
 
 

ABSTRACT 

 

 

BURR, MICHAEL J.  Source Apportionment of PM2.5 using Three-Dimensional Air Quality 

Models: Analysis and Inter-Comparison of Two Source Apportionment Methods. (Under the 

direction of Dr. Yang Zhang). 

 

 

Source apportionment is a vital first step in creating the most effective reduction 

strategies in non-attainment areas.  Receptor-based models that utilize observational data 

have been the traditionally-used source apportionment methods.  More recent studies have 

made use of 3-dimensional air quality models to conduct source apportionment.  These 

source-oriented methods have the potential to provide a much more robust source 

apportionment dataset, both spatially and temporally.  This research evaluates two source-

oriented source apportionment methods, the Particle Source Apportionment Technology 

(PSAT) and the Brute-Force direct sensitivity analysis Method (BFM).  PSAT is 

implemented in the Comprehensive Air Quality Model with extensions (CAMx) while the 

Community Multiscale Air Quality (CMAQ) modeling system is utilized to conduct source 

apportionment via the BFM.  Source apportionment is conducted for 10 source categories 

(i.e., biogenic, biomass burning, coal combustion, diesel vehicles, gasoline vehicles, 

industrial processes, miscellaneous area sources, other combustion, other mobile sources, and 

waste disposal and treatment ) over the eastern U.S. at a horizontal grid spacing of 12-km for 

both January and July of 2002 using both BFM and PSAT.   

 In the baseline simulation, O3 and PM2.5 are overpredicted by both models in January 

and underpredicted by both models in July, with CAMx generally predicting higher values 

than CMAQ in both months.  When compared to satellite data, CMAQ shows good 

agreement for CO and AOD in January, with larger biases for NO2 and O3.  In July, CMAQ 



 
 

underpredicts all column variables, with the largest bias occurring for AOD.  In January, 

CMAQ gives biomass burning as the most important source of PM2.5, with a contribution of 

13.7% to domain-wide monthly-mean PM2.5.  Miscellaneous area sources and coal 

combustion are the next two largest contributors to domain-wide PM2.5 from the BFM, with 

contributions of 11.8% and 10.8%, respectively.  PSAT, however, gives different rankings in 

terms of the most important sources of PM2.5 in January.  PSAT identifies coal combustion as 

the most important source in January, with a monthly-mean percentage contribution of 14.0% 

to domain-wide PM2.5.  The next two largest sources from PSAT are biomass burning and 

other mobile sources, with contributions of 11.3% and 6.8%, respectively.  The two methods 

are in agreement that coal combustion is the most important source of PM2.5 in July, with 

contributions of 30.8% and 21.0% to domain-wide PM2.5 from BFM and PSAT, respectively.  

The BFM and PSAT also agree on miscellaneous area sources being the next largest source 

in July, with contributions of 8.9% and 8.1%, respectively.  The next most important source 

from both the BFM and PSAT is industrial processes, with monthly-mean percentage 

contributions of 6.9 and 6.2%, respectively. 

While PSAT is found to be more computationally efficient than BFM and also has the 

ability to account for 100% of the baseline PM2.5, BFM can better able capture the indirect 

effects that result from interactions between secondary PM species and their gaseous 

precursors.  However, BFM is also subject to limitations, including its relative computational 

inefficiency and its assumption that the emissions of all the source categories are linear and 

additive.  It is found that for primary PM species whose concentrations are linearly related to 

emissions, BFM and PSAT are equivalent.  However, the two methods differ significantly for 

secondary PM species; these deviations are found to be larger in January due to higher NO3
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concentrations and lower concentrations of radical species.  It is important to exercise caution 

when using each of these tools while being mindful of the strengths and weaknesses of each 

method in different situations.
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CHAPTER 1.  INTRODUCTION 

1.1 Background and Motivations 

Particulate matter with an aerodynamic diameter of less than or equal to 2.5 microns 

(PM2.5) is a well researched and documented pollutant due to its adverse health effects and 

contributions to visibility degradation and climate change.  In December 2006, the U.S. 

Environmental Protection Agency (EPA) lowered the 24-hour National Ambient Air Quality 

Standards (NAAQS) for PM2.5 from 60 to 35 µg m
-3

.  In order to attain this standard, the 3-year 

average of the 98
th

 percentile of 24-hour average PM2.5 concentrations must not exceed 35 µg/m
3
 

(http://www.epa.gov/air/criteria.html).  In order to develop the most cost-effective reduction 

strategies, it is essential to have an understanding of which sources are contributing to these 

elevated PM2.5 concentrations.  The research presented in this thesis work will focus on source 

apportionment of PM2.5 using two commonly used three-dimensional air quality models (3-D 

AQMS): the Models-3 Community Multiscale Air Quality (CMAQ) model (Byun and Ching, 

1999; Binkowski and Roselle, 2003; Byun and Schere, 2006) and ENVIRON‟s Comprehensive 

Air Quality Model with extensions (CAMx) (ENVIRON, 2006).  The brute-force method (BFM) 

is used within CMAQ along with the Particle Source Apportionment Technology (PSAT) within 

CAMx in order to assess the impacts of 10 prescribed source categories on PM2.5 concentrations 

over the eastern U.S. 

1.1.1 Impacts of PM2.5 

 PM2.5 is of particular concern with respect to human health because they have the ability 

to penetrate deeper into the lower respiratory system, as opposed to lager particles that  

http://www.epa.gov/air/criteria.html
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can be trapped and potentially removed in the upper respiratory system (Brunekereef and 

Holgate, 2002).  Acute and chronic exposure to elevated levels of PM2.5 has been linked to 

increased mortality rates, heart attacks, decreased lung function, increased asthma attacks, and 

even premature death (Dockert et al., 1993; Ebelt et al., 2000; Laden et al., 2000; Peters et al., 

2001).  PM2.5 also scatters and absorbs light in the atmosphere, thus altering the amount of solar 

radiation that reaches the Earth‟s surface.  The International Panel on Climate Change‟s (IPCC) 

2007 synthesis report (IPCC, 2007) stated that anthropogenic contributions to aerosol particles 

produce a cooling effect with a total direct radiative forcing of -0.5 W/m
2
.  In addition to the 

direct effects, smaller particles can lead to more reflective clouds, thus increasing the albedo of 

the Earth‟s surface.  The IPCC reported that this indirect cloud albedo forcing is on the order of -

0.7 W/m
2
.  Additionally, particles can lead to visibility degradation by scattering and absorbing 

light at wavelengths similar to the particle size.  These fine particles are thus important in 

degradation of visible light which have wavelengths of 0.4 to 0.7 µm. 

1.1.2 State Implementation Plans 

 Because of the aforementioned adverse effects, the U.S. EPA has designated PM2.5 as one 

of the six criteria pollutants regulated under the NAAQS.  Any area that fails to meet these 

standards based on ambient monitoring data is designated as a non-attainment area.  Figure 1.1 

shows the PM2.5 nonattainment areas designated by the EPA as of October, 2009.  As the figure 

shows, the most problematic regions in terms of particle pollution are the northeastern U.S. and 

southern California.  When an area is designated as nonattainment, the state where that 

nonattainment area resides is required to formulate a state implementation plan (SIP) that 



3 
 

 

Figure 1.1. U.S. EPA area designations for 2006 24-hour fine particle (PM2.5) standards 

(http://www.epa.gov/pmdesignations/index.htm).

http://www.epa.gov/pmdesignations/index.htm
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outlines a plan to achieve compliance within a nonattainment area.  Failure to successfully 

achieve this task can result in economic sanctions imposed by the federal government on that 

state.  In order for the state governments to develop the most effective reduction strategies, 

there must be an understanding of which emission sources are contributing the greatest to 

PM2.5.formation.  The work in this thesis will contribute to a broad body of work in the 

scientific community apportioning PM2.5 to potential emission sources that can be used as a 

reference in formulation of the aforementioned reduction strategies 

1.2 Objectives 

 

 

 The objectives of this research are to: 

(1) conduct source apportionment of PM2.5 for 10 major source categories for 

January and July 2002 using CMAQ with the brute force direct sensitivity 

analysis method and the CAMx/PSAT reactive tracer method in order to 

determine the major sources of PM2.5 over the eastern U.S. 

(2) analyze predicted contributions from each source category for both methods 

and discuss the relative importance of each source along with potential 

implications for emission reduction strategies and component-based 

epidemiological PM2.5 studies. 

(3) compare and contrast simulated source contributions from each method, and 

identify sources of major discrepancies in results obtained with both methods 

in order to determine the major strengths and weaknesses of both methods. 
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CHAPTER 2.  LITERATURE REVIEW 

 

 

The determination of major sources of fine particulate matter in the United States has 

become an increasingly important area of research, particularly over the past decade.  Several 

different methods of apportioning PM2.5 mass to probable emission sources exist, each with 

their own inherent strengths and limitations.  Table 2.1 lists some of the major source 

apportionment methods currently used along with their merits and limitations.  Perhaps the 

most widely-used source apportionment tools are receptor-oriented methods that aim to infer 

contributions from different emission sources using measurements taken at a specific 

receptor site.  These methods have been well-documented in terms of their mathematical 

formulation and development (Cooper and Watson, 1980; Waston, 1984; Hopke, 1991; 

Henry, 1997; Watson et al., 2002; Hopke, 2003).  More recent studies have implemented 3-

dimensional air quality models (3-D AQMs) as a source-oriented method for apportioning 

fine particle mass to potential sources.  This thesis will compare two source apportionment 

methods that utilize 3-D AQMs.  An overview of the theoretical basis of two widely-used 

receptor-oriented approaches as well as two classes of source-oriented methods for source 

apportionment is given in section 2.1.  Section 2.2 provides an overview of major sources of 

fine particulate matter as resolved by other studies, with a particular emphasis on the sources 

of PM2.5 over the eastern U.S.  Also, the current status and major challenges with respect to 

source apportionment are discussed. 
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Table 2.1.     Summary of existing source apportionment methods. 

 

Type Example Strength Limitation 

 

Receptor-based 
CMB, PMF 

Observation-based; 

Accurate; 

Conceptually Simple; 

Sparse Observations; 

Some require prior 

knowledge of emission 

sources (e.g., CMB); 

linear independence of 

source profiles 

3-Dimensional 

Sensitivity Analysis 

BFM (this study), 

DDM 

Conceptually simple; 

Accurate for linear 

chemistry and small 

emission changes; 

Directly related to 

development of 

emission control 

measures; Inclusion 

of indirect effects 

 

Computationally 

Expensive; Results often 

non-linear and non 

additive; Not true 

“source apportionment”; 

Dependence on baseline 

simulation; 

Uncertainty in emissions 

      3-Dimensional 

Tagged Species 
PSAT, TSSA 

Spatial Distribution; 

Handles non-

linearity; One model 

run; Variety of 

„sources‟; Potentially 

true source 

apportionment with 

appropriate model 

treatments 

 

Uncertainty in 

emissions; Dependence 

on baseline simulation 

Omission of indirect 

effects and oxidant-

limiting effects; 

assumptions in source 

apportionment for 

secondary PM species 

CMB: Chemical Mass Balance; PMF: Positive Matrix Factorization; PSAT: Particle Source 

Apportionment Technology; TSSA: Tagged Species Source Apportionment; BFM: Brute-Force 

Method; Indirect effects: the reduction of one PM species or PM precursor affecting another through 

aerosol thermodynamic partitioning processes, gas phase oxidation, and aqueous phase neutralization; 

Oxidant-limiting effect: the formation of secondary PM species limited by availability of oxidants 
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2.1 Theoretical Basis of Source Apportionment Methods 

2.1.1 Receptor-Based Methods 

Receptor-oriented source apportionment methods are widely-used tools throughout 

the atmospheric science community that aim to resolve possible emission sources of a 

particular PM2.5 sample based on its mass and chemical composition, which can then be 

linked to the composition of possible emission sources.  These receptor-based methods are 

based on the conservation of mass of species, whose general form is given by: 

          1

,
n

ik kj ij

k

xij g f e

        (2.1)

 

where xij is the ambient concentration of species j in sample i, fkj is the mass fraction of 

species j in source k, gik is the source contribution of source k in sample i, and eij is the error 

(Ke et al., 2008).  Two of the most widely-used receptor models are positive matrix 

factorization (PMF) and chemical mass balance (CMB), which will be discussed in the 

following sections. 

2.1.1.1 Chemical Mass Balance 

CMB uses a least-squares fitting method to minimize the difference between 

measurements and modeled concentrations.  CMB is a single sample receptor model to solve 

equation 1, assuming that emission source profiles (fjk) are known.  Similar to the object 

function of PMF, CMB aims to minimize the difference between measurement and modeled 

concentration by minimizing the value χ2, given by (Watson et al., 1984): 
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22 2 2

1 1 1

2 [( ) / ( )]jk jk
jk

n N N

jkij xj f

j k k

x f g g
   (2.2) 

where xij is the ambient concentration of species j in sample i, fjk is the mass fraction of 

species j in source k, gjk is the source contribution of source k in sample i, σxj is the 

uncertainty of the ambient concentration of species j, and σfjk is the uncertainty in the fraction 

of species j in the source profile k. 

CMB is a powerful tool for solving the mass balance equation for source 

apportionment, given that there is knowledge of all sources impacting a receptor.  CMB has 

been widely used and documented, making it widely available and fairly simple to 

implement.  CMB is also observation-based, and is thus generally believed to be accurate, 

though sparse observational data can often limit the robustness of the dataset.  However, 

CMB models are based on assumptions (among others) that all sources with a potential for 

significantly contributing to the receptor are included in the analysis, and also that the source 

compositions are linearly independent of each other (U.S. EPA, 1998).  This linear 

independence of source profiles is one of the major assumptions that limit the ability of CMB 

to accurately identify and apportion mass between sources that share relatively similar 

profiles (Marmur et al., 2005).  To help address this issue, Schauer et al. (1996) developed a 

CMB receptor model based on the use of organic compounds as tracers.  Organic markers 

within CMB have been widely-used in PM2.5 source apportionment studies (Schauer et al., 

2000; Zheng et al., 2002; Robinson et al., 2006; Zheng et al., 2006; Ke et al., 2008).  Marmur 

et al. (2005) also developed an extended CMB approach which incorporates indicative gas to  
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particle ratios with the hypothesis that sources with fairly similar PM2.5 emissions may have 

significantly different gaseous emissions.  The extended CMB is useful in addressing the 

problem of co-linearity between source profiles.  In addition to issues with co-linearity, CMB 

approaches do not typically account for species transformations from the source to the 

receptor (Lee et al., 2009).  CMB is also limited by the requirement of previous knowledge 

of the composition of emission sources impacting a receptor site.  Additionally, sparse 

observations available for CMB analysis limit spatial coverage of source contributions that is 

often desired, particularly in the case of exposure modeling. 

2.1.1.2 Positive Matrix Factorization 

PMF (Paatero, 1997) aims to iteratively solve the equation 

1

ij ij ij ij ih hj

p

h

E X Y X G F

      (2.3)

 

where G and F are the left and right factor matrices to be determined, and E is the difference 

matrix between measurement Xij, and model, Yij (Rizzo and Scheff, 2007).  The solution 

provided by PMF minimizes an object function, Q (E), based on uncertainties for each 

observation (Paatero, 1997; Polissar et al., 1998).  This function is defined as (Kim et al., 

2004): 

2

1 1

( )
m n

ij

i j ij

E
Q E

     

 (2.4) 

With regards to equation (1), PMF is advantageous as it does not require prior 

knowledge of fkj.  Hence, PMF provides only one of an infinite number of solutions to  
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equation (2.1) (Maykut et al., 2003).  Another major advantage of PMF is its ability to handle 

missing and below detection limit data (Liu et al., 2005).  However, because PMF does not 

require prior knowledge of the composition of emission sources, a large number of samples 

are required in order to resolve source factors (Lee et al., 2008).  PMF is also limited by its 

inability to link observed factors directly with actual sources due to the fact that PMF is 

based on statistical patterns of correlations, rather than source profiles (Sarnat et al., 2008).  

However, PMF has shown to be a valuable alternative to traditional receptor models, and has 

been widely applied in source apportionment of PM2.5 (Kim et al., 2003; Kim et al., 2004; 

Liu et al., 2005; Liu et al., 2006;  Hwang et al., 2007; Jaeckels et al., 2007). 

2.1.2 Source-Oriented Methods 

A second group of source apportionment tools used is based on 3-D AQMs.  These 

emission-based models, as opposed to receptor-based models, use a processed emission 

inventory as the starting point.  The continuity equation, given as (Byun and Ching, 1999): 

1 2( ) ( / ( , ,..., , , ) ( , )i
i i i i n i

dc
Uc D c R c c c T t S x t

dt     (2.5)
 

is then solved to simulate the fate and transport of pollutants.  In equation (2.5), ci is the 

concentration of species i, U is the wind velocity vector, Di is the molecular diffusivity of 

species i, Ri is the rate of concentration change of species i by chemical reactions, Si(x,t) is 

the source/sink of i at location x and time t, ρ is the air density, and n is the number of 

predicted species.  Marmur et al. (2005) suggested that receptor models may capture more of  
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the temporal variation in source impacts a specific receptor site, while emission-based 

models may be more spatially representative.  Two classes of source apportionment methods 

using 3-D AQMs are discussed in the following sections. 

2.1.2.1 Sensitivity Analysis Methods 

 Sensitivity analysis methods measure the model output response to a change in input.  

While these methods are a valuable tool for policy-makers in analyzing the effects of 

emission reductions on the atmosphere, they will not provide true source apportionment if the 

relationship between the model input and output is non linear (Yarwood et al., 2005), as is 

often the case (Ansari and Pandis, 1998, 1999; Hakami et al., 2004; Cohan et al., 2005; 

Dennis et al., 2008).  Two widely-used sensitivity analysis methods within 3-D AQMs are 

discussed in the following section. 

2.1.2.1.1 The Brute-Force Method (BFM) 

The brute-force method (BFM) is the most straight-forward sensitivity analysis 

method, in which a baseline simulation is compared against a sensitivity simulation in which 

emissions of a certain source category are eliminated.  The difference in simulated PM2.5 

between the baseline and sensitivity simulation can be attributed as the contribution of the 

source to PM2.5 concentrations.  A mathematical representation of this concept is: 

,i base isen
S C C         (2.6)    

,
100*

base isen

pi

base

C C
S

C      (2.7) 
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1

n

tot i

i

S S
        (2.8) 

where Si is the absolute contribution of source i in the same unit as the concentration, Spi is 

the percentage contribution of source i, Cbase is the PM2.5 concentration from the baseline 

simulation, and Csen,i is the PM2.5 concentration from the sensitivity simulation in which the 

emissions from source i are eliminated, and Stot is the total contribution from n number of 

sources. 

This method is simple and can be applied to any model, but is inefficient and 

computationally expensive, as a complete model simulation is required for each source 

category.  This method is also rooted in the assumption that the emissions from all source 

categories within the emission inventory are linear and additive; this assumption may not 

hold in highly non-linear systems.  However, BFM is advantageous in its ability to capture 

the indirect effects that result from the interactions between secondary PM species due to 

their thermodynamic relationships.  Also, the smaller concentration changes between 

simulations may be influenced more by numerical noise within the model than by the change 

in emissions (Koo et al., 2009a).  

2.1.2.1.2 The Decoupled Direct Method (DDM) 

The decoupled direct method (DDM) (Dunker, 1981, 1984) is an efficient and 

accurate alternative to the BFM.  In the DDM, the model‟s governing equations are 

differentiated with respect to a particular sensitivity parameter.  The resulting set of equations 

is solved simultaneously alongside the original model equations (Sandu et al., 2003).  An  
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advantage of DDM is that it decouples the sensitivity equations from the governing model 

equations, thus enhancing computational efficiency (Koo et al., 2007).   DDM has generally 

been applied to calculate first-order sensitivities of gaseous species (Dunker et al., 2002a, 

2002b).  Its use has recently been extended to PM (Napelenok et al., 2006; Koo et al., 2007).  

While DDM has been applied to solve higher order sensitivities for gaseous species (Hakami 

et al., 2003, 2004; Cohan et al., 2005; Koo et al., 2008), its use for PM is currently limited to 

first order sensitivities.  Therefore, DDM is limited in its ability to represent higher order 

sensitivities associated with the formation of secondary PM species.  Yang et al. (1997) 

developed a version of DDM known as DDM-3D that has been applied in 3-D AQMs 

(Mendoza-Dominguez et al., 2000; Hakami et al., 2004).  While DDM directly solves 

sensitivity equations derived from the governing equations of the model while using the same 

time steps as the chemistry routine, DDM-3D uses separate, less complex algorithms with 

different time steps to solve the chemistry sensitivity equations (Koo et al., 2007, 2009a). 

2.1.2.2 Reactive Tracers Method 

More recent studies have implanted a reactive tracers (or tagged species) method for 

source apportionment of PM2.5.  These reactive tracers are extra species added to a 3-D AQM 

that track contributions of pollutants from specific source categories.  These tagged species 

undergo the same processes (i.e., wet, dry deposition) within the model as the bulk chemical 

species (Baker and Timin, 2008).  For a pollutant with a total concentration of X with i 

number of sources, a reactive tracer xi is assigned to each source such that the sum of the 

reactive tracers will equal the total concentration of the species (X = ∑xi).  The reactive 

tracers method differs from sensitivity methods in that it has the potential to provide true  
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source apportionment (Yarwood et al., 2005).  Two recently-developed tagged species source 

apportionment methods implemented in two widely-used 3-D AQMs are described further in 

the following sections. 

2.1.2.2.1 The Particulate Source Apportionment Technology (PSAT) 

The Particulate Source Apportionment Technology (PSAT) is a reactive tracers 

algorithm that has been implemented in the Comprehensive Air Quality Model with 

Extensions (CAMx) and is publicly available (Yarwood et al., 2004; Wagstrom et al., 2008).  

PSAT calculates source apportionment using tagged species that undergo the same 

atmospheric processes as the bulk chemical species within the main model, closely 

resembling the methodology of the Ozone Source Apportionment Technology (OSAT) 

(ENVIRON, 2009), also developed by ENVIRON.  PSAT aims to conduct source 

apportionment by solving the change in concentrations of the reactive tracers over each time 

step.  This is accomplished by solving for the production and destruction of the reactive 

tracers due to different processes, as described in equations (2.9) and (2.10), respectively 

(ENVIRON, 2009): 

( ) ( ) i
i i

i

a
a t t a t A

a
      (2.9)

( ) ( ) i
i i

i

b
b t t b t B

b
      (2.10) 

where ai is the reactive tracer for species A, bi is the reactive tracer for species B, and t is the 

model time step. 
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  PSAT is designed to apportion sulfate (SO4
2-

), nitrate (NO3
-
), ammonium (NH4

+
), 

mercury (Hg), secondary organic aerosol (SOA), and six primary PM species (e.g., elemental 

carbon (EC), primary organic aerosol (POA), fine crustal particles, other fine particles, 

coarse crustal particles, and other coarse particles.  Yarwood et al. (2005) provide a complete 

description of the reactive tracers added for each species for the source category of interest 

along with a detailed description of the algorithm‟s formulation.  PSAT is an offline source 

apportionment method that calculates source contributions with separate source 

apportionment algorithms rather than by the host model routines (Baker and Timin, 2008).  

PSAT is advantageous in that it is an efficient method in comparison to the sensitivity 

methods, allowing for source apportionment for several different source categories in a single 

model simulation.  Additionally, it can handle the issues of non-linearity that often limit 

sensitivity methods, and thus have the potential to provide true source apportionment.  

However, a major challenge of PSAT is the development of a feasible manner to assign 

concentration changes to the reactive tracers due to non-linear processes, as there is no 

unique way to accomplish this.  Additionally, because PSAT is designed to apportion each 

PM species to its primary precursor, it is unable to capture the indirect effects and oxidant 

limiting effects that result from interactions between secondary PM species and their gaseous 

precursors.  Wagstrom et al. (2008) developed an online particulate source apportionment 

algorithm (OPSA) that was implemented into a 3-D aerosol chemical transport model 

(PMCAMx) (Gaydos et al., 2007) and compared it with the offline PSAT implemented by 

Yarwood et al. (2005).  The offline PSAT algorithm uses the same equations as the on-line 

algorithm but simplifies the treatment during the transport and removal calculations.  Instead  
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of tracking the source specific species separately, the offline algorithm uses the 

apportionment of the upwind grid cell to apportion each species after the transport 

calculations (Wagstrom et al., 2008).  Wagstrom et al. (2008) found that the offline version 

of PSAT compared well to the more rigorous online algorithm and has the advantage of 

being more computationally efficient and simpler to implement. 

2.1.2.2.2 Tagged Species within CMAQ 

Similar tagged species source apportionment algorithms have also been implemented 

in CMAQ.  The Particle and Precursor Tagging Methodology (PPTM) was initially 

implemented into CMAQ with the capabilities of tagging sulfur, nitrogen, and mercury 

(Myers et al., 2006; ICF International, 2007a, 2007b).  Bhave et al. (2007) later implemented 

tracking of primary organic and elemental carbon.  The Tagged Species Source 

Apportionment (TSSA) algorithm was subsequently developed and implemented into CMAQ 

with the capability of tagging approximately 20 new species (Tonnesen et al., 2005; Wang et 

al., 2009).  Like PSAT, TSSA is advantageous in its efficiency and ability to handle non-

linearity.  Wang et al. (2009) compared TSSA to PSAT and found that the two algorithms 

produced similar results in terms of ranks of source contributions.  They did, however, find 

differences between the source apportionment results from the two algorithms that in many 

cases can be attributed in large part to differences in underlying model formulation (e.g. 

vertical advection scheme, vertical eddy diffusivity values) as opposed to differences in the 

source apportionment methodologies.  Baker and Timin (2008) also found that the two 

algorithms agreed well in determining source contributions. 
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2.1.2.2.3 Comparisons of Source Apportionment and Source Sensitivity 

While comparisons of different sensitivity methods have been widely conducted 

(Dunker et al., 2002a; Hakami et al., 2004; Cohan et al., 2005; Napelenok et al., 2006; Koo et 

al., 2007), as well as a few attempts at comparing different source apportionment methods 

(Baker and Timin, 2008; Wagstrom et al., 2008; Wang et al., 2009), there have been limited 

studies comparing recent tagged species (or “source apportionment”) methods with source 

sensitivity methods.  Dunker et al. (2002b) compared source apportionment of ozone using 

OSAT with first order DDM sensitivities in terms of emissions and initial and boundary 

conditions.  They found that OSAT and DDM agreed reasonably well on the most important 

contributors to the highest ozone concentrations but disagreed on about 20% of the important 

contributors.  Zhang et al. (2005) also compared OSAT with DDM and Process Analysis 

(PA).  They found that the NOx versus VOC-sensitivity of ozone chemistry predicted by the 

three probing tools was similar over most of the domain, except in a few areas where O3 

formation was predicted to be VOC-sensitive by PA and DDM but NOx-limited by OSAT.  

In terms of ranks of O3 contributors, they found that DDM and PSAT agreed well on the sets 

of top 10 O3 contributors, but predicted different rankings among those sets of top 10 

contributors to the highest 1- and 8- hour average O3 concentrations. 

Baek et al. (2005) compared the brute force method with a tagged species algorithm 

in CMAQ (CMAQ-TR) for predicted contributions of 5 source categories to primary organic 

aerosols (POA).  They found that predicted contributions to POA of the 5 source categories 

agreed well between the two methods, as is expected due to the linear relationship between 

emissions and concentrations of POA.  Koo et al. (2009b) provided one of the comprehensive  
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comparisons of source apportionment and source sensitivity for PM.  They compared PSAT 

and DDM to brute-force predicted contributions of point source SO2 emissions, on-road 

mobile source emissions, and anthropogenic NH3 and NOx emissions to PM2.5 contributions 

within CAMx.  PSAT and DDM were compared to the brute-force method for various 

emission reductions of 20 and 100%.  They found that PSAT agreed well with the brute-force 

method in situations where the emissions-concentration relationship was linear (e.g., primary 

aerosols).  They also found that PSAT agreed well with the brute-force method in situations 

where the emission-concentration relationship was highly non-linear but there were no 

indirect effects.  PSAT and BFM disagreed in situations where the emission-concentration 

relationship is highly non-linear and there are significant indirect effects and oxidant-limiting 

effects.   For example, contributions of PSAT to sulfate formation near a large point source 

of SO2 were found to be smaller than the brute-force predicted contributions.  This is due to 

more availability of oxidants when an emission source is completely removed (as is the case 

for BFM); PSAT does not take this indirect effect into account (Koo et al., 2009b).  This is 

an issue that will be discussed in detail in Chapters 4 and 5.
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Table 2.2. Contributions of major sources of PM2.5 from previous studies in the southeastern U.S. in the winter months (expressed in percentage). 

 

Type Site 
Sample 

Date 
Method Species Dust 

Wood 

Smoke 

Diesel 

Vehicles 

Gasoline 

Vehicles 

Sec. 

Sulfate 

Sec. 

Nitrate 
Industry 

Meat 

Cooking 

Vegetative 

Burning 

Coal 

Combustion 
Other 

Urban 
Atlanta, 

GA8 

Jan. 

2002 
PMF-1 PM2.5 2.0 31.9 9.6 11.6 16.0 17.3 3.0   1.7 6.9 

Urban 
Atlanta, 

GA8 

Jan. 

2002 
PMF-2 PM2.5 1.2 23.8   19.5 15.2 7.0   3.2 4.9 

Rural 
Centreville, 

AL9 

Jan. 

2000 
CMB PM2.5 1.4 19.3 10.1 3.4 23.8 10.9  5.1 0.8  24.8 

Urban 
Birmingham

, AL9 

Jan. 

