can 

be estimated.  In this work, a modeling approach for estimating on-road concentration is 

developed and demonstrated.  The most relevant surrogate to on-road concentration that can 

be reliably estimated with existing tools, such as CALINE4, is near-road concentration. 

The modeling approach is based on near-road PM levels and mass transfer between 

the near-road air and interior of the vehicle cabin is introduced and discussed.  The 

alternative approach takes into account road width, on-road emission rate, traffic volume, 

wind speed, stability class, in-vehicle air exchange rate, filter efficiency, and deposition rate.   
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This alternative approach has been demonstrated here via coupling with the existing 

parameterization of SHEDS-PM. The in-vehicle exposure for the free flow scenario based on 

this alternative approach represents 8 to 17 percent of daily average exposure, which is 

comparable to the 6 to 18 percent contribution estimated based on independent studies using 

in-vehicle measurements data. The exposure case studies using this approach explain the 

variability of in-vehicle exposure by estimating in-vehicle PM2.5 concentration based on 

different driving scenarios, which is better than assuming uniform slope and intercepts based 

on simple fitting of measurement data, as the existing linear regression approach used in 

algorithm of SHEDS. 

SHEDS-PM accounts for inter-personal variability in activity patterns and ambient 

PM2.5 concentrations, but does not allow for different in-vehicle linear regression parameters 

in a single run.  The in-vehicle modeling approach demonstrated here can be implemented as 

a post processing step based on SHEDS-PM output estimates of ambient concentration and 

microenvironmental concentrations for each individual. Thus this approach improves 

exposure estimation without changing the SHEDS-PM program or increasing computing 

source demands. 

Depending on traffic flow, meteorological conditions, and vehicle emission rates, the 

estimated surrounding vehicle concentration can be as high as 79 µg/m
3

, for a case study in 

which ambient concentration is approximately 15 µg/m
3

. Depending on the above factors 
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plus the status of vehicle windows and HVAC system, and duration of time spent in-vehicle, 

the in-vehicle exposure may account for approximately 10 to 20 percent of total daily 

average exposure. However, high end in-vehicle exposures can be a factor of 3 greater than 

mean exposures, because of differences in exposure duration.  

Typical driving scenarios, which are combinations of roadway types, meteorological 

conditions, and ventilation conditions, can be identified for a study area based on applicable 

emission factors, traffic volume data, historical meteorological data, and ventilation 

assumptions. Additional surveys of ventilation control behavior (window open or close, 

ventilation on or off) depending on weather would help to improve characterization of 

variability in vehicle operation. 

Field measurements of in-vehicle and surrounding-vehicle PM2.5 concentrations are 

recommended to better estimate in-vehicle/out-vehicle penetration rate, HVAC filter 

efficiency and in-vehicle deposition rate, and to aid in evaluation and validation of the model. 

The methodology presented here is a promising basis for refinement of population-

based exposure simulation models to better account for the in-vehicle contribution to total 

exposure, both for the average and for variability between vehicle routes, vehicle operators 

and individual in-vehicle exposure durations. 
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6.2 Source apportionment of Human Exposure to Atmospheric Fine Particulate 

Matter 

To relate adverse health effects to PM2.5 sources and to develop effective control strategy for 

PM2.5, source apportionment studies for exposure of PM2.5 are needed. A methodology for 

apportioning human exposure to PM2.5 emission sources is demonstrated and evaluated.  

6.2.1 Advantages of Exposure Source Apportionment Methodology 

This methodology apportions total exposure instead of ambient concentration, and uses 

existing models and data. A scenario-based exposure model (SHEDS-PM) and receptor 

models (PMF or CMB) are used together to estimate contributions of various source 

categories to total exposure for different areas, seasons, and sub-groups of people. Compared 

with source apportionment of ambient concentration, exposure source apportionment 

addresses more factors that affect PM2.5 health impact such as indoor sources and PM2.5 

penetration from outdoor to indoor. This methodology is also able to analyze inter-individual 

variability of PM2.5 exposure. Thus it can be used to establish health models that relate health 

data with PM2.5 sources for sub-groups of people. Existing studies indicated that children and 

the elderly are more sensitive to PM2.5. In contrast, source apportionment of ambient 

concentrations cannot differentiate source contribution for people in different age groups.  

6.2.2 Limitations of Exposure Source Apportionment Methodology 

Receptor models used are well accepted and have been peer-reviewed for their validity.  
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However, CMB assumes no chemical reactions during pollutant transport from source to 

receptor locations, which is not true for PM2.5. For example, ammonia sulfate and nitrate in 

PM2.5 are not directly emitted from sources, but formed in the atmosphere through reactions 

between ammonia and sulfate or nitrate. Secondary aerosols are treated as source categories 

to minimize the impact of this limitation. However, secondary aerosols are formed by 

precursors from various sources and the reaction rates are affected by the factors not related 

with sources, such as temperature.  This implies that CMB estimates of contributions from an 

individual source category is not only representing contributions from the corresponding 

source, but also from other sources and factors.  

CMB also assumes sources categories are independent and represents the sources in 

the studied area during the studied time period. However, motor vehicles, cooking, and 

vegetative burning source profiles are correlated. Thus there is ambiguity in differentiating 

distribution from these sources. Some of the source profiles may not represent the source 

categories in studied area. For example, the most recently available oil combustion source 

profile is based on data collected in 1989. Actual source emission profiles may change over 

time, as a result of feedstock changer or implementation of emission control techniques.  

For PMF, source factors identified may include more than one source category, and 

one source category may be included in different factors. PMF does not require source 

profiles. Instead, it generates factor profiles. However, it requires over 100 ambient samples, 
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which are collected for 24 hours once per few days in STN. For some geographic areas such 

as North Carolina, the number of samples collected in a whole year cannot meet such criteria. 

Therefore, PMF is not applicable if higher time resolution is needed or when data are limited. 

SHEDS-PM assumes spatially uniform microenvironmental concentrations, thus may 

underestimate exposure if a nearby source exists. Examples include people expose to 

smoking and local emissions of PM2.5 near roadways.  

To assure the use of appropriate data, SHEDS-PM inputs are based on most relevant 

data in the literature, including 2002 air quality data, 2000 demographic data, 2002 smoking 

prevalence for different age and gender groups, and air exchange rate data in REOPA study in 

1996. The data used are specific for the geographic areas as well.  Other microenvironmental 

inputs are also based upon most recent literature. However, CHAD diaries used in SHEDS-

PM are not specific to the geographic locations or seasons. Climate may affect the time 

people spend indoor and outdoors. Thus, more diary data are needed for improving SHEDS-

PM inputs.  

Air quality data may not be applicable for people living in high-rise buildings because 

of vertical gradients of traffic-related particulate matter emissions (Li et al., 2005; Jung et al., 

2011). Exposure models need to be improved to enable multiple air quality inputs and 

exposure estimates for people living in the same tracts but at different floor levels.. 
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6.2.3 Findings and Conclusions from Case Study Results 

Findings from study results include identification of sources that contribute most to human 

exposure for different sub-groups of people, geographical and temporal variability of source 

apportionment, and the impacts of infiltration factors. Significance and interpretation of the 

results are also discussed.  

Based on case study results for Texas, North Carolina and New York City, secondary 

aerosols and motor vehicles contribute most among ambient sources.  Other significant 

ambient sources include soil/road dust, biomass burning, oil/gas combustion and marine 

aerosol.  Results from two receptor models: CMB and PMF, are generally consistent with 

emission inventories and literature.  However, classification of source factors from PMF 

depends on analyst’s judgment.  Thus, when PMF results are reported, it is essential to clarify 

what are the characteristics of each source factor, what are the possible source categories they 

represent, and whether a factor may include more than one source category. 

Since PMF requires a large amount of data (samples) and there may not be sufficient 

samples collected in a short time period, CMB is recommended for source apportioning when 

higher time resolution is needed.  

To appropriately interpret receptor model results, source apportionment results are 

compared with benchmarks such as emission inventories, literature using the same models, 



 

 190

and a source oriented method based on a 3-dimensional air quality model applied to  the 

same geographic areas. Details are discussed in Section 4.3.3. Based on the discussion, 

CMB, emission inventory, and CMAx results are qualitatively consistent. PMF models have 

been used by others for NYC for the same time periods, and the results are consistent with 

this study. CMB models are used for Houston, TX (Fraser et al., 2003). Samples are not 

collected at STN sites and with different time periods (between March 1997 and February 

1998). Besides, only primary source categories are identified. Thus, the results are not 

quantitatively comparable. However, among the primary sources, motor vehicle contribute 

more than 70% to total PM2.5, which is consistent with the importance of motor vehicle 

contributions in this study. 

Smoking contributes most among non-ambient sources to the exposure for smokers 

and non-smokers living with smokers.  The average non-ambient exposure due to smoking 

contribution is greater than the average ambient exposure. Home cooking contributes most to 

non-ambient exposure for non-smokers who do not live with smokers.  

For people 65 years old and above, monthly averaged smoking contribution is at least 

60% of total exposure for smokers and non-smokers exposed to ETS among all seasons and 

geographic areas. Only a very small fraction  (less than 1%) of people among children is 

smokers. Monthly averaged smoking contribution is at least 68% of total exposure for non-

smokers exposed to ETS in this age group.  
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Ambient exposure trends are consistent with ambient concentration and seasonal air 

exchange rate trends. However, cooking contribution to daily total exposure is much less for 

children; because most children do not have cooking activities in their diaries. Average 

restaurants and bars contributions to daily total exposure for elders are approximately half of 

that for all age groups, because elders spend less time in theses places. Contributions from 

top sources (secondary sulfate and motor vehicles) are similar for all three studied areas, but 

contributions from other sources vary among geographic areas. Some variance can be 

explained by climate difference. For example, secondary nitrate contributes more for colder 

geographic areas. Some variance may be the result of local emissions, such as oil/gas 

combustions.  

The seasonal variability of non-ambient exposure source apportionment results from 

variability in air exchange rates variability. Non-ambient exposure is inversely proportional 

to air exchange rate.. When air exchange rates increase 0.1h
-1

, average cooking contribution 

to exposure decreases 0.42 !g/m
3

 for the NYC domain, and 0.25 !g/m
3

 for TX and NC 

domains.  Thus, for areas in different climate zones, the seasonal trends of non-ambient 

exposure contributions are different. Housing type is also affecting the exposure response to 

air exchange rate. People living in smaller houses tend to have more exposure from non-

ambient sources. 