2000 
CMB PM2.5 2.5 27.4 24.1 4.1 17.1 12.1  2.8 1.4  7.3 

Rural 
Oak Grove, 

MS9 

Jan. 

2000 
CMB PM2.5 3.4 32.5 12.8  28.6 8.0  5.0 1.6  8.4 

Urban 
Gulfport, 

MS9 

Jan. 

2000 
CMB PM2.5  19.7 17.0  20.7 5.1  2.3 2.1  33.9 

Rural 
Yorkville, 

GA9 

Jan. 

2000 
CMB PM2.5  23.1 13.5  29.8 14.7  5.6 3.8  12.0 

Urban 
Atlanta, 

GA9 

Jan. 

2000 
CMB PM2.5  31.3 23.2 7.1 17.4 11.5  2.6 4.2  8.1 

Rural 
Pensacola, 

FL9 

Jan. 

2000 
CMB PM2.5  19.5 19.4  23.5 5.0  3.8 11.4  23.1 

Urban 
Pensacola, 

FL9 

Jan. 

2000 
CMB PM2.5 3.7 64.2 22.6 5.0 24.3 5.6   4.7  6.4 

Urban 
Birmingham

, AL10 

Dec. 

2003 

CMB-

MM 
PM2.5 0.0 23.3 15.7 18.2 24.5 1.9 0.0 6.4 3.2 0.0 21.9 

Urban 
Birmingham

, AL10 

Jan. 

2004 

CMB-

MM 
PM2.5 0.8 9.0 25.0 8.9 13.5 4.8 0.0 4.7 0.5 0.0 59.5 

Rural 
Centreville, 

AL10 

Dec. 

2003 

CMB-

MM 
PM2.5 2.4 5.8 6.6 1.0 34.6 0.6 0.0 3.8 1.0 0.0 47.8 

Rural 
Centreville, 

AL10 

Jan. 

2004 

CMB-

MM 
PM2.5 0.1 30.4 1.8 1.4 16.2 1.7 0.0 2.5 3.9 0.0 41.6 

Urban 
Atlanta, 

GA10 

Dec. 

2003 

CMB-

MM 
PM2.5 1.1 9.6 12.7 3.4 32.5 0.8 0.0 3.2 1.1 0.0 49.7 

Urban 
Atlanta, 

GA10 

Jan. 

2004 

CMB-

MM 
PM2.5 0.8 27.7 9.3 12.8 13.9 5.3 0.0 7.6 3.8 0.0 41.7 

Urban 
Pensacola, 

FL10 

Dec. 

2003 

CMB-

MM 
PM2.5 0.3 21.3 4.0 3.4 23.5 0.5 0.0 9.1 9.6 0.0 39.5 

Urban 
Pensacola, 

FL10 

Jan. 

2004 

CMB-

MM 
PM2.5 0.1 21.2 7.1 5.2 17.2 1.0 0.0 5.4 14.7 0.0 38.1 

Urban 
Atlanta, 

GA15 

Jan. 

2002 

CMB-

LGO 
PM2.5 1.4 12.0 9.6 12.1 22.6 13.7    0.5 28.1 



20 
 

Table 2.3. Contributions of major sources of PM2.5 from  previous studies in the southeastern U.S. in the spring months (expressed in percentage). 

 

 

 

 

 

 

 

 

 

Type Site 
Sample 

Date 
Method Species Dust 

Wood 

Smoke 

Diesel 

Vehicles 

Gasoline 

Vehicles 

Sec. 

Sulfate 

Sec. 

Nitrate 
Industry 

Meat 

Cooking 

Vegetative 

Burning 

Coal 

Combustion 
Other 

Rural 

Centreville, 

AL9 

Apr. 

1999 CMB PM2.5 4.3 9.7 12.2 3.6 38.0 2.1  6.3 1.4  22.1 

Urban 

Birmingha

m, AL9 

Apr. 

1999 CMB PM2.5 2.9 16.3 25 5.8 29.6 4.0  2.4 1.4  11.4 

Rural 

Oak Grove, 

MS9 

Apr. 

1999 CMB PM2.5 2.6 20.7 11.4  37.9 2.5  2.7 1.0  21.4 

Urban Gulfport, 

MS9 

Apr. 

1999 CMB PM2.5 2.6 6.0 10.1 0.6 31.5 2.9  0.7 2.0  44.6 

Rural Yorkville, 

GA9 

Apr. 

1999 CMB PM2.5 6.7  15.2  34.1 4.7  3.0 0.9  32.9 

Urban Atlanta, 

GA9 

Apr. 

1999 CMB PM2.5 1.9 11.3 29.9 4.3 31.7 5.2  3.4 1.9  18.6 

Urban Pensacola, 

FL9 

Apr. 

1999 CMB PM2.5 3.0 2.1 13.1  44.1 2.5  1.3 0.5  33.4 

Urban Pensacola, 

FL9 

Apr. 

1999 CMB PM2.5 2.2 11.2 20.9 2.6 32.1 3.3  3.9 0.3  23.1 
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Table 2.4. Contributions of major sources of PM2.5 from previous studies in the southeastern U.S. in the summer months (expressed in percentage). 

 

 

Type Site 
Sample 

Date 
Method Species Dust 

Wood 

Smoke 

Diesel 

Vehicles 

Gasoline 

Vehicles 

Sec. 

Sulfate 

Sec. 

Nitrate 
Industry 

Meat 

Cooking 

Vegetative 

Burning 

Coal 

Combustion 
Other 

- 

36-km 

domain7 

Jul. 

2001 

PM-

CAMx EC 0 11.7 77.7 4.7       8 

- 

36-km 

domain7 

Jul. 

2001 

PM-

CAMx OM 4 10.5 18.3 19       38.3 

Urban Atlanta, GA8 

Jul. 

2001 PMF-1 PM2.5 5.1 9.7 11.6 1.3 41.3 2.9 3.7   1.5 22.9 

Urban 
Atlanta, GA8 

Jul. 

2001 PMF-2 PM2.5 3.2 4.6   51.9 2.5 5.8   2.9 19.8 

Rural 
Centerville, 

AL9 

Jul. 

1999 CMB PM2.5 3.1 1.7 7.5  25.7 0.7   0.2  61 

Urban 
Birmingham, 

AL9 

Jul. 

1999 CMB PM2.5 3.8 3.9 25.5 1.1 33.6 2.4  3.6 0.9  25.3 

Rural 
Oak Grove, 

MS9 

Jul. 

1999 CMB PM2.5 9.9 14.1 10.9  31.8 1.1  9.5 0.7  22.1 

Urban 
Gulfport, MS9 

Jul. 

1999 CMB PM2.5 8.4 5.8 11.3 0.8 30.9 1.4  3.0 1.0  38.2 

Rural 
Yorkville, GA9 

Jul. 

1999 CMB PM2.5 2.0 1.8 7.7  35.2 1.8  1.1 0.3  50.3 

Urban 
Atlanta, GA9 

Jul. 

1999 CMB PM2.5 3.1 2.7 13.7 0.4 35.3 2.8   1.1  41.4 

Urban 
Pensacola, FL9 

Jul. 

1999 CMB PM2.5 3.3 2.7 9.6  31.8 1.4  0.8 0.7  50.2 

Urban 
Pensacola, FL9 

Jul. 

1999 CMB PM2.5 5.6 5.1 13.9 0.6 29.8 1.2  4.7 2.2  38.4 

Urban 
Gulfport, MS14 

Jul. 

1999 

CMAQ-

BFM TC 5.4 20.0 22.3 6.9   3.1 3.8  0.8 36.9 

Rural 
Oak Grove, 

MS14 

Jul. 

1999 

CMAQ-

BFM TC 1.6 20.3 8.9 2.4   12.2 1.6  0.8 51.2 

Urban 
Birmingham, 

AL14 

Jul. 

1999 

CMAQ-

BFM TC 2.3 21.4 13.9 3.3   12.1 3.3  4.3 39.8 

Rural 
Centreville, 

AL14 

Jul. 

1999 

CMAQ-

BFM TC 1.5 17.3 7.5 1.5   3.0 0.8  3.0 63.2 

Urban 
Atlanta, GA14 

Jul. 

1999 

CMAQ-

BFM TC 2.8 14.2 23.9 7.1   11.6 8.0  0.7 32.6 

Rural 
Yorkville, 

GA14 

Jul. 

1999 

CMAQ-

BFM TC 2.4 22.6 12.2 2.7   8.1 2.4  1.7 48.3 

Urban 
Pensacola, 

FL14 

Jul. 

1999 

CMAQ-

BFM TC 3.7 42.6 13.8 4.8   2.7 3.2  1.6 28.2 

Urban 
Atlanta, GA15 

Jul. 

2001 

CMB-

LGO PM2.5 3.8 7.0 6.0 4.4 45.7 3.0    0.5 29.5 
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Table 2.5. Major sources of PM2.5 resolved by previous studies in the southeastern U.S. in the autumn months (expressed in percentage). 

Type Site 
Sample 

Date 
Method Species Dust 

Wood 

Smoke 

Diesel 

Vehicles 

Gasoline 

Vehicles 

Sec. 

Sulfate 

Sec. 

Nitrate 
Industry 

Meat 

Cooking 

Vegetative 

Burning 

Coal 

Combustion 
Other 

Rural 

Centreville, 

AL9 

Oct. 

1999 CMB PM2.5  16.0 10.9  24.4 2.4  8.4 2.2  33.6 

Urban 

Birmingham, 

AL9 

Oct. 

1999 CMB PM2.5 3.5 10.1 32.0 3.6 20.9 4.0  2.7 1.8  19.3 

Rural 

Oak Grove, 

MS9 

Oct. 

1999 CMB PM2.5 1.2 22.1 9.6  29.8 1.2  1.5 0.9  33.6 

Urban 
Gulfport, 

MS9 

Oct. 

1999 CMB PM2.5 1.3 11.5 14.2 1.3 29.9 3.2  3.2 1.8  34.8 

Rural 
Yorkville, 

GA9 

Oct. 

1999 CMB PM2.5 1.0 18.2 8.9  35.4 7.4  2.9 1.1  25.8 

Urban 
Atlanta, GA9 

Oct. 

1999 CMB PM2.5 1.0 18.8 31.1 5.2 26.0 6.4  4.0 1.9  9.7 

Rural 
Pensacola, 

FL9 

Oct. 

1999 CMB PM2.5 2.0 5.5 7.5  32.8 2.3  2.3   47.7 

Urban 
Pensacola, 

FL9 

Oct. 

1999 CMB PM2.5 0.0 14.6 18.5 0.9 30.7 2.3  2.8 3.5  28.6 

Urban 
Birmingham, 

AL10 

Sep. 

2003 

CMB-

MM PM2.5 2.0 11.0 24.4 3.9 29.1 0.0 0.0 2.3 0.3 0.0 38.4 

Urban 
Birmingham, 

AL10 

Oct. 

2003 

CMB-

MM PM2.5 1.8 13.2 28.4 19.5 16.6 1.8 0.0 13.3 1.3 0.0 39.4 

Urban 
Birmingham, 

AL10 

Nov. 

2003 

CMB-

MM PM2.5 0.7 9.5 34.0 5.3 18.0 0.2 0.0 10.3 2.1 0.0 57.0 

Rural 
Centreville, 

AL10 

Sep. 

2003 

CMB-

MM PM2.5 0.9 2.4 1.4 0.0 42.5 0.0 0.0 1.6 0.1 0.0 28.8 

Rural 
Centreville, 

AL10 

Oct. 

2003 

CMB-

MM PM2.5 1.6 1.6 3.5 0.0 24.7 0.0 0.0 3.0 0.7 0.0 57.9 

Rural 
Centreville, 

AL10 

Nov. 

2003 

CMB-

MM PM2.5 0.6 4.6 5.8 0.0 21.8 0.3 0.0 3.8 1.2 0.0 58.1 

Urban 
Atlanta, GA10 

Sep. 

2003 

CMB-

MM PM2.5 1.2 2.7 4.8 0.7 41.8 0.0 0.0 4.1 0.1 0.0 37.3 

Urban 
Atlanta, GA10 

Oct. 

2003 

CMB-

MM PM2.5 3.0 4.7 16.3 1.9 18.0 0.1 0.0 4.8 0.6 0.0 53.5 

Urban 
Atlanta, GA10 

Nov. 

2003 

CMB-

MM PM2.5 0.9 6.9 16.9 4.6 16.1 0.3 0.0 6.6 1.0 0.0 63.0 

Urban 
Pensacola, 

FL10 

Sep. 

2003 

CMB-

MM PM2.5 0.5 8.6 2.6 1.6 38.2 0.0 0.0 4.9 0.9 0.0 29.6 

Urban 
Pensacola, 

FL10 

Oct. 

2003 

CMB-

MM PM2.5 1.7 10.9 3.8 2.5 24.2 0.0 0.0 9.6 1.1 0.0 33.0 

Urban 
Pensacola, 

FL10 

Nov. 

2003 

CMB-

MM PM2.5 0.0 14.3 3.1 3.4 15.1 0.4 0.0 2.9 10.1 0.0 47.5 
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Table 2.6. Major sources of PM2.5  from previous studies in the southeastern U.S. (multi-month, expressed in percentage). 

 

 

Type Site 
Sample 

Date 
Method Species Dust 

Wood 

Smoke 

Diesel 

Vehicles 

Gasoline 

Vehicles 

Sec. 

Sulfate 

Sec. 

Nitrate 
Industry 

Meat 

Cooking 

Vegetative 

Burning 

Coal 

Combustion 
Other 

Urban Atlanta, GA1 

Jan 2000–

Dec 2002 PMF-8 PM2.5 3.1 22.2 10.9 4.4 28.4 8.7 7.5   1.9 12.8 

Rural 

Yorkville, 

GA1 

Jan 2000–

Dec 2002 PMF-8 PM2.5 1.0 16.6 0.3  42.9 15.3 6.6   0.7 16.6 

Urban 

Birmingham, 

AL1 

Jan 2000–

Dec 2002 PMF-8 PM2.5 4.1 10.7 6.4 5.4 27.4 8.1 11.6   8.9 16.4 

Rural 
Centerville, 

AL 1 

Jan 2000–

Dec 2002 PMF-8 PM2.5 1.6 19.2 5.5 2.7 39.8 5.2 8.3   1.5 16.1 

Urban 
Chicago, IL2 2001-2003 CMB PM2.5 2    31 20   11  4 

Urban 
Chicago, IL2 2001-2003 PMF PM2.5 6    37 21 2  5  8 

Urban 
Atlanta, GA3 

Aug1998-

Aug 2000 PMF-2 PM2.5 1.2 10.8   55.7 7.3     2.8 

Urban 
Atlanta, GA4 

Aug1998-

Aug 2000 ME-8 PM2.5 2.2 2.9 11.2 14.6 56.2 8.9     5.9 

Urban 
Atlanta, GA5 

Aug1998-

Aug 2000 PMF-8 PM2.5 2.8 6.5 10.5 6.4 55.6 8.5     9.7 

Urban 
Atlanta, GA6 

Jul, Jan 

2002 CMB PM2.5 6.6 29.7 29.4 31.5      2.8  

Urban 
Atlanta, GA6 

Jul, Jan 

2002 

CMB-

LGO PM2.5 8.0 31.8 31.3 26.8      2.12  

Urban 
Atlanta, GA6 

Jul, Jan 

2002 

CMAQ-

BF PM2.5 33.8 27.3 29.3 8.3      1.3  

Rural 
Yorkville, 

GA6 

Jul, Jan 

2002 CMB PM2.5 6.6 38.9 21.2 30.3      3.0  

Rural 
Yorkville, 

GA6 

Jul, Jan 

2002 

CMB-

LGO PM2.5 10.6 56.5 18.0 11.8      3.1  

Rural 
Yorkville, 

GA6 

Jul, Jan 

2002 

CMAQ-

BFM PM2.5 40.3 38.5 14.9 3.6      2.7  

Urban 
Birmingham, 

AL6 

Jul, Jan 

2002 CMB PM2.5 2.1 21.2 6.5 68.2      2.1  

Urban 
Birmingham, 

AL6 

Jul, Jan 

2002 

CMB-

LGO PM2.5 8.1 39.4 29.3 20.3      3.0  

Urban 
Birmingham, 

AL6 

Jul, Jan 

2002 

CMAQ-

BFM PM2.5 28.8 52.9 14.2 4.2      0  

Rural 
Centerville, 

AL6 

Jul, Jan 

2002 CMB PM2.5 7.7 42.3 12.0 34.1      3.9  

Rural 
Centerville, 

AL6 

Jul, Jan 

2002 

CMB-

LGO PM2.5 11.3 73.2 5.2 8.3      2.1  
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Table 2.6. Continued. 

 

1
 – Liu et al. (2006); 

2
 – Rizzo and Scheff (2007); 

3
 – Kim et al. (2003a); 

4
 – Kim et al. (2003b); 

5
 – Kim et al. (2004); 

6
 – Marmur et al. (2006); 

7
 – Lane et al. 

(2007); 
8
 – Ke et al. (2008); 

9
 – Zheng et al. (2002); 

10
 – Zheng et al. (2006); 

11
 – Marmur et al. (2005); 

12
 – Sarnat et al. (2008); 

13
 – Liu et al. (2005); 

14
 – 

Bhave et al. (2007); 
15

 – Lee et al. (2009) 
 

Type Site 
Sample 

Date 
Method Species Dust 

Wood 

Smoke 

Diesel 

Vehicles 

Gasoline 

Vehicles 

Sec. 

Sulfate 

Sec. 

Nitrate 
Industry 

Meat 

Cooking 

Vegetative 

Burning 

Coal 

Combustion 
Other 

Rural Centerville, 

AL6 

Jul, Jan 

2002 

CMAQ-

BFM PM2.5 14.0 77.5 6.3 1.9      0.4  

Urban Atlanta, 

GA11 

Aug1998-

Aug 2000 

CMB-

LGO PM2.5 7.9  39.9 26     23 3.1 0.1 

Urban Atlanta, 

GA12 

Nov.1998-

Dec. 2001 PMF PM2.5 3 7 13 8 47 6     16 

Urban Atlanta, 

GA12 

Nov.1998-

Dec. 2002 

CMB-

LGO PM2.5 2 6 9 7 39 8     29 

Urban Atlanta, 

GA13 

Jan. 2000- 

Dec. 2002 PMF PM2.5 2 13   37 8 9   3 11 

Rural Yorkville, 

GA13 

Jan. 2000- 

Dec. 2002 PMF PM2.5 2 20   45 7 7   6 13 

Urban Birmingham, 

AL13 

Jan. 2000- 

Dec. 2002 PMF PM2.5 3 9   30 9 10   8 14 
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2.2 Current Status and Major Challenges of Source Apportionment Studies 

2.2.1 Major Sources of Fine Particulate Matter over the Eastern U.S. 

Tables 2.2 – 2.6 summarize source contributions to PM2.5 resolved by major source 

apportionment studies conducted over the eastern U.S.  Biomass burning is the most 

important source of PM2.5 during the winter months in the majority of the studies, with 

contributions ranging from 5.8% - 64.2%.  Diesel vehicles are also an important source at 

most sites in January, with contributions of greater than 10% occurring in the majority of 

studies.  Contributions ranging from 13.5% - 4.6% from secondary sulfate indicate that a 

large portion of PM2.5 mass in the winter months is comprised of secondary sulfate from SO2 

emissions sources, possibly indicating the importance of coal-fired power plants on the 

eastern U.S.  Secondary nitrate is also found to be a significant component of PM mass in 

January, with contributions of 0.5% - 17.3%, possibly indicating the importance NOx 

emissions from motor vehicles.  However, all studies during the winter months utilize 

receptor-oriented source apportionment approaches that are unable to apportion secondary 

PM mass, and thus, the sources of these secondary species cannot be directly inferred.  

Because all studies during the winter months conduct source apportionment using receptor 

models (primarily CMB), the results from studies in the winter months are generally 

comparable.  The largest difference between contributions at urban and rural sites in January 

occurs for gasoline and diesel motor vehicles, with larger contributions from these source 

categories at urban sites due to heavier vehicle traffic in these more densely populated areas.  

Secondary sulfate is the dominant component of PM mass in the spring months, with 

contributions of at least 30% occurring in all studies.  This increased contribution of  
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secondary sulfate to PM in the spring months may be due to warmer temperatures favoring 

SO4
2-

 formation.  Diesel vehicles are again an important source in the spring, with 

contributions ranging from 10.1% - 29.9%.  Secondary nitrate is not as important in the 

spring months, with contributions of less than 5% occurring in most studies.  This may be 

due to warmer temperatures in the spring months not favoring NO3
-
 formation.  Contributions 

from diesel vehicles are again generally larger in urban areas due to increased traffic activity 

in these regions.  Additionally, contributions from dust particles are generally higher at rural 

sites during the spring months.  However, as all studies in spring months utilized CMB, the 

results are generally comparable among studies. 

 Secondary sulfate is again the dominant component of PM mass in the summer 

months, with contributions ranging from 25.7% - 51.9%.  As stated previously, these larger 

contributions are likely due to favorable meteorological conditions for SO4
2-

 formation.  

Diesel vehicles are also an important source of PM2.5 in the summer months, with 

contributions ranging from 6.0% - 77.7%.  Secondary nitrate is also not as important in July 

due to meteorological conditions.  The largest discrepancy between urban and rural sites is in 

contributions of diesel vehicles, with smaller contributions occurring at rural sites.  Source 

apportionment in the summer months was conducted by both receptor-oriented methods (e.g., 

CMB, PMF) and source-oriented methods (e.g., PMCAMx, CMAQ-BFM).  The largest 

difference in contributions between the two source apportionment methods occurs for 

biomass burning contributions, with source-oriented methods generally giving higher 

contributions.  This may indicate uncertainties in emissions of various burning types (e.g., 

prescribed, agricultural) that are used as inputs for the 3-D AQMs as well as uncertainties in 
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simulated mixing depths (i.e., underestimated mixing depths lead to more buildup of PM at 

the surface).  

 Secondary sulfate is the most important source in the majority of the studies 

conducted in autumn months, with contributions ranging from 15.1% - 42.4%.  Diesel 

vehicles and biomass burning are the two other largest sources, with the contributions of 

1.4% - 34.0% and 1.6% - 22.1%, respectively.  Similar to other seasons, diesel and gasoline 

vehicle contributions are generally smaller at rural sites.   

 There is a much more even distribution of source contributions in studies whose 

contributions are averaged over longer time periods, likely due to the loss of seasonal 

variation that occurs when averaging source contributions.  Secondary sulfate, wood 

combustion, gasoline vehicles, and diesel vehicles are generally the largest sources among 

the studies.  The most notable difference between studies using source-oriented and receptor-

oriented approaches is larger contributions from the dust source category from the source-

oriented methods, due possibly to the aforementioned reasons.  For example, Marmur et al. 

(2006) found that BFM gives a contribution of 28.8% from dust particles at Birmingham.  

Conversely, they found that CMB gives a contribution of 2.1% for the same sampling 

location and period.  Diesel and gasoline vehicles again have generally smaller contributions 

at rural sites due to less vehicle activity in these less populated areas. 

2.2.2 Current Status and Major Challenges 

 A number of source apportionment methods have been developed with the goal of 

determining the largest potential contributors to PM2.5 (as well as other pollutants) formation.  

Receptor-oriented approaches aim to infer source contributions based on a speciated sample  
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taken at a specific observation site.  A main area of development for CMB approaches has 

been the identification of unique organic tracers that can help distinguish specific sources and 

thus reduce the impacts of co-linearity between source profiles.  For CMB, which requires 

prior knowledge of the composition of emission source impacting the receptor, advances in 

the development of the U.S. EPA‟s SPECIATE database will also help advance the reliability 

of this method (SPECIATE is the U.S. EPA‟s database of total organic compound (TOC) and 

particulate matter (PM) speciation profiles of air pollution sources).  The growth of this 

database will lead to improvements in the ability of CMB to distinguish additional sources.  

More development in the receptor-oriented approaches has come in the factor analytic 

techniques (e.g., PMF) that aim to conduct source apportionment in situations where source 

profiles are not known.  The main area of interest has been developing new and efficient 

ways in which to solve equation (2.1).  Methods such as PMF2 and the multilinear engine 

(ME) have been developed in order to solve the various PMF factor analysis least-squares 

problems.  Generally speaking, receptor models are limited by the frequency and quality of 

observational data.  As the EPA continues to refine federal standards for PM2.5, further 

implementation of more advanced monitoring techniques will provide a more extensive 

source observational data that can be used for receptor-oriented source apportionment 

methods.  In addition to a greater spatial coverage of monitoring networks, improvements in 

the structure and accuracy of the monitoring equipment are needed in order to ensure reliable 

observation data is used for analysis. 

As discussed, source-oriented methods have been of recent development in order to 

address the spatial limitations of receptor-oriented approaches.  However, these source- 
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oriented methods are limited by the accuracy and reliability of the 3-D AQMs that they 

utilize.  In order to produce more reliable source contributions, there must be continued 

development and refinement of the representation of physical processes (e.g., meteorology, 

dynamics, thermodynamics) within these models.  Improved estimation of emissions from 

various sources is also essential in improving the accuracy of simulated concentrations of 

both gaseous and PM species.  Sensitivity analysis methods are conceptually simple 

approaches that are advantageous due to their direct relationship to the development of 

control strategies; however, they are limited by their inability to handle non-linearity as well 

as their relative inefficiency.  Developments of more advanced methods (e.g., DDM) have 

led to more computationally-efficient sensitivity methods; however, they suffer the same 

inability to handle non-linearity in the formation of secondary PM species due to their 

limitation to first-order sensitivities.  Recent studies have developed a higher order DDM that 

computes higher order sensitivities, though its use has generally been limited to gaseous 

species.  More recent studies have attempted the implementation of higher order DDM for 

PM species (Zhang et al., 2010).  Further development of higher order DDM for calculating 

sensitivities for PM species is needed in order to more efficiently calculate higher order 

sensitivities that better represent non-linear processes in PM formation.  An alternative to 

sensitivity methods, known as tagged species methods, has recently been developed and 

implemented.  While these methods are able to handle the non-linearity that limits various 

sensitivity analysis methods, there needs to be further work in addressing the interactions of 

different PM species and their relationships with gaseous precursors through aerosol 

thermodynamic partitioning. 
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Perhaps the greatest challenge in all source apportionment methods is determining a 

reasonable manner in which to evaluate the resolved source contributions, as their accuracy is 

vital if they are to be used in the development of regulation.  The results of source-oriented 

methods can be indirectly evaluated by assessing how well the model correctly simulates the 

temporal and spatial concentrations of the observed air pollutants.  However, good agreement 

between model predictions and measurements does not always indicate that the predicted 

source impacts are correct, as there may be compensatory errors within the model (US EPA, 

2007; Zhang et al., 2009).  The evaluation of receptor-oriented approaches is an even larger 

issue.  It has been suggested that models can be tested on certain days in which impacts from 

specific sources are known to dominate.  Additional studies have aimed to compare results of 

various receptor models with the thought that agreement between models may be indicative 

of a good performance.  However, this may not be true as agreement between models may 

simply indicate a common assumption or limitation in their formulations.  The development 

of a feasible manner in which to evaluate source apportionment results is a major challenge 

that requires further work in order to assure reliability and accuracy of source apportionment 

results. 
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CHAPTER 3. SOURCE APPORTIONMENT METHODOLOGIES AND 

BASELINE SIMULATIONS 

 

 

Two source apportionment methods, the BFM within CMAQ and PSAT within 

CAMx, are used in this research to conduct source apportionment of PM2.5 for 10 major 

source categories at a 12-km horizontal grid spacing over the eastern U.S. in January and 

July 2002.  Figure 3.1 shows the 12-km domain covering the eastern U.S.  Both CMAQ and 

PSAT use meteorological fields simulated by the Pennsylvania State University 

(PSU)/National Center for Atmospheric Research (NCAR) 5
th

 generation mesoscale model 

(MM5) (Grell et al., 1995). The following sections will provide descriptions of MM5, 

CMAQ, and CAMx used in this research and the simulation design for source apportionment 

using CMAQ and CAMx.  In addition, the CMAQ and CAMx baseline simulations will be 

evaluated in terms of surface concentrations of O3 and PM2.5 as well as column abundance 

and optical properties of chemical species. 

3.1 Modeling System 

3.1.1 MM5 

 MM5 (Grell et al., 1995) version 3.7 with Four Dimensional Data Assimilation 

(FDDA) is used to simulate meteorological fields used in this research.  The simulation is 

conducted by Olerud and Sims (2003) in support of the Visibility Improvement State and 

Tribal Association of the Southeast (VISTAS).  Table 3.1, modified from Olsen (2009), lists 

configurations used for the 12-km MM5 simulation conducted by Olerud and Sims (2003).  

The boundary and initial conditions for the 12-km simulation are extracted from the 36-km 

simulation conducted by VISTAS.  The boundary and initial conditions for the 36-km  
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Figure 3.1. The domain used in this research: 12-km horizontal grid spacing over the 

eastern U.S. 
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Table 3.1. MM5 model configurations used in this work (Olsen, 2009). 

Horizontal Grid Spacing 12-km 

Number of Grid Cells 168 in x-direction, 177 in y-direction 

Vertical Spacing 34 layers from 0 to15 km; 1
st
 layer height of 36 m 

Land Surface Model Pleim-Xu 

Planetary Boundary Layer Model Pleim-Xu (Axisymetric Convective Model) 

Cloud Microphysics Reisner 1 (Mixed Phase) 

Cumulus Scheme Kain-Fritsch 2  

Shallow Convection None 

Longwave Radiation Rapid Radiative Transfer Model (RRTM) 

Shortwave Radiation Cloud-Radiation 

Analysis Nudging  

Temperature Aloft (nudging coefficient: 1×10
-4

) 

Moisture Aloft (nudging coefficient: 1×10
-5

) 

Wind (u and v) Surface and Aloft (nudging coefficient: 1×10
-4

) 

Observational Nudging None 
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simulation are extracted from the Eta 4-Dimesional Data Assimilation System (Olerud and 

Sims, 2003).  The meteorological fields are prepared for CMAQ using Meteorology-

Chemistry Interface Processor (MCIP) (Byun et al., 1999) version 3.1 and for CAMx using 

the MM5CAMx preprocessor available from ENVIRON 

(www.camx.com/down/support.php).  

3.1.2 SMOKE 

 The emissions inventory used in this research is based on the 1999 National 

Emissions Inventory version 2 and is provided by Alpine Geophysics, Inc.  The emissions are 

processed using the Sparse Matrix Operator Kernel Emissions (SMOKE) version 2.1 

(http://www.smoke-model.org/index.cfm).  SMOKE prepares hourly, gridded, speciated files 

based on the emissions inventories provided.  Biogenic emissions are modeled within 

SMOKE using the Biogenic Emissions Inventory System (BEIS), version 3.09, and mobile 

sources are modeled using MOBILE6.  The SMOKE output files are converted to binary 

format for use within CAMx using CMAQ2CAMx, a preprocessor tool available from 

ENVIRON (http://www.camx.com/down/support.php). 

3.1.3 CMAQ/BFM 

 CMAQ version 4.5.1 with the BFM is used in this study to set up source sensitivity 

simulations.  CMAQ is configured identically to VISTAS Phase II modeling 

(http://www.vistassesarm.org/documents/FinalDocs.asp).  The model configurations are 

shown in Table 3.2 (modified from Olsen (2009)).  Boundary and initial conditions for the 

12-km domain are extracted from 36-km simulations completed by VISTAS (Morris et al., 

2007).  The boundary and initial conditions for the 36-km simulation were based on the 2002  

 

http://www.camx.com/down/support.php
http://www.camx.com/down/support.php
http://www.vistassesarm.org/documents/FinalDocs.asp)
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simulation of GEOS-CHEM. 

 The BFM, described in section 2.1.2.1.2, is used to conduct source apportionment for 

the 10 source categories examined in this study for both January and July of 2002.  

Emissions of all species from each source category are excluded, one at a time, for each 

sensitivity simulation.  The difference in simulated PM2.5 between the baseline and 

sensitivity simulations is attributed as the contribution of that source category to PM2.5 

concentrations. 

3.1.4 CAMx/PSAT 

 PSAT, as described in section 2.1.2.2.1, has been implemented by ENVIRON, Inc. in 

CAMx version 5.00.  Baseline emissions as well as the emissions of each source category 

examined in PSAT are identical to those used in the BFM within CMAQ.  Model 

configurations similar to CMAQ are selected for CAMx wherever possible in order to 

minimize differences between baseline simulations.  Olsen (2009) provides a detailed 

explanation of the main differences between CAMx and CMAQ (see Table 3.2).  These 

include differences in SOA modules, vertical mixing schemes, wet and dry deposition 

modules, and PM size representations.  The selection of different 3-D AQMs for each 

respective SA method (e.g., BFM and PSAT) allows for insights into the strengths and 

weaknesses of the respective models in addition to the SA methods. 

3.2 Episode Description 

As mentioned, the source apportionment for this research is completed for January 

and July of 2002.  Morris et al. (2007) provide an explanation for the selection of 2002 by 

VISTAS for their base year simulations.  2002 meets EPA guidelines under the Regional  
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Table 3.2. CMAQ and CAMx configurations used in this research (Olsen, 2009). 

PPM: Piecewise Parabolic Method; CB-IV: Carbon Bond IV; RADM: Regional Acid 

Deposition Model; SORGAM: Secondary Organic Aerosol Model; SOAP: Secondary 

Organic Aerosol Partitioning; M3DRY: Models 3 Dry Deposition Module. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 CMAQ v4.51 CAMx v5.00 

Horizontal Advection Yamartino-Blackman Cubic PPM 

Horizontal Diffusion Explicit Explicit 

Vertical Advection Yamartino-Blackman Cubic Implicit 

Vertical Diffusion Semi-Implicit K-theory Implicit 

Gas-Phase Chemistry CB-IV CB-IV  

Aqueous Phase Chemistry RADM RADM 

PM Size Representation Modal (i.e., nuclei, 

accumulation, coarse) 

Sectional (2 bins) 

Inorganic Aerosol 

Thermodynamics 

ISORROPIA v1.5 ISORROPIA v1.6 

Secondary Organic Aerosols SORGAM SOAP 

Dry Deposition M3DRY Wesley (1989) 

Wet Deposition Accumulation and coarse 

mode particles absorbed in 

water; nuclei mode slowly 

scavenged; Henry‟s law for 

gases 

All PM assumed in 

cloud water; Henry‟s 

law for gases 
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Haze Rule that requires a representative modeling year to capture the best 20% and worst 

20% visibility days at Class I monitoring sites between the years 2000-2004.  January and 

July are selected to represent a typical winter and summer month, respectively, for the source 

apportionment conducted in this thesis.  

The selection of both a winter and summer month allows for insight into the possible  

effects of seasonality on emissions and source contributions.  According to the National 

Climatic Data Center, January 2002 is ranked as the seventh warmest January in record.  The 

nationally averaged temperature in this month is 2.5ºC above historical averages.  The 

Northeast U.S. and Upper Midwest had an especially warm winter, with mean temperatures 

more than 5 ºC above historical means in most areas.  Precipitation in January of 2002 is near 

historic averages throughout the majority of the 12-km domain, with some coastal states in 

New England being slightly below average.  July 2002 is also warmer than historical 

averages nationally and is ranked as the 5
th

 warmest July on record.  The nationally-averaged 

temperature (24.7 ºC) in this month is 1.2 ºC above the long-term mean.  Most of the 12-km 

domain is below average for precipitation in July 2002, with some areas in New England 

being much below average. 

It has been well established that meteorological conditions can have significant 

impacts on both emissions and also the fate of these pollutants once they reach the 

atmosphere.  Summer months are typically warmer and have stronger solar radiation, thus 

promoting photolysis and the formation of ozone and other pollutants that favor warm 

temperatures for formation (e.g., SO4
2-

).  In the winter, temperatures are typically colder and 

thus sources emitting large amounts of NOx may become more important, as colder 
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temperatures strongly favor NO3
-
 formation.  The work in this thesis will assess potential 

impacts of seasonality on source contributions. 

3.3 Evaluation of Baseline Simulations 

Source apportionment of any pollutant within a 3-D AQM can only be as accurate the 

host model that is used.  It is important to be aware of the limitations of 3-D AQMs in 

accurately reproducing concentrations of chemical species when considering the resolved 

source contributions produced by these models.  When conducting source apportionment 

using 3-D AQMs, it is essential to validate the baseline simulations by evaluating against 

surface observations in order to gain an understanding of the possible uncertainties in the 

accuracy of the source apportionment results.  In this section, the CMAQ and CAMx baseline 

simulations will be evaluated in terms of surface concentrations of O3 and PM2.5 as well as 

column abundance and optical properties of chemical species based on satellite data.  

Meteorology will not be evaluated in this thesis, as evaluation of these variables has already 

been conducted in previous works (Olerud and Sims, 2004; Olsen, 2009).  For example, 

Olsen (2009) found that MM5 at 12-km underpredicted temperature in January and 

overpredicted in July.  Both relative humidity and wind speed are overpredicted in January, 

while precipitation is overpredicted by ~13%.  In July, relative humidity and wind speed are 

both overpredicted, while precipitation is overpredicted by ~115%.  These results are 

consistent with similar evaluations conducted by Olerud and Sims (2004). 

3.3.1 Observational Datasets 

The collection of observational data, particularly PM2.5 concentrations, has become 

increasingly important as federal standards continue to become more stringent.  This data can  
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be used for verification of attainment under the NAAQS and also for validation of air quality 

forecasts.  The networks used in this research include the Clean Air Status and Trends 

Network (CASTNET) (http://www.epa.gov/castnet), the Speciation Trends Network (STN), 

the Interagency Monitoring of Protected Visual Environments (IMPROVE) network 

(http://vista.cira.colostate.edu/improve), the Southeastern Aerosol Research and 

Characterization (SEARCH) network (http://www.atmospheroc-

research.com/studies/SEARCH/index.html), the Aerometric Information Retrieval System – 

Air Quality Subsystem (AIRS-AQS) (http://www.epa.gov/ttn/airs/airsaqs), and the National 

Acid Deposition Program (NADP).  These networks are used to evaluate model predictions 

in the surface layer.  In order to evaluate the model through the depth of the troposphere, 

satellite data are also used.  Data from the following satellites are used:  the Moderate 

Resolution Imaging Spetroradiometer (MODIS) (http://modis.gsfc.nasa.gov), the 

Measurements of Pollution in the Troposhpere (MOPITT) 

(http://terra.nasa.gov/About/MOPITT/index.php), the Global Ozone Monitoring Experiment 

(GOME) (http://earth.esa.int/erc/home/), and the Total Ozone Mapping Spectrometer 

(TOMS) (http://jwocky.gsfc.nasa.gov).  Table 3.3 summarizes information on the networks 

and satellites used in this research. 

3.3.2 Evaluation Protocol 

 The baseline simulations in this thesis are compared to observations using statistical 

evaluation.  In order to compare model simulations against observations, simulation data for 

the species of interest are extracted at the grid cell that corresponds to the monitoring site that 

is being used for observation.  The parameters used for statistical evaluation include:  

  

http://www.epa.gov/castnet
http://vista.cira.colostate.edu/improve
http://www.atmospheroc-research.com/studies/SEARCH/index.html
http://www.atmospheroc-research.com/studies/SEARCH/index.html
http://www.epa.gov/ttn/airs/airsaqs
http://modis.gsfc.nasa.gov/
http://terra.nasa.gov/About/MOPITT/index.php
http://earth.esa.int/erc/home/
http://jwocky.gsfc.nasa.gov/
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Table 3.3. The observational networks and satellites used in model evaluation, as well as 

the variables evaluated, the sampling frequency, and the number of sites 

within the 12-km domain. 

 

Network 

Variables 
Sampling 

Frequency 

Number of 

Sites 

(PM/AOD) 

Number of 

Sites (Gas) 
Gas PM 

AIRS-AQS O3 

PM2.5, NH4
+
, 

SO4
2-

, NO3
-
, 

BC, OC, TC 

Hourly ~650 
~192 (January) 

~683 (July) 

IMPROVE ---- 

PM2.5, SO4
2-

, 

NO3
-
, BC, 

OC, TC 

24-hour average 

(1-in-3 day) 
~32 ---- 

CASTNET O3 
SO4

2-
, NO3

-
, 

NH4
+
 

Hourly for O3; 

7-day average 

for PM species 

~45 ~45 

STN ---- 

PM2.5, SO4
2-

, 

NO3
-
, NH4

+
, 

TC 

24-hour average 

(daily, 1-in-3, 

or 1-in-6 day) 

~97 ---- 

SEARCH O3 

PM2.5, SO4
2-

, 

NO3
-
, NH4

+
, 

BC, OC, TC 

24-hour average 

and continuous 
~100 ~3 

NADP ---- 

Wet 

deposition of 

SO4
2-

, NO3
-
, 

NH4
+ 

Weekly Total ~100 ---- 

MOPITT CO ---- 
3-day global 

coverage 
---- Domain-wide 

GOME NO2 ---- 
3-day global 

coverage 
---- Domain-wide 

TOMS O3 ---- 
Daily global 

coverage 
---- Domain-wide 

MODIS ---- AOD 
Daily global 

coverage 
Domain-wide ---- 
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normalized mean bias (NMB), normalized mean error (NME), correlation coefficient (Corr), 

mean bias (MB), mean absolute gross error (MAGE), root mean square error (RMSE), mean 

normalized bias (MNB), mean normalized gross error (MNGE), fractional bias (FB), 

fractional gross error (FGE), normalized mean fractional bias (NMFB), normalized mean 

fractional gross error (NMFGE), mean normalized fractional bias (MNFB), mean normalized 

gross fractional error (MNGFE), normalized mean bias factor (NMBF), and normalized 

mean error factor (NMEF).  Their definitions can be found in Zhang et al. (2006a). 

In addition to statistical evaluation, each PM2.5 species as well as ozone will be 

evaluated spatially against observations.  This thesis will include spatial plots that consist of 

monthly-mean simulated values of species of interest overlaid with monthly-mean observed 

values. 

3.3.3 Surface Evaluation of O3 and PM2.5 

 Tables 3.4-3.19 show the statistical evaluation for PM species (i.e., PM2.5, NH4
+
, 

SO4
2-

, NO3
-
, BC, OC, and total carbon (TC = BC + OC)) and maximum 1- and 8-hour 

average O3 concentrations for January and July, respectively, for both CMAQ and CAMx.  

Different networks use different protocols to distinguish OC from EC.  STN and AIRS-AQS 

use the Thermal Optical Transmittance (TOT) method (U.S. EPA, 1999), which is different 

from the Thermal Optical Reflectance (TOR) protocol used at IMPROVE and SEARCH 

(Hansen et al., 2003; Yu et al., 2004, 1007) (the latter is consistent with the protocol used to 

estimate OC and EC emissions in the NEI used in CMAQ).  The observed OC data from 

STN are thus not comparable with those of IMPROVE and SEARCH as well as the model 

predictions.  TC, instead of separate EC and OC, at the STN site is therefore used to evaluate  
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Table 3.4. Performance Statistics for O3 in January 2002. 

 

 

  

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square Error; MNB: Mean 

Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; NME: Normalized Mean Error; FB: Fractional 
Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: 

Normalized Mean Bias Factor; NMEF: Normalized Mean Error Factor 

 

Variable 1-hour max O3 (ppb) 

Network AIRS-AQS CASTNET SEARCH 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 6191 1321 62 

MeanObs 31.26 33.37 34.38 

MeanMod 32.46 35.40 34.87 36.17 31.51 35.02 

Corr 
0.72 0.72 0.68 0.68 0.64 0.65 

MB 0.83 3.78 1.49 2.77 -2.86 0.65 

MAGE 6.24 7.53 5.93 6.80 7.13 6.97 

RMSE 8.05 9.61 7.47 8.62 8.98 8.93 

MNB 0.09 0.19 0.07 0.10 -0.05 0.05 

MNGE 0.26 0.31 0.20 0.23 0.23 0.23 

NMB 0.03 0.12 0.04 0.08 -0.08 0.02 

NME 0.20 0.24 0.18 0.20 0.21 0.20 

FB 0.02 0.10 0.03 0.06 -0.10 0.00 

FGE 0.22 0.25 0.18 0.20 0.24 0.23 

NMFB 0.03 0.11 0.04 0.08 -0.09 0.02 

NMFGE 0.20 0.23 0.17 0.20 0.22 0.20 

MNFB 0.04 0.14 0.04 0.08 -0.14 -0.02 

MNGFE 0.31 0.36 0.22 0.25 0.32 0.30 

NMBF 0.03 0.12 0.04 0.08 -0.09 0.02 

NMEF 0.20 0.24 0.18 0.20 0.23 0.20 

Variable 8-hour max O3 (ppb) 

Network AIRS-AQS CASTNET SEARCH 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 6189 1317 61 

MeanObs 26.27 30.14 27.71 

MeanMod 28.28 30.73 32.13 33.49 26.28 27.50 

Corr 0.72 0.73 0.66 0.66 0.74 0.76 

MB 1.61 4.08 1.99 3.35 -1.43 1.75 

MAGE 6.05 7.27 6.01 7.01 6.12 6.32 

RMSE 7.66 9.22 7.56 8.76 7.60 7.90 

MNB 0.14 0.24 0.10 0.15 -0.02 0.09 

MNGE 0.31 0.37 0.23 0.27 0.25 0.26 

NMB 0.06 0.15 0.07 0.11 -0.05 0.06 

NME 0.23 0.27 0.20 0.23 0.22 0.23 

FB 0.05 0.12 0.05 0.09 -0.07 0.04 

FGE 0.25 0.28 0.20 0.23 0.26 0.25 

NMFB 0.06 0.14 0.06 0.11 -0.05 0.06 

NMFGE 0.22 0.25 0.19 0.22 0.23 0.22 

MNFB 0.08 0.19 0.08 0.12 -0.10 0.05 

MNGFE 0.37 0.42 0.26 0.29 0.34 0.31 

NMBF 0.06 0.15 0.07 0.11 -0.05 0.06 

NMEF 0.23 0.27 0.20 0.23 0.23 0.23 
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Table 3.5. Performance Statistics for monthly-mean PM2.5 in January 2002.  

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square Error; MNB: Mean 

Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; NME: Normalized Mean Error; FB: Fractional 
Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: 

Normalized Mean Bias Factor; NMEF: Normalized Mean Error Factor, INF: Infinity 

 

 

 

 

 

 

 

 

 

 

Variable PM2.5 (µg m
-3

) 

Network SEARCH STN IMPROVE AIRS-AQS 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 1218 518 292 8489 

MeanObs 10.23 12.87 7.70 12.98 

MeanMod 15.56 16.62 16.75 16.67 9.14 9.29 15.10 14.5 

Corr 
0.36 0.34 0.48 0.46 0.69 0.68 0.58 0.51 

MB 5.33 6.39 3.88 3.80 1.45 1.60 2.12 1.52 

MAGE 7.90 8.45 6.28 6.32 2.93 2.78 4.73 4.79 

RMSE 10.54 12.06 9.27 9.94 3.98 3.89 7.22 7.68 

MNB 0.82 0.78 0.43 0.41 0.28 0.31 0.24 0.19 

MNGE 1.01 0.90 0.59 0.57 0.46 0.43 0.42 0.41 

NMB 0.52 0.63 0.30 0.30 0.19 0.21 0.16 0.12 

NME 0.77 0.83 0.49 0.49 0.38 0.36 0.36 0.37 

FB 0.36 0.46 0.20 0.18 0.13 0.18 0.11 0.05 

FGE 0.65 0.62 0.41 0.40 0.37 0.33 0.33 0.34 

NMFB 0.41 0.48 0.26 0.26 0.17 0.19 0.15 0.11 

NMFGE 0.61 0.63 0.42 0.43 0.35 0.33 0.34 0.35 

MNFB -0.89 0.73 0.34 Inf 0.20 0.27 0.15 Inf 

MNGFE 3.72 2.43 0.69 Inf 0.54 0.47 0.50 Inf 

NMBF 0.52 0.63 0.30 0.30 0.19 0.21 0.16 0.12 

NMEF 0.77 0.83 0.49 0.49 0.38 0.36 0.36 0.37 
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Table 3.6. Performance Statistics for monthly-mean BC in January 2002. 

 

 

 

 

 

 

 

 

 

 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square Error; MNB: Mean 
Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; NME: Normalized Mean Error; FB: Fractional 

Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: 
Normalized Mean Bias Factor; NMEF: Normalized Mean Error Factor 

 

 

 

 

 

 

 

 

 

 

Variable BC (µg m
-3

) 

Network IMPROVE SEARCH 

Model CMAQ CAMx CMAQ CAMx 

Number 294 743 

MeanObs 0.43 1.50 

MeanMod 0.42 0.45 1.89 2.38 

Corr 0.50 0.51 0.16 0.15 

MB -0.02 0.01 0.38 0.87 

MAGE 0.19 0.18 1.45 1.73 

RMSE 0.34 0.35 2.05 2.41 

MNB 0.02 0.10 1.30 2.02 

MNGE 0.44 0.41 1.62 2.24 

NMB -0.04 0.03 0.25 0.58 

NME 0.44 0.42 0.97 1.15 

FB -0.14 -0.04 0.34 0.54 

FGE 0.43 0.36 0.81 0.85 

NMFB -0.04 0.03 0.23 0.45 

NMFGE 0.45 0.42 0.86 0.89 

MNFB -0.29 -0.04 -0.24 1.83 

MNGFE 0.74 0.54 3.16 2.44 

NMBF -0.04 0.03 0.25 0.58 

NMEF 0.46 0.42 0.97 1.15 
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Table 3.7. Performance Statistics for monthly-mean OC in January 2002. 

 

 

 

 

 

 

 

 

 

 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square Error; MNB: Mean 
Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; NME: Normalized Mean Error; FB: Fractional 

Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: 
Normalized Mean Bias Factor; NMEF: Normalized Mean Error Factor 

 

 

 

 

 

 

 

 

 

 

Variable OC (µg m
-3

) 

Network IMPROVE SEARCH 

Model CMAQ CAMx CMAQ CAMx 

Number 294 62 

MeanObs 2.25 3.44 

MeanMod 1.49 1.59 2.96 3.54 

Corr 0.54 0.52 0.82 0.71 

MB -0.12 -0.01 -0.48 0.11 

MAGE 0.70 0.73 0.97 1.21 

RMSE 1.09 1.16 1.29 1.51 

MNB 0.05 0.13 0.00 0.21 

MNGE 0.48 0.49 0.35 0.47 

NMB -0.07 -0.01 -0.14 0.03 

NME 0.44 0.45 0.28 0.35 

FB -0.13 -0.05 -0.11 0.04 

FGE 0.45 0.42 0.30 0.36 

NMFB -0.08 -0.01 -0.15 0.03 

NMFGE 0.45 0.46 0.30 0.35 

MNFB -0.27 -0.07 -0.09 0.13 

MNGFE 0.80 0.68 0.44 0.55 

NMBF -0.08 -0.01 -0.16 0.03 

NMEF 0.47 0.46 0.33 0.35 
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Table 3.8. Performance Statistics for monthly-mean TC in January 2002. 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square Error; MNB: Mean 

Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; NME: Normalized Mean Error; FB: Fractional 
Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: 

Normalized Mean Bias Factor; NMEF: Normalized Mean Error Factor, INF: Infinity 

 

 

 

 

 

 

 

 

 

Variable TC (µg m
-3

) 

Network IMPROVE SEARCH STN AIRS-AQS 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 294 1132 633 620 

MeanObs 2.03 5.41 5.31 4.91 

MeanMod 1.90 2.04 5.47 3.71 3.94 3.94 3.65 3.64 

Corr 0.55 0.53 
0.38 0.32 0.28 0.28 0.38 0.55 

MB -0.13 0.00 0.05 -1.61 -1.38 -1.38 -1.27 -3.89 

MAGE 0.85 0.88 3.60 2.80 2.90 2.90 2.23 4.64 

RMSE 1.37 1.45 4.92 4.11 4.30 4.30 3.11 7.90 

MNB 0.03 0.11 0.97 0.19 0.25 0.25 -0.01 -0.34 

MNGE 0.45 0.45 1.36 0.83 0.87 0.87 0.61 0.67 

NMB -0.07 0.00 0.01 -0.30 -0.26 -0.26 -0.26 -0.52 

NME 0.42 0.43 0.67 0.53 0.55 0.55 0.45 0.62 

FB -0.14 -0.05 0.15 -0.32 -0.29 -0.29 -0.33 -0.70 

FGE 0.43 0.39 0.72 0.58 0.58 0.58 0.51 0.83 

NMFB -0.07 0.00 0.01 -0.36 -0.30 -0.30 -0.30 -0.70 

NMFGE 0.43 0.43 0.66 0.62 0.63 0.63 0.52 0.83 

MNFB -0.26 -0.06 0.55 -0.49 Inf Inf -0.45 Inf 

MNGFE 0.74 0.62 1.78 1.50 Inf Inf 1.06 Inf 

NMBF -0.07 0.00 0.01 -0.43 -0.35 -0.35 -0.35 -1.07 

NMEF 0.45 0.43 0.67 0.75 0.74 0.74 0.61 1.28 
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Table 3.9. Performance Statistics for monthly-mean NO3
-
 in January 2002. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square Error; MNB: Mean 

Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; NME: Normalized Mean Error; FB: Fractional 
Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: 

Normalized Mean Bias Factor; NMEF: Normalized Mean Error Factor, INF: Infinity 

 

Variable NO3
- (µg m-3) 

Network SEARCH STN CASTNET 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 1319 565 173 

MeanObs 1.66 3.67 2.25 

MeanMod 2.60 1.68 3.81 3.33 2.33 1.71 

Corr 0.25 0.18 0.48 0.47 0.73 0.70 

MB 0.94 0.01 0.14 -0.35 0.08 -0.54 

MAGE 1.90 1.51 2.07 2.09 0.95 1.11 

RMSE 2.68 2.25 3.02 3.11 1.26 1.40 

MNB 2.94 1.61 0.34 0.10 0.54 0.02 

MNGE 3.45 2.42 0.75 0.71 0.88 0.71 

NMB 0.57 0.01 0.04 -0.09 0.04 -0.24 

NME 1.15 0.91 0.57 0.57 0.42 0.49 

FB 0.16 -0.35 -0.01 -0.26 0.07 -0.32 

FGE 1.04 1.11 0.60 0.70 0.56 0.69 

NMFB 0.44 0.01 0.04 -0.10 0.04 -0.27 

NMFGE 0.89 0.90 0.55 0.60 0.42 0.56 

MNFB Inf Inf Inf Inf -8.24 -16.14 

MNGFE Inf Inf Inf Inf 9.65 16.87 

NMBF 0.57 0.01 0.04 -0.10 0.04 -0.31 

NMEF 1.15 0.91 0.57 0.63 0.42 0.65 

Network IMPROVE AIRS-AQS 

Model CMAQ CMAQ CMAQ CAMx 

Number 292 545 

MeanObs 1.48 3.12 

MeanMod 1.79 3.65 3.65 3.10 

Corr 0.76 0.64 0.64 0.63 

MB 0.31 0.52 0.52 -0.02 

MAGE 0.83 1.48 1.48 1.54 

RMSE 1.26 2.25 2.25 2.22 

MNB 0.32 0.30 0.30 0.05 

MNGE 0.86 0.64 0.64 0.64 

NMB 0.21 0.17 0.17 -0.01 

NME 0.56 0.48 0.48 0.49 

FB -0.16 0.03 0.03 -0.27 

FGE 0.74 0.50 0.50 0.65 

NMFB 0.19 0.16 0.16 -0.01 

NMFGE 0.51 0.44 0.44 0.49 

MNFB Inf -1.05 -1.05 Inf 

MNGFE Inf 1.99 1.99 Inf 

NMBF 0.21 0.17 0.17 -0.01 

NMEF 0.56 0.47 0.47 0.50 
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Table 3.10. Performance Statistics for monthly-mean SO4
2-

 in January 2002. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square Error; MNB: Mean 

Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; NME: Normalized Mean Error; FB: Fractional 
Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: 

Normalized Mean Bias Factor; NMEF: Normalized Mean Error Factor, INF: Infinity 

 

Variable SO4
2-

 (µg m
-3

) 

Network SEARCH STN CASTNET 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 1334 645 173 

MeanObs 2.23 3.36 2.46 

MeanMod 2.54 3.73 2.58 3.10 1.87 2.35 

Corr 0.16 0.13 0.30 0.28 0.55 0.39 

MB 0.32 1.51 -0.78 -0.26 -0.59 -0.11 

MAGE 1.43 2.21 1.51 1.61 0.63 0.66 

RMSE 2.03 3.42 2.78 2.88 0.78 0.82 

MNB 1.06 2.18 0.47 0.67 -0.22 -0.02 

MNGE 1.42 2.39 0.93 1.02 0.25 0.27 

NMB 0.14 0.68 -0.23 -0.08 -0.24 -0.05 

NME 0.64 0.99 0.45 0.48 0.26 0.27 

FB 0.10 0.41 -0.19 -0.05 -0.27 -0.07 

FGE 0.62 0.69 0.42 0.43 0.29 0.27 

NMFB 0.13 0.51 -0.26 -0.08 -0.27 -0.05 

NMFGE 0.60 0.74 0.51 0.50 0.29 0.28 

MNFB 0.05 2.07 0.08 Inf -0.35 -0.09 

MNGFE 2.43 2.49 1.32 Inf 0.37 0.34 

NMBF 0.14 0.68 -0.30 -0.08 -0.31 -0.05 

NMEF 0.64 0.99 0.59 0.52 0.34 0.28 

Network IMPROVE AIRS-AQS 

Model CMAQ CAMx CMAQ CAMx 

Number 292 625 

MeanObs 2.35 2.89 

MeanMod 2.02 2.76 2.51 2.94 

Corr 0.72 0.67 0.61 0.61 

MB -0.33 0.41 -0.35 0.08 

MAGE 0.76 1.03 0.94 1.03 

RMSE 1.09 1.69 1.33 1.53 

MNB -0.09 0.23 0.47 0.69 

MNGE 0.32 0.46 0.85 0.97 

NMB -0.14 0.17 -0.12 0.03 

NME 0.32 0.44 0.33 0.36 

FB -0.17 0.08 -0.14 -0.02 

FGE 0.34 0.36 0.34 0.34 

NMFB -0.15 0.16 -0.13 0.03 

NMFGE 0.35 0.40 0.35 0.35 

MNFB -0.25 0.16 0.31 Inf 

MNGFE 0.48 0.53 1.01 Inf 

NMBF -0.16 0.17 -0.14 0.03 

NMEF 0.38 0.44 0.37 0.36 
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Table 3.11. Performance Statistics for monthly-mean NH4
+
 in January 2002. 