Analysis of daily ambient exposure variability shows that day-to-day temporal 
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variability are obviously different among studied geographic areas. Such variability is greater 

in NYC and less in NC. The ratios of ambient exposures on high concentration days to that 

on median concentration range from 1.06 to 5.1.  It also varies by season for the same area. 

The reason for the geographic difference might be local emissions near the monitors. PM2.5 

concentration near on-road sources would have more variability than concentration away 

from on-road sources because of variations in wind direction and fluctuations in traffic flow. 

For the NYC and TX domains, receptors are near local non-point sources such as on-road 

emissions. For the NC domain, receptors are located at less urbanized areas. Thus the PM2.5 

concentrations at the receptor are more stable, as particulates are transported from distant 

areas. The seasonal effects are not consistent for different geographic areas. Wind direction 

may account for some the difference. Wind directions have seasonal trends. For example, in 

NYC, southwest wind dominates in summer and west wind dominates in fall. If local sources 

are in the upwind direction of the monitor in a particular season, the effects on PM2.5 

concentration ratios between high-concentration days to median concentration days should be 

greater. However, further analysis of the possibility of wind direction impacts requires 

knowledge of the location of significant emission sources in relation to the location of the 

monitor, weather data, and PM2.5 formation and transport modeling. 

Inter-individual variability differs less among geographic areas comparing with 

temporal variability. The ratio of 95
th

 to 50
th

 percentile exposure is from 1.3 to 2.4. The 

reason for the ratio variability is probably spatial variability among different census tracts. 
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However, the inter-individual variability differences among geographic areas may be 

underestimated because the dairy database is the same for all three domains. 

Infiltration factors are essential in estimating indoor ambient PM2.5 exposure. Using 

source-specific infiltration factors can increase source contribution estimates more than 30% 

or decrease more than 90% than using a uniform infiltration factor for total PM2.5, as 

discussed in Section 4.3.3. Infiltration factors are estimated based on penetration rates, 

deposition rates, and air exchange rates.  These factors depend on size ranges of particles.  

Source-specific infiltration factors lead to significant differences in source apportionment.  

However, existing studies lack infiltration factors for nitrate.  Infiltration factors for primary 

combustions, which include a number of different sources (e.g. motor vehicles, wood 

burning, and oil combustion), may have great variability.  Thus, further investigation of 

infiltration factors for major individual emission sources is needed to better quantify the 

effect. 

To address the effects of input uncertainty on results, uncertainty in exposure 

estimates needs to be quantified and compared with the variability in exposure estimates 

using Uncertainty in exposure estimates caused by input uncertainty can be quantified by the 

two-dimensional (2-D) analysis. The 2-D analysis refers to two-dimensional Monte Carlo 

sampling of the input distributions to propagate the variability and uncertainty in the inputs 

through to the predicted exposure distributions (Burke et al., 2001). The sampling for 
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variability is done based on user-specified variability input distributions. The sampling for 

uncertainty is done based on user-specified uncertainty distribution for each variability input 

distribution parameter. Example of two-dimensional SHEDS-PM case studies quantified 

uncertainties associated with model input assumptions. The range of uncertainty is less than 

10%.  Thus, despite the range of uncertainties estimated for inputs to the mass balance and 

regression models for microenvironmental concentration, the results for variability are not 

subject to substantial uncertainty.   

To investigate how robust are the model results to the possibility of wider range of 

uncertainty in selected inputs, alternative wider ranges of uncertainty in P and ACH were 

evaluated. The results are included in Appendix A.l.v. A moderately wider range of 

uncertainty is observed in the median exposure.  However, the increased estimate of 

uncertainty does not significantly change qualitative insights regarding the variability in 

exposures.  

However, uncertainties in air quality and activity data are not quantified, and some 

aspects of uncertainty in microenvironments, such as whether the ACH data are 

representative of the housing stock now in the study domain, are not quantified.  Thus, the 

actual uncertainty may be larger than implied by SHEDS-PM uncertainty case studies.  
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6.3 Recommendations 

The alternative approach of estimating in-vehicle PM2.5 exposure is recommended for 

exposure modeling. In-vehicle exposure and on-road measurements of PM2.5 concentrations 

are recommended to validate the in-vehicle air quality model described in this research and 

provide practical coefficients. Portable PM2.5 monitors can be installed in a vehicle. Two 

samplers are needed to measure in and surrounding vehicle PM2.5 concentrations 

simultaneously during trips on the road. Then removal efficiency can be estimated by fitting 

collected data with the model. The averaging time (time interval) can be determined based on 

the reliability of monitors and duration of trips. For example, although some monitor can 

measure PM2.5 every second, the values are not always accurate. If the time interval is too 

long, numbers of concentration pairs may not be sufficient to for data fitting. If for the same 

vehicle, removal efficiency remains approximately the same and independent of air exchange 

rate as well as surrounding vehicle concentration, the model is validated and removal 

efficiency coefficient values are obtained. 

To further validate the results of exposure source apportionment, measurements of 

personal exposure are recommended. PM2.5 samples can be collected from personal exposure 

monitors every 24 hours. Chemical compositions of these samples can be analyzed and 

compared with the composition of samples collected at nearby fixed site monitors or in 

microenvironments. Source apportionment for personal samples is also recommended based 

on both receptor-oriented models and source-oriented model.  
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Non-ambient source emissions are not regulated through US National Ambient Air 

Quality Standards (NAAQS). However, other regulations can be implemented to reduce the 

impacts based on the conclusions of this study. For example, although smokers’ exposure to 

PM2.5 through smoking is voluntary exposure, smoking in public places should continue to 

be regulated so that involuntary exposure can be reduced. As of January 2012, 29 states have 

enacted smoking bans in all workplaces and public places, including bars and restaurants. 

Based on this study, there are ongoing needs for such bans. Smoking at home when children 

are present should be discouraged.   

Epidemiology studies are encouraged to relate health data with PM2.5 daily exposure 

to better quantify health effects of PM2.5 and its sources, as discussed in Section 6.2.1. 

Temporal variability for PM2.5 exposure is different than that for PM2.5 ambient exposure. For 

example, in the NYC domain, average ambient concentration for the studied period is from 

12.2 to 18.4 !g/m
3

, and average daily ambient exposure is from 5.4 to 12.9 !g/m
3

. Source 

exposure apportionment results are also recommended to be used as predictors in health 

models that relate PM2.5 sources and health outcomes. Source-specific PM2.5 contribution 

may have higher relevance to the health effects than ambient PM2.5 concentration or PM2.5 

total exposure. Different components in PM2.5 may have different effects on the health. 

Epidemiology studies analyze temporal variability to find the relations, Source-specific PM2.5 

contribution are more sensitive to temporal variability than total PM2.5. For example, since 

secondary sulfate and secondary nitrate have the opposite seasonal trends, as discussed in 
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Section 6.2.2, individual source categories have more temporal variability than the sum of 

two. This can be inferred from comparing Table 4-2 with Table 4-5. For the NYC domain, 

monthly average contribution to ambient concentration from secondary sulfate ranges from 

3.7 to 6.0 !g/m
3

, and monthly average contribution to ambient exposure from secondary 

sulfate ranges from 1.6 to 5.0 !g/m
3

. Motor vehicle contributions for monthly ambient 

concentrations range from 4.3 to 6.1 !g/m
3

, and for ambient exposure range from 1.5 to 4.1 

!g/m
3

. 

Measurements of infiltration factors for more PM2.5 sources are recommended 

because the limited number of existing study regarding source-specific infiltration factors. 

Only three categories of sources (primary combustion, secondary sulfate and organics, and 

mechanically generated PM) have source-specific infiltration factors available and secondary 

nitrate infiltration factor is not yet available. This can be done by comparing speciated PM2.5 

collected in an indoor microenvironment with samples collected outside during the same time 

periods. When such data are reported, it is essential to include housing type information and 

corresponding overall PM2.5 infiltration factors in order to apply the data properly. 

Current (NAAQS) are based on recognized adverse health effects of PM2.5. However, 

the relationship of PM2.5 and health effects is established between ambient concentration and 

health outcomes, not exposure and health outcomes. Health impacts are not currently 

quantified based on specific PM2.5 component or sources. If the above epidemiology study is 

implemented and used to set the new standard of PM2.5, the new standard may be based on 



 

 198

more solid evidence.  

This study develops a methodology that enables estimation of source contributions to 

PM2.5 exposure based on existing models and data. When the national and state agencies 

make the strategy of emission source control, this methodology is recommended for 

identifying the primary sources of ambient exposure. This methodology takes climate (air 

exchange rate) and housing stocks into account, thus reduce impacts on human health more 

effectively for specific geographic areas.  

The most important new findings and conclusions from this study are:  

1) Temporal variability is much greater for individual source category contributions 

to PM2.5 exposure than for aggregated PM2.5 concentrations, which indicates that 

temporal changes in health outcomes may be associated more with specific source 

categories than with total PM2.5, and associated more with human exposure than 

with gridded PM2.5 concentrations. Thus, USEPA should use the methodology 

here to estimate source contributions to PM2.5 exposure, and use the results as 

predictors in health models that relate PM2.5 sources and health outcomes. New 

PM2.5 standards should be based on the relationship between PM2.5 exposures and 

health outcomes. 

2) Among all indoor microenvironmental inputs to SHEDS-PM, air exchange rate is 
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the most important factor that affects seasonal and geographical variability of 

source apportionment of exposure to PM2.5. The quantitative relationships vary 

with housing type and PM2.5 source category (indoor or outdoor). Thus, when 

national and state agencies estimate source contributions to PM2.5 exposure, it is 

essential to use air exchange rate inputs that are most relevant to the study area(s).  