  

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square 

Error; MNB: Mean Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; 

NME: Normalized Mean Error; FB: Fractional Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized 

Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: Normalized Mean Bias Factor; NMEF: 

Normalized Mean Error Factor, INF: Infinity 
 

 

 

  

 

 

  

 

 

 

Variable NH4
+
 (µg m

-3
) 

Network SEARCH STN CASTNET AIRS-AQS 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 822 646 173 626 

MeanObs 0.91 2.15 1.26 1.59 

MeanMod 1.54 1.45 1.90 1.89 1.26 1.16 1.84 1.79 

Corr 
0.31 0.26 0.31 0.28 0.79 0.73 0.67 0.63 

MB 0.63 0.53 -0.25 -0.26 0.00 -0.10 0.26 0.21 

MAGE 0.89 0.79 1.20 1.24 0.27 0.32 0.60 0.63 

RMSE 1.17 1.05 2.58 2.63 0.36 0.41 0.90 0.94 

MNB 3.41 3.58 1.19 1.20 0.06 0.01 Inf Inf 

MNGE 3.61 3.70 1.47 1.51 0.25 0.29 Inf Inf 

NMB 0.68 0.58 -0.12 -0.12 0.00 -0.08 0.16 0.13 

NME 0.97 0.86 0.56 0.58 0.21 0.25 0.38 0.40 

FB 0.53 0.61 0.09 0.06 0.01 -0.05 0.16 0.12 

FGE 0.85 0.76 0.49 0.50 0.23 0.27 0.38 0.40 

NMFB 0.51 0.45 -0.12 -0.13 0.00 -0.08 0.15 0.12 

NMFGE 0.72 0.67 0.59 0.61 0.21 0.26 0.35 0.37 

MNFB 0.96 3.53 0.86 Inf 0.03 -0.05 Inf Inf 

MNGFE 6.06 3.76 1.80 Inf 0.29 0.35 Inf Inf 

NMBF 0.68 0.58 -0.13 -0.14 0.00 -0.09 0.16 0.13 

NMEF 0.97 0.86 0.63 0.66 0.21 0.28 0.38 0.40 
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Table 3.12. Performance Statistics for O3 in July 2002. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square Error; MNB: Mean 

Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; NME: Normalized Mean Error; FB: Fractional 

Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: 

Normalized Mean Bias Factor; NMEF: Normalized Mean Error Factor. 

 

Variable 1-hour max O3 (ppb) 

Network AIRS-AQS CASTNET SEARCH 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 20306 1349 60 

MeanObs 65.05 64.09 73.92 

MeanMod 61.99 72.94 59.60 68.59 71.08 88.65 

Corr 0.76 0.66 0.77 0.67 0.85 0.69 

MB -3.05 7.84 -4.49 4.50 -2.85 14.72 

MAGE 10.78 14.21 9.65 11.28 8.59 16.78 

RMSE 14.08 18.61 12.47 14.46 10.86 22.20 

MNB 0.00 0.19 -0.03 0.12 -0.03 0.23 

MNGE 0.18 0.26 0.15 0.20 0.11 0.25 

NMB -0.05 0.12 -0.07 0.07 -0.04 0.20 

NME 0.17 0.22 0.15 0.18 0.12 0.23 

FB -0.02 0.13 -0.05 0.08 -0.04 0.18 

FGE 0.17 0.22 0.16 0.18 0.11 0.20 

NMFB -0.05 0.11 -0.07 0.07 -0.04 0.18 

NMFGE 0.17 0.21 0.16 0.17 0.12 0.21 

MNFB -0.02 0.18 -0.06 0.11 -0.04 0.23 

MNGFE 0.21 0.27 0.18 0.21 0.13 0.25 

NMBF -0.05 0.12 -0.08 0.07 -0.04 0.20 

NMEF 0.17 0.22 0.16 0.18 0.12 0.23 

Variable 8-hour max O3 (ppb) 

Network AIRS-AQS CASTNET SEARCH 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 20297 1341 57 

MeanObs 57.01 57.24 60.28 

MeanMod 56.61 66.76 55.94 64.58 62.78 79.18 

Corr 0.77 0.68 0.77 0.67 0.81 0.64 

MB -0.39 9.71 -1.30 7.33 2.49 18.90 

MAGE 9.45 13.81 8.69 11.69 7.78 19.41 

RMSE 12.20 17.71 11.10 14.82 11.03 23.98 

MNB 0.06 0.25 0.03 0.19 0.10 0.44 

MNGE 0.20 0.31 0.17 0.25 0.18 0.44 

NMB -0.01 0.17 -0.02 0.13 0.04 0.31 

NME 0.17 0.24 0.15 0.20 0.13 0.32 

FB 0.02 0.18 0.00 0.14 0.06 0.29 

FGE 0.18 0.24 0.16 0.21 0.14 0.30 

NMFB -0.01 0.16 -0.02 0.12 0.04 0.27 

NMFGE 0.17 0.22 0.15 0.19 0.13 0.28 

MNFB 0.04 0.24 0.01 0.18 0.10 0.44 

MNGFE 0.22 0.32 0.19 0.25 0.18 0.44 

NMBF -0.01 0.17 -0.02 0.13 0.04 0.31 

NMEF 0.17 0.24 0.16 0.20 0.13 0.32 
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Table 3.13. Performance Statistics for monthly-mean PM2.5 in July 2002. 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square 

Error; MNB: Mean Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; 

NME: Normalized Mean Error; FB: Fractional Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized 

Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: Normalized Mean Bias Factor; NMEF: 

Normalized Mean Error Factor, INF: Infinity 

 

 

 

 

 

 

 

 

Variable PM2.5 (µg m
-3

) 

Network SEARCH STN IMPROVE AIRS-AQS 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 1203 806 342 8386 

MeanObs 19.66 20.95 17.37 20.19 

MeanMod 14.48 15.78 14.71 14.99 10.56 10.80 13.89 14.17 

Corr 
0.38 0.33 0.51 0.45 0.66 0.59 0.60 0.54 

MB -5.18 -3.89 -6.24 -5.97 -6.82 -6.58 -6.30 -6.02 

MAGE 8.36 9.15 9.89 9.98 8.02 8.15 8.64 8.80 

RMSE 11.78 12.57 14.21 14.59 10.88 11.19 12.07 12.49 

MNB -0.02 0.05 Inf Inf -0.30 -0.26 Inf Inf 

MNGE 0.53 0.59 Inf Inf 0.50 0.51 Inf Inf 

NMB -0.26 -0.20 -0.30 -0.29 -0.39 -0.38 -0.31 -0.30 

NME 0.43 0.47 0.47 0.48 0.46 0.47 0.43 0.44 

FB -0.26 -0.22 -0.32 -0.30 -0.51 -0.47 -0.36 -0.35 

FGE 0.49 0.52 0.57 0.57 0.62 0.61 0.52 0.53 

NMFB -0.30 -0.22 -0.35 -0.33 -0.49 -0.47 -0.37 -0.35 

NMFGE 0.49 0.52 0.56 0.56 0.58 0.58 0.51 0.51 

MNFB -0.60 -0.36 Inf Inf -1.18 -0.96 Inf Inf 

MNGFE 1.11 1.00 Inf Inf 1.38 1.21 Inf Inf 

NMBF -0.36 -0.25 -0.42 -0.40 -0.65 -0.61 -0.45 -0.43 

NMEF 0.57 0.58 0.67 0.67 0.76 0.76 0.62 0.62 
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Table 3.14. Performance Statistics for monthly-mean BC in July 2002. 

 

 

 

 

 

 

 

 

 

 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square 

Error; MNB: Mean Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; 

NME: Normalized Mean Error; FB: Fractional Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized 

Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: Normalized Mean Bias Factor; NMEF: 

Normalized Mean Error Factor, INF: Infinity 

 

 

 

 

 

 

 

 

 

Variable BC (µg m
-3

) 

Network IMPROVE SEARCH 

Model CMAQ CAMx CMAQ CAMx 

Number 317 1233 

MeanObs 0.42 0.82 

MeanMod 0.36 0.40 0.73 0.92 

Corr 0.48 0.49 0.47 0.50 

MB -0.06 -0.02 -0.09 0.11 

MAGE 0.29 0.27 0.51 0.59 

RMSE 0.46 0.46 0.77 0.90 

MNB Inf Inf 0.57 0.97 

MNGE Inf Inf 1.06 1.39 

NMB -0.13 -0.04 -0.11 0.13 

NME 0.69 0.66 0.62 0.72 

FB -0.38 -0.21 -0.04 0.11 

FGE 0.76 0.66 0.67 0.72 

NMFB -0.14 -0.04 -0.11 0.12 

NMFGE 0.74 0.67 0.66 0.68 

MNFB Inf Inf 0.03 0.54 

MNGFE Inf Inf 1.60 1.82 

NMBF -0.15 -0.04 -0.12 0.13 

NMEF 0.80 0.68 0.70 0.72 
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Table 3.15. Performance Statistics for monthly-mean OC in July 2002. 

 

 

 

 

 

 

 

 

 

 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square 

Error; MNB: Mean Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; 

NME: Normalized Mean Error; FB: Fractional Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized 

Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: Normalized Mean Bias Factor; NMEF: 

Normalized Mean Error Factor 

 

 

 

 

 

 

 

 

Variable OC (µg m
-3

) 

Network IMPROVE SEARCH 

Model CMAQ CAMx CMAQ CAMx 

Number 317 62 

MeanObs 2.65 3.40 

MeanMod 1.29 1.62 1.67 2.45 

Corr 0.54 0.54 0.70 0.71 

MB -1.36 -1.03 -1.74 -0.90 

MAGE 1.86 1.65 1.74 1.11 

RMSE 3.49 3.36 2.01 1.36 

MNB -0.42 -0.24 -0.50 -0.25 

MNGE 0.78 0.69 0.50 0.32 

NMB -0.51 -0.39 -0.51 -0.27 

NME 0.70 0.62 0.51 0.33 

FB -0.88 -0.60 -0.70 -0.34 

FGE 1.01 0.78 0.70 0.40 

NMFB -0.69 -0.48 -0.69 -0.31 

NMFGE 0.95 0.77 0.69 0.38 

MNFB -2.88 -1.34 -1.38 -0.55 

MNGFE 3.25 1.79 1.38 0.62 

NMBF -1.05 -0.63 -1.04 -0.36 

NMEF 1.45 1.02 1.04 0.44 
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Table 3.16. Performance Statistics for monthly-mean TC in July 2002. 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square 

Error; MNB: Mean Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; 

NME: Normalized Mean Error; FB: Fractional Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized 

Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: Normalized Mean Bias Factor; NMEF: 

Normalized Mean Error Factor, INF: Infinity 

 

 

 

 

 

 

 

 

Variable TC (µg m
-3

) 

Network STN SEARCH IMPROVE AIRS-AQS 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 98 1256 317 931 

MeanObs 9.13 5.04 3.06 7.53 

MeanMod 3.36 3.80 2.13 3.08 1.65 2.02 3.20 3.64 

Corr 0.49 0.45 0.37 0.42 0.53 0.54 0.58 54.8 

MB -5.77 -5.33 -2.91 -1.95 -1.41 -1.04 -4.33 -3.89 

MAGE 6.72 6.37 3.11 2.59 2.10 1.87 4.99 4.64 

RMSE 11.67 11.59 3.97 3.40 3.75 3.61 8.03 7.90 

MNB -0.41 -0.32 -0.51 -0.28 -0.37 -0.21 -0.44 -0.34 

MNGE 0.80 0.76 0.61 0.54 0.77 0.68 0.71 0.67 

NMB -0.63 -0.58 -0.58 -0.39 -0.46 -0.34 -0.58 -0.52 

NME 0.74 0.70 0.62 0.51 0.68 0.61 0.66 0.62 

FB -0.91 -0.76 -0.85 -0.53 -0.80 -0.55 -0.85 -0.70 

FGE 1.05 0.92 0.91 0.69 0.95 0.73 0.95 0.83 

NMFB -0.92 -0.82 -0.81 -0.48 -0.60 -0.41 -0.81 -0.70 

NMFGE 1.08 0.99 0.87 0.64 0.89 0.74 0.93 Inf 

MNFB -3.51 Inf -3.19 -1.34 -2.34 -1.08 -2.43 Inf 

MNGFE 3.90 Inf 3.29 1.60 2.73 1.55 2.70 0.83 

NMBF -1.72 -1.40 -1.37 -0.63 -0.86 -0.52 -1.35 -1.07 

NMEF 2.00 1.68 1.46 0.84 1.27 0.92 1.56 1.28 
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Table 3.17. Performance Statistics for monthly-mean NO3
-
 in July 2002. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square Error; MNB: Mean 

Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; NME: Normalized Mean Error; FB: Fractional 

Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: 

Normalized Mean Bias Factor; NMEF: Normalized Mean Error Factor, INF: Infinity 

 

Variable NO3
-
 (µg m

-3
) 

Network SEARCH STN CASTNET 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 1444 938 183 

MeanObs 0.57 2.19 0.42 

MeanMod 0.13 0.23 0.27 0.23 0.12 0.07 

Corr 
0.08 0.08 0.04 -0.01 0.12 0.09 

MB -0.45 -0.35 -1.92 -1.96 -0.29 -0.35 

MAGE 0.56 0.64 2.02 2.10 0.35 0.38 

RMSE 0.92 1.25 6.15 6.20 0.58 0.61 

MNB -0.69 -0.39 -0.68 -0.74 -0.28 -0.61 

MNGE 1.00 1.30 0.87 0.96 0.91 0.91 

NMB -0.78 -0.60 -0.88 -0.90 -0.71 -0.84 

NME 0.97 1.11 0.92 0.96 0.85 0.92 

FB -1.57 -1.54 -1.38 -1.57 -0.91 -1.32 

FGE 1.69 1.72 1.48 1.66 1.17 1.45 

NMFB -1.28 -0.86 -1.57 -1.62 -1.08 -1.44 

NMFGE 1.59 1.59 1.65 1.74 1.31 1.58 

MNFB Inf -4199.14 Inf Inf -1763.64 -362.89 

MNGFE Inf 4200.05 Inf Inf 1764.27 363.19 

NMBF -3.57 -1.52 -7.26 -8.64 -2.34 -5.08 

NMEF 4.43 2.79 7.63 9.24 2.85 5.60 

Network IMPROVE AIRS-AQS 

Model CAMx CMAQ CAMx CMAQ 

Number 349 864 

MeanObs 0.38 0.89 

MeanMod 0.13 0.06 0.27 0.23 

Corr 0.19 0.20 0.28 0.41 

MB -0.25 -0.33 -0.62 -0.66 

MAGE 0.35 0.36 0.75 0.76 

RMSE 0.51 0.46 0.99 0.99 

MNB -0.65 -0.86 -0.67 -0.77 

MNGE 0.92 0.94 0.86 0.91 

NMB -0.65 -0.85 -0.69 -0.74 

NME 0.91 0.94 0.84 0.86 

FB -1.41 -1.71 -1.34 -1.55 

FGE 1.52 1.75 1.44 1.62 

NMFB -0.97 -1.48 -1.06 -1.18 

NMFGE 1.35 1.64 1.28 1.36 

MNFB Inf -3401.26 Inf Inf 

MNGFE -Inf 3401.35 Inf Inf 

NMBF -1.89 -5.67 -2.27 -2.90 

NMEF 2.62 6.27 2.73 3.33 
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Table 3.18. Performance Statistics for monthly-mean SO4
2-

 in July 2002. 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square Error; MNB: Mean 

Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; NME: Normalized Mean Error; FB: Fractional 

Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: 

Normalized Mean Bias Factor; NMEF: Normalized Mean Error Factor, Inf: Infinity 

 

Variable SO4
2-

 (µg m
-3

) 

Network SEARCH STN CASTNET 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 986 1016 183 

MeanObs 5.88 7.65 7.30 

MeanMod 7.75 7.95 6.13 6.28 6.49 6.69 

Corr 0.26 0.17 0.50 0.49 0.86 0.80 

MB 1.86 2.06 -1.51 -1.36 -0.84 -0.60 

MAGE 4.49 5.19 3.51 3.66 1.38 1.51 

RMSE 6.20 7.45 6.30 6.35 1.86 2.10 

MNB 1.94 2.37 0.10 0.13 -0.11 -0.07 

MNGE 2.18 2.68 0.58 0.62 0.19 0.21 

NMB 0.31 0.35 -0.19 -0.17 -0.11 -0.08 

NME 0.76 0.87 0.46 0.47 0.18 0.20 

FB 0.33 0.27 -0.17 -0.17 -0.14 -0.11 

FGE 0.67 0.70 0.50 0.53 0.22 0.23 

NMFB 0.27 0.29 -0.22 -0.19 -0.12 -0.08 

NMFGE 0.65 0.74 0.51 0.52 0.20 0.21 

MNFB 1.60 2.13 -0.43 Inf -0.23 -0.17 

MNGFE 2.51 2.92 1.11 Inf 0.32 0.31 

NMBF 0.31 0.35 -0.24 -0.21 -0.13 -0.09 

NMEF 0.76 0.87 0.57 0.58 0.21 0.22 

Network IMPROVE AIRS-AQS 

Model CMAQ CAMx CMAQ CAMx 

Number 349 942 

MeanObs 6.69 6.88 

MeanMod 5.65 5.76 6.50 6.34 

Corr 0.81 0.74 0.76 0.81 

MB -1.03 -0.93 -0.39 -0.54 

MAGE 2.25 2.54 2.53 2.32 

RMSE 3.17 3.62 3.69 3.34 

MNB -0.03 0.03 0.20 0.16 

MNGE 0.45 0.52 0.58 0.53 

NMB -0.15 -0.13 -0.06 -0.08 

NME 0.33 0.38 0.37 0.34 

FB -0.21 -0.18 -0.08 -0.08 

FGE 0.44 0.45 0.44 0.40 

NMFB -0.16 -0.14 -0.06 -0.08 

NMFGE 0.36 0.40 0.38 0.35 

MNFB -0.38 -0.22 Inf -0.06 

MNGFE 0.80 0.78 Inf 0.74 

NMBF -0.18 -0.16 -0.06 -0.09 

NMEF 0.39 0.44 0.39 0.37 
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Table 3.19. Performance Statistics for monthly-mean NH4
+
 in July 2002. 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square 

Error; MNB: Mean Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; 

NME: Normalized Mean Error; FB: Fractional Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized 

Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: Normalized Mean Bias Factor; NMEF: 

Normalized Mean Error Factor, Inf: Infinity 

 

 

 

 

 

 

Variable NH4
+
 (µg m

-3
) 

Network SEARCH STN CASTNET AIRS-AQS 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 1412 1016 183 942 

MeanObs 2.07 3.25 2.12 2.15 

MeanMod 1.80 1.81 1.54 1.54 1.28 1.26 1.59 1.58 

Corr 
0.42 0.39 0.20 0.20 0.66 0.65 0.73 0.76 

MB -0.27 -0.26 -1.71 -1.71 -0.84 -0.87 -0.57 -0.57 

MAGE 0.93 1.03 2.10 2.09 0.90 0.92 0.93 0.92 

RMSE 1.28 1.40 5.77 5.77 1.13 1.16 1.41 1.35 

MNB 0.44 0.45 0.34 0.29 -0.35 -0.36 Inf Inf 

MNGE 0.84 0.93 0.96 0.93 0.40 0.40 Inf Inf 

NMB -0.13 -0.13 -0.53 -0.53 -0.40 -0.41 -0.26 -0.27 

NME 0.45 0.50 0.64 0.64 0.42 0.43 0.43 0.43 

FB -0.06 -0.11 -0.30 -0.33 -0.49 -0.49 -0.19 -0.21 

FGE 0.49 0.54 0.62 0.63 0.53 0.53 0.49 0.51 

NMFB -0.14 -0.14 -0.71 -0.71 -0.49 -0.51 -0.30 -0.31 

NMFGE 0.48 0.53 0.87 0.87 0.53 0.54 0.50 0.49 

MNFB -0.07 0.10 -1.07 Inf -0.85 -0.82 Inf Inf 

MNGFE 1.36 1.28 2.36 Inf 0.90 0.86 Inf Inf 

NMBF -0.15 -0.14 -1.11 -1.11 -0.65 -0.69 -0.36 -0.36 

NMEF 0.52 0.57 1.36 1.35 0.70 0.73 0.59 0.58 
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Figure 3.2. Wet deposition of SO4
2- 

from CMAQ (left) and CAMx (right) in January. 
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simulated TC.  It is also noted that some statistical measures such as MNFB and MNFGE 

range from -∞ to ∞, indicating a number approaching 0 for either simulated or observed 

values.  Maximum 1-hr O3 is overpredicted by both models at all sites in January with the 

exception of the SEARCH site, where CMAQ slightly underpredicts.  NMEs for maximum 

1-hr O3 are in the range of 0.18 – 0.24 at all sites for both CMAQ and CAMx and are slightly 

higher than NMBs.  While NMBs describes the model tendency to over- or under-predict, 

NMEs assess the overall model discrepancy.  Larger NMEs indicate possible compensations 

between positive and negative biases within the models. Similarly, maximum 8-hr O3 is 

overpredicted at both AIRS-AQS and CASTNET sites by both models, while slightly 

underpredicted at the SEARCH sites by both CMAQ and CAMx.  At the CASTNET and 

AIRS-AQS sites where O3 is overpredicted by both models, CAMx gives higher 

concentrations than CMAQ for both 1- and 8-hour average O3.  This may be due to weaker 

vertical mixing within CAMx as described in Olsen (2009).  Weaker vertical mixing may 

also influence PM2.5 formation, as CAMx generally gives higher PM2.5, though both models 

overpredict in January at sites from all 3 networks.  Additionally,   Similarly, CAMx gives 

higher concentrations of all carbon species (TC, BC, and OC) at all sites in January, further 

indicating the effects of weaker vertical mixing.  In addition to weaker vertical mixing, 

differences in SOA modules between the two models may also influence differences in 

simulated OC concentrations between CAMx and CMAQ.  As reported by Olsen  

 (2009), CAMx simulates SOA formation from condensable gases that form the VOCs (i.e., 

paraffins, toluene, xylene, cresol, and terpenes).  The SOA module used in CMAQ is also 

modified by ENVIRON to include sesquiterpenes, additional SOA formation from isoprene,  
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and polymerization of SOA species (these processes are also included in CAMx).  While 

these models are conceptually similar, differences in simulated concentrations of certain 

radical species may affect the differences in simulated OC between CAMx and CMAQ.  For 

example, Table 3.18 shows that CAMx tends to predict significantly higher O3 

concentrations than CMAQ in July.  Higher O3 concentrations can lead to higher oxidation of 

VOCs, ultimately leading to more simulated SOA.  Although weaker vertical mixing and 

differences in assumptions within the SOA modules may influence the overprediction of 

PM2.5, analysis of speciated performance statistics show that additional processes such as wet 

and dry deposition and/or PM size representations may be important.  For example, in 

January, CMAQ overpredicts NO3
-
 at all sites while CAMx underpredicts at all sites.  This 

may be partially due to differences in the uptake coefficient (γ) used by the two models for 

the heterogeneous reaction of N2O5.  CMAQ follows the approach of Riemer et al. (2003) 

and uses upper and lower bounds of 0.002 0.02.  The uptake coefficient in CAMx is based on 

Brown et al. (2004) and has an upper and lower bound of 0.001 and 0.017.  The slightly 

lower γ values used in CAMx may partially explain the lower predictions of NO3
-
 

concentrations by CAMx in both months.  Conversely, CMAQ tends to underpredict SO4
2-

 

concentrations while CAMx overpredicts them.  Figure 3.2 shows that CMAQ gives higher 

wet deposition of SO4
2-+ 

in January than CAMx, partially explaining the overprediction by 

CAMx relative to the underprediction by CMAQ. 

In July, CMAQ tends to underpredict both maximum 1- and 8-hour average O3 while 

CAMx overpredicts.  This may further indicate the importance of the weaker vertical mixing 

within CAMx.  Additionally, the underprediction of CMAQ is generally less in magnitude  
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Figure 3.3. Spatial distribution monthly mean maximum 8-hour average O3 

concentrations simulated by CMAQ (left) and CAMx (right) overlaid with 

observations from AIRS-AQS, CASTNET, and SEARCH in January (top) 

and July (bottom). 
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Figure 3.4. Spatial distribution monthly mean PM2.5 concentrations simulated by CMAQ 

(left) and CAMx (right) overlaid with observations from AIRS-AQS, 

IMPROVE, STN, and SEARCH in January (top) and July (bottom). 
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than the overprediction by CAMx.  In July, all PM2.5 components are underpredicted by both 

models at all sites.  This underprediction again may be due to factors other than vertical 

mixing such as uncertainties in emissions and biases in meteorological predictions.  NMEs 

are again consistently larger than NMBs, particularly for NO3
-
, with NMEs ranging from 

0.84 – 1.11 for both models.  This again indicates possible compensation of over- and under-

predictions not accounted for in NMBs. 

3.3.4 Spatial Distribution of O3 and PM2.5 

Figure 3.3 shows the spatial distribution of simulated monthly-mean maximum 8-

hour average O3 by CMAQ and CAMx overlaid with observations from AIRS-AQS, 

CASTNET, and SEARCH in January and July, respectively.  The models predict similar 

spatial distribution of O3 in January, with higher concentrations across the southern half of 

the domain.  Both models perform reasonably well in reproducing observations, though 

CAMx shows a slight overprediction of O3 across the Gulf States.  CAMx predicts higher O3 

throughout the domain in July, indicating weaker vertical mixing within CAMx.  CAMx 

performs better across the upper Midwest in July, while CMAQ performs slightly better 

across the Mid-Atlantic States. 

Figure 3.4 shows the spatial distribution of simulated monthly-mean PM2.5 by CMAQ 

and CAMx overlaid with observations from IMPROVE, SEARCH, and STN in January and 

July, respectively.  Both models show similar spatial distribution, capturing the general 

spatial distribution throughout the Mid-Atlantic States in January, though they overpredict in 

the Atlanta area, possibly due to overestimation of emissions of gaseous PM precursors such 

as SO2, NOx, and NH3 (Zhang et al., 2006b).  Similarly, both models overpredict PM2.5 in the  
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northeast U.S., again indicating the overestimation of emissions of gaseous PM precursors 

such as SO2 and NOx in these urban regions.  The majority of the upper-Midwest shows an 

overprediction, with the exception of Chicago and St. Louis, which show underpredictions.  

In July, both models consistently underpredict PM2.5 across the entire domain, indicating the 

underestimation of emissions of PM precursor species such as SO2, NH3, and NO2 as well as 

emissions of primary PM species (Zhang et al., 2009).  For example, the underprediction of 

fire emissions in July (Tian et al., 2009) may attribute to the underestimation of all carbon 

species in this month.  Uncertainties in boundary conditions and biases in meteorological 

variables such as precipitation may also contribute to the gross underestimation of PM2.5 in 

July. 

3.3.5 Wet Deposition Fluxes 

 Wet deposition is an important pollutant removal process in 3-D AQMs.  Tables 3.20 

and 2.31 present statistical evaluation of wet deposition of SO4
2-

, NO3
-
, and NH4

+
 from 

CMAQ and CAMx against the NADP measurements in January and July, respectively.  

CAMx underpredicts wet deposition of SO4
2-

, NO3
-
, and NH4

+
 in January with NMBs of -

68.8%, -96.4%, and -82.0%, respectively.  CAMx overpredicts wet deposition of SO4
2-

 in 

July with a NMB of 21.6% and underpredicts wet deposition of NO3
-
 and NH4

+
 with NMBs 

of -99.6% and -47.0%, respectively.  CMAQ performs significantly better for all 3 species in 

January, with NMBs of -20.3% to 1.3%.  Both models overpredict wet deposition of SO4
2-

 

and underpredict wet deposition of NO3
-
 and NH4

+
 in July, though CMAQ performs slightly 

better.  Figure S-2 shows the absolute difference (i.e., CAMx – CMAQ) in wet deposition 

fluxes of NH4
+
, NO3

-
, and SO4

2-
 in January and July.  The difference plots are consistent with  
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Table 3.20. Performance statistics for wet deposition in January 2002. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square 

Error; MNB: Mean Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; 

NME: Normalized Mean Error; FB: Fractional Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized 

Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: Normalized Mean Bias Factor; NMEF: 

Normalized Mean Error Factor, Inf: Infinity 

 

 

 

 

 

 

 

Variable WD_NH4
+
 (kg ha

-1
) WD_NO3

-
 (kg ha

-1
) WD_SO4

2-
 (kg ha

-1
) 

Network NADP NADP NADP 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 335 335 335 

MeanObs 0.30 1.56 1.28 

MeanMod 0.24 0.05 1.48 0.06 1.29 0.40 

Corr 0.20 0.18 0.12 0.17 0.31 0.28 

MB -0.06 -0.25 -0.08 -1.50 0.02 -0.88 

MAGE 0.26 0.25 1.41 1.51 0.92 0.94 

RMSE 0.48 0.45 2.22 2.21 1.46 1.37 

MNB Inf Inf Inf Inf Inf Inf 

MNGE Inf Inf Inf Inf Inf Inf 

NMB -0.20 -0.82 -0.05 -0.96 0.01 -0.69 

NME 0.86 0.84 0.90 0.97 0.72 0.74 

FB Inf Inf Inf Inf Inf Inf 

FGE Inf Inf Inf Inf Inf Inf 

NMFB -0.23 -1.39 -0.05 -1.86 0.01 -1.05 

NMFGE 0.95 1.43 0.93 1.86 0.72 1.12 

MNFB Inf Inf Inf Inf Inf Inf 

MNGFE Inf Inf Inf Inf Inf Inf 

NMBF -0.26 -4.56 -0.06 -26.67 0.01 -2.20 

NMEF 1.07 4.68 0.95 26.71 0.72 2.36 
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Table 3.21. Performance statistics for wet deposition in July 2002. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Corr: Correlation Coefficient; MB: Mean Bias; MAGE: Mean Absolute Gross Error; RMSE: Root Mean Square 

Error; MNB: Mean Normalized Bias; MNGE: Mean Normalized Gross Error; NMB: Normalized Mean Bias; 

NME: Normalized Mean Error; FB: Fractional Bias; FGE: Fractional Gross Error; MNFB: Mean Normalized 

Factor Bias; MNGFE: Mean Normalized Gross Factor Error; NMBF: Normalized Mean Bias Factor; NMEF: 

Normalized Mean Error Factor, Inf: Infinity 

 

 

 

 

 

 

Variable WD_NH4
+
 (kg ha

-1
) WD_NO3

-
 (kg ha

-1
) WD_SO4

2-
 (kg ha

-1
) 

Network NADP NADP NADP 

Model CMAQ CAMx CMAQ CAMx CMAQ CAMx 

Number 324 324 324 

MeanObs 0.39 1.65 2.07 

MeanMod 0.24 0.20 0.73 0.01 2.16 2.51 

Corr 
0.28 0.14 0.22 0.01 0.35 0.30 

MB -0.15 -0.18 -0.92 -1.64 0.09 0.45 

MAGE 0.27 0.30 1.20 1.65 1.38 1.73 

RMSE 0.43 0.47 1.61 2.12 2.22 3.01 

MNB Inf Inf Inf Inf Inf Inf 

MNGE Inf Inf Inf Inf Inf Inf 

NMB -0.39 -0.47 -0.56 -1.00 0.05 0.22 

NME 0.70 0.78 0.73 1.00 0.67 0.84 

FB Inf Inf Inf Inf Inf Inf 

FGE Inf Inf Inf Inf Inf Inf 

NMFB -0.48 -0.61 -0.77 -1.98 0.05 0.20 

NMFGE 0.86 1.02 1.01 1.99 0.66 0.75 

MNFB Inf Inf Inf Inf Inf Inf 

MNGFE Inf Inf Inf Inf Inf Inf 

NMBF -0.64 -0.89 -1.26 -240.32 0.05 0.22 

NMEF 1.14 1.48 1.64 240.99 0.67 0.84 
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the statistical analysis, with CMAQ predicting higher wet deposition of NO3
-
 and NH4

+
 in 

January and July and SO4
2-

 in January while CAMx predicts higher wet deposition of SO4
2-

 

in July.  The differences in wet deposition fluxes between the two models may be explained 

by differences in wet deposition treatments between the two models.  In CMAQ, at a 

horizontal grid spacing of greater than 8-km, sub-grid size clouds are treated in addition to 

completely resolved clouds.  Conversely, in CAMx, aqueous-phase chemistry is treated only 

in resolved clouds that encompass the entire grid cell (Byun and Schere, 2006).  This 

difference in number of clouds treated may explain larger wet deposition fluxes of NO3
-
 and 

NH4
+
 in January and July and SO4

2-
 in January.  The higher wet deposition of SO4

2-
 from 

CAMx in July may be related to differences in PM size distribution representation.  In 

CMAQ, all accumulation and coarse mode particles within a cloud are completely absorbed  

while nuclei mode particles are slowly scavenged.  Conversely, all PM mass within a cloud is 

assumed to be in the cloud water by CAMx (ENVIRON, 2009), possibly explaining the 

higher wet deposition of SO4
2-

 by CAMx in July. 

3.3.6 Column Variables 

 The performance of CMAQ throughout the depth of the troposphere is evaluated 

using satellite observations of CO, NO2, O3, and AOD.  CMAQ simulated PM2.5 values are 

used to directly calculate simulated AOD using the approached of Zhang et al. (2009): 

1

( )
N

sp ap i

i

i z
    (3.1) 

 

where σsp (m
-1

) is the scattering coefficient and σap (m
-1

) is the specific absorption coefficient,  



68 
 

Table 3.22. Performance statistics for satellite-derived variables in January 2002 

(simulated values are from CMAQ). 

 

 

 

 

 

 

 

AOD: Aerosol Optical Depth 

 MOPITT: Measurements of Pollutants in the Troposphere 

 GOME: Global Ozone Monitoring Experiment 

 TOMS: Total Ozone Mapping Spectrometer 

 MODIS: Moderate Resolution Imaging Spectrometer 

 DU: Dobson Unit 

 

 

 

 

 

 

 

Variable CO                                    

(1 × 10
17

 molecules cm
-2

) 

NO2                                   

(1 × 10
15

 molecules cm
-2

) 

O3              

(DU) 
AOD 

Satellite MOPITT GOME TOMS MODIS 

Number 29736 29732 29736 29736 

MeanObs 19.69 5.46 29.71 0.08 

MeanMod 19.48 6.49 39.85 0.08 

Corr 0.21 0.80 0.40 0.19 

MB -0.21 1.33 10.13 0.00 

MAGE 2.24 1.93 10.19 0.03 

RMSE 3.58 2.95 11.41 0.05 

MNB 0.37 0.40 0.38 0.30 

MNGE 0.48 0.52 0.38 0.61 

NMB -0.01 0.19 0.34 0.00 

NME 0.11 0.35 0.34 0.40 

FB 1.00 0.22 0.30 0.53 

FGE 0.13 0.36 0.30 0.41 

NMFB -0.01 0.17 0.29 0.00 

NMFGE 0.11 0.32 0.29 0.40 

MNFB -0.01 0.40 0.38 -0.17 

MNGFE 0.12 0.52 0.38 0.48 

NMBF -0.01 0.19 0.34 0.00 

NMEF 0.11 0.35 0.34 0.40 
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Table 3.23. Performance statistics for satellite derived variables in July 2002 (simulated 

values are from CMAQ). 

 

 

 

 

 

 

 

AOD: Aerosol Optical Depth 

 MOPITT: Measurements of Pollutants in the Troposphere 

 GOME: Global Ozone Monitoring Experiment 

 TOMS: Total Ozone Mapping Spectrometer 

 MODIS: Moderate Resolution Imaging Spectrometer 

 DU: Dobson Unit 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Variable CO                                    

(1 × 10
17

 molecules cm
-2

) 

NO2                                   

(1 × 10
15

 molecules cm
-2

) 

O3              

(DU) 
AOD 

Satellite MOPITT GOME TOMS MODIS 

Number 29736 29736 29736 29736 

MeanObs 18.73 2.78 40.53 0.34 

MeanMod 17.13 2.48 36.72 0.22 

Corr 0.39 0.64 0.39 0.66 

MB -1.60 -0.04 -3.81 -0.13 

MAGE 3.05 1.08 5.11 0.13 

RMSE 3.88 1.78 5.59 0.16 

MNB 0.79 -0.12 -0.09 -0.37 

MNGE 1.02 0.40 0.13 0.40 

NMB -0.09 -0.11 -0.09 -0.37 

NME 0.16 0.39 0.13 0.39 

FB 0.06 -0.25 -0.10 -0.52 

FGE 0.19 0.43 0.13 0.55 

NMFB -0.09 -0.12 -0.10 -0.45 

NMFGE 0.17 0.41 0.13 0.48 

MNFB -0.09 -0.45 -0.11 -0.98 

MNGFE 0.18 0.59 0.14 1.00 

NMBF -0.09 -0.12 -0.10 -0.59 

NMEF 0.18 0.44 0.14 0.62 
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Figure 3.5. Monthly-mean column CO from MOPITT (top) and CMAQ(bottom) for January (left) and July (right). 
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Figure 3.6. Monthly-mean column NO2 from GOMES (top) and CMAQ(bottom) for January (left) and July (right). 
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Figure 3.7. Monthly-mean column O3 from TOMS (top) and CMAQ(bottom) for January (left) and July (right). 
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Figure 3.8. Monthly-mean column AOD from MODIS (top) and CMAQ(bottom) for January (left) and July (right).



74 
 

Δz is the later thickness (m), and N is the total number of layers.  The AOD is evaluated by 

extracting the simulation hours close to the overpass time of the satellite (10 AM and 11 AM 

local time, daily) and averaged for the month.  Tables 3.22 and 3.23 display the performance 

overall good performance, some discrepancies exist in the magnitudes and spatial 

distributions.  

In January and July, CMAQ performs well in simulating troposhperic CO, with 

NMBs of -1% and 9-%, respectively.  CMAQ does well in capturing higher observed column 

CO in the northeast U.S. in both months; however, CMAQ tends to underpredict column CO 

abundance across the southern states, leading to the overall underprediction.  The higher 

observed column CO abundance in the northeast is likely due to high local CO emissions 

from motor vehicles in large urban areas (e.g., NYC, Washington, D.C.).  Possible sources of 

error for CMAQ simulated column CO may include uncertainties in the CO emissions and 

boundary conditions used in the upper layers. 

CMAQ does well in capturing higher column NO2 abundance in some source regions 

in January (e.g., Chicago, Detroit, Atlanta), however, it overestimates column NO2 

abundance in the northeast U.S. (e.g., NYC, Washington, D.C.) and southern U.S.  While the 

model is able to capture the trend of lower values in July, it tends to overpredict column NO2 

abundance across many of the source regions.  This overprediction at many of the source 

regions is offset by underpredictions in other areas, leading to an overall underprediction in 

July.  Discrepancies can be attributed to several factors including uncertainties in NO2 

emissions and boundary conditions (Zhang et al., 2009).   
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Column O3 abundance in January is overpredicted, with an NMB of 34% and 

underpredicted in July with an NMB of -9%.  Though the statistical performance of the 

model is relatively good in July, CMAQ does not capture well the spatial distributions, 

reflected in the low correlation between simulated and observed values.  Discrepancies 

between simulated and observed column O3 abundance may be attributed to uncertainties in 

upper boundary layer conditions for O3 as well as uncertainties in emissions of gaseous 

precursors at the surface (e.g., NOx) (Zhang et al., 2009).  The domain-wide monthly mean 

boundary O3 mixing ratios for upper layers (layers 13-19) are 52.2 ppb in January and 47.7 

ppb in July.  Wang et al. (2009) reported upper boundary O3 mixing ratios of 42.5 and 37.3 

ppb in January and July, respectively; these boundary conditions were for a 108 km 

horizontal grid resolution and were extracted from GEOS-CHEM.  The value of 52.2 ppb in 

January for this study may be too high and may partially explain the overprediction of 

column O3 in January.  Similarly, the value of 47.7 ppb in July may be too low, lending to 

the underprediction of column O3 by CMAQ. 

In January, CMAQ performs very well statistically for AOD, with an NMB of 0%.  

CMAQ is able to capture the general spatial distribution of AOD across the northeast and 

Mid-Atlantic States, while underpredictions across the Midwest compensate overpredictions 

across Texas, Louisiana, and Arkansas.  CMAQ does well in capturing the spatial 

distribution of AOD in July, with higher values across the entire domain corresponding well 

with higher surface PM2.5 concentrations.  Column AOD abundance is, however, 

underpredicted across much of the domain in July, particularly over source regions on the 

Atlantic seaboard (e.g., NYC, Washington, D.C.).  Several factors may contribute to the  
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underpredictions of both PM2.5 and AOD in July.  As mentioned, underestimation of wildfire 

emissions in the summer may partially explain the underestimations of concentrations of all 

carbon species, which likely influences the underprediction of column AOD abundance.  

There also exists uncertainties in the emissions of gaseous PM precursors (e.g., NO2, SO2, 

and NH3) that may also contribute to the underprediction of AOD in July.  Additionally, 

uncertainties in lower boundary conditions for PM2.5 used in CMAQ may contribute the 

underprediction of surface PM2.5 and corresponding AODs in July. 

3.4 Summary 

 This chapter evaluates the two air quality models used in this study, CMAQ and 

CAMx, in January and July of 2002 at a 12-km horizontal grid resolution.  Both models 

overpredict PM2.5 and maximum 1- and 8-hour O3 in the surface layer in January, with 

CAMx generally predicting higher values.  Conversely, both models underpredict PM2.5 in 

the surface layer in July, with CMAQ generally having a larger underprediction.  The 

underpredictions of PM2.5 by both models in July may be attribtued to uncertainties in 

emissions of PM precursors such as SO2, NOx, and NH3 as well as boundary conditions for 

PM2.5 used in CMAQ.  CMAQ tends to underpredict maximum O3 in the surface layer in 

July, while CAMx tends to overpredict.  These differences can be attributed to differences in 

the model formulations (e.g., dry and wet deposition, vertical mixing schemes, assumptions 

in SOA modules, and PM size representation).  In January, CMAQ overpredicts NO2 and O3 

column abundance throughout the troposphere while showing good agreement for CO and 

AOD.  In July, CMAQ underpredicts all pollutants throughout the depth of the troposphere, 

with the worst underprediction occuring for O3.  Discrepancies for simulated column  
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variables can be attributed to uncertainties in emissions of precursor species such as SO2, 

NOx, and NH3 and upper level boundary conditions for O3 and used in CMAQ.  Overall, the 

performance of CMAQ is found to be consistent with that of previous studies (Eder and Yu, 

2006; Zhang et al., 2006b, 2009 ).  The evaluation performed in this chapter serves as a 

benchmark to be used when analyzing SA results, as the accuracy of SA contributions when 

using 3-D AQMs can be only as accurate as the model that is used.  The following chapters 

will provide SA results for 10 major source categories in January and July of 2002 using two 

separate SA methods (e.g., BFM and PSAT). 
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CHAPTER 4. SOURCE APPORTIONMENT SIMULATIONS USING CMAQ 

 

 

4.1 Source Selection and Analysis Method 

Source categories for this study are selected based on a review of previous literature 

concerning major sources of PM2.5, particularly over the eastern U.S. (see Tables 2.2-2.6).  A 

list of each source category along with the sources included within that category is shown in 

Table 4.1.  Before conducting source apportionment simulations, a number of source 

categories were analyzed in terms of their relative contributions to the baseline emissions at 

the surface.  The source categories that contribute a relatively small portion of the baseline 

emissions were not considered in this study; these include primarily aircraft emissions and 

offshore/shipping emissions.  Also, the Canadian point source inventory is not publically 

available despite their inclusion in the model-ready emissions for the model simulation; 

therefore, the Canadian point sources are also not included in the 10 source categories.  

While these source categories are not selected for analysis, their effects may be approximated 

to be part of the “leftover” or “unresolved” portion of the baseline PM2.5.  Additionally, 

contributions from initial and boundary conditions were also not considered explicitly and 

will also contribute to the “leftover” portion of the baseline PM2.5. 

 Each source category is analyzed in terms of its monthly-mean percentage 

contribution to domain-wide PM2.5 and its individual species.  Spatial plots of monthly-mean 

percentage contributions to each species are presented along with discussions of the spatial 

distributions and trends.   In addition to the domain-wide analysis, source apportionment 

results at several representative sites throughout the domain are presented in order to analyze  
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Table 4.1. Source categories analyzed in this study. 

*  These emissions are included in the model simulation, but excluded in the application 

of PSAT. 

 

 

 

 

 

 

 

 

Source Category Sources Included 

Biogenic Forests and Vegetation, Wetlands, Wind Erosion, Lightning 

Biomass Burning Wildfires, Prescribed Burning, Agricultural Burning, 

Residential Wood Burning, Open Burning at Landfills, 

External Combustion Boilers 

Coal Combustion Electric Generation, Industrial and Commercial External 

Combustion  Boilers; Electric utility, Industrial, Commercial, 

and Residential Stationary Source Coal Combustion 

Diesel Vehicles On-Road and Off-Road Diesel Powered Vehicles (Emissions 

from marine vessels and aircrafts excluded) 

Gasoline Vehicles On-Road and Off-Road Gasoline Powered Vehicles 

(Emissions from marine vessels and aircrafts excluded)* 

Industrial Processes Solvent Utilization, Chemical Manufacturing, Food 

Processing, Metal Production 

Miscellaneous Area 

Sources 

Agricultural Production, Animal Waste, Repair Shops 

Other Combustion Natural Gas, Distillate Oil, Residual Oil, Liquefied Petroleum 

Gas, Compressed Natural Gas, Solid Waste 

Other Mobile Sources Railroads, Aircrafts, Marine Vessels, Road Dust, Pleasure 

Crafts 

Waste Disposal and 

Treatment 

Solid Waste Disposal, Incineration, Site Remediation, Sewage 

Treatment  
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how the apportionment results vary based on the nature of the site (i.e., urban, rural, and 

coastal).  These include 8 sites from SEARCH (Jefferson Street (JST), Atlanta, GA, 

Yorkville (YRK), GA, North Birmingham (BHM), AL, Centreville (CTR), AL, Gulfport 

(GFP), MS, Oak Grove (OAK), MS, Pensacola (PNS), FL, and Outlying Landing (OLF), 

FL), 3 sites from AIRS-AQS (Chicago (CHI), IL, Great Smoky National Park (GRM), TN, 

and New York City (NYC), NY), an urban/rural pair in North Carolina (Charlotte (CLT), NC 

and Jamesville (JMS), NC), two coastal urban sites (New Orleans (NEO), LA and Norfolk 

(NOR), VA), and 2 urban sites in the Ohio River Valley (Cincinnati (CIN), OH and 

Knoxville (KNX), TN).  These sites represent a mix of urban/suburban, rural, coastal, and 

park sites that differ considerably in emissions and meteorology.  Additionally, source 

apportionment has been previously conducted in the literature at many of these sites, 

allowing for qualitative comparisons with this study. 

4.2 Source Apportionment Results using CMAQ/BFM 

4.2.1 Domain-Wide Analysis 

The following section will assess the impacts of the 10 source categories from a 

domain-wide perspective as resolved by the brute-force method.  Monthly-mean 

contributions for individual species are taken as the percentage contribution of the species 

with respect to the overall PM2.5 contribution.  Spatial plots are shown as the monthly-mean 

percentage contributions. 

 Table 4.2 shows the monthly-mean percentage contribution of each source category 

to the baseline emissions in both January and July.  In both January and July, nitrogen oxides 

(NOx) emissions are dominated by gasoline and diesel vehicles, with each contributing ~30%  



81 
 

in both months.  Emissions of volatile organic compounds (VOCs) are dominated by gasoline 

vehicles and biogenic sources in January with contributions of 29% and 25.7%, respectively.  

In July, VOC emissions are dominated by biogenic sources which contribute to over 70% of 

the baseline VOC emissions.  The largest contributors of sulfur dioxide (SO2) emissions are 

coal combustion and other mobile sources in both months.  Other mobile source emissions 

contribute the greatest to primary PM2.5 emissions in both months.  Table 4.2 shows that the 

10 source categories in this study account for greater than 95% of emissions of VOCs, NH3, 

and primary PM2.5.  However, only 80.5% and 81.1% of SO2 are accounted for in January 

and July, respectively.  Similarly, 88.8% and 93.1% of NOx emissions are accounted for in 

January and July, respectively.  This is attributed to the emissions of the source categories 

not considered in the application of PSAT, though they are included in the model simulation 

(e.g., Canadian point sources and offshore/shipping emissions).  These categories account for 

15.8% and 18.6% of SO2 emissions in January and July, respectively.  They also account for 

6.7% and 6.6% of NOx emissions in January and July, respectively.  The remaining 

percentage of emissions may be attributed to initial and boundary conditions (BCON). 

 Tables 4.4 and 4.5 show the domain-wide monthly-mean percentage contributions of 

each source category to the concentrations of PM2.5 and its individual species in January and 

July, respectively. While positive values indicate that the removal of emissions from a 

particular source category result in a decrease in a particular species, negative values indicate 

that the removal of emissions from that source category resulted in an overall increase in that 

particular species when averaged over the entire domain.  In January, biomass burning 

contributes the greatest to domain-wide PM2.5, with a monthly-mean contribution of 13.7%.  
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Table 4.2. Monthly-mean percentage contributions of each source category to speciated emissions in January. 

 

Species Biogenic Biomass 
Coal 

(lyr1) 

Coal 

(lyrs 1-6) 
Diesel Gasoline Industrial Misc. 

Other 

Comb. 

Other 

Mob. 
Waste Sum 

NOx 2.8 1.4 1.2 8.4 29.4 33.4 0.7 0.0 12.9 6.8 0.2 88.8 

VOC 25.7 8.8 0.1 0.1 1.0 29.0 14.8 0.3 1.6 7.9 10.2 99.4 

SO2 0.0 1.2 27.4 55.5 6.7 7.2 1.3 0.0 31.6 4.7 0.4 80.5 

NH3 4.6 3.8 0.1 0.2 0.4 16.2 5.2 67.2 1.3 0.0 0.9 99.7 

Primary 

PM2.5 
0.7 24.7 4.2 6.5 0.2 1.5 10.6 2.7 6.7 43.5 1.7 96.5 

 

 

Table 4.3. Monthly-mean percentage contributions of each source category to speciated emissions in July. 

 

Species Biogenic Biomass 
Coal 

(lyr1) 

Coal 

(lyrs 1-6) 
Diesel Gasoline Industrial Misc. 

Other 

Comb. 

Other 

Mob. 
Waste Sum 

NOx 9.1 0.7 1.0 5.9 36.4 27.7 0.8 0.0 6.4 10.8 0.2 93.1 

VOC 70.1 0.5 0.0 0.0 0.6 13.4 6.5 0.2 0.3 3.3 4.2 99.1 

SO2 0.0 1.1 27.1 50.9 13.9 9.1 2.7 0 17.8 8.9 0.5 81.1 

NH3 2.2 0.6 0.0 0.1 0.2 9.2 3.3 83.3 0.3 0.0 0.5 99.6 

Primary 

PM2.5 
0.5 6.2 2.5 3.9 0.1 1.1 20.1 22.8 0.8 41.6 1.3 97.0 
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Table 4.4. Domain-wide monthly-mean percentage contributions to PM2.5 in January from BFM. 

 
 NH4

+
 SO4

2-
 NO3

-
 EC POA SOA OIN PM2.5 

Coal Combustion (lyr 1) 1.57 8.44 -0.26 0.03 0.03 -0.10 1.12 10.82 

Coal Combustion (lyrs 1-6) 1.58 8.74 -0.19 0.03 0.03 -0.10 1.15 11.24 

Diesel Vehicles 0.17 -0.26 0.80 0.89 0.40 -0.05 0.02 1.97 

Biomass Burning 0.39 0.48 0.67 1.16 7.44 0.49 3.06 13.69 

Gasoline Vehicles 1.05 -0.21 2.45 0.05 0.29 0.08 0.15 3.86 

Industrial Processes 0.63 1.55 0.87 0.04 0.78 0.14 2.38 6.39 

Waste Disposal and Treatment 0.05 0.04 0.11 0.02 0.26 -0.01 0.20 0.69 

Biogenic 0.27 0.23 0.60 0.01 0.03 2.70 0.14 3.98 

Other Combustion 0.39 1.24 0.62 0.25 2.05 0.04 1.05 5.64 

Other Mobile 0.09 0.08 0.24 0.04 0.48 0.06 5.44 6.43 

Miscellaneous Area Sources 3.58 0.40 7.45 0.00 0.02 0.01 0.35 11.81 

Sum 8.19 11.99 13.55 2.49 11.78 3.36 13.91 65.28 

Negative value indicates an increase in concentrations of species resulting from the elimination of a source 

 

Table 4.5. Domain-wide monthly-mean percentage contributions to PM2.5 in July from BFM. 
 

 NH4
+
 SO4

2-
 NO3

-
 EC POA SOA OIN PM2.5 

Coal Combustion (layer1) 4.00 25.78 0.17 0.02 0.03 0.11 0.66 30.77 

Coal Combustion (lyrs 1-6) 3.98 30.03 0.18 0.02 0.03 0.10 0.65 34.99 

Diesel Vehicles 0.24 1.02 0.23 1.08 0.45 0.27 0.03 3.32 

Biomass Burning 0.07 0.20 0.01 0.22 1.44 0.12 0.79 2.85 

Gasoline Vehicles 0.68 0.44 0.22 0.05 0.33 0.24 0.17 2.13 

Industrial Processes 0.53 2.90 0.08 0.03 0.58 0.14 2.63 6.89 

Waste Disposal and Treatment 0.03 0.03 0.01 0.01 0.18 0.01 0.14 0.41 

Biogenic -0.27 -1.73 -0.16 0.01 0.03 3.42 0.15 1.45 

Other Combustion 0.35 2.20 0.09 0.03 0.43 0.13 0.22 3.45 

Other Mobile -0.01 -0.07 0.01 0.03 0.37 0.04 4.37 4.74 

Miscellaneous Area Sources 5.37 -0.03 0.71 0.01 0.20 0.01 2.65 8.92 

Sum 10.99 30.74 1.37 1.49 4.04 4.49 11.81 64.93 

Negative value indicates an increase in concentrations of species resulting from the elimination of a source 
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Primary organic aerosols are the largest constituent of biomass burning contributions, 

accounting for 7.4% of the overall contribution.  Miscellaneous area sources and coal 

combustion are the other top two source categories for domain-wide PM2.5 with monthly-

mean domain-wide contributions of 11.8% and 10.8%, respectively.  The domain-wide 

impacts of other mobile sources, industrial processes, and other combustion are comparable 

in January, with contributions of 6.4%, 6.4%, and 5.6%, respectively.  Gasoline vehicles and 

biogenic sources both contribute ~4% to domain-wide PM2.5 in January.  Diesel vehicles and 

waste disposal and treatment have the smallest impacts in January, with domain-wide 

contributions of 2.0% and 0.7%, respectively.  In July, coal combustion is the dominant 

source category, contributing to nearly 31% of domain-wide monthly-mean PM2.5, with SO4
2-

 

accounting for nearly 26% over the overall contribution.  Miscellaneous area sources and 

industrial processes are the next top two source categories with contributions of 8.9% and 

6.9%, respectively.  Other mobile sources contribute 4.7% to domain-wide PM2.5 while 

biomass burning, diesel vehicles, and other combustion each contribute ~3%.  The impacts of 

gasoline vehicles are less in July, with a domain-wide contribution of 2.1%.  The biogenic 

and waste disposal and treatment source categories have the smallest impacts in July, with 

contributions of 1.5% and 0.4%, respectively.   In both January and July, approximately 35% 

of the monthly-mean PM2.5 is not accounted for within the 10 source categories.  This may 

indicate the influence of initial and boundary conditions as well as the unresolved sources not 

considered in this study.  The impacts of boundary conditions may also provide an estimate 

on the role of long range transport (LRT) of pollutants from upwind sources into the 

simulation domain.  Westerly flow will enhance the transport of pollutants from the central  
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and western U.S. and thus increase the impacts of boundary conditions. 

The effects of seasonality are apparent when comparing the contributions in January 

and July.  Coal combustion shows the biggest seasonality, with a contribution of ~31% to 

surface PM2.5 concentrations in July, but only ~11% in January.  Analysis of speciated 

contributions shows that the importance of SO4
2-

 from coal combustion also exhibits a strong 

seasonality, with a difference  of 15% in contribution.  This may be due to several reasons, 

including the preference of high temperatures for SO4
2-

 formation in July.  The removal of 

coal combustion emissions in January also leads to an overall increase in PM nitrate (NO3
-
) 

domain-wide, as opposed to a slight decrease in July.  The reduction of SO2 emissions from 

coal combustion leads to more oxidants also available to oxidize NO2, leading to increased 

production of NO3
-
.  This oxidant-limiting effect is particularly important in January when 

colder temperatures favor NO3
-
 formation. 

The contributions to domain-wide PM2.5 of biomass burning also show considerable 

seasonality.  In January biomass burning contributes to nearly 14% of domain-wide monthly-

mean PM2.5, as opposed to only ~3% in July.  This discrepancy is largely due to differences 

in the emissions of POA, OIN, and EC between the two months, with considerably higher 

emissions in January.  This is likely due to the increased use of wood stoves and other 

biomass burning methods as a means of heating homes during the colder months.  This is 

reflected in Tables 4.2 and 4.3, which show that emissions of all species from biomass 

burning are considerably higher in January as opposed to July. 

Miscellaneous area sources, comprised predominantly of agricultural emissions, are 

also a major contributor to domain-wide monthly-mean PM2.5.  The contributions of  
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miscellaneous area sources are slightly higher in January, due mainly to a much higher  

contribution to NO3
-
 when compared to July.  This contribution to NO3

-
 in January is again 

an indirect effect within the brute-force method.  Large reductions in the emissions of 

ammonia (NH3) from agricultural activities lead to a decrease in the formation of PM 

ammonium (NH4
+
).  This in turn limits the production of NH4NO3, leaving more HNO3 in 

the gas phase instead of partitioning into the particulate phase.  This is apparent in Figure 

4.35 in the following section, which shows the changes of spatial distributions of HNO3 due 

to the removal of miscellaneous area sources.  This effect is not nearly as important in July 

when warm temperatures do not favor NO3
-
 formation and the concentrations of NO3

-
 are 

low. 

The contributions of biogenic emissions to domain-wide monthly-mean PM2.5 also 

show an interesting trend, with a larger overall contribution in January as opposed to July.  

While the contributions of this source category to SOA are larger in July as opposed to 

January, the main reason for the larger contributions is the increase in PM SO4
2-

 in July as a 

result of the elimination of biogenic emissions.  Emissions from biogenic sources are 

comprised predominantly of VOCs that rapidly consume radicals and ultimately form SOA.  

In July, a large reduction in the emissions of VOCs from biogenic sources leaves more 

oxidants available to oxidize SO2.  This results in a considerable increase in SO4
2-

 throughout 

the domain that compensates the contribution of biogenic sources to PM2.5 concentrations, 

leading to lower net source contributions to PM2.5 in July than in January.  Such an effect 

does not occur in January when colder temperatures do not favor SO4
2-

 formation. 