!" Using source-specific infiltration factors can increase source contribution 

estimates more than 30% or decrease more than 90% than using a uniform 

infiltration factor for total PM2.5. However, existing data for source-specific 

infiltration factors are very limited. Thus, measurements of infiltration factors for 

more PM2.5 sources (especially secondary nitrate) are strongly recommended. #
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Introduction 

These supporting materials provide supplemental text, tables and figures to further describe 

Part IV.  The information is provided in Sections as follow: 

a. The basis of receptor models 

b. PMF factor profiles 

c. Selecting sample sizes for case studies 

d. Sensitivity studies used to apportion non-ambient exposure based on SHEDS-

PM  

e. In-vehicle PM2.5 exposure estimation  

f. Distribution of estimated exposure to non-ambient sources for three subgroups 

of population for Bronx and Queens County 

g. Selecting CMB source profiles 

h. Break and tire ware contributions to motor vehicle emission 

i. Total exposure source apportionment for smokers and non-smokers with ETS 

for Bronx and Queens County 

j. Sensitivity analysis of infiltration factor 

k. Sensitivity analysis on prior distributions 

l. Uncertainty associated with methods, data, results and interpretation
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a) Receptor Models 

Chemical Mass Balance (CMB)  

The CMB method assumes that the species concentration distribution at a receptor is a linear 

average of source profile concentrations and solves a set of equations to find the average 

weights for sources (Coulter, 2004). Other assumptions include that source emission profiles 

have constant composition, source profiles are linearly independent and chemical species are 

non-reactive. The measurement uncertainties are assumed to be random, uncorrelated, and 

normally distributed (Coulter, 2004). 

Secondary sulfate and secondary nitrate are represented by source profiles, enabling 

ambient PM2.5 to be apportioned to secondary PM2.5 (Rizzo and Scheff, 2007). A complete 

set of source profiles must be identified prior to analysis in order to obtain meaningful 

results. The number of sources must be less than or equal to the number of species. Primary 

PM2.5 emission sources are examined using National Emission Inventory data (USEPA, 

2008c). The top 10 sources from the Emission Inventory that contribute most to the total 

PM2.5 emissions are selected as a basis of source identification. Corresponding source 

profiles were obtained from the SPECIATE4.2 database (USEPA, 2008b) for CMB analysis. 

Secondary sulfate and nitrate profiles are based on the weight fractions of their elemental or 

functional group constituents (Rizzo and Scheff, 2007). Sensitivity studies were conducted to 

find the best combination of source profiles that can obtain convergence while successfully 

explain most of the measured mass and has a good model performance.  
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The basic equation of CMB is 

    i=1,2,…I, I!J (1) 

Where, 

i = index of element species 

I = the total number of element species 

j = index of sources 

J  = the total number of sources 

Ci = concentration at a receptor for the i
th

 specie, "g/m
3

 

Fij  = the fraction of source j contribution composed of the i
th

 specie 

Sj = the contribution of source j to the total PM2.5, "g/m
3

 

CMB Version 8.2 is used. The corresponding source profile data were downloaded from 

EPA’s SPECIATE4.2 database (USEPA, 2008b) and used in CMB. Key CMB outputs are 

non-negative source contributions for each observation day and associated diagnostic 

statistics, such as percentages of estimated PM2.5 mass versus measured PM2.5 mass. The 

model performance is measured by the R-square and chi-square.  The R-square (r
2

) is the 

fraction of the variance in the measured concentrations that is explained by the variance in 

the calculated species concentrations. It is determined by a linear regression of measured 

versus model-calculated values for the fitting species. The chi-square (#
2

) is the weighted 

sum of squares of the differences between the calculated and measured fitting species 

! ⋅
J

j=

jiji
SF=C

1
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concentrations. The weighting is inversely proportional to the squares of the uncertainty in 

the source profiles and ambient data for each species.  

Positive Matrix Factorization (PMF) 

The PMF approach solves a similar linear problem as CMB using constrained, weighted, 

least-squares (Norris, et al., 2008). Unlike CMB, PMF only requires concentration data at an 

ambient monitoring site and does not require source profiles.  The input data include 

speciated ambient PM2.5 concentration for one receptor and associated measurement 

uncertainty. The outputs are factor profiles that represent one or more source categories and 

their contributions to total PM. The equation for PMF is: 

 
 k=1,2,…K(2) 

Where,  

j' = index of factors 

J'  = the total number of factors 

k = index of observation dates 

K = the total number of observation dates 

xik  = concentration at a receptor for the i
th

 species on the k
th

 day, "g/m
3

 

gj'k = contribution of the j'
th

 factor to the receptor on the k
th

 day 

fij' = fraction of the j'
th

 factor that is species i 

!
=

+=
'

1'

''

J

j

ikijkjik
efgx
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eik = residual for the i
th

 species on the k
th

 day (Eberly, 2005). 

The factors interpreted with respect their possible representation of one or more source 

categories based on their composition characteristics. For example, a factor with high loading 

of S and NH4

+

 likely represents secondary sulfate (Qin et al., 2006). However, there is no 

standard way of interpreting factors. For example, Qin et al. (2006) inferred that a factor 

represented diesel vehicles based on high loading of elemental carbon (EC) and mental 

elements such as Cu, Ca, and Zn. In contrast, Rizzo and Scheff (2007) inferred that a factor 

represented diesel vehicles based on high Fe and Mn loadings. Seasonal trends and day of the 

week patterns of a factor can also help to identify which sources category it might represent, 

if they match with the temporal characteristics of the source (Ito et al., 2004; Qin et al., 2006; 

Lall and Thurston, 2006). Sometimes, a factor is identified as a combination of two or more 

sources. For example, Lall and Thurston (2006) inferred that a factor with high loading of 

EC, organic carbon (OC), Fe and Ca was representative of a “traffic” source, including 

vehicle exhaust and re-suspended road dust. 

Several runs that use different numbers of factors were conducted to find the best 

possible solution. The criteria of assessing the reliability of results are based on PMF user 

manual (Norris, et al., 2008). The model performance is measured by the R-square (r
2

) and 

the Kolmogorov-Smirnov test (KS test) p-values.  The R-square (r
2

) is the fraction of the 

variance in the measured concentrations that is explained by the variance in the calculated 

species concentrations.  The KS test p-value is the probability of equality of the measured 



 

207 

concentrations and the calculated species concentrations.
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b) PMF Factor Profiles  

 

Figure A-1a. PMF Marine Aerosol Factor Profiles for Site B1, New York City 
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Figure A-1b. PMF Oil Combustion and Secondary Nitrate factor profile for Site B1, New York City 

 

Figure A-1c. PMF Motor Vehicle and Secondary Nitrate factor profile for Site B1, New York City 
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Figure A-1d.  PMF Secondary Sulfate Factor Profile for Site B1, New York City  

 

Figure A-1e.  PMF Soil and Dust Factor Profile for Site B1, New York City  
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Figure A-1f.  PMF Biomass Burning and Other Processes Factor Profile for Site B1, New York City  
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c) Selecting the sample sizes for case studies 

Based on Cullen and Frey (1999), in order to estimate the sample size needed for Monte 

Carlo runs to reduce the confidence interval to a width !, the following expression is used: 

m > (2cs/!)
2

 

where,  

  m = sample size 

  c = the deviation for the unit normal enclosing probability ". For " =95%, c is 

about 2.   

   s
2 

= estimation of variance based on a small Monte Carlo run.  

Small Monte Carlo runs for one person in 30 days per census tract for all tracts in Bronx and 

Queens provided s values, which are 32.2 and 28.3 #g/m
3

, respectively. 

Thus, in order to obtain a 95% confidence interval for the mean that is less than 0.2 

#g/m
3

 wide,  

m for Bronx needs to be greater than: !
!"!"#!.!

%.!

"
!

#414736 

m for Queens needs to be greater than:	!
!"!"!&.#

%.!

"
!

#320356 

d) Source Apportionment of Total and Non-ambient PM
2.5 

Exposure  

Since SHEDS-PM reports microenvironmental exposure, only two cases for each 

geographical area are needed. One is to distinguish smoking at home from cooking at home. 
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The other is to distinguish smoking versus other non-ambient sources in restaurant and bars. 

Table A-1 shows the sources included in different cases and how the contributions to total 

exposure are calculated.
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Table A-1. Source Apportionment of PM2.5 Total Exposure Calculation Scheme 

 

Source Exposure
a

 Case 1
b

 Case 2
b

 

Exposure Calculation 

Scheme
c

 

Outdoor and Indoor Ambient E!amb X X Eall, amb,1-Eiv, ambient, 1 

In-vehicle E!iv X X Eiv, amb, 1 

Home Smoking E!hs X X Eh,non, 1 

Home cooking E!hc X   Eh, non, 1 – Eh, non, 2 

Smoking in Restaurants and Bars E!srb   X Er&b, non, 2- Er&b, non, 1 

Other Non-ambient E!other X X Eall, non, 1– (E!hs + E!hc + E!srb) 

 

a 

E!m = Calculated Exposure of m micronenvironment 

b

 X means the source in the first column is included, blank means not included 

c 

Em, p, c = Output Exposure of m microenvironment, p pathway (ambient/non-ambient), c case study index 

non = non-ambient 

amb  = ambient 

all =all microenvironments 

iv = in-vehicle microenvironment 

h = home microenvironment 

r&b = restaurants and bars microenvironment 

hs = home smoking source 

hc = home cooking source 

srb = smoking in restaurants and bars source 
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e) In-vehicle PM
2.5

 Exposure 

In the SHEDS-PM simulation, in-vehicle concentration is estimated to be equal to the 

ambient concentration, but is adjusted in post processing to account for vehicle air exchange 

rates, traffic conditions, and ventilation operation conditions.  

In order to be implemented into SHEDS-PM, the in-vehicle air quality model is 

simplified to linear models depending on scenarios of ventilation conditions (Liu et al., 

2010). In SHEDS-PM runs, in-vehicle concentration is initially set as the same as ambient 

concentration. Typical road types and vehicle operation conditions are identified and the 

inputs for the alternative approach are estimated. The in-vehicle exposures for these 

scenarios are then estimated by linear superposition of in-vehicle exposures simulated by 

SHEDS-PM. In order to estimate the overall in-vehicle exposure, the durations of in-vehicle 

activity on different road types are calculated from the miles travelled per year in New York 

City and the average vehicle speeds. The time-weighted in-vehicle exposure is then used as 

the in-vehicle exposure apportioned in SHEDS-PM.  