The contributions of diesel vehicle emissions to SO4
2-

 and SOA also show large  
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differences between January and July.  As seen in Tables 4.4 and 4.5, the impacts of diesel 

vehicle emissions on SO4
2-

 differ considerably between months, with a reduction of 1.02% in 

July, but an increase of 0.26% in January.  The increase of SO4
2-

 in January illustrates the 

enhanced effects of indirect effects during winter months.  Elimination of diesel vehicle 

emissions reduces concentrations of NOx in the atmosphere which can indirectly affect SO4
2-

 

through two different pathways.  The first is the increased availability of oxidants and 

radicals to oxidize SO2 in the gas-phase when NOx emissions are greatly reduced.  The 

second indirect effect occurs in the aqueous-phase production of SO4
2-

.  Reductions in 

emissions of NOx will reduce the production of nitric acid (HNO3), which will in turn lower 

the acidity of the aqueous phase solution.  This reduction in acidity will allow for more SO4
2-

 

to enter into the aqueous phase.  These indirect effects are found to be not as important in 

July when oxidant concentrations are higher and NO3
-
 is not a significant PM component.   

The impacts of gasoline vehicles domain-wide are slightly higher in January than in 

July, primarily due to higher contributions to NO3
-
 and NH4

+
 in January.  Tables 4.2 and 4.3 

show that this is due to higher emissions of NOx and NH3 in January.  Additionally, colder 

temperatures in January will favor NO3
-
 formation.  The contributions of industrial processes 

to PM2.5 are similar between the two months with contributions of 6.9% and 6.4%, 

respectively.  OIN contributions are slightly higher in July due to higher emissions of 

primary PM2.5.  SO4
2-

 contributions are higher in July while NO3
-
 contributions are higher in 

January.  Tables 4.2 and 4.3 show that there is little difference in emissions of NOx and SO2 

from industrial processes between the two months; hence, these differences in source 

contributions are likely due to differences in meteorological conditions.  Other mobile source  
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contributions are slightly higher in January, due primarily to larger OIN contributions.   

Tables 4.2 and 4.3 show that emissions of primary PM species from other mobile sources are 

slightly larger in January.  Contributions from waste disposal and treatment are also slightly 

higher in January due to larger contributions to NO3
-
, POA, and OIN.  Tables 4.2 and 4.3 

show that this is attributed to higher emissions of NOx and primary PM species in January. 

4.2.2 Spatial Distributions of Emissions and Source Contributions 

Figures 4.1 – 4.32 show the spatial distributions of emissions of major species from 

all 10 source categories in the surface layer in both months followed by the contributions of 

each source to PM2.5 in January and July.  Coal combustion contributions averaged over the 

first 6 layers (~300 m) are also included in Figures 4.3 and 4.5 in order to examine the 

impacts of elevated release and plume rise from coal-fired power plants.   

Coal Combustion 

Coal combustion emissions are dominated by SO2 in both months, with the highest 

emissions occurring throughout the Ohio River Valley, including Kentucky, Tennessee, 

Virginia, and Indiana, Pennsylvania, and Ohio.  Emissions of NOx and primary PM2.5 show 

similar spatial distributions in both months, with the highest emissions occurring in 

Pennsylvania, Virginia, Indiana, and Georgia.  Emissions of NH3 and VOCs are fairly 

insignificant in both months. There is little difference in emissions of all species from coal 

combustion between January and July, as reflected in values in Tables 4.2 and 4.3. 

 Coal combustion is a major contributor to PM2.5 in both months; however, the spatial 

distribution and magnitude of the contributions differ considerably.  In January, the largest 

percentage reductions in PM2.5 occur throughout the Mid-Atlantic States and off the Atlantic  

-
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Figure 4.1. Spatial distribution of monthly-mean percentage contributions of coal combustion emissions to baseline emissions 

in January (top) and July (bottom). 
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Figure 4.2. Domain-wide monthly-mean contributions of coal combustion emissions to PM2.5 and its individual components in 

January. 
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Figure 4.3. Domain-wide monthly-mean contributions of coal combustion emissions to PM2.5 and its individual components in 

the first 6 layers in January. 
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Figure 4.4. Domain-wide monthly-mean contributions of coal combustion emissions to PM2.5 and its individual components in 

July. 
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Figure 4.5. Domain-wide monthly-mean contributions of coal combustion emissions to PM2.5 and its individual components in 

the first 6 layers in July. 
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Figure 4.6. Spatial distribution of monthly-mean percentage contributions of diesel vehicle emissions to baseline emissions in 

January (top) and July (bottom). 
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Figure 4.7. Domain-wide monthly-mean contributions of diesel vehicle emissions to PM2.5 and its individual components in 

January. 
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Figure 4.8. Domain-wide monthly-mean contributions of diesel vehicle emissions to PM2.5 and its individual components in 

July. 
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Figure 4.9. Spatial distribution of monthly-mean percentage contributions of biomass burning emissions to baseline emissions 

in January (top) and July (bottom). 
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Figure 4.10. Domain-wide monthly-mean contributions of biomass burning emissions to PM2.5 and its individual components in 

January. 

 



99 
 

 

 

Figure 4.11. Domain-wide monthly-mean contributions of biomass burning emissions to PM2.5 and its individual components in 

July. 
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Figure 4.12. Spatial distribution of monthly-mean percentage contributions of gasoline vehicle emissions to baseline emissions 

in January (top) and July (bottom). 
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Figure 4.13. Domain-wide monthly-mean contributions of gasoline vehicle emissions to PM2.5 and its individual components in 

January. 
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Figure 4.14. Domain-wide monthly-mean contributions of gasoline vehicle emissions to PM2.5 and its individual components in 

July. 
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Figure 4.15. Spatial distribution of monthly-mean percentage contributions of industrial processes emissions to baseline 

emissions in January (top) and July (bottom). 
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Figure 4.16. Domain-wide monthly-mean contributions of industrial processes emissions to PM2.5 and its individual components 

in January. 
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Figure 4.17. Domain-wide monthly-mean contributions of industrial processes emissions to PM2.5 and its individual components 

in July. 
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Figure 4.18. Spatial distribution of monthly-mean percentage contributions of waste disposal and treatment emissions to 

baseline emissions in January (top) and July (bottom). 
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Figure 4.19. Domain-wide monthly-mean contributions of waste disposal emissions to PM2.5 and its individual components in 

January. 
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Figure 4.20. Domain-wide monthly-mean contributions of waste disposal emissions to PM2.5 and its individual components in 

July. 

 



109 
 

 

 

 

Figure 4.21. Spatial distribution of monthly-mean percentage contributions of biogenic emissions to baseline emissions in 

January (top) and July (bottom). 
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Figure 4.22. Domain-wide monthly-mean contributions of biogenic emissions to PM2.5 and its individual components in 

January. 
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Figure 4.23. Domain-wide monthly-mean contributions of biogenic emissions to PM2.5 and its individual components in July. 
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Figure 4.24. Spatial distribution of monthly-mean percentage contributions of other combustion emissions to baseline emissions 

in January (top) and July (bottom). 
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Figure 4.25. Domain-wide monthly-mean contributions of other combustion emissions to PM2.5 and its individual components in 

January. 
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Figure 4.26. Domain-wide monthly-mean contributions of other combustion emissions to PM2.5 and its individual components in 

July. 
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Figure 4.27. Spatial distribution of monthly-mean percentage contributions of other mobile sources emissions to baseline 

emissions in January (top) and July (bottom). 
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Figure 4.28. Domain-wide monthly-mean contributions of other mobile source emissions to PM2.5 and its individual components 

in January. 

 



117 
 

 

 

 

Figure 4.29. Domain-wide monthly-mean contributions of other mobile source emissions to PM2.5 and its individual components 

in July. 
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Figure 4.30. Spatial distribution of monthly-mean percentage contributions of miscellaneous area sources emissions to baseline 

emissions in January (top) and July (bottom). 
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Figure 4.31. Domain-wide monthly-mean contributions of miscellaneous area source emissions to PM2.5 and its individual 

components in January. 
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Figure 4.32. Domain-wide monthly-mean contributions of miscellaneous area source emissions to PM2.5 and its individual 

components in January. 
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coast.  In July, almost the entire interior portion of the domain experiences reductions of over 

40% resulting from coal combustion emissions.  Both months have the greatest contributions 

in and around the Ohio River Valley (OVR) region.  This is a highly-industrialized area, as 9 

of the country‟s top 10 power plants in terms of SO2 emissions reside in this region                         

(See: http://www.dirtykilowatts.org/index.cfm). SO4
2-

 is the most affected species of coal 

combustion, contributing well over 75% of the overall PM2.5 reduction in most areas.  

SO4
2
contributions are much higher in July when warmer temperatures favor SO4

2-
 formation.  

In addition, reduction in SO2 emissions from coal combustion sources in January leads to a 

fairly significant increase in NO3
-
.  The increase is most noticeable in the areas where the 

largest SO4
2-

 reductions occur, indicating that this is a result of indirect effects described 

previously.  The increase in NO3
-
 is not seen as extensively in July when oxidant 

concentrations are higher and warmer temperatures do not favor NO3
-
 formation.  OIN 

contributions are similar between January and July, with the largest contributions occurring 

on the Atlantic coast of South Carolina and also northern Indiana.  However, the 

contributions to OIN are generally larger in January, due primarily to higher emissions of 

primary PM species as well as lower mixing depths.  Coal combustion emissions show 

relatively insignificant contributions to SOA in January with slightly higher contributions (1-

2%) in July across the Gulf States.  Relatively insignificant VOC emissions from coal 

combustion in both months (see Figure 4.1) indicate that this SOA contribution in July may 

be due to indirect effects.  For example, reductions in the emissions of NOx may lead to 

reductions in oxidants and radical species (e.g., O3, OH, and NO3) that in turn lead to slight 

reductions in SOA.  Spatial distributions of elevated coal combustion contributions vary little  
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Figure 4.33. Monthly mean baseline NH3 emissions in January (left) and July (right). 
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in comparison to surface contributions in January, as reflected in Figure 4.3 and Table 4.4.   

However, elevated coal combustion contributions to PM2.5 are considerably higher in July in 

comparison to surface contributions.  This increase is caused primarily by increased SO4
2-

 

contributions in the upper layers, indicating the importance of elevated release and plume rise 

of SO2 emissions from coal- fired power plants.  These effects are not as important in 

January, likely due to lower mixing depths during the winter months, as shown in Figure 

4.34. 

Diesel Vehicles 

 Emissions from diesel vehicles are dominated by NOx and SO2 in both months.  

Emissions of SO2 are higher in July, particularly in the upper Midwest.  This may be due to 

increased use of diesel powered off-road equipment (i.e. farming equipment) during the 

summer months.  Spatial distributions of NOx are similar between the two months, with 

slightly higher emissions in July, as reflected in Tables 4.2 and 4.3.  Emissions of NH3, 

primary PM2.5, and VOCs are similar in January and July. 

Diesel vehicle PM2.5 contributions are the greatest over the large urban areas of the 

domain in both January and July (e.g., Detroit, Chicago, Atlanta, Miami, New York City, 

Raleigh/Durham, and Charlotte).  These heavily-populated areas experience much heavier 

vehicle traffic, resulting in contributions generally greater than 10% in both months.  NO3
-
 

and EC are the most affected species in January, while SO4
2-

 and EC are the most affected 

species in July.  As with other source categories, NO3
-
 and SO4

2-
 contributions show an 

inverse trend, with SO4
2-

 contributions being greater in July and NO3
-
 contributions greater in 

January.  Reductions in emissions of NOx in January lead to an increase in SO4
2-

, particularly  
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in areas where SO2 emissions are the highest (see Figure 4.6).  A similar indirect effect is  

shown in the contributions of diesel vehicles to SOA, as reductions in NOx emissions free 

more radicals to oxidize VOCs, resulting in a slight increase in SOA in some areas.  

Reducing NOx emissions is also shown to have an effect on NH4
+
, as less NO3

-
 is available to 

consume the NH4
+
.  As a result, reductions in NH4

+
 in both months are observed over areas 

where NO3
-
 reductions are the greatest.  This effect is particularly important over eastern 

N.C. and northern Georgia in January as well as eastern N.C., northern Georgia, and the 

upper Midwest in July.  As shown in Figure 4.33, these are areas having the highest baseline 

NH3 emissions, likely due to agricultural activity, in each respective month.  Therefore, 

reductions in NOx emissions will have the largest impacts on NH4
+
 in these areas. 

Biomass Burning 

 Figure 4.9 shows that biomass burning emissions are dominated by primary PM 

species in both months, with considerably higher emissions in January.  In January, 

emissions of primary PM2.5 are the highest in southern Georgia, northern Florida, and 

western North Carolina.  Primary PM2.5 emissions in July are the highest in northwest Florida 

and northern Louisiana, and are considerably smaller across the northern portion of the 

domain in comparison to January.  NH3 emissions from biomass burning in January are the 

highest in northern Florida, western North Carolina, central Louisiana, and southeastern 

Ohio.  NH3 emissions are also smaller in July, with the largest emissions occurring in 

northwest Florida and across Louisiana. Similarly, the largest NOx emissions occur across the 

Florida panhandle and along the Atlantic coast in January.  Emissions of NOx are also 

smaller in July, with the highest emissions again occurring across the Florida panhandle.   
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SO2 emissions follow a similar trend as NOx emissions in January and July, with slightly  

higher emissions across the central plains states in both months.  VOC emissions in January 

follow a similar spatial distribution as NOx emissions while emissions in July are 

considerably smaller. 

In January, biomass burning contributions to PM2.5 are the largest in the southeastern 

U.S. (southwest Georgia; Florida panhandle), the western half of North Carolina, and New 

Orleans.  Barnard and Sabo (2008) reported that, within the VISTAS domain, agricultural 

burning and prescribed burning emissions are the highest in Florida, land clearing fire 

emissions are the highest in N.C., and wildfire emissions are the highest in Georgia.  POA is 

the most affected species, displaying a similar trend as the overall PM2.5 reductions in both 

months.  The biggest difference between biomass burning contributions in January and July 

is the much greater extent of the contributions spatially in January, which correlate directly 

with higher emissions across the northern half of the domain in January (see Figure 4.10) as 

well as lower mixing heights in January (see Figure 4.34).  Figure 4.34 also shows that PBL 

heights are much larger during the day, indicating that the effects of these primary PM 

species may be greater during the nighttime when buildup of primary PM species will be 

greater due to lower mixing depths.  The higher emissions of primary PM species during 

January are likely a result of the use of wood stoves during the winter months as a means of 

heating homes.  The same major sources (e.g., agricultural burning, land-clearing fires, 

wildfires, and prescribed burning) exist in July over the southeastern U.S. and North 

Carolina; however, contributions over the northern half of the domain are much smaller in 

July.   
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Figure 4.34. Monthly mean PBL Height in January (left) and July (right) as well as 

monthly-mean daytime (8am – 7pm) and nighttime (8pm – 7am) PBL heights 

in January and July. 
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Gasoline Vehicles  

Figure 4.12 shows that gasoline vehicle emissions are dominated by NOx in both 

months, with the highest emissions occurring in the northeast U.S.  NOx emissions show 

similar spatial distributions between January and July, with slightly higher emissions across 

most of the domain in January.  NH3 emissions also show similar spatial distributions in 

January and July, with the highest emissions occurring over large urban areas.  Emissions of 

primary PM2.5 are higher in July than January, with the highest emissions occurring across 

western North Carolina and throughout the northeast U.S.  SO2 emissions are significant 

across much of the domain in both January and July, with the highest emissions occurring in 

North Carolina, Florida, and Mississippi.  SO2 emissions are slightly higher across the upper 

Midwest in January.  VOC emissions are higher in January than July, with the largest 

emissions in both months occurring across the Midwest. 

Similar to diesel vehicles, the largest reductions in PM2.5 resulting from the 

elimination of gasoline vehicle emissions occur in the large urban areas of the domain.  NO3
-
 

and NH4
+
 are the most affected species in January while NH4

+
 and SO4

2-
 are the most 

affected species in July.  Increases in SO4
2-

 in January similar to that of diesel vehicle 

contributions are again observed in areas where SO2 emissions are the greatest, resulting 

from the indirect effects of reduced NOx emissions on SO4
2-

.  The overall contributions are 

greater in January when colder temperatures favor NO3
- 
formation.  POA and OIN 

contributions are the greatest in both months over large cities where vehicle activity is high  

 (e.g., Chicago, Detroit, Atlanta, New York City, Miami, Charlotte).  Figure 4.12 shows that 

the higher contributions of POA and OIN in these areas correlate well with emissions of  
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primary PM species.  While POA and OIN contributions are the highest over similar areas in 

January and July, contributions over the rest of the domain are considerably higher in 

January, despite insignificant discrepancies in emissions between the two months.  The 

difference in contributions between January and July is likely attributed to lower mixing 

depths (see Figure 4.34) in the winter allowing for more buildup of pollutants near the 

surface.  Despite relatively higher VOC emissions over the northern portion of the domain, 

gasoline vehicle contributions to SOA are the highest along the Gulf coast in both months, 

likely due to stronger solar radiation promoting photo oxidation in this region. 

Industrial Processes 

Figure 4.15 shows that industrial process emissions are dominated by primary PM 

species in both months, with the largest emissions occurring over large urban areas; the 

emissions of primary PM species are slightly higher across most of the domain in July.  NOx 

emissions are small across much of the domain, with the exception of an area of high 

emissions in Texas in both months.  NH3 emissions are similar between January and July, 

with the highest emissions occurring in the New Orleans region and across the central plains 

states.  SO2 emissions are also similar in January and July, with the largest emissions 

occurring along the Gulf coast.  VOC emissions are the highest across the upper Midwest in 

both months, with higher emissions occurring in January. 

The contributions to PM2.5 from industrial process emissions show similar spatial 

distributions in both January and July, with the largest contributions occurring in urban areas 

(e.g., Birmingham, New Orleans, and Chicago).  Speciated contributions show that SO4
2-

 is 

an important species across the southern half of the domain, particularly along the gulf coast.   
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MACTEC (2008) reports that Mississippi and Alabama are the two states with the highest 

emissions of SO2 from petroleum processes and related industrial activities in 2002 with total 

emissions of 15,560 and 22,991 tons per year, respectively; no other state has SO2 emissions 

of more than 8,000 tons per year from petroleum related industrial processes.  SO4
2-

 

contributions in Mississippi and Alabama are greater in summer when warmer temperatures 

favor SO4
2-

 formation.  Similarly, NO3
-
 contributions are greater in January when colder 

temperatures favor NO3
-
 formation and extend from New Orleans up through the Midwest 

and into the Great Lakes region.  POA contributions are the highest in urban areas in both 

months (e.g., Chicago, Houston, and Pittsburgh, New York City).  POA contributions are 

slightly higher in January, likely due to lower PBL heights.  OIN contributions are the 

highest across the Mid-Atlantic States in January, with hot spots over Birmingham and 

Houston.  In July, the highest OIN contributions occur throughout the upper Midwest, 

including Indianapolis, Chicago, St. Louis, and Des Moines.  The higher contributions across 

the upper Midwest in July correlate well with higher emissions of primary PM species in this 

region in July (Figure 4.15). 

Waste Disposal and Treatment 

 Waste disposal and treatment emissions are dominated by primary PM species in both 

months, with a large source located in Pennsylvania Maryland.  NOx and VOC emissions are 

also the highest in this region in both months.  SO2 emissions are similar in January and July, 

with the largest emissions occurring in North Carolina, Illinois, and Iowa. 

Waste disposal and treatment contributions are fairly insignificant across the domain 

for both months with the exception of an area of 10-15% reductions in the northeast U.S.   
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The species contributing primarily to these reductions are POA and OIN, indicating a likely 

combustion source in this region, possibly waste incineration.  NO3
-
 contributions are higher 

in this region in January than in July, despite similar NOx emissions in both months, 

indicating that favorable meteorological conditions are the primary cause of higher NO3
-
 

contributions in January. 

Biogenic 

 Figure 4.21 shows that biogenic emissions are dominated by SOA in both months, 

with considerably higher emissions occurring in July.  Primary PM emissions are small 

across much of the domain, with the exception of an area of high emissions in Arkansas.  

NOx emissions are the highest across the upper Midwest in both months, with higher 

emissions occurring in July.  NH3 emissions are the highest across the central plains states. 

Spatial distributions of biogenic emission contributions to monthly-mean PM2.5 show 

that the most affected region in both January and July is the southern portion of the domain, 

including primarily the Gulf States (e.g., Alabama, Mississippi, Georgia, Florida).  SOA 

dominates the overall contributions in this region where larger concentrations of forest land 

lead to increased biogenic VOC emissions.  There is a biogenic source of NH3 located in the 

western portion of the domain, spanning Arkansas to Illinois.  Analysis of the emission 

inventory indicates that these NH3 emissions are from soil emissions from forest lands as 

well as agricultural lands.  This reduction in NH3 emissions leads to a reduction in NH4
+
 that 

in turn leads to a reduction in NO3
-
 due to the indirect effects described previously.  The 

major difference in PM2.5 contributions between January and July is the difference in 

contributions to NO3
-
, SO4

2-
, and NH4

+
 between the two months.  In July, more biogenic  
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activities lead to higher emissions of VOCs throughout the domain.  Eliminating these 

emissions frees more radicals that become available to oxidize other precursors of secondary 

PM species.  This is shown in the biogenic contributions to SO4
2-

 in July, where a monthly-

mean increase is observed over the majority of the domain.  These increases in NO3
-
, SO4

2-
, 

and NH4
+
 in July offset the overall PM2.5 reduction, leading to smaller contributions in July 

as opposed to January.  As mentioned previously, this is a result of indirect effects simulated 

by the brute-force method.  Figure 4.21 also shows a biogenic source of primary PM over 

Arkansas, proven to be a result of wind-blown dust.  While emissions of primary PM species 

are similar between months in this area, contributions to primary PM species (e.g., POA, 

OIN) are higher in January, likely due to lower PBL heights in the winter months. 

Other Combustion  

 Figure 4.24 shows that other combustion emissions are dominated by SO2, NOx, and 

primary PM in both months.  Emissions of these species are higher in January than July.  SO2 

emissions are the highest in Louisiana, Mississippi, and the northeast U.S. in both months.  

Primary PM emissions are significantly higher in January, with the largest emissions 

occurring throughout the Mid-Atlantic States.  Similarly, NOx emissions are significantly 

higher across the entire domain in January than in July.  

Other combustion contributions to PM2.5 are slightly higher in January as opposed to 

July.  Both months show high contributions in and around the New Orleans and Miami areas, 

with higher contributions to NH4
+
, SO4

2-
, POA, and EC in these areas, which after analysis of 

the emissions inventory, was found to be a result of stationary source fuel combustion from 

electric utilities and industrial plants in these areas.  However, in January, the effects of other  
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combustion emissions are more important in the northern half of the domain, particularly 

along eastern seaboard.  Speciated contributions from other combustion emissions show that 

POA contributions are a primary reason for the differences in overall PM2.5 contributions 

between January and July, with larger POA contributions in January.  Figure 4.24 shows 

higher emissions of primary PM species across the domain in January is the primary reason 

for higher POA contributions in January.  This may be attributed to increased use of space 

heaters and other alternative heating methods during the winter months as well as lower 

mixing depths during the winter (see Figure 4.34).  SO4
2-

 contributions are similar spatially 

between the months, with higher contributions in July due to warmer temperatures.  The 

other primary species (OIN, EC) also show higher contributions in January, indicating more 

use of these fuels. 

Other Mobile Sources 

 Figure 4.27 shows that other mobile source emissions are dominated by primary PM 

species in both January and July, with the highest emissions occurring across the central 

plains states.  SO2, NOx, and VOC emissions are the highest along the Mississippi river and 

across the Great Lakes in both months, with slightly higher NOx and SO2 emissions in July, 

particularly throughout the Mid-Atlantic States.  NH3 emissions are small across much of the 

domain, with the exception of areas of high emissions across the Great Lakes. 

Other mobile source contributions to PM2.5 are fairly similar in both months, with the 

greatest percentage contributions occurring across the western half of the domain spanning 

Texas to Illinois.  The species contributing most to overall PM2.5 reductions is OIN, which 

consists mainly of primary PM species, including crustal materials.  This indicates that re- 
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Figure 4.35. Monthly mean contribution (in ppb) of miscellaneous areas sources to HNO3 

in January (left) and July (right) (Note that negative numbers indicate an 

increase of HNO3
 
when miscellaneous area source emissions are eliminated). 
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suspended dust may be an important contributor to PM2.5 in these areas that are 

predominantly rural.  There is also a band of relatively higher contributions of NO3
-
, NH4

+
, 

and POA in the same region, indicating possible combustion sources.  Again, contributions to 

SO4
2- 

are higher in summer, while NO3
-
 contributions are higher in winter.  The area of 

higher SO4
2-

 contributions throughout Mississippi and eastern Louisiana is shown to be a 

result of higher SO2 emissions along the Mississippi River in July (see Figure 4.27), likely 

from marine vessel activities.  POA contributions are similar in January and July, and follow 

similar spatial distributions as OIN contributions, though their magnitude is much smaller.  

Though VOC emissions from other mobile sources are similar in January and July, SOA 

contributions are higher in July, particularly along the Gulf coast, possibly due to higher 

photo oxidation in this region due to stronger solar radiation in July. 

Miscellaneous Area Sources 

 Figure 4.28 shows that miscellaneous area source emissions are dominated by NH3 in 

both months, indicating the dominance of agricultural activity within the source category.  

NH3 emissions are slightly higher in July than January.  Primary PM emissions are higher in 

July than January, with the largest emissions occurring across the central plains states and 

across eastern North Carolina.  Emissions of NOx, SO2, and VOCs are small in both months. 

Miscellaneous area source contributions are significant in both months, with the 

largest contributions occurring over eastern North Carolina and the upper Midwest where 

agricultural activities are high.  Both months show significant reductions in NH4
+
, further 

indicating that miscellaneous area source emissions are dominated by agricultural NH3 

emissions.  The main difference between seasonal contributions is a result of the differing  
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effects of NH3 emissions on NO3
-
 in January and July.  As mentioned previously, colder 

temperatures in January favor NO3
-
 formation.  Reduction of NH3 emissions in January leads 

to less NH4
+
 available to neutralize NO3

-
.  As a result, more nitric acid is left in the gas phase 

as opposed to partitioning into the particle phase, resulting in a significant reduction in NO3
-
  

in January; despite insignificant reductions in NOx emissions (see Figure 4.30).  Figure 4.35 

clearly shows that reductions in miscellaneous area source emissions in January lead to an 

increase in nitric acid in the same areas that decreases in aerosol NO3
-
 are observed.  Figure 

4.35 shows that this effect is not as important in July when NO3
-
 concentrations are not as 

high due to warmer temperatures. While reductions in NH4
+
 are slightly higher in July as 

opposed to January, perhaps due to increased animal activities during the summer months, 

the indirect effects mentioned above lead to a significantly higher contribution from 

miscellaneous area sources in January.  OIN and POA contributions are higher in July than in 

January and follow similar spatial distributions, with higher contributions throughout 

Mississippi and Tennessee as well as the upper Midwest.  The higher contributions in July 

correlate well to higher emissions of primary PM species in July, likely a result of increased 

agricultural activities. 
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Table 4.6. Monthly-mean percentage contributions to PM2.5 at representative sites in January (top 3 sources in red, bottom 3 

sources in green). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

JST: Jefferson Street (Atlanta), GA; YRK: Yorkville, GA; BHML Birmingham, AL; CTR: Centreville, AL; GFP: Gulfport, MS; OAK: Oak Grove, MS; 

PNS: Pensacola, FL; OLF: Outlying Landing, FL; GRM: Great Smoky Mountain National Park, TN; CLT: Charlotte, NC; JMS: Jamesville, NC; CHI: 

Chicago, IL; NYC: New York City, NY; NOR: New Orleans, LA; CIN: Cincinnati, OH; KNX: Knoxville, TN; NFK: Norfolk, VA; NSH: Nashville, TN

Site Type Biogenic Biomass Coal Diesel Gas Industrial Misc. Other Comb Other Mob Waste Leftover 

JST Urban 4.2 17.9 12.3 8.0 20.7 6.1 8.5 13.8 3.0 1.1 4.4 

YRK Rural 7.3 21.4 13.7 3.4 7.3 6.9 17.7 8.0 6.3 0.5 7.5 

BHM Urban 4.4 10.5 8.9 4.6 11.5 29.5 6.8 14.3 2.7 1.1 5.7 

CTR Rural 13.1 16.1 14.5 1.9 3.9 11.9 9.6 7.3 4.7 0.5 16.5 

GFP Urban 5.9 10.0 8.4 2.6 4.9 9.6 5.3 12.2 4.3 0.4 36.4 

OAK Rural 14.4 10.7 14.0 1.8 2.9 9.4 8.3 7.8 4.7 0.4 25.6 

PNS Urban 3.6 14.2 11.1 1.8 3.9 14.2 4.5 8.3 3.4 0.3 34.7 

OLF Rural 4.9 24.4 6.2 3.5 6.7 12.8 5.1 15.7 4.9 0.2 15.6 

GRM Park 3.8 36.6 14.3 2.4 4.6 5.3 9.4 4.2 2.7 0.4 16.3 

CLT Urban 4.9 22.7 14.4 6.4 12.8 6.0 10.6 9.2 3.2 1.9 7.9 

JMS Rural 7.8 22.1 15.8 4.4 7.8 6.5 29.3 6.3 2.6 1.0 -3.6 

CHI Urban 1.6 6.7 6.3 7.3 12.5 16.3 7.1 11.2 6.4 4.5 20.1 

NYC Urban 2.1 17.1 10.3 6.2 7.4 9.1 8.4 18.8 1.9 1.4 17.3 

NOR Coastal 3.7 9.3 5.6 6.4 4.7 15.7 10.3 21.8 4.8 1.2 16.5 

CIN Urban 2.8 11.3 13.0 3.2 7.8 9.6 20.7 8.2 7.5 0.7 15.2 

KNX Urban 3.7 13.4 10.0 3.2 8.8 33.2 10.7 4.8 3.1 0.3 8.8 

NFK Coastal 3.9 14.3 14.3 3.7 13.1 8.1 13.9 12.8 2.4 1.6 11.3 

NSH Urban 3.7 14.2 13.7 5.3 9.2 12.1 17.6 8.3 5.4 0.5 10.0 
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Table 4.7. Monthly-mean percentage contributions to PM2.5 at representative sites in July (top 3 sources in red, bottom 3 

sources in green). 

 

 

 

 

 

 

 

 

 

 

 

 

 

JST: Jefferson Street (Atlanta), GA; YRK: Yorkville, GA; BHML Birmingham, AL; CTR: Centreville, AL; GFP: Gulfport, MS; OAK: Oak Grove, MS; 

PNS: Pensacola, FL; OLF: Outlying Landing, FL; GRM: Great Smoky Mountain National Park, TN; CLT: Charlotte, NC; JMS: Jamesville, NC; CHI: 

Chicago, IL; NYC: New York City, NY; NOR: New Orleans, LA; CIN: Cincinnati, OH; KNX: Knoxville, TN; NFK: Norfolk, VA; NSH: Nashville, TN

Site Type Biogenic Biomass Coal Diesel Gas Industrial Misc. Other Comb Other Mob Waste Leftover 

JST Urban 6.4 1.8 48.9 8.4 10.6 6.9 4.8 5.0 5.9 0.9 0.4 

YRK Rural 6.3 3.9 52.9 4.7 4.2 6.4 11.0 4.3 5.5 0.3 0.5 

BHM Urban 4.5 1.6 29.3 5.3 7.2 35.4 2.8 7.6 2.7 1.0 2.6 

CTR Rural 11.7 3.3 42.1 4.1 3.2 11.8 6.5 5.5 3.9 0.2 7.7 

GFP Urban 2.6 1.6 21.3 3.5 4.0 14.1 2.3 10.6 14.5 0.3 25.2 

OAK Rural 20.3 2.6 29.0 3.7 3.0 11.3 5.1 6.8 5.3 0.3 12.6 

PNS Urban 0.0 1.8 33.9 2.6 2.3 9.4 2.5 4.3 4.2 0.1 38.9 

OLF Rural 4.4 3.7 25.9 6.9 6.3 15.8 4.8 4.2 8.8 0.1 19.1 

GRM Park 2.9 1.2 30.2 3.6 3.5 5.6 8.9 2.6 2.0 0.3 39.2 

CLT Urban 4.4 1.2 53.2 6.3 6.6 5.4 5.8 3.6 8.3 1.5 3.7 

JMS Rural 3.3 1.4 45.5 3.8 2.4 4.4 14.6 3.6 2.0 0.5 18.5 

CHI Urban 0.2 0.2 22.7 9.9 6.7 23.9 5.5 4.7 6.5 3.9 15.8 

NYC Urban 0.0 0.3 23.3 10.1 6.9 9.2 6.6 6.6 2.9 1.0 33.1 

NOR Coastal 2.3 5.0 9.0 7.8 3.2 25.2 3.6 21.1 11.0 0.4 11.4 

CIN Urban 0.8 1.0 51.7 4.9 3.4 9.3 9.4 2.4 7.2 0.4 9.5 

KNX Urban 2.9 2.9 41.9 3.2 3.5 30.6 6.2 1.9 3.2 0.2 3.5 

NFK Coastal 0.1 0.7 38.1 4.3 5.1 6.0 5.0 4.7 6.7 0.8 28.5 

NSH Urban 0.3 4.4 50.8 6.3 4.1 10.8 9.6 3.5 4.0 0.2 6 
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4.3 Site Specific Analysis 

Figure 4.36 shows averaged source apportionment results at urban, rural, remote, and 

coastal sites in January and July.  The top 3 sources at urban sites in January are industrial 

processes (~15%), biomass burning (~14%), and other combustion (~11%) and in July are 

coal combustion (40%), industrial processes (16%), and diesel vehicles (~6%).  At rural sites, 

the top 3 sources in January are biomass burning (~19%), miscellaneous area sources 

(~14%), and coal combustion (~13%) and in July are coal combustion (~40%), industrial 

processes (~10%), and biogenic (~9%).  The top 3 sources at remote sites in January are 

biomass burning (~40%), coal combustion (~14%), and miscellaneous area sources (~9%) 

and in July are coal combustion (~30%), miscellaneous area sources (~9%), and industrial 

processes (~6%).  At coastal sites, the top 3 sources in January are other combustion 

(17.3%), miscellaneous area sources (~12%), and industrial processes (~12%) and in July are 

coal combustion (~24%), industrial processes (~16%), and other combustion (~13%). 

Differences in the top source categories at various types of sites are apparent when 

analyzing site-specific contributions in Tables 4.6 and 4.7.  For example, the top 3 

contributors at JST in January are gasoline vehicles (~21%), biomass burning (~18%), and 

other combustion (~14%).  Conversely, the top 3 sources at a closely located rural site 

(YRK) in January are biomass burning (~21%), miscellaneous area sources (~18%), and coal 

combustion (~14%).  Higher contributions from gasoline vehicles at JST in comparison to 

YRK can be attributed to heavier vehicle traffic at JST due to a more dense population in the 

urban region.  Conversely, higher contributions from miscellaneous area sources at YRK  
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may indicate higher agricultural activities at the rural site.  A similar comparison can be 

made between co-located urban/rural sites in Mississippi.  The top 3 sources at GFP (urban) 

in January are other combustion (~12%), biomass burning (~10%), and industrial processes 

(~10%).  Conversely, the top 3 sites at OAK (rural) are biogenic (~14%), coal combustion 

(14%), and biomass burning (~11%).  Higher contributions from industrial processes at the 

GFP may be attributed to increased activities from various industrial plants (e.g., solvent 

manufacturing, chemical manufacturing) in this urban region.  Higher contributions from 

biogenic sources at OAK can be attributed to higher biogenic activities at this rural site as 

opposed to its urban counterpart.  The top sources at coastal sites are similar to those of urban 

sites, likely due to the influence of NOR, which is an urban coastal site with large 

contributions from other combustion sources (~22%) and industrial processes (~16%). 

 Discrepancies between source contributions at the different types of sites are much 

smaller in July, with coal combustion having the largest impact at each of the respective 

group of sites (e.g., urban, rural, coastal, remote).  There exists some discrepancies in the 

contributions of biogenic sources in July, with the largest impacts occurring at rural sites.  

This is reflected in site-specific contributions from Table 4.6, with OAK and CTR having 

contributions of 20.3% and 11.7%, respectively, from biogenic sources; conversely, the co-

located urban sites of BHM and GFP have smaller contributions of 4.5% and 2.6%, 

respectively.  The contributions of industrial processes are also shown to be larger at urban 

and coastal sites than at rural and remote sites in July.  This is reflected in Table 4.6 at BHM, 

CHI, NOR, and KNX where contributions from industrial processes in July all exceed 20%.   



140 
 

 

 

Figure 4.36. Monthly-mean percentage contributions to PM2.5 at urban, rural, remote and 

coastal sites in January (top) and July (bottom). 
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Figure 4.37. Comparison of SA results with CMAQ/BFM, CAMx/PSAT, and other 

methods at JST in January (top) and July (bottom).  Ke et al. (2008)-PFM1 

and Ke et al. (2008)-PFM2 denote PMF with five gaseous components and 8 

thermal-resolved carbon fractions, respectively and Zheng et al. (2006)-W03 

and Zheng et al. (2006)-W04 denote results from December 2003 and January 

2004, respectively. 
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Figure 4.38. Comparison of SS and SA results with other studies at CTR in January (top) 

and July (bottom).  Zheng et al. (2006)-W03 and Zheng et al. (2006)-W04 

denote results from December 2003 and January 2004, respectively. 
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Conversely, the largest contribution from industrial processes at rural or remote sites is 

15.8% at OLF.  Discrepancies in other source categories (e.g., biomass burning, gasoline 

vehicles, diesel vehicles, miscellaneous area sources, other combustion, other mobile) are 

generally smaller in July.  This may be due to smaller impacts from indirect effects (e.g., 

indirect effects of NH4
+
 reduction on NO3

-
) in July as well as differences in emissions (e.g., 

smaller emissions from biomass burning and other combustion in July) between months. 

As mentioned earlier, the “leftover” source category denotes the portion of PM2.5 

mass that is unexplained by the 10 prescribed source categories examined in this study.  

Large contributions from the leftover source category (> 30%) occur at GFP, PNS, GRM, 

and NYC.  GFP and PNS are coastal sites that are likely influenced more by offshore sources 

whose emissions are not considered in this study.  GRM is a national park site with few local 

sources, and thus may be influenced more by transport from upwind sources.  Similarly, 

studies have shown that a significant portion of PM2.5 mass in NYC can be a result of long 

range transport (Zhang et al., 2005; Lall and Thurston, 2006).  The leftover source category 

is thus an indicator of the impacts of both long range transport and also sources not 

considered in this study. 

Figure 4.37 shows a comparison of source apportionment results at JST from this 

study with those from previous studies using various methods in January and July, 

respectively. Sources most consistent with those examined in this study are chosen to ensure 

a fair comparison.  Those sources include gasoline vehicles, diesel vehicles, industrial 

processes, biomass burning, and coal combustion.  Additionally, studies conducting source 

apportionment for similar meteorological conditions are chosen whenever possible (i.e.,  
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January results from this study compared to results obtained from other studies during winter  

months).  Zheng et al. (2002) results were obtained for January 2000 and July 1999 using 

CMB with particle phase organic compounds as tracers.  The Zheng et al. (2006) results were 

obtained using molecular-marker based chemical mass balance modeling (CMB-MM).  The 

January results from Zheng at al. (2006) were obtained by averaging results from December 

11 and 17 of 2004 (denoted as W03 in Figure 7) and January 13, 16, and 22 of 2004 (denoted 

as W04 in Figure 7).  Ke et al. (2008) results were obtained for July 2001 and January 2002 

using positive matrix factorization (PMF) with five gaseous components (denoted as PMF1) 

and eight thermal-resolved carbon fractions (denoted as PMF2).  The Lee et al. (2009) results 

were obtained for January 2002 and July 2002 using CMB- Lipschitz Generalized 

Optimization (LGO).  Bhave et al. (2007) used CMAQ v4.4 instrumented to track primary 

EC and OC in July 1999.  The 5 studies used for comparison all only apportion the primary 

fraction of PM2, 5 mass to each source, with Bhave et al. (2007) only considering primary 

carbon species.  The biggest discrepancy between the BFM and the receptor-oriented studies 

occurs for coal combustion contributions in both January and July.  This is due to the 

receptor-based studies limitation to primary PM species.  Figures 4.37 also shows 

contributions from secondary sulfate and nitrate as resolved by the receptor-based studies.  

As shown, secondary SO4
2-

 is a significant contributor, particularly in July.  If we consider 

that a significant portion of this mass is likely due to coal combustion, the results from the 

receptor-based approaches and BFM become more comparable.  The BFM agrees well in 

differences in the importance of biomass burning between January and July, with larger 

contributions occurring in January.  The contributions are comparable in magnitude, though  
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differences are expected due to larger temporal variations in biomass burning emissions.  The 

BFM gives higher contributions from gasoline motor vehicles in both months, again likely 

due to the exclusion of secondary species such as NO3
-
 and SO4

2-
 within the receptor-based 

approaches.  Source contributions from secondary nitrate may explain some of the 

differences in gasoline vehicle source contributions between the BFM and the receptor-based 

approaches.  Contributions from diesel vehicles are comparable among all the studies, though 

Zheng et al. (2002) gives significantly higher contributions than the other 4 studies, likely 

due to differences in meteorology and emissions for that particular episode.  Diesel vehicle 

emissions are comprised more of primary PM species (e.g., EC, POA) than gasoline vehicle 

emissions, explaining the more comparable contributions among studies. 

 Figure 4.38 shows a similar comparison of the BFM with receptor-based methods at 

CTR, a rural site, in both January and July.  The approach of Zheng et al. (2002, 2006) and 

Bhave et al. (2007) are identical to that at JST.  The contributions of gasoline vehicles from 

the BFM are consistent with those of other studies, with contributions of less than 5% in both 

months.  Coal combustion is not a resolved source in any studies at CTR in January, though 

estimates of secondary sulfate from the other studies are somewhat comparable to the coal 

combustion contribution from the BFM.  The contributions of biomass burning at CTR in 

January vary considerably among the studies, again indicating a large variation in biomass 

burning emissions due to significant variation in burning activities.  Similar to JST in 

January, Zheng et al. (2002) gives higher contributions from diesel vehicles at CTR in 

January, again indicating possible differences in meteorology and emissions for that 

particular episode.  Industrial processes are not a resolved source from any of the studies at  
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Figure 4.39. Temporal variations of source contributions at JST in January (top) and July 

(bottom).
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Figure 4.40. Weekend effect (weekend contribution of each source category relative to weekday contribution for each source 

category in January (top) and July (bottom).
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CTR in January, and thus no comparison is made.  The contributions from diesel vehicles in 

July are comparable among studies.  Bhave et al. (2007) give higher contributions from 

biomass burning, while Zheng et al. (2002) and this study are comparable.  Gasoline 

vehicles, industrial processes, and coal combustion are resolved only by this study and Bhave 

et al. (2007).  While contributions from gasoline vehicles are comparable, the BFM gives 

higher contributions from industrial processes and coal combustion, likely due to the 

limitation of Bhave et al. (2007) to primary carbon species. 

Differences between emissions-based SA approaches and receptor-based SA 

approaches may also be due to a larger role of meteorology in emissions-based approaches.   

Marmur et al. (2005) found that receptor-based approaches can better capture fine scale 

temporal variations in emissions while emissions-based approaches often lacks a significant 

daily variation in source contributions based on emissions due to dominance of meteorology, 

as opposed to emissions.  This is illustrated in Figure 4.39, which shows the temporal 

variation of diesel vehicle, gasoline vehicle, industrial processes, biomass burning, other 

combustion, and miscellaneous area source contributions at JST in January and July.  Each 

source follows a very similar trend in terms of overall contributions from day to day.  This 

indicates that changes in meteorology, as opposed to daily variations in emissions, may be 

the dominant factor affecting source contributions.  Also of interest, particularly for source 

categories whose emissions show considerable daily variation are the weekend versus 

weekday contributions of source categories.   

Figure 4.40 shows the weekend effect of each source category at urban, rural, coastal, 

and remote sites in January and July.  The values are the average contribution of each source  
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on weekends relative that on weekdays.  Therefore, a value of greater than unity indicates a 

larger contribution on weekends relative to weekdays while a value of less than unity 

indicates a larger contribution on weekdays relative to weekends.  The source showing the 

greatest overall weekday strength between both months is the diesel vehicle source category, 

particularly at rural sites in January and at coastal sites in July.  Gasoline vehicles show 

marginal weekday strength at rural and remote sites in January and at coastal sites in July, 

with little effect observed at other sites.  These are the source categories expected to have the 

greatest variation between weekdays and weekends due to heavier commuter traffic during 

the weekdays.  The greater weekday strength of diesel vehicles relative to gasoline vehicles 

is consistent with previous studies examining weekday/weekend source contributions, and 

may be attributed to the diesel vehicle source category being comprised primarily of 

commuter buses, railroad traffic, delivery trucks, and other weekday heavy sources (Kim et 

al., 2003; Maykut et al., 2003; Kim et al., 2004; Hwang et al., 2007).  The weekend effect of 

source categories at remote sites show fairly different results in January than in July.  In 

January, biomass burning at remote sites has higher contributions during the weekends, 

possibly due to differences in emissions and meteorology (e.g. mixing heights, wind speed, 

precipitation).  Conversely, source such at coal combustion, gasoline vehicles, industrial 

processes, miscellaneous area sources, and other combustion show considerably higher 

contributions during the weekdays.  This may be due to a greater transport of pollutants from 

urban regions during the weekdays when emissions are higher for some source categories.  

Conversely, in July, several source categories have higher contributions during the weekends 

at remote sites (e.g., diesel, gas, other combustion, other mobile, waste disposal and 
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treatment).  This may be attributed more to differences in meteorological conditions (e.g. 

mixing heights, wind speed, precipitation) rather than differences in emissions. 

4.4 Summary 

 In January, the top three source categories are biomass burning, miscellaneous area 

sources, and coal combustion with contributions of 13.7%, 11.8%, and 10.8%, respectively, 

to domain-wide PM2.5.    In July the most important source of PM2.5 is coal combustion with 

a contribution of 30.8% to domain-wide PM2.5 (~35% in the first 6 layers).  The next two 

largest sources are miscellaneous area sources and industrial processes with contributions of 

8.9% and 6.9%, respectively.  Sources showing the strongest seasonality include coal 

combustion, miscellaneous area sources, and biomass burning.  Differences in coal 

combustion contributions between January and July are due primarily to warmer 

temperatures in the summer months favoring SO4
2-

 formation as well as the indirect effects of 

SO2 emission reductions on NO3
-
, as described previously.  Differences in contributions from 

miscellaneous area sources between January and July are due to the indirect effects of NH3 

emission reductions on NO3
-
 in January; an effect that is not as important in July when 

warmer temperatures inhibit NO3
-
 formation.  The differences in biomass burning 

contributions between January and July are likely due in part to increased use of wood stoves 

and other various heating alternatives during the winter months.  

Comparisons of results from the BFM with previous studies at JST and CTR show 

decent agreement in contributions from diesel vehicles.  The BFM gives significantly higher 

contributions from coal combustion due to the limitation of the previous studies to primary 

PM species.  However, these studies generally resolve SO4
2-

 as an important component of 
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PM2.5 in both months, a considerable portion of which is likely due to coal combustion 

emissions.  Biomass burning contributions are considerably variable among all studies in 

both months, likely due to the high temporal and seasonal variation in burning activities.  
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CHAPTER 5. SOURCE APPORTIONMENT USING THE PSAT AND 

INTERCOMPARISON WITH THE BFM 

 

 

5.1 Simulation Setup 

 Source apportionment is also conducted using CAMx/PSAT with an identical 

simulation design as that of BFM analysis.  The source categories chosen for PSAT analysis 

are identical to those selected for BFM (see section 4.1).  All inputs including emissions, 

initial and boundary conditions and meteorology are identical to those used for BFM 

analysis.  Identical model configurations between CAMx and CMAQ were chosen whenever 

possible in order to ensure that differences in source apportionment results are due in most 

part to differences in source apportionment algorithms as opposed to the underlying model 

formulations.  Nevertheless, there are slight differences in model configurations that may 

cause differences in source apportionment results; this will be discussed further in the 

following sections.  The results from the PSAT analysis will be presented in a similar fashion 

to those of BFM in chapter 4 and direct comparisons will be made with possible explanations 

for differences. 

5.2 Source Apportionment Results and Intercomparison with CMAQ/BFM 

 The following section will assess the impacts of the 10 source categories from a 

domain-wide perspective as resolved by CAMx/PSAT.  Monthly-mean contributions for 

individual species are taken as the percentage contribution of the species with respect to the 

overall PM2.5 contribution.  Spatial plots are shown as the monthly-mean percentage 

contributions.  It is noted that contributions from initial and boundary conditions are tracked 

separately within CAMx/PSAT, while in BFM, they are not explicitly resolved. 
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Tables 5.1 and 5.2 show the domain-wide monthly-mean percentage contributions of 

each source category to PM2.5 and its individual species in January and July, respectively.  In 

January, coal combustion contributes the greatest to domain-wide PM2.5, with a monthly-

mean percentage contribution of 14.  SO4
2-

 is the largest PM2.5 constituent of coal combustion 

contributions, accounting for 11.4% of the overall contribution.  Biomass burning sources 

and other mobile sources are the other 2 top source categories with monthly-mean domain-

wide contributions of 11.3% and 6.8 %, respectively.  In July, coal combustion is the 

dominant source category, contributing to nearly 21% of domain-wide monthly-mean PM2.5, 

with SO4
2-

 accounting for approximately 20.2% of the overall contribution.  Miscellaneous 

area sources and industrial processes are the other 2 top source categories with monthly-

mean domain-wide contributions of 8.1 and 6.2 %, respectively.  In January, approximately 

5% of the monthly-mean PM2.5 is not accounted for within the 12 source categories 

(including initial and boundary conditions) along with approximately 10% in July.  This may 

indicate the influence of the source categories not examined in the application of PSAT (e.g., 

aircrafts, offshore/shipping, Canadian point sources).  As previously mentioned, the 

contributions of both initial and boundary conditions are tracked separately within PSAT.  

Within PSAT, boundary conditions contributed~30% and ~27% of monthly-mean PM2.5 in 

January and July, respectively.  Additionally, initial conditions contributed ~4% and ~5% of 

monthly-mean PM2.5 in January and July, respectively.  These relatively large contributions 

from boundary conditions may indicate the impacts of transport of pollutants from outside 

the domain; these large contributions are consistent with Wilson et al. (2009), who found that  
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Table 5.1. Domain-wide monthly-mean percentage contributions to PM2.5 in January 

from PSAT. 

 
 NH4

+
 SO4

2-
 NO3

-
 EC POA SOA OIN PM2.5 

Coal Combustion 0.02 11.39 1.32 0.03 0.02 0.00 1.21 13.99 

Diesel Vehicles 0.04 0.28 1.19 0.90 0.37 0.00 0.02 2.80 

Biomass Burning 0.29 0.31 0.08 1.17 6.36 0.06 3.03 11.30 

Gasoline Vehicles 1.20 0.28 1.46 0.06 0.26 0.06 0.17 3.49 

Industrial Processes 0.68 2.05 0.25 0.04 0.70 0.08 2.49 6.29 

Waste Disposal and Treatment 0.05 0.02 0.01 0.02 0.21 0.00 0.18 0.49 

Biogenic 0.30 0.00 0.15 0.00 0.01 1.87 0.11 2.44 

Other Combustion 0.14 2.31 0.83 0.26 1.83 0.01 1.11 6.49 

Other Mobile 0.00 0.13 0.43 0.22 0.69 0.03 5.28 6.78 

Miscellaneous Area Sources 4.61 0.00 0.00 0.00 0.02 0.00 0.35 4.98 

Initial Conditions 0.46 1.41 0.68 0.13 0.45 0.03 0.76 3.92 

Boundary Conditions 2.85 15.07 3.77 0.84 3.05 0.13 4.24 29.95 

Sum 10.64 33.25 10.17 3.67 13.97 2.27 18.95 92.92 

EC: Elemental Carbon; POA: Primary Organic Aerosol; SOA: Secondary Organic Aerosol; OIN: Other 

Inorganics 

 

 

 

 

 

Table 5.2. Domain-wide monthly-mean percentage contributions to PM2.5 in July from 

PSAT. 

 
 NH4

+
 SO4

2-
 NO3

-
 EC POA SOA OIN PM2.5 

Coal Combustion 0.01 20.24 0.06 0.01 0.01 0.00 0.66 20.99 

Diesel Vehicles 0.02 0.55 0.10 1.10 0.40 0.00 0.02 2.19 

Biomass Burning 0.07 0.19 0.00 0.25 1.33 0.00 0.82 2.66 

Gasoline Vehicles 0.79 0.38 0.07 0.05 0.29 0.03 0.15 1.76 

Industrial Processes 0.33 2.58 0.02 0.03 0.52 0.03 2.68 6.19 

Waste Disposal and Treatment 0.04 0.04 0.00 0.01 0.15 0.00 0.13 0.37 

Biogenic 0.19 0.00 0.05 0.00 0.00 4.22 0.07 4.53 

Other Combustion 0.05 3.25 0.04 0.05 0.48 0.00 0.30 4.17 

Other Mobile 0.00 0.39 0.04 0.33 0.57 0.01 4.17 5.51 

Miscellaneous Area Sources 5.57 0.00 0.00 0.01 0.14 0.00 2.39 8.11 

Initial Conditions 0.44 3.84 0.01 0.10 0.32 0.04 0.36 5.11 

Boundary Conditions 2.39 15.80 0.05 1.36 5.16 0.12 1.82 26.70 

Sum 9.90 47.26 0.44 3.3 9.37 4.45 13.57 88.29 

EC: Elemental Carbon; POA: Primary Organic Aerosol; SOA: Secondary Organic Aerosol; OIN: Other 

Inorganics 
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boundary conditions extracted from GEOS-CHEM for a 12-km domain consistently 

contributed over 30% to monthly-mean SO4
2- 

and primary PM species.     

In January, PSAT gives fairly different source apportionment results than 

CMAQ/BFM in both magnitude and overall rankings of source contributions.  While the 

CMAQ/BFM gives biomass burning, miscellaneous area sources, and coal combustion as the 

top 3 source categories (in order from 1
st
 to 3

rd
), PSAT gives coal combustion, biomass 

burning, and other mobile sources as the top 3 source categories (in order from 1
st
 to 3

rd
).  In 

July, the results from the two methods are more comparable overall, with both BFM and 

PSAT giving coal combustion, industrial processes, and miscellaneous area sources as the 

top 3 source categories.  However, there are fairly large discrepancies in the contributions of 

coal combustion (~31% from BFM, ~21% from PSAT) and biogenic contributions (1.5% 

from BFM, 4.5% from PSAT) between the two methods in July, which can be more 

adequately analyzed using spatial distributions of contributions in the following section. 

5.3 Spatial distributions of CAMx/PSAT Source Contributions 

 This section will provide spatial distributions of source resolved contributions to 

PM2.5 and its individual components from all 10 source categories from PSAT.  These plots 

will be used to make a detailed comparison of source apportionment results from both PSAT 

and BFM.  Figures 5.1 – 5.20 show the spatial distributions of source contributions to PM2.5 

and its individual components for all 10 source categories in both January and July as 

resolved by CAMx/PSAT.

 

 



156 
 

 

 

 

Figure 5.1. Domain-wide monthly-mean contributions of coal combustion emissions to PM2.5 and its individual components in 

January. 
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Figure 5.2. Domain-wide monthly-mean contributions of coal combustion emissions to PM2.5 and its individual components in 

July. 
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Figure 5.3. Domain-wide monthly-mean contributions of diesel vehicle emissions to PM2.5 and its individual components in 

January. 
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Figure 5.4. Domain-wide monthly-mean contributions of diesel vehicle emissions to PM2.5 and its individual components in 

July. 
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Figure 5.5. Domain-wide monthly-mean contributions of biomass burning emissions to PM2.5 and its individual components in 

January. 
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Figure 5.6. Domain-wide monthly-mean contributions of biomass burning emissions to PM2.5 and its individual components in 

July. 
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Figure 5.7. Domain-wide monthly-mean contributions of gasoline vehicle emissions to PM2.5 and its individual components in 

January. 
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Figure 5.8. Domain-wide monthly-mean contributions of gasoline vehicle emissions to PM2.5 and its individual components in 

July. 
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Figure 5.9. Domain-wide monthly-mean contributions of industrial processes emissions to PM2.5 and its individual components 

in January. 



165 
 

 

 

 

Figure 5.10. Domain-wide monthly-mean contributions of industrial processes emissions to PM2.5 and its individual components 

in July. 
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Figure 5.11. Domain-wide monthly-mean contributions of waste disposal and treatment emissions to PM2.5 and its individual 

components in January. 
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Figure 5.12. Domain-wide monthly-mean contributions of waste disposal and treatment emissions to PM2.5 and its individual 

components in July. 
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Figure 5.13. Domain-wide monthly-mean contributions of biogenic emissions to PM2.5 and its individual components in 

January. 
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Figure 5.14. Domain-wide monthly-mean contributions of biogenic emissions to PM2.5 and its individual components in July. 
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Figure 5.15. Domain-wide monthly-mean contributions of miscellaneous area source emissions to PM2.5 and its individual 

components in January. 
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Figure 5.16. Domain-wide monthly-mean contributions of other combustion emissions to PM2.5 and its individual components in 

July. 
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Figure 5.17. Domain-wide monthly-mean contributions of other mobile source emissions to PM2.5 and its individual components 

in January. 
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Figure 5.18. Domain-wide monthly-mean contributions of other mobile source emissions to PM2.5 and its individual components 

in July. 
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Figure 5.19. Domain-wide monthly-mean contributions of miscellaneous area source emissions to PM2.5 and its individual 

components in January. 
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Figure 5.20. Domain-wide monthly-mean contributions of miscellaneous area source emissions to PM2.5 and its individual 

components in July. 
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Coal Combustion 

Coal combustion contributions are significantly different between the two methods in 

January.  Though contributions to primary species (OIN, EC, POA) are similar, the 

contributions to NH4, NO3
-
, and SO4

2-
 show large discrepancies between BFM and PSAT.  