There are 4 types of roads identified in New York City, as shown in Table A-2. Every 

road type is a unique combination of number of lanes, lane width, and average vehicle 

speeds. Traffic volume and emission factors of PM
2.5

 are estimated based on vehicle speeds.  
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Scenarios are selected to represent the typical ventilation scenarios in the four seasons, as 

shown in Table A-3. The corresponding PM
2.5

 concentrations and in-vehicle PM
2.5

 exposures 

are also estimated. The assumptions are: in summer, drivers tend to close windows and turn 

on HVAC system using recirculate air; in winter, drivers tend to close windows and turn on 

HVAC system using fresh air; in spring or fall, drivers tend to close windows and turn on 

HVAC system using fresh air on the highways, and open windows while on local or arterial 

roads. 

These results indicate that the in-vehicle exposure in July is about 30% smaller 

comparing to other seasons.  

Table A-2. Road Types 

Road 

Type 

# of 

Lanes 

Lane 

Width 

Vehicle 

Speed 

Emission 

Rate 
Taffic Flow C

icr
 

    (m) (mph) 
(g/vehicle-

km) 

(vehicles 

per hour) 
(µg/m

3

) 

Local I 2 3.15 7.9 0.033 2428 3.1 

Local II 4 3.12 7.9 0.033 4856 6.2 

Arterial 6 3.45 25 0.033 12086 16 

Highway 8 3.6 60 0.1 27774 90 
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Table A-3. Average In-vehicle Exposures for New York City Case Study 

  

  
Time Road Type Vehicle Operation 

Mean PM
2.5

 concentrations 

(µg/m
3

) 

Mean In-vehicle 

Exposure 

C
amb

 C
icr

 C
sv

 C
iv

  (µg/m
3

) 

NC 

Apr 

high 

way/Arterial 
window close, use fresh air 

6.3 

36.0 42.3 30.5 

0.93 

local I/II window open, use fresh air 4.3 10.6 10.6 

Jul All 
window close, use 

recirculation 
11.3 18.0 29.3 12.8 0.60 

Oct 

high 

way/Arterial 
window close, use fresh air 

7.5 

36.0 43.5 31.1 

1.32 

local I/II window open, use fresh air 4.3 11.8 11.8 

Dec All window close, use fresh air 6.2 18.0 24.2 17.7 0.77 

TX 

Apr 

high 

way/Arterial 
window close, use fresh air 

9.0 

36 45.0 32.4 

1.35 

local I/II window open, use fresh air 4.3 13.3 12.2 

Jul All 
window close, use 

recirculation 
8.9 18.0 26.9 11.8 0.48 

Oct 

high 

way/Arterial 
window close, use fresh air 

8.8 

36.0 44.8 32.0 

1.59 

local I/II window open, use fresh air 4.3 13.1 13.1 

Dec All window close, use fresh air 6.8 18.0 24.8 18.1 0.86 
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f) Distribution of Estimated Exposure to Non-ambient Sources for Three Subgroups of 

Population for Bronx and Queens County 

Table A-4 shows distribution of estimated exposure to non-ambient sources for subgroups of 

populations for Bronx and Queens County in New York. 
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Table A-4. Distribution of Estimated Exposure among Selected Sources for Subgroups of Population based on 

SHEDS
a

 

 

Bronx

Source All Smokers

Non-

smokers 

with 

ETS

Non-

smokers 

w/o ETS All Smokers

Non-

smokers 

with 

ETS

Non-

smokers 

w/o ETS All Smokers

Non-

smokers 

with 

ETS

Non-

smokers 

w/o ETS All Smokers

Non-

smokers 

with 

ETS

Non-

smokers 

w/o ETS

Ambient no in-vehicle 6.3 6.3 6.5 6.3 11.8 11.8 12.0 11.7 4.7 4.8 4.8 4.7 7.2 7.2 7.3 7.1

Ambient in-vehicle 0.7 0.7 0.6 0.7 1.1 1.2 1.0 1.1 0.6 0.6 0.5 0.6 0.7 0.8 0.7 0.7

Home smoking 17.0 59.4 46.4 0.0 13.0 45.5 36.1 0.0 21.0 72.8 58.9 0.0 15.9 55.2 42.7 0.0

Home cooking 3.4 3.8 2.8 3.6 2.6 2.8 1.7 2.7 4.4 4.7 2.9 4.5 3.2 3.3 1.9 3.4

Smoking in r&b 0.6 1.0 0.4 0.5 0.6 1.1 0.4 0.5 0.6 1.0 0.4 0.5 0.6 0.9 0.4 0.5

Other non-ambient 1.0 1.0 1.0 0.9 0.8 0.9 0.8 0.8 1.0 1.0 1.0 1.0 0.9 1.0 1.0 0.9

All 29.4 72.6 58.2 12.4 30.2 63.6 52.4 17.2 32.9 85.5 69.2 11.8 28.6 69.2 54.5 13.1

Queens

Source All Smokers

Non-

smokers 

with 

ETS

Non-

smokers 

w/o ETS All Smokers

Non-

smokers 

with 

ETS

Non-

smokers 

w/o ETS All Smokers

Non-

smokers 

with 

ETS

Non-

smokers 

w/o ETS All Smokers

Non-

smokers 

with 

ETS

Non-

smokers 

w/o ETS

Ambient no iv 6.1 6.2 6.2 6.0 11.9 12.1 12.1 11.8 4.5 4.7 4.6 4.5 7.0 7.1 7.1 6.9

Ambient in-vehicle 0.7 0.7 0.6 0.7 1.2 1.3 1.1 1.2 0.6 0.6 0.5 0.6 0.8 0.8 0.7 0.8

Home smoking 14.8 52.7 41.0 0.0 11.7 41.6 31.9 0.0 18.5 65.9 51.5 0.0 15.2 49.5 38.1 0.0

Home cooking 3.2 3.3 2.1 3.4 2.5 2.7 1.6 2.6 4.1 4.2 2.9 4.2 3.3 4.1 2.9 3.1

Smoking in r&b 0.6 1.1 0.4 0.6 0.6 1.1 0.4 0.5 0.6 1.1 0.4 0.6 0.7 1.1 0.5 0.6

Other 1.0 1.1 1.0 0.9 0.8 0.9 0.8 0.8 1.0 1.1 1.1 1.0 1.0 1.0 1.0 0.9

All 26.8 65.5 51.8 12.0 29.1 60.0 48.3 17.3 29.8 78.0 61.6 11.4 28.2 63.9 50.6 12.7

April July October December

April July October December
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Table A-4. Continued
 

a

Based on 26,652 individuals in Bronx County and 44,586 individuals in Queens County. 



 

221 

g) Selecting CMB Source Profiles 

Table A-5. R
2

 Among Selected CMB Profiles
a

 

 
a

0.81>R
2

 >0.36 are bold; R
2

 >0.81 are bold and italic. 

ID Source Name 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

1 (NH
4
)
2
SO

4
1.00

2 NH4NO3 0.00 1.00

3 Paved Road Dust 0.01 0.01 1.00

4 Unpaved Road Dust 0.01 0.01 0.84 1.00

5 Local Soil 0.01 0.01 0.49 0.49 1.00

6 Motor Vehicle Exhaust 0.00 0.01 0.29 0.05 0.00 1.00

7 Vegetative Burning 0.00 0.01 0.35 0.07 0.00 0.86 1.00

8 Coal Combustion 0.33 0.01 0.50 0.32 0.17 0.24 0.32 1.00

9 Flyash 0.03 0.01 0.53 0.76 0.58 0.00 0.00 0.33 1.00

10 Oil Catalytic Cracker 0.74 0.01 0.00 0.00 0.05 0.00 0.00 0.44 0.12 1.00

11 Cement Kiln 0.51 0.01 0.20 0.19 0.05 0.05 0.08 0.70 0.29 0.52 1.00

12 Cooking 0.00 0.00 0.39 0.09 0.01 0.80 0.97 0.34 0.00 0.00 0.06 1.00

13 Residential Wood Burning 0.00 0.01 0.36 0.07 0.01 0.82 0.99 0.31 0.00 0.01 0.07 0.98 1.00

14 Oil Refinery 0.25 0.06 0.02 0.01 0.00 0.02 0.01 0.07 0.01 0.24 0.14 0.01 0.02 1.00

15 Residential Vegetative Burning 0.00 0.01 0.31 0.06 0.00 0.73 0.95 0.28 0.01 0.01 0.08 0.89 0.96 0.02 1.00

16 Gasoline Exhaust 0.01 0.01 0.26 0.04 0.00 0.86 0.77 0.20 0.00 0.01 0.03 0.73 0.74 0.01 0.65 1.00

17 Marine Aerosol 0.03 0.01 0.01 0.00 0.01 0.01 0.00 0.01 0.00 0.02 0.02 0.00 0.00 0.03 0.01 0.08 1.00

18 Diesel Exhaust 0.01 0.01 0.18 0.02 0.00 0.91 0.62 0.12 0.00 0.01 0.02 0.52 0.56 0.02 0.48 0.75 0.01 1.00
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Table A-6. Correlations and Comparison Among Highly Correlated CMB profiles 

Group Profile 1
a

 Profile 2
a

 R
2

 Description 

1 

Paved Road Dust 
Unpaved Road 

Dust 0.8364  

Both  Rich in OC, Ca, and Si; P1 has higher OC, P2 

has higher Ca, Si content are similar 

Paved Road Dust 

Local Soil 0.4890  

Both Rich in OC, Ca, and Si; P1 has higher OC, P2 

has higher Si, Ca content are similar 

Paved Road Dust Coal Combustion 0.5017  Both Rich in OC, Ca, and Si; P2 is rich in SO
4

=

 

Paved Road Dust Fly Ash 0.5270  Both Rich in Ca and Si; P1 is rich in OC 

Paved Road Dust Cooking 0.3859  Both Rich in OC, P1 is rich in Ca and Si 

2 

Motor Vehicle 

Exhaust 
Vegetative Burning 0.8633  

Both Rich in OC and EC, P2 has higher OC, lower 

EC 

Motor Vehicle 

Exhaust 
Cooking 0.7983  

Both Rich in OC and EC, P2 has higher OC, lower 

EC 

Motor Vehicle 

Exhaust 

Residential Wood 

Burning 
0.8231  

Both Rich in OC and EC, similar OC, P2 has lower 

EC 

Motor Vehicle 

Exhaust 

Residential 

Vegetative Burning 
0.7251  

Both Rich in OC and EC, similar OC, P2 has lower 

EC; P2 is rich in  K and Cl 

Motor Vehicle 

Exhaust 
Gasoline Exhaust 0.8605  

Both Rich in OC and EC, P2 is rich in Na
+

 

Motor Vehicle 

Exhaust 
Diesel Exhaust 0.9113  

Both Rich in OC and EC, P2 has higher EC, lower 

OC 

a 

P1: Profile in Column "Profile 1"; P2: Profile in Column "Profile 2" 
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h) Break and tire ware contributions to motor vehicle emission 

Sources of PM
2.5

 emission from motor vehicles include not only the exhaust but also brake 

and tire wear. In order to investigate the importance of these two factors, Motor Vehicle 

Emission Simulator (MOVES) 2010a developed by US Environmental Protection Agency 

was used to simulate motor vehicle PM
2.5

 emissions in the US for April, July, October, and 

December in 2002. The contribution of brake and tire wear to monthly total emissions of 

PM
2.5

 ranges from 5.6% to 7.5%. Therefore, motor vehicle PM
2.5

 emissions are mainly 

determined by exhaust.  
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i) Total exposure source apportionment for smokers and non-smokers with ETS for Bronx and Queens County 

Table A-7a. Total Exposure Source Apportionment of Bronx Smokers Based on CMB Results Using Uniform 

Infiltration Factor
a

  

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 2.3 3.2 5.1 8.0 1.8 2.1 1.6 2.3 

Secondary 

Nitrate 0.8 1.1 1.1 1.7 0.7 0.8 2.2 3.1 

Motor Vehicles 2.0 2.7 4.1 6.5 1.5 1.8 2.3 3.4 

Oil/Gas 

Combustion 0.1 0.2 0.1 0.2 0.1 0.1 0.3 0.4 

Marine Aerosol 0.6 0.9 1.2 1.9 0.4 0.4 0.3 0.4 

Biomass Burning 0.5 0.6 0.3 0.4 0.3 0.3 0.7 0.9 

In-vehicle  0.7 1.0 1.2 1.8 0.6 0.7 0.8 1.1 

Non-

Ambient 

Home smoking 59.4 82.2 45.5 71.9 72.8 85.7 55.2 80.6 

Home cooking 3.8 5.3 2.8 4.4 4.7 5.6 3.3 4.9 

Smoking in R&B 1.0 1.3 1.1 1.7 1.0 1.1 0.9 1.3 

Other non-

ambient 1.0 1.4 0.9 1.4 1.0 1.2 1.0 1.5 

Total   72.2 63.3 84.9 68.5 

a 

Based on 4,571 individuals. 
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Table A-7b. Total Exposure Source Apportionment of Bronx Non-smokers Exposed to Environmental Tobacco Smoke 

Based on CMB Results Using Uniform Infiltration Factor
a

 

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 2.4 4.2 5.2 9.9 1.9 2.7 1.6 3.0 

Secondary 

Nitrate 0.8 1.5 1.1 2.1 0.7 1.0 2.2 4.1 

Motor Vehicles 2.0 3.5 4.2 8.0 1.6 2.3 2.3 4.3 

Oil/Gas 

Combustion 0.1 0.2 0.1 0.2 0.1 0.1 0.3 0.5 

Marine Aerosol 0.6 1.1 1.2 2.4 0.4 0.6 0.3 0.5 

Biomass Burning 0.5 0.8 0.3 0.5 0.3 0.4 0.7 1.2 

In-vehicle  0.6 1.0 1.0 1.9 0.5 0.8 0.7 1.3 

Non-

Ambient 

Home smoking 46.4 80.4 36.1 69.3 58.9 85.9 42.7 79.0 

Home cooking 2.8 4.9 1.7 3.4 2.9 4.2 1.9 3.6 

Smoking in R&B 0.4 0.7 0.4 0.7 0.4 0.5 0.4 0.7 

Other non-

ambient 1.0 1.8 0.8 1.5 1.0 1.5 1.0 1.8 

Total   57.7 52.1 68.6 54.0 

a 

Based on 4,004 individuals.
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Table A-8a. Total Exposure Source Apportionment of Queens Smokers Based on CMB Results Using Uniform 

Infiltration Factor 

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 2.4 3.7 5.6 9.4 1.6 2.1 1.7 2.7 

Secondary 

Nitrate 1.3 1.9 1.3 2.1 1.0 1.3 2.2 3.4 

Motor Vehicles 1.2 1.9 3.3 5.6 1.2 1.5 1.7 2.7 

Oil/Gas 

Combustion 0.3 0.4 0.2 0.4 0.3 0.4 0.6 0.9 

Marine Aerosol 0.9 1.4 1.6 2.7 0.4 0.6 0.7 1.1 

Biomass Burning 0.1 0.2 0.1 0.1 0.1 0.2 0.2 0.3 

In-vehicle  0.7  1.1 1.3  2.1 0.6  0.8 0.8 1.2 

Non-

Ambient 

Home smoking 52.7  81.0 41.6  69.7 65.9  85.0 49.5 78.0 

Home cooking 3.3  5.1 2.7  4.5 4.2  5.4 4.1 6.4 

Smoking in R&B 1.1  1.6 1.1  1.9 1.1  1.4 1.1 1.7 

Other non-

ambient 1.1  1.7 0.9  1.6 1.1  1.4 1.0 1.7 

Total   65.1 59.7 77.5 63.5 

a 

Based on 8,033 individuals. 
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Table A-8b. Total Exposure Source Apportionment of Queens Non-smokers Exposed to Environmental Tobacco 

Smoke Based on CMB Results Using Uniform Infiltration Factor
a 

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 2.4 4.7 5.6 11.7 1.6 2.6 1.7 3.4 

Secondary 

Nitrate 1.3 2.4 1.3 2.6 1.0 1.6 2.2 4.3 

Motor Vehicles 1.2 2.3 3.3 6.9 1.1 1.9 1.7 3.4 

Oil/Gas 

Combustion 0.3 0.5 0.2 0.5 0.3 0.5 0.6 1.2 

Marine Aerosol 0.9 1.8 1.6 3.3 0.4 0.7 0.7 1.4 

Biomass Burning 0.1 0.2 0.1 0.2 0.1 0.2 0.2 0.4 

In-vehicle  0.6 1.2 1.1 2.3 0.5 0.9 0.7 1.4 

Non-

Ambient 

Home smoking 41.0 79.8 31.9 66.5 51.5 84.3 38.1 75.9 

Home cooking 2.1 4.1 1.6 3.4 2.9 4.8 2.9 5.7 

Smoking in R&B 0.4 0.8 0.4 0.9 0.4 0.7 0.5 0.9 

Other non-

ambient 1.0 2.0 0.8 1.7 1.1 1.8 1.0 2.0 

Total   51.4 48.0 61.1 50.2 

a 

Based on 5,847 individuals. 
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Table A-8c. Total Exposure Source Apportionment of Queens Non-smokers not Exposed to Environmental Tobacco 

Smoke Based on CMB Results Using Uniform Infiltration Factor
a

  

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 2.4 20.1 5.5 32.4 1.6 14.1 1.6 13.2 

Secondary 

Nitrate 1.2 10.4 1.2 7.2 1.0 8.8 2.1 17.0 

Motor Vehicles 1.2 10.0 3.3 19.2 1.1 10.0 1.7 13.3 

Oil/Gas 

Combustion 0.3 2.3 0.2 1.3 0.3 2.6 0.6 4.5 

Marine Aerosol 0.9 7.7 1.6 9.3 0.4 3.7 0.7 5.6 

Biomass Burning 0.1 1.0 0.1 0.5 0.1 1.2 0.2 1.5 

In-vehicle  0.7  5.7 1.1  6.6 0.6  5.4 0.7  6.0 

Non-

Ambient 

Home smoking 3.6  30.4 2.7  16.2 4.5  40.8 3.4  27.2 

Home cooking 0.5  4.3 0.5  3.0 0.5  4.5 0.5  4.3 

Smoking in R&B 0.9  8.0 0.8  4.5 1.0  8.9 0.9  7.4 

Other non-

ambient 11.7 17.0 11.1 12.5 

Total   2.4 20.1 5.5 32.4 1.6 14.1 1.6 13.2 

a 

Based on 31,054 individuals.
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j) Sensitivity Analysis of Infiltration Factor 

Infiltration factor (F
inf

) is defined as 

!
!"#

"

#
$!

#
$

"

$%

% & '

 

Where, 

C
i 
= Ambient component of indoor PM

2.5
 concentration, !g·m

-3

 

C
a 
= Ambient PM

2.5
 concentration, !g·m

-3

 

P = penetration coefficient, dimensionless 

A = air exchange rate, h
-1

 

k = particle loss coefficient, h
-1

 

Infiltration factors for different sources summarized by Meng et al. (2007) are based on 

Relationship of Indoor, Outdoor and Personal Air (RIOPA) study data. RIOPA data for total 

PM
2.5

 average P=0.91, k=0.79 h
-1

, A=1.06h
-1

. Thus average F
inf

 for total PM
2.5

 is 0.52. 

In SHEDS-PM inputs, distributions of P, k and A for different seasons are 

summarized in Table 4-1 in the manuscript. Distributions of F
inf

 for total PM
2.5 

in different 

seasons are simulated by Analytica version 4.3. Average F
inf

 for PM
2.5

 are 0.420, 0.504, 

0.309, and 0.441 for spring, summer, fall and winter in New York City, respectively.  

Assume that for different seasons and climate zones, the ratio of F
inf

 for a specific 

source category to F
inf

 for total PM
2.5

 is the same. Source-specific F
inf

 for the four seasons are 
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estimated in Table A-9. Nitrate is not measured in Meng et al. (2007) study. Assume that F
inf

 

for nitrate is the same as the F
inf

 for total PM
2.5

. 

Table A-9. Average and Seasonal Total PM
2.5

 and Source-specific F
inf

 

Source Average
a

 Spring Summer Fall Winter 

Total PM
2.5

 0.52 0.42 0.50 0.31 0.44 

Primary Combustion 0.51 0.41 0.49 0.30 0.43 

Secondary Aerosol 0.78 0.63 0.76 0.46 0.66 

Mechanically Generated PM 0.04 0.03 0.04 0.02 0.03 
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Table A-10. Source Apportionment of Total Exposure for Non-smoker not Expose to ETS in Bronx County, NY Using 

Source-specific Infiltration Factors (unit: !g/m
3

)
a

 

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 3.2 26.8 6.8 40.2 2.4 21.5 2.2 17.4 

Secondary 

Nitrate 0.7 6.2 0.9 5.6 0.6 5.3 2.0 15.6 

Motor Vehicles 1.8 14.8 3.6 21.2 1.3 11.8 2.1 16.3 

Oil/Gas 

Combustion 0.1 0.9 0.1 0.6 0.1 0.5 0.2 1.8 

Marine Aerosol 0.0 0.4 0.1 0.5 0.0 0.2 0.0 0.1 

Biomass Burning 0.4 3.4 0.2 1.4 0.3 2.2 0.6 4.6 

In-vehicle  0.7  5.6 1.1 6.7 0.6 5.3 0.7 5.9 

Non-

Ambient 

Home cooking 3.6  29.9 2.7 16.3 4.5 40.0 3.4 26.8 

Smoking in R&B 0.5  4.2 0.5 3.0 0.5 4.4 0.5 4.2 

Other non-

ambient 0.9  7.8 0.8 4.5 1.0 8.8 0.9 7.3 

Total   11.9 16.8 11.3 12.7 

a 

Based on 18,270 individuals. 
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Table A-11. Source Apportionment of Total Exposure Using Source-specific Infiltration Factors for Non-smoker not 

Expose to ETS in Queens County, NY Using Source-specific Infiltration Factors (unit: !g/m
3

)
a

  

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 3.6 30.7 7.6 44.6 2.3 20.8 2.4 19.4 

Secondary 

Nitrate 0.8 7.0 1.0 5.7 0.7 5.9 2.1 16.7 

Motor Vehicles 1.2 10.0 2.9 17.3 1.1 9.7 1.6 12.8 

Oil/Gas 

Combustion 0.3 2.3 0.2 1.2 0.3 2.5 0.5 4.4 

Marine Aerosol 0.1 0.6 0.1 0.7 0.0 0.3 0.1 0.4 

Biomass Burning 0.1 1.0 0.1 0.4 0.1 1.2 0.2 1.4 

In-vehicle  0.7  5.7 1.1 6.6 0.6 5.4 0.7 6.0 

Non-

Ambient 

Home cooking 3.6  30.4 2.7 16.2 4.5 40.8 3.4 27.2 

Smoking in R&B 0.5  4.3 0.5 3.0 0.5 4.5 0.5 4.3 

Other non-

ambient 0.9  8.0 0.8 4.5 1.0 8.9 0.9 7.4 

Total   11.7   17.0   11.1   12.5   

a 

Based on 31,054 individuals. 
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k) Sensitivity Analysis on Prior Distributions 

Inputs for other indoor microenvironments may not represent the variability of all other 

indoor microenvironments. Thus, a sensitivity analysis of linear regression model inputs for 

other indoor microenvironment is conducted to investigate if those inputs have a great impact 

on the source apportionment results. For 2% of Bronx County population in July 2002, mean 

ambient and non-ambient exposure from other indoor microenvironment contribute to 5.4% 

and 1.4% of total exposure for the overall population. If the input slope is increased to 1.0 

(maximum for indoor to outdoor ratio), other indoor ambient exposure will increase to 6.3% 

of total exposure. If the input intercept is doubled, other indoor non-ambient exposure will 

increase to 2.8% of total exposure. Even for non-smokers not expose to ETS, whose total 

exposure is less than the overall population, mean other indoor ambient exposure 

contribution increases from 9.5% to 11.0% of the total and other indoor non-ambient 

exposure contribution increase from 2.5% to 5.0% if the same changes applied to the input.  

Such a small change does not affect source apportionment results much. 

l) Uncertainties Associated with Methods, Data, Results and Interpretation 

Uncertainties analysis for source apportionment include: 1) uncertainties associated with 

receptor model assumptions; 2) uncertainties for ambient source apportionment data: 

speciated data, source profiles, and emission inventory; 3) uncertainty in interpreting PMF 
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results; 4) uncertainties for SHEDS-PM databases; v) quantifiable uncertainties for SHEDS-

PM case studies.  

1. Uncertainties associated with receptor model assumptions  

The receptor models used are based on a few assumptions that may bring uncertainties. For 

both CMB model, the assumptions include that source emission profiles have constant 

composition, source profiles are linearly independent and chemical species are non-reactive. 

However, PM
2.5

 composition is changing during the transportation. Physical mechanism and 

Chemical reactions alter particle composition and particle sizes and are affected by 

meteorology (USEPA, 2010).  An obvious example is the formation of secondary aerosols. 

Source profiles identified are not linearly independent, as discussed in previous section.   

For PMF model, PM source factors are assumed to remain the same for all sampling days 

and are linearly independent. Similar as CMB source profiles, the uncertainties associated 

with source factors affect the modeling results.  

2. Uncertainties for ambient source apportionment data 

The data used for ambient source apportionment include: Speciated Trend Network (STN) 

data, source profiles from SPECIATE database, and emission inventory from National 

Emission Inventories (NEI) database. Uncertainties are brought by chemical analysis 

methods and equipment used when collecting the data. STN data and source profile 
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uncertainties are quantified in receptor models. Emission inventory uncertainties are not 

directly used in source apportionment. However, the reliability of data is considered when 

comparing NEI data with source apportionment results.  

3. Ambiguity in Interpreting PMF Results 

PMF model key outputs include factor profiles and factor contributions to total PM
2.5

. 

However, which source category the factors represents are subjected to the analyst’s 

judgments. One factor may include one or more different source categories. For example, a 

factor with high loadings of OC, EC and metal elements usually represents motor vehicles. 

However, such a factor may also include high loadings of NO
3

-

, which indicates secondary 

nitrate. Thus, ambiguity exists in interpretation of PMF results and will affect the inferences 

based on these results. For factors that have similar profiles, it is difficult to distinguish one 

from another. For example, motor vehicles, biomass burning, and oil combustion may all 

have high loadings of OC and EC. A similar distribution of metal elements are included for 

all these factors as well, although biomass burning may include less of metals. When results 

are reported, it is essential to clarify what are the characteristics of each source factor, what 

are the possible source categories they represent, and whether a factor may include more than 

one source categories.   
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4. Uncertainties for SHEDS-PM Databases 

SHEDS-PM uses census data, activity pattern dairy data, and air quality data as input 

databases. Census data uncertainty includes incompletion and inaccuracy of census data such 

as age, gender, smoking preference and type of housing. However, such uncertainty is 

negligible compared to that of the activity and air quality inputs to SHEDS-PM.  

Diary data are limited due to practical reasons. Thus, lack of representativeness of 

dairy data for studied population and time period is one area of uncertainty. The accuracy of 

diaries is also a possible source of uncertainty and it is unquantifiable. 

Air quality data are based on CMAQ model estimation statistically fused with 

monitoring data. The standard error associated with the data ranges from 0.05 to 10.9 !g/m
3

, 

and the ratio of standard error to gridded PM
2.5

 concentration ranges from 0.07 to 0.22. 

5. Quantifiable Uncertainties for SHEDS-PM Case Studies 

To compare the range of uncertainty to the range of variability for estimated exposure, an 

example case study in SHEDS-PM is conducted to quantify uncertainty. The case is 100 

uncertainty runs for 1100 people in Bronx County, New York, during December 2002.   
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An area of uncertainty in estimating daily average exposure pertains to estimates of 

how much ambient PM
2.5

 penetrates indoors, what the indoor concentration of PM
2.5

 of 

ambient origin is, and what the associated indoor exposures are.   

From sensitivity analysis of SHEDS and similar indoor air quality models, it is clear 

that factors such as penetration, air exchange, and deposition rate are important with respect 

to estimating indoor concentration attributable to ambient pollution levels.  Air exchange rate 

depends in part on housing type and related factors, such as age, type of HVAC system.  

However, the available data for air exchange rate is not highly stratified with respect to 

housing type, and there are comparatively very limited data from which to characterize 

penetration and deposition for PM
2.5

. Furthermore, there are even fewer data from which 

penetration and deposition could be quantified by particle size ranges or particle 

composition.   

Mass balance models are useful for estimating the ratio of indoor concentration to the 

concentration immediately outside the residence, but not an area-wide concentration based on 

a location some distance away.  Micro-scale variation in the ambient concentration field is 

typically not accounted for in scenario-based models.   For PM
2.5

, a common assumption is 

that there is relatively little spatial variability in concentration at a given time, unless in 

proximity to a PM
2.5

 emission source, and thus potential differences in area wide versus 

location-specific outdoor concentrations may be relatively minor in many cases.  
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Some of the microenvironments in SHEDS have indoor concentrations estimated 

based on a regression of indoor concentration versus outdoor concentration.  These models 

assume that indoor concentration is a linear function of outdoor concentration, which may be 

a reasonable assumption, at least as an approximation.  The residual error of such models 

provides an indication of the variation in indoor concentration that is not explained by the 

model, and thus could be interpreted as an indication of model prediction error. 

There are eight micronenvironments in SHEDS-PM. Table A-12 are inputs for the 

residential microenvironment to which estimates of indoor concentrations of particles of 

ambient origin are sensitive. SHEDS uses a mass balance approach to calculate residential 

exposure. The inputs include penetration, deposition, and air exchange rate.  

Table A-12. Case Study Variability and Uncertainty Inputs for Residential Microenvironment 

Relevant to Ambient Exposure 

Variable 
Distribution 

Type 
Parameter  

Uncertainty 

Distribution 

Type 

Uncertainty Distribution 

Parameter 

Penetration Lognormal 

Log mean Normal Mean = -0.248, S.D.= 0.012 

Log S.D. Fixed 1.056 

Deposition 

(h
-1

) 
Normal 

Mean Normal Mean = 0.40, S.D.= 0.10 

S.D. Normal Mean = 0.10, S.D.= 0.025 

Air exchange 

rate Lognormal 

Log mean Normal Mean = -0.800, S.D. = 0.04 

(winter) (h
-1

) Log S.D. Fixed 0.673 
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Penetration rate distribution is lognormal and the log mean and standard deviation are 

based on mean values and 95
th

 CI lower bound observed for the RIOPA study (Weisel et al. 

2005) for indoor to outdoor ratio I/O<1. The uncertainty based on random sampling error is 

small, represented by a 95% CI of approximately ±2.5% on the median.  

Figure A-2 is the cumulative distribution function for the SHEDS input assumption 

regarding variability and uncertainty in the penetration rates.  

 

Figure A-2. Cumulative distribution function for the SHEDS input assumption regarding 

variability and uncertainty in the penetration rate 

!

!"#

!"$

!"%

!"&

!"'

!"(

!")

!"*

!"+

#

! !"$ !"& !"( !"* #

!
"
#
#
$
%
&
'
(
)
*
+
,
-
*
.
$
*
/
0
1

!"#"$%&$'(#&)*&$"

',-

'!,-

+',-



 

240 

The solid curve is the nominal estimate of variability in penetration rate, from 

approximately 0.7 to 0.9.  Uncertainty is assigned to the mean value, resulting in a family of 

curves with different means but similar standard deviations of inter-house variability. The 

median for the variability median is 0.78 and its 95% probability range is 0.76 to 0.80 (plus 

or minus 2.5 percent). The median for the variability 95
th

 percentile is 0.85 and its 95% 

probability range is 0.83 to 0.87.  

The deposition rate distribution is also based on RIOPA study (Weisel et al., 2005). 

The standard deviation is based on 25% of the mean, as suggested by Burke et al. (2001).  

Air exchange rate distribution is based on Murray and Burmaster (1996). The 

uncertainty associated with random sampling error is less than 1% of the mean, because there 

are relatively large sample sizes (several hundred).  However, unquantifiable uncertainties 

may exist, such as lack of representativeness of the measured ACH versus actual ACH of 

housing in a somewhat different location.  Therefore a somewhat larger range of uncertainty 

in the log mean of plus or minus 8 percent is assumed.  

Input assumptions regarding variability and uncertainty in air exchange rate are 

shown in Figure A-3.  The solid line represents the nominal estimate of variability among 

homes in ACH, ranging from about 0.1 to over 2.0 hr
-1

.   
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Figure A-3. Cumulative distribution function for the SHEDS input assumption regarding 

variability and uncertainty in the air exchange rate 

The dashed lines represent approximately a 98 percent probability range in the 

uncertainty associated with the air exchange rate for any given percentile of the distribution 

of variability.  The range of uncertainty is relatively small compared to the range of 

variability. The median for the variability median is 0.450 hr
-1 

and its 95% probability range 

is 0.416 to 0.487 (plus or minus 8 percent) hr
-1

. The median for the variability 95
th

 percentile 

is 1.37 hr
-1 

and its 95% probability range is 1.27 to 1.48 (plus or minus 8 percent) hr
-1

.  
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Non-residential indoor microenvironmental inputs are based on Burke et al. (2001).  

The slope is the ratio of indoor ambient concentration to outdoor concentration, and the 

intercept is indoor source contributions. Residuals are assumed to be normally distributed 

with zero means and standard deviations derived from measurement data. A decision was 

made to assign uncertainty only to the residuals, since assigning uncertainties to the slope, 

intercept, and residuals simultaneously would double count. 

Figure A-4 shows distribution of daily exposure to PM
2.5

 estimated by SHEDS. The 

inter-individual variability in exposure, depicted by the 50
th

 percentile solid black line, spans 

approximately two orders of magnitude.  Ambient exposure mean value is 8.8 µg/m
3

, and its 

95% probability range is 8.1 to 9.9 µg/m
3

 (-8 to +12.5%). 

  The range of uncertainty is relatively small.  Thus, despite the range of uncertainties 

estimated for inputs to the mass balance and regression models for microenvironmental 

concentration, the results for variability are not subject to substantial uncertainty.   

However, uncertainties in air quality and activity data are not quantified, and some 

aspects of uncertainty in microenvironments, such as whether the ACH data are 

representative of the housing stock now in the study domain, are not quantified.  Thus, the 

actual uncertainty may be larger than implied here.  
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The upper tail of exposure is bounded by the ambient concentration.  The highest 

ambient concentration for the domain and simulated time period is 31.5 ug/m
3

.  

For comparison, an example case study is based on assigning wider ranges of 

uncertainty to the penetration factor and air exchange rate.  Penetration and air exchange are 

assigned uncertainties five times greater than for the base case. All other inputs have the 

same values as the previous case study. 

Results for the alternative case study, based on larger uncertainty estimates for the 

penetration factor and air exchange rate, are shown in Figure A-5.  Same as before, the inter-

individual variability in exposure, depicted by the 50
th

 percentile solid black line, spans to 

approximately 25 µg/m
3

.  The range of uncertainty is significantly larger than before, but is 

still small relative to the range of variability. Ambient exposure 95% probability range is 7.6 

to 10.5 µg/m
3

 (-14 to +19%).  Here again, many potentially important sources of uncertainty 

are difficult to quantify. 

The larger uncertainty in P and ACH leads to a moderately wider range of uncertainty 

in the median exposure.  However, the increased estimate of uncertainty does not 

significantly change qualitative insights regarding the variability in exposures.   
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Figure A-4. Distribution of Daily Exposure to PM
2.5

 Estimated by SHEDS: Example Case 
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Figure A-5. Distribution of Daily Exposure to PM
2.5

 Estimated by SHEDS: Alternative Case 
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APPENDIX B 
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Introduction 

These supporting materials provide supplemental text, tables and figures to further describe 

Part V.  The information is provided in Sections as follow:    

a. PMF Factor Profiles 

b. In-vehicle PM
2.5

 exposure estimation for Texas and North Carolina 

c. Total Exposure Source Apportionment for Different Subpopulations 

d. Sensitivity analysis for infiltration factors 
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a) PMF Factor Profiles 

 

Figure B-1a. Secondary Sulfate Factor Profile for Harris County 

 

Figure B-1b. Motor Vehicle Factor Profile for Harris County 

 

Figure B-1c. Soil/Road Dust Factor Profile for Harris County 
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Figure B-1d. Biomass Burning Factor Profile for Harris County 

 

Figure B-1e. Marine Aerosol Factor Profile for Harris County 

b) In-vehicle PM
2.5

 exposure estimation for Texas and North Carolina 

In the SHEDS-PM simulation, in-vehicle concentration is estimated to be equal to the 

ambient concentration, but is adjusted in post processing to account for vehicle air exchange 

rates, traffic conditions, and ventilation operation conditions.  

In order to be implemented into SHEDS-PM, the in-vehicle air quality model is 

simplified to linear models depending on scenarios of ventilation conditions (Liu et al., 

2010). In SHEDS-PM runs, in-vehicle concentration is initially set as the same as ambient 
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concentration. Typical road types and vehicle operation conditions are identified and the 

inputs for the alternative approach are estimated. The in-vehicle exposures for these scenarios 

are then estimated by linear superposition of in-vehicle exposures simulated by SHEDS-PM. 

In order to estimate the overall in-vehicle exposure, the durations of in-vehicle activity on 

different road types are calculated from the miles travelled per year in New York City and the 

average vehicle speeds. The time-weighted in-vehicle exposure is then used as the in-vehicle 

exposure apportioned in SHEDS-PM.  

There are 4 types of roads identified in New York City, as shown in Table B-1. Every 

road type is a unique combination of number of lanes, lane width, and average vehicle 

speeds. Traffic volume and emission factors of PM
2.5

 are estimated based on vehicle speeds.  

Scenarios are selected to represent the typical ventilation scenarios in the four 

seasons, as shown in Table B-2. The corresponding PM
2.5

 concentrations and in-vehicle 

PM
2.5

 exposures are also estimated. The assumptions are: in summer, drivers tend to close 

windows and turn on HVAC system using recirculate air; in winter, drivers tend to close 

windows and turn on HVAC system using fresh air; in spring or fall, drivers tend to close 

windows and turn on HVAC system using fresh air on the highways, and open windows 

while on local or arterial roads. 

These results indicate that the in-vehicle exposure in July is about 30% smaller 
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comparing to other seasons.  

Table B-1. Road Types 

Road 

Type 

# of 

Lanes 

Lane 

Width 

Vehicle 

Speed 

Emission 

Rate 
Taffic Flow C

icr
 

    (m) (mph) 
(g/vehicle-

km) 

(vehicles per 

hour) 
(µg/m

3

) 

Local I 2 3.15 7.9 0.033 2428 3.1 

Local II 4 3.12 7.9 0.033 4856 6.2 

Arterial 6 3.45 25 0.033 12086 16 

Highway 8 3.6 60 0.1 27774 90 
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Table B-2. Average In-vehicle Exposures for Texas and North Carolina Case Study 

  

  
Time Road Type Vehicle Operation 

Mean PM
2.5

 concentrations 

(µg/m
3

) 

Mean In-vehicle 

Exposure 

C
amb

 C
icr

 C
sv

 C
iv

  (µg/m
3

) 

NC 

Apr 

high 

way/Arterial 
window close, use fresh air 

6.3 

36.0 42.3 30.5 

0.93 

local I/II window open, use fresh air 4.3 10.6 10.6 

Jul All 
window close, use 

recirculation 
11.3 18.0 29.3 12.8 0.60 

Oct 

high 

way/Arterial 
window close, use fresh air 

7.5 

36.0 43.5 31.1 

1.32 

local I/II window open, use fresh air 4.3 11.8 11.8 

Dec All window close, use fresh air 6.2 18.0 24.2 17.7 0.77 

TX 

Apr 

high 

way/Arterial 
window close, use fresh air 

9.0 

36 45.0 32.4 

1.35 

local I/II window open, use fresh air 4.3 13.3 12.2 

Jul All 
window close, use 

recirculation 
8.9 18.0 26.9 11.8 0.48 

Oct 

high 

way/Arterial 
window close, use fresh air 

8.8 

36.0 44.8 32.0 

1.59 

local I/II window open, use fresh air 4.3 13.1 13.1 

Dec All window close, use fresh air 6.8 18.0 24.8 18.1 0.86 
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c) Total Exposure Source Apportionment for Different Subpopulations 

Table B-3a. Total Exposure Source Apportionment of Texas Smokers Based on CMB Results Using Uniform 

Infiltration Factor 

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 
3.3 5.5 3.8 6.2 4.0 8.8 3.0 6.0 

Secondary 

Nitrate 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Motor Vehicles 1.9 3.2 1.1 1.8 1.6 3.4 1.0 2.1 

Oil/Gas 

Combustion 
0.0 0.0 0.6 0.9 0.0 0.0 0.0 0.0 

Soil/Road Dust 0.9 1.5 0.8 1.4 0.7 1.6 0.6 1.2 

Marine Aerosol 0.6 1.1 0.7 1.1 0.7 1.5 0.5 1.0 

Biomass Burning 1.1 1.8 0.7 1.1 1.0 2.1 0.9 1.9 

In-vehicle  1.0 1.7 1.0 1.6 0.8 1.8 0.7 1.4 

Non-

Ambient 

Home smoking 46.7 77.4 47.6 77.9 32.4 71.7 38.0 77.0 

Home cooking 2.6 4.3 2.6 4.3 1.9 4.2 2.2 4.5 

Smoking in R&B 1.1 1.8 1.2 2.0 1.1 2.4 1.2 2.4 

Other non-

ambient 
1.1 1.8 1.1 1.8 1.1 2.4 1.2 2.4 

Total   60.3   61.1   45.2   49.3   
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Table B-3b. Total Exposure Source Apportionment of North Carolina Smokers Based on CMB Results Using Uniform 

Infiltration Factor 

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 
2.6 4.2 4.6 8.5 3.1 5.8 2.5 4.5 

Secondary 

Nitrate 
0.8 1.3 1.5 2.7 1.0 1.8 0.8 1.4 

Motor Vehicles 1.2 1.9 2.1 3.8 1.4 2.6 1.1 2.0 

Oil/Gas 

Combustion 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Soil/Road Dust 0.4 0.7 0.8 1.4 0.5 1.0 0.4 0.7 

Marine Aerosol 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Biomass Burning 1.3 2.1 2.3 4.2 1.5 2.9 1.3 2.2 

In-vehicle  0.8 1.3 1.3 2.4 0.8 1.5 0.8 1.4 

Non-

Ambient 

Home smoking 49.2 79.4 37.9 69.3 39.1 74.1 45.1 79.3 

Home cooking 3.3 5.3 2.0 3.7 3.0 5.7 2.5 4.4 

Smoking in R&B 1.2 1.9 1.2 2.2 1.2 2.3 1.1 1.9 

Other non-

ambient 
1.2 1.9 1.0 1.8 1.2 2.3 1.2 2.1 

Total   62.0   54.7   52.8   56.9   
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Table B-4a. Total Exposure Source Apportionment of Harris County, TX Non-smokers Exposed to Environmental 

Tobacco Smoke Based on CMB Results Using Uniform Infiltration Factor 

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 
3.3 6.9 3.8 7.9 4.0 10.9 3.0 7.6 

Secondary 

Nitrate 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Motor Vehicles 1.9 4.0 1.1 2.2 1.6 4.2 1.0 2.7 

Oil/Gas 

Combustion 
0.0 0.0 0.6 1.2 0.0 0.0 0.0 0.0 

Soil/Road Dust 0.9 1.8 0.8 1.7 0.7 2.0 0.6 1.5 

Marine Aerosol 0.6 1.3 0.7 1.4 0.7 1.8 0.5 1.3 

Biomass Burning 1.1 2.2 0.7 1.4 1.0 2.6 0.9 2.4 

In-vehicle  0.8 1.7 0.8 1.7 0.7 1.9 0.6 1.5 

Non-

Ambient 

Home smoking 36.3 75.6 36.7 76.1 25.5 69.5 29.5 75.7 

Home cooking 1.8 3.8 1.8 3.7 1.2 3.3 1.3 3.3 

Smoking in R&B 0.4 0.8 0.4 0.8 0.4 1.1 0.4 1.0 

Other non-

ambient 
0.9 1.9 0.9 1.9 1 2.7 1.1 2.8 

Total   48.0   48.2   36.7   38.9   
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Table B-4b. Total Exposure Source Apportionment of Selected Counties in North Carolina Non-smokers Exposed to 

Environmental Tobacco Smoke Based on CMB Results Using Uniform Infiltration Factor 

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 
2.6 5.3 4.6 10.4 3.1 7.4 2.5 5.7 

Secondary 

Nitrate 
0.8 1.7 1.5 3.3 1.0 2.3 0.8 1.8 

Motor Vehicles 1.2 2.4 2.1 4.7 1.4 3.3 1.1 2.6 

Oil/Gas 

Combustion 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Soil/Road Dust 0.4 0.9 0.8 1.7 0.5 1.2 0.4 0.9 

Marine Aerosol 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Biomass Burning 1.3 2.6 2.3 5.2 1.5 3.7 1.3 2.8 

In-vehicle  0.7 1.4 1.1 2.5 0.7 1.7 0.7 1.6 

Non-

Ambient 

Home smoking 38.2 78.0 30.1 67.5 31 74.5 35.1 78.3 

Home cooking 2.4 4.9 0.8 1.8 1 2.4 1.3 2.9 

Smoking in R&B 0.4 0.8 0.5 1.1 0.4 1.0 0.4 0.9 

Other non-

ambient 
1 2.0 0.8 1.8 1 2.4 1.1 2.5 

Total   49.0   44.6   41.6   44.8   
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d) Sensitivity Analysis for Infiltration Factors 

Infiltration factor (F
inf

) is defined as 
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Where, 

C
i 
= Ambient component of indoor PM

2.5
 concentration, !g·m

-3

 

C
a 
= Ambient PM

2.5
 concentration, !g·m

-3

 

P = penetration coefficient, dimensionless 

A = air exchange rate, h
-1

 

k = particle loss coefficient, h
-1

 

Infiltration factors for different sources summarized by Meng et al. (2007) are based 

on Relationship of Indoor, Outdoor and Personal Air (RIOPA) study data. RIOPA data for 

total PM
2.5

 average P=0.91, k=0.79 h
-1

, A=1.06h
-1

.  Thus average F
inf

 for total PM
2.5

 is 0.52. 

In SHEDS-PM inputs, distributions of P, k and A for different seasons are 

summarized in Table 1 in the manuscript. Distributions of F
inf

 for total PM
2.5 

in different 

seasons are simulated by Analytica version 4.3. Average F
inf

 for PM
2.5

 are 0.420, 0.504, 
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0.309, and 0.441 for spring, summer, fall and winter in New York City, respectively.  

Assume that for different seasons and climate zones, the ratio of F
inf

 for a specific 

source category to F
inf

 for total PM
2.5

 is the same. Source-specific F
inf

 for the four seasons are 

estimated in Table B-5. 

Table B-5. Average and seasonal total PM
2.5

 and source-specific F
inf

 

Source Average
a

 Spring Summer Fall Winter 

Total PM
2.5

 0.52 0.42 0.50 0.31 0.44 

Primary Combustion 0.51 0.41 0.49 0.30 0.43 

Secondary Aerosol 0.78 0.63 0.76 0.46 0.66 

Mechanically Generated PM 0.04 0.03 0.04 0.02 0.03 

 

a

 Based on RIOPA study (Meng et al., 2007).
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Table B-6a. Source Apportionment of Total Exposure for Non-smoker not Expose to ETS in Harris County, TX Using 

Source-specific Infiltration Factors 

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 
4.9 37.4 5.7 42.5 6.0 46.4 4.5 40.2 

Secondary 

Nitrate 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Motor Vehicles 1.9 14.4 1.1 8.0 1.6 12.0 1.0 9.4 

Oil/Gas 

Combustion 
0.0 0.0 0.6 4.3 0.0 0.0 0.0 0.0 

Soil/Road Dust 0.1 0.9 0.1 0.8 0.1 0.8 0.1 0.7 

Marine Aerosol 0.1 0.6 0.1 0.7 0.1 0.7 0.1 0.6 

Biomass Burning 1.1 8.1 0.7 4.9 1.0 7.5 0.9 8.5 

In-vehicle  0.9 6.8 0.9 6.7 0.8 6.2 0.7 6.3 

Non-

Ambient 

Home smoking 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Home cooking 2.7 20.4 2.8 20.8 1.9 14.8 2.2 19.8 

Smoking in R&B 0.6 4.5 0.6 4.5 0.6 4.7 0.6 5.4 

Other non-

ambient 
0.9 6.8 0.9 6.7 0.9 7.0 1.0 9.0 

Total   13.2   13.4   12.9   11.1   
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Table B-6b. Source Apportionment of Total Exposure for Non-smoker not Expose to ETS in Selected Counties in 

North Carolina Using Source-specific Infiltration Factors  

Source 

April  July  October  December  

Exposure Percentage Exposure Percentage Exposure Percentage Exposure Percentage 

(µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) (µg/m
3

) (%) 

Ambient 

Secondary 

Sulfate 
4.9 37.4 5.7 42.5 6.0 46.4 4.5 40.2 

Secondary 

Nitrate 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Motor Vehicles 1.9 14.4 1.1 8.0 1.6 12.0 1.0 9.4 

Oil/Gas 

Combustion 
0.0 0.0 0.6 4.3 0.0 0.0 0.0 0.0 

Soil/Road Dust 0.1 0.9 0.1 0.8 0.1 0.8 0.1 0.7 

Marine Aerosol 0.1 0.6 0.1 0.7 0.1 0.7 0.1 0.6 

Biomass Burning 1.1 8.1 0.7 4.9 1.0 7.5 0.9 8.5 

In-vehicle  0.9 6.8 0.9 6.7 0.8 6.2 0.7 6.3 

Non-

Ambient 

Home smoking 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Home cooking 2.7 20.4 2.8 20.8 1.9 14.8 2.2 19.8 

Smoking in R&B 0.6 4.5 0.6 4.5 0.6 4.7 0.6 5.4 

Other non-

ambient 
0.9 6.8 0.9 6.7 0.9 7.0 1.0 9.0 

Total   13.2   13.4   12.9   11.1   

 