Coal combustion emissions are dominated by SO2 emissions from coal-fired power 

plants,and thus, both BFM and PSAT give areas of large SO4
2-

 contributions through the 

Ohio River Valley down into Alabama which are highly industrialized areas.  Both models 

also indicate large SO4
2 

contributions off the coast of the Atlantic Ocean.  This is attributed to 

the fact that the plots shown are monthly-mean percentage contributions. Therefore, more 

northerly winds during the winter months as opposed to the summer months (Olerud and 

Sims, 2004) are likely leading to large SO4
2-

 percentage contributions over the ocean where 

overall PM2.5 concentrations are low.  This is shown in Figure 5.21 which displays monthly-

mean absolute (µg m
-3

) contributions that are not as significant as the percentage 

contribution.  Overall, PSAT gives higher SO4
2 

contributions than BFM in January.  This 

may be due in part to differences in deposition processes between CMAQ and CAMx.  As 

outlined by Olsen (2009), in CMAQ, all accumulation and coarse mode particles within a 

cloud are completely absorbed by the cloud and rain water while particles in the nucleation 

mode are considered slowly scavenged by the cloud water.  CAMx, however, assumes all 

particles, regardless of size, to be absorbed in cloud water.  Figure 5.22 shows that CMAQ 

gives higher wet deposition of SO4
2-

 than CAMx in January, leading to smaller contributions 

from BFM.  Another large difference between the two methods in January is the contribution 

to NO3
-
.  Figure 4.2 shows that BFM gives an area of increases in NO3

-
 when coal  
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Figure 5.21. Monthly-mean PM2.5 contributions (µg m
-3

) from coal combustion from BFM (left) and PSAT (right) in January. 
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Figure 5.22. Wet deposition fluxes of PSO4 from CMAQ (left) and CAMx (right) in 

January and July and the monthly-mean absolute difference in PSO4 wet 

deposition (CAMx – CMAQ). 
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combustion emissions are eliminated.  The figure also shows that the increase is the largest in 

the region where SO4
2-

 reductions are the greatest (e.g., Ohio River Valley).  In BFM, large 

reductions in the emissions of SO2 leave more radicals available to oxidize NO2, leading to 

fairly significant increases in NO3
-
 in areas where SO2 emissions are the highest.  This 

increase in NO3
-
 lessens the overall PM2.5 reduction and is one of the main reasons that PSAT 

gives higher overall PM2.5 contributions than BFM in January.  Contributions to NH4
+
 also 

vary considerably between the two methods in January.  Figure 4.2 shows that BFM gives 

areas of 2-4% reductions in NH4
+
 throughout the Midwest and Mid-Atlantic states; however, 

Figure 5.1 shows that NH4
+
 is unaffected by coal combustion emissions within PSAT.  The 

reductions in NH4
+
 from BFM are a result of indirect effects of reductions in NO3

-
 and SO4

2-
 

which lead to reductions in NH4NO3 and (NH4)2SO4.  However, as stated, each PM species is 

linked only to its primary precursor in PSAT, leaving NH4
+
 unaffected by coal combustion 

emissions. 

The overall PM2.5 contributions from coal combustion in July differ from January in 

that BFM gives larger contributions than PSAT.  The main factor appears to be contributions 

to NH4
+
.  In BFM, large reductions in the emissions of SO2 lead to large reductions in SO4

2-
.  

This in turn leads to less formation of (NH4)2SO4 and thus reductions (5 – 15%) of NH4
+
 over 

the majority of the domain.  However, as stated, PSAT links NH4
+
 only to emissions of NH3, 

and therefore gives relatively insignificant contributions to NH4
+
 from coal combustion.  

Table 4.5 shows that reductions in NH4
+
 account for 4% of the overall PM2.5 reduction of 

31%, and therefore can be attributed as one of the major differences in overall PM2.5 

contributions between the two methods.  Another difference apparent from Figures 4.4 and  
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5.2 is that, unlike January, BFM gives higher SO4
2-

 contributions from coal combustion than 

PSAT in July.  This difference can be attributed to differences in removal processes between 

CAMx and CMAQ.  Figure 5.22 shows wet deposition flux of particulate sulfate (PSO4) 

simulated by CAMx and CMAQ and their differences (i.e., CAMx – CMAQ).  CAMx clearly 

gives higher wet deposition of PSO4 in July, likely due to differences in wet deposition 

processes previously described, with the largest differences occurring in the regions where 

BFM SO4
2-

 contributions are greater than PSAT.  Differences in deposition also may be 

caused by weaker vertical mixing with CAMx, which would lead to higher SO2 in CAMx 

that may also lead to higher wet deposition of SO4
2-

 in CAMx.  There also exists a difference 

in SOA contributions between BFM and PSAT in July, with BFM giving an area of relatively 

small (< 2%) SOA contributions over the Gulf States.  This area of SOA contributions from 

BFM is likely due to the indirect effects of NOx emissions reductions on SOA formation.  As 

mentioned in chapter 3, reductions in emissions of NOx can lead to reductions in oxidants 

and radical species (e.g., O3, OH, and NO3) that serve as oxidants for VOCs, and can thus 

ultimately lead to reductions in SOA.  This effect is expected to be more important in July 

when meteorological conditions favor SOA formation and emissions of biogenic VOCs are 

higher. 

Diesel Vehicles 

 The spatial distributions of diesel vehicle PM2.5 contributions to PM2.5 concentrations 

agree fairly well between PSAT and BFM, with the largest impacts occurring in the large 

urban areas of the domain (e.g., Chicago, NYC, Atlanta, Detroit, Cleveland, Miami, etc.).  

However, PSAT gives higher PM2.5 contributions than BFM over the majority of the domain.   
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This is again attributed primarily to the interactions between NH4
+
, NO3

-
, and SO4

2-
, as 

contributions to primary species (OIN, EC, and POA) are nearly equivalent between the two 

methods.  As shown in Table 4.2, diesel vehicle emissions are dominated by NOx.  The 

contributions to NO3
-
 agree fairly well spatially between the two methods; however, PSAT 

tends to give larger contributions, particularly in the upper Midwest and the Northeastern 

U.S.    Koo et al. (2009) found that PSAT generally tends to predict higher NO3
-
 

contributions than BFM due to NO3
-
 formation being limited by availability of NH4

+
 in BFM.  

The reductions in NO3
-
 in BFM again lead to reductions in NH4

+
 that follow a nearly 

identical spatial distribution at the NO3
-
 reductions, due to indirect effects previously 

described.  PSAT also gives higher SO4
2-

 contributions due to the indirect effects of NOx 

emissions reductions on SO4
2-

 within BFM, which lead to increases in SO4
2-

 across much of 

the domain in the BFM due to increased availability of oxidants. 

PSAT and BFM again agree that the largest contributions in July occur in large urban 

areas; however, BFM tends to give slightly higher overall contributions than PSAT.  In 

contrast to January, BFM tends to give higher diesel vehicle contributions to NO3
-
 and SO4

2-
 

in July; this may be attributed to differences in removal processes between CMAQ and 

CAMx.  BFM also gives an area of small contributions to SOA over the Gulf States that are 

not captured in PSAT.  This is again likely due to the indirect effects of NOx emission 

reductions on SOA formation.  Similar to January, the overall PM2.5 contributions from BFM 

are enhanced due to the indirect effect of NO3
-
 and SO4

2-
 reductions on NH4

+
. 

Biomass Burning 

 Biomass burning contributions to PM2.5 from PSAT and BFM are fairly similar both  
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spatially and in magnitude in both January and July.  As seen in Figures 5.5 and 5.6, biomass 

burning contributions are dominated by primary species (e.g. POA and OIN) in both months.  

As discussed, contributions to primary species whose concentrations are linearly related to 

emissions should be equivalent between PSAT and BFM, with some slight differences due to 

differences (i.e., wet and dry deposition) in the underlying host models.  In January, 

contributions of PSAT and BFM to EC, OIN, and POA are very similar.  BFM, however, 

gives higher contributions to NH4, NO3
-
, and SO4

2-
.  Both BFM and PSAT agree on areas of 

fairly large NH4
+
 contributions in the Florida Panhandle, much of Louisiana, Eastern Ohio, 

and Western North Carolina.  Reductions of NH4
+
 in BFM, however, lead to an enhanced 

reduction of NO3
-
 and SO4

2-
, an indirect effect not captured by PSAT.  These indirect effects 

are not as significant in July when oxidant concentrations are higher.  Therefore, biomass 

burning contributions to NO3
-
 from PSAT and BFM agree well in July.  The main difference 

between contributions to PM2.5 components in July is the contributions to SOA from BFM 

and PSAT.  While SOA is a fairly insignificant component of biomass burning contributions 

overall, BFM tends to give higher SOA contributions over biomass burning source regions in 

both months.  Figure 4.9 – 4.11 show that the area of SOA contributions from the BFM 

correlate well with areas where reductions in NOx emissions occur, again indicating those 

SOA contributions are a result of the indirect effects of NOx reductions on SOA formation. 

Gasoline Vehicles 

 Contributions from gasoline vehicles in January are fairly similar between BFM and 

PSAT.  As opposed to diesel vehicle contributions in January, BFM gives higher NO3
-
 

contributions from gasoline vehicles than PSAT.  This is due to higher NH3 emissions from  
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gasoline vehicles relative to diesel vehicles (see Figure 4.12).  Therefore, larger NH4
- 

reductions from gasoline vehicle emissions further enhance NO3
-
 reductions in BFM due to 

previously described indirect effects.  This is the primary factor leading to higher overall 

PM2.5 contributions from BFM.  PSAT again gives higher SO4
2-

 contributions than BFM due 

to the indirect effects of NOx emissions reduction on SO4
2-

 in BFM.  While SOA 

contributions from gasoline vehicles are small from both methods, BFM gives slightly higher 

contributions than PSAT, due likely to the indirect effects of NOx emissions reductions on 

SOA.  Contributions to NH4
+
, OIN, EC, and POA are similar from both methods in January.   

 Gasoline vehicle contributions to total PM2.5 are very similar between BFM and 

PSAT in July.  The contributions to primary species are again nearly identical as these 

species are linearly related to emissions.  Like January, BFM gives slightly higher 

contributions to SO4
2-

 and NO3
-
 in July.  Higher contributions to SO4

2-
 from BFM are 

attributed to lower wet deposition of PSO4 within CMAQ (see Figure 5.22).  BFM also gives 

larger contributions to NH4
+
 than PSAT due to the indirect effects of NH4

+
 reductions on 

NO3
-
.  BFM again gives higher SOA contributions over the Gulf States, again likely due to 

the indirect effects of NOx emissions reductions on SOA. 

Industrial Processes 

 Industrial processes contributions to PM2.5 are similar between BFM and PSAT for 

both months.  As shown in Table 4.2, the emissions of industrial processes are largely 

comprised of primary PM2.5 in both months.  This is reflected in the speciated contributions 

which show that OIN is among the largest components of the overall PM2.5 contribution from 

industrial processes in both months for both methods.  BFM and PSAT also agree that SO4
2-
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is the other most affected species from industrial processes emissions in both months.  While 

BFM gives slightly lower SO4
2-

 contributions in January due in part to differences in wet 

deposition between the models (see Figure 5.22) and lower H2O2 from CMAQ (see Figure 

5.24), the overall SO4
2-

 contributions from PSAT and BFM agree well in both months.  This 

is expected, as non-linearity in SO4
2-

 formation chemistry is expected to be less important 

than for other secondary PM species (ENVIRON, 2009) such as NO3
-
, as the relationship 

between NO emissions and HNO3 may be highly non-linear.  BFM does give slightly higher 

SO4
2-

 contributions from industrial processes in July, again likely due to higher wet 

deposition of PSO4 from CAMx in July (see Figure 5.22).  BFM also gives higher 

contributions to NO3
-
 and NH4

+
 in July due to the indirect effects in the NH4

+ 
 – SO4

2-
 – NO3

-
 

system within BFM. 

Waste Disposal and Treatment 

PSAT and BFM agree well on the contributions of waste disposal and treatment 

emissions as they are dominated by POA and OIN.  Figures 4.20 and 5.12 show that PSAT 

and BFM are nearly equivalent for all species in July.  In January, BFM gives higher NO3
-
 

contributions due to the indirect effect of NH4
+
 reduction; however, the overall PM2.5 

contributions still remain very similar. 

Biogenic 

 Both PSAT and BFM agree fairly well on the spatial distribution of biogenic 

contributions to PM2.5 in January, with the largest impacts occurring over the Gulf States.  

Figure 5.23 shows that these states have the highest VOC emissions in January, as a 

relatively warmer climate results in increased biogenic activity; not surprisingly then, these 
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Figure 5.23. Monthly-mean biogenic VOC emissions and baseline SOA concentrations from CMAQ and CAMx in January (top) 

and July (bottom).
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states have the largest impacts on SOA from biogenic emissions.  PSAT and BFM do, 

however, give different magnitudes of contributions to SOA from biogenic emissions; this 

difference appears to be the primary factor in the differences in overall PM2.5 contributions.  

BFM tends to give higher contributions to SOA from biogenic emissions from PSAT, with a 

monthly-mean domain-wide contribution of 2.7%, compared to 1.87% from PSAT.  Figure 

5.23 show that the CMAQ baseline simulation gives higher SOA concentrations than CAMx 

in January.  Therefore, the difference in biogenic contributions to SOA in January is likely 

due to differences in baseline SOA between the two models, with CMAQ predicting higher 

SOA than CAMx.  The other main difference between contributions from the two methods is 

the contributions of biogenic emissions to NO3
-
.  Both models agree on an area of NH4

+
 

contributions spanning from Louisiana to Missouri.  However, BFM gives an area of NO3
- 

contributions that follows a similar spatial distribution as the NH4
+

 contribution while PSAT 

does not resolve this.  Table 4.1 shows that although BFM gives this area of high NO3
-
 

concentrations, biogenic emissions contain fairly insignificant emissions of NOx.  Therefore, 

the NO3
-
 contributions from BFM can be attributed to the indirect effect of NH4

+
 reductions 

on NO3
-
.  Fairly large reductions of NH3 emissions in this regions leads to less NH4

+
 

available to neutralize HNO3.  Therefore, more HNO3
 
remains in the gas-phase as opposed to 

portioning into the particulate-phase, leading to an area of fairly significant NO3
-
 reductions.  

As discussed, in PSAT, NO3
-
 is linked only to its primary precursor (e.g., NOx), and is 

therefore unaffected. 

 Larger discrepancies between contributions from the two methods exist in July.  

Different from January, CAMx predicts higher baseline SOA concentrations than CMAQ in  
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July.  This leads to higher biogenic SOA contributions from PSAT when compared to BFM 

(3.4% from BFM, 4.2% from PSAT).  The largest differences between the two methods are 

the effects of biogenic emissions on NH4
+
, NO3

-
, and SO4

2-
.  PSAT gives an area of NH4

+
 

contributions similar to that of January; however, NO3
-
 and SO4

2-
 are generally unaffected.  

Conversely, BFM gives slight increases over most of the domain for all 3 species when 

eliminating biogenic emissions, with the largest increasing occurring for SO4
2-

.  As discussed 

in Chapter 4, this is due to the indirect effect within BFM in which decreased VOC emissions 

leave more oxidants and radicals available to oxidize precursors for other secondary PM 

species; this effect is enhanced in July due to higher biogenic VOC emissions in the summer 

months. 

 The difference in simulated SOA between CMAQ and CAMx in January and July 

may be due to several factors.  Higher SOA from CMAQ in January may be attributed to 

differences in parameterizations used in the respective SOA modules of CMAQ and CAMx.  

In particular, Morris et al. (2006) reported that CMAQ uses a value of 156 KJ mol
-1

 for the 

heat of vaporization (ΔH) whereas CAMx uses a values of 42 – 75.5.  The heat of 

vaporization is a thermodynamic parameter that represents the volatility of SOA species 

(Zhang et al., 2007).  Therefore, higher values will indicate more production of SOA.  

Napelenok et al. (2008) assert that the value used by CMAQ may be too high and may lead 

to exaggerated night-time and wintertime SOA peaks, explaining why CMAQ might give 

higher SOA in winter than CAMx.  Conversely, CAMx gives higher SOA than CMAQ in 

July.  CAMx simulates considerably higher O3 (see Figure 5.25) and H2O2 (see Figure 5.26) 

than CMAQ in July.  Higher O3 concentrations will directly influence the amount of SOA  
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Figure 5.24. Simulated baseline H2O2 concentrations (ppb) from CMAQ (left) and CAMx 

(right) in January (top) and July (bottom). 
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Figure 5.25. Absolute difference in monthly-mean baseline O3 (ppb) between CAMx and 

CMAQ in July. 

 

 

Figure 5.26. Monthly-mean simulated cloud fraction from MM5 in July 2002. 
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formed, as it is one of the main oxidants for VOCs.  Higher H2O2 from CAMx may also lead 

to higher OH within CAMx, which is also one of the main oxidants for VOCs.  Higher 

concentrations of oxidant and radical species will allow for higher oxidation of VOCs within 

CAMx, ultimately resulting in higher SOA concentrations in CAMx than CMAQ in July.  

However, the difference in ΔH between the two models is the dominant factor, leading to 

higher SOA by CMAQ.    

Other Combustion 

 BFM and PSAT agree fairly well on the spatial distribution of other combustion 

contributions to PM2.5 in January.  The most noticeable difference between the two models is 

the difference in SO4
2-

 contributions over southern Florida, where PSAT gives higher 

contributions than BFM, likely due to the oxidant limiting effect.  The spatial distributions of 

NO3
 
contributions agree well between BFM and PSAT in January, with PSAT giving slightly 

higher contributions due to NO3
-
 formation being limited by availability of NH4

+
 in BFM.  

BFM again also gives higher NH4
+
 contributions than PSAT due to the indirect effect of  

NO3
-
 reductions on NH4

+
.   

Other combustion contributions to PM2.5 in July show a large difference between 

BFM and PSAT over southern Florida.  This is caused by a much larger contribution to SO4
2-

 

from PSAT.  While differences in SO4
2-

 contributions in January may be explained by 

oxidant limiting effects, it has been previously established that this effect should not be as 

significant in the summer months when oxidant concentrations are higher.  The difference 

between SO4
2-

 contributions over southern Florida from PSAT and BFM was found to be due 

to differences in the aqueous-phase oxidation of SO2, driven by availability of H2O2.  Figure  
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5.24 shows that while CAMx predicts higher baseline H2O2 over the majority of the domain, 

an area of particularly large difference is southern Florida.  In this region CMAQ predicts an 

area of low H2O2 mixing ratios (1 – 2 ppb) when compared to CAMx (3 – 5 ppb).  The 

higher prediction of H2O2 may be due to higher simulated O3 by CAMx (see Figure 5.25) 

resulting from weaker vertical mixing within CAMx.  This area of low H2O2 in the CMAQ 

baseline simulation leads to lower aqueous-phase oxidation of SO2 from other combustion 

sources, thus resulting in a lower SO4
2-

 contribution from BFM.  Though CAMx predicts 

higher baseline H2O2 mixing ratios across most of the southern U.S., the effects on aqueous 

phase oxidation of SO2 are enhanced over Florida due to higher simulated cloud fractions 

over this region (see Figure 5.26).  The other main difference between BFM and PSAT in 

July is a higher contribution to NH4
+
 from BFM resulting from indirect effects of NO3

-
 and 

SO4
2-

 reductions on NH4
+
. 

Other Mobile Sources 

 BFM and PSAT agree very well on contributions from other mobile source emissions 

to overall PM2.5 in both months.  Emissions from other mobile sources are dominated by 

primary PM in both months, and thus source apportionment and source sensitivity should be 

nearly equivalent.  PSAT does give slightly-higher NO3
-
 than BFM in January due to the 

limiting effects of NH4
+
 on NO3

-
 formation in BFM.  Also, BFM again gives an area of NH4

+
 

contributions not resolved by PSAT due to the indirect effect of NO3
-
 reductions on NH4

+.  

However, NO3
-
 and NH4

+
 are relatively insignificant components of the other mobile source 

contributions and PSAT and BFM still agree very well on the overall PM2.5 contributions in 
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January.  Aside from indirect effects leading to higher NH4
+
 contributions from BFM, BFM 

and PSAT agree very well for all species in July. 

Miscellaneous Area Sources 

 Miscellaneous area source contributions differ significantly between the two methods 

in January, with BFM giving much higher contributions than PSAT.  Tables 4.2 and 4.3 

show that miscellaneous area source emissions are comprised almost entirely of NH3 and 

primary PM2.5 in both months.  This is reflected in the spatial distribution of PSAT 

contributions in January, as OIN and NH4
+
 are the only significantly-affected species.  

However, BFM shows significant contributions from miscellaneous area source emissions to 

NO3
-
, and to some extent, SO4

2-
.  This indirect effect is described in section 4.2.2 in which 

the reductions in NH4
+
 cause more HNO3

 
and H2SO4 to remain in the gas phase as opposed to 

entering the particulate phase.  These reductions in NO3
-
 and SO4

-
 resulting from indirect 

effects lead to much larger overall contributions from BFM in January. 

BFM and PSAT agree more on miscellaneous area source contributions in July, with the 

largest effects experienced across the upper Midwest where agricultural activity is high.  The 

most affected species from both methods are NH4
+
, POA, and OIN; BFM and PSAT agree 

well on the spatial distributions of these species.  In July, the indirect effect of NH3 emissions 

reductions on NO3
-
 is far less important as NO3

-
 is a much less important 

component of PM2.5 in the summer months.  Therefore, BFM and PSAT agree well on 

miscellaneous area source contributions in comparison to January. 

5.4 Site Specific Analysis 

 This section will present source contributions of the 10 source categories from PSAT 
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Figure 5.27. Monthly-mean PM2.5 contributions at Jefferson Street (Atlanta), GA (top) and Yorkville, GA (bottom) in January 

(left) and July (right) of 2002 from PSAT and BFM. 
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Figure 5.28. Monthly-mean PM2.5 contributions at Birmingham, AL (top) and Centreville, AL (bottom) in January (left) and 

July (right) of 2002 from PSAT and BFM. 
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Figure 5.29. Monthly-mean PM2.5 contributions at Gulfport, MS (top) and Oak Grove, MS (bottom) in January (left) and July 

(right) of 2002 from PSAT and BFM. 
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Figure 5.30. Monthly-mean PM2.5 contributions at Pensacola, FL (top) and Outlying Landing, FL (bottom) in January (left) and 

July (right) of 2002 from PSAT and BFM. 
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Figure 5.31. Monthly-mean PM2.5 contributions at Great Smoky Mountain National Park (top) and Charlotte, NC (bottom) in 

January (left) and July (right) of 2002 from PSAT and BFM. 
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Figure 5.32. Monthly-mean PM2.5 contributions at Jamesville, NC (top) and Chicago, IL (bottom) in January (left) and July 

(right) of 2002 from PSAT and BFM. 
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Figure 5.33. Monthly-mean PM2.5 contributions at New York City, NY (top) and New Orleans, LA (bottom) in January (left) 

and July (right) of 2002 from PSAT and BFM. 
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Figure 5.34. Monthly-mean PM2.5 contributions at Cincinnati, OH (top) and Knoxville, TN (bottom) in January (left) and July 

(right) of 2002 from PSAT and BFM. 
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Figure 5.35. Monthly-mean PM2.5 contributions at Norfolk, VA (top) and Nashville, TN (bottom) in January (left) and July 

(right) of 2002 from PSAT and BFM. 
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at representative sites throughout the domain identical to those chosen in section 4.2.  Figures 

5.27 – 5.35 show the source apportionment results at these 18 sites for January and July as 

resolved by PSAT and BFM.   

At JST in January, PSAT gives biomass burning (17.8%), coal combustion (16.0%), 

and other combustion (14.2%) as the top 3 sources.  BFM agrees that biomass burning 

(17.9%) and coal combustion (16%) are among the top 3 sources; however, it gives gasoline 

vehicles (20.7%) as opposed to other combustion as the other most important sources.  In 

July, PSAT and BFM agree that coal combustion is the most important source at JST, though 

BFM gives higher contributions than PSAT (48.9% from BFM, 37.8% from PSAT).  The 

two methods also agree that gasoline vehicles are among the top 3 sources.  PSAT gives 

biogenic sources (9.7%) as the other most important source compared to diesel vehicles from 

BFM. 

At YRK in January, PSAT gives biomass burning (21.4%) as the largest contributor.  

BFM and PSAT agree on biomass burning and coal combustion being among the top 3 

source categories.  However, PSAT gives other combustion as the other top source category 

compared to miscellaneous area source from BFM.  In July, BFM and PSAT again agree that 

coal combustion is the most important source at YRK, though BFM again gives a larger 

contribution than PSAT.  Both BFM and PSAT agree that miscellaneous area sources are 

among the top 3 source categories, with both methods giving a contribution of ~11%.  PSAT 

gives biogenic sources (11.6%) as the other top source category compared to industrial 

processes from BFM. 

 At BHM in January, BFM and PSAT agree that industrial processes are the most  
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important source, with both methods giving a contribution of ~30%.  BFM and PSAT also 

agree that the other combustion source category is among the most important sources, with 

contributions of 14.5% and 13% from BFM and PSAT, respectively.  PSAT gives diesel 

vehicles (13.1%) as the other most important source while BFM gives gasoline vehicles 

(11.5%) as the most important source.  In July, BFM and PSAT agree that industrial 

processes (~35%) and coal combustion (~30% from BFM, ~24% from PSAT) are the two 

most important source categories at BHM.  PSAT gives biogenic sources (~13%) as the other 

most important source category while BFM gives other combustion sources. 

 At CTR in January, BFM and PSAT agree that biomass burning (16.1% from BFM, 

15.4% from PSAT) and coal combustion (14.5% from BFM, 21.1% from PSAT) are the 

among the top source categories.  PSAT gives industrial processes (12.1%) as the other top 

source category while BFM gives biogenic sources.  In July, BFM and PSAT agree that coal 

combustion, industrial processes, and biogenic sources are the top 3 source categories at 

CTR, though they differ in ranking.  BFM gives higher contributions from coal combustion 

while PSAT gives higher contributions from biogenic sources; the methods give comparable 

contributions from industrial processes. 

 At GFP in January, BFM and PSAT agree that other combustion (12.2% from BFM, 

11.6% from PSAT) and industrial processes (9.6% from BFM, 10.5% from PSAT) are 

among the top 3 source categories.  PSAT gives coal combustion (14.9%) as the other top 

source category, compared to biomass burning from BFM.  In July, BFM and PSAT agree 

that coal combustion is the most important source of PM2.5 at GFP, though BFM gives higher 

contributions than PSAT.  The two methods agree that industrial processes and other mobile 
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sources are the other top source categories, though BFM gives slightly higher contributions 

from other mobile sources. 

 At OAK in January, PSAT and BFM agree that coal combustion (14% from BFM, 

20.7% from PSAT) and biomass burning (10.7% from BFM, 10.0% from PSAT) are among 

the most important sources of PM2.5.  However, BFM gives biogenic sources as the most 

important source category, while PSAT gives industrial processes (10.3%) as the other top 

source category.  In July, BFM and PSAT agree that coal combustion, industrial processes, 

and biogenic sources are the most important source categories at OAK, though they differ on 

rankings.  BFM gives larger contributions from coal combustion and biogenic sources, while 

PSAT gives slightly higher contributions from industrial processes.  The contributions from 

biogenic sources in July at OAK differ from other sites in that BFM gives higher 

contributions than PSAT.  At most sites, PSAT gives higher contributions than BFM due to 

the indirect effects of VOC emissions reductions on other secondary PM species.  However, 

the contributions to other secondary PM species (e.g., NH4
+
, NO3

-
, and SO4

-
) show much less 

discrepancy between the two methods than at other sites, indicating that proportion of VOC 

emissions relative to those of other PM precursors (e.g., NH3, NOx, SOx) is sufficiently large 

to lessen the impacts of the indirect effects observed at other sites, leading to larger 

contributions from BFM. 

At PNS, BFM and PSAT agree that biomass burning, industrial processes, and coal 

combustion are the top 3 source categories in January, though they again differ on rankings.  

PSAT gives higher contributions from coal combustion and biomass burning; contributions 

from industrial processes between the two methods are comparable.  In July, BFM and PSAT 
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agree that coal combustion, industrial processes, and other combustion are the top 3 source 

categories, though BFM gives larger contributions from coal combustion than PSAT. 

 At OLF in January, BFM and PSAT agree that biomass burning is the most important 

source category (~24% from BFM, ~20% from PSAT).  The two methods agree that other 

combustion and industrial processes are the other two top source categories, though PSAT 

gives slightly higher contributions from industrial processes.  In July, BFM and PSAT agree 

that coal combustion, industrial processes, and other mobile sources are the top 3 source 

categories at OLF, though they differ in ranking.  BFM gives higher contributions from coal 

combustion while PSAT gives larger contributions from industrial processes; contributions 

from other mobile sources are comparable between the two methods. 

 At GRM in January, PSAT and BFM agree that biomass burning and coal combustion 

are the top 2 source categories, with BFM giving slightly higher contributions from coal 

combustion.  PSAT gives industrial processes (5.5%) as the other most important source 

compared to miscellaneous area sources from BFM.  In July, BFM and PSAT agree that coal 

combustion and miscellaneous area sources are the top 2 source categories at GRM, though 

BFM gives slightly higher contributions from coal combustion.  PSAT gives biogenic 

sources (6.8%) as the other top source category compared to industrial processes from BFM. 

 At CLT in January, BFM and PSAT agree that biomass burning, coal combustion, 

and gasoline vehicles are the top 3 source categories, with comparable contributions from all 

source categories between the two methods.  In July, BFM and PSAT agree that coal 

combustion is the most important source at CLT, with BFM giving slightly higher 

contributions than PSAT.  PSAT gives biogenic sources (6.9%) and miscellaneous area 
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sources (6.9%) as the other top sources while BFM gives other mobile sources and gasoline 

vehicles. 

 BFM and PSAT agree that miscellaneous area sources, coal combustion, and biomass 

burning are the most important sources of PM2.5 at JMS in January, though they differ on 

rankings.  BFM gives larger contributions from miscellaneous area sources while PSAT 

gives higher contributions from coal combustion; contributions from biomass burning are 

comparable between the two methods.  BFM and PSAT agree that coal combustion and 

miscellaneous area sources are the top source categories at JMS in July, though BFM gives 

larger contributions from coal combustion.  PSAT gives biogenic sources (7.0%) as the other 

top source category while BFM gives industrial processes as the other top source category. 

 At CHI in January, BFM and PSAT both give industrial processes as the most 

important source category.  They agree that gasoline vehicles and other combustion are the 

other top source categories, though they differ in the ranking, with BFM giving slightly 

higher contributions from both source categories.  BFM and PSAT agree that industrial 

processes, coal combustion, and diesel vehicles are the top 3 source categories at CHI in July, 

with BFM giving slightly higher contributions from coal combustion. 

 BFM and PSAT agree that other combustion, biomass burning, and coal combustion 

are the top 3 source categories at NYC in January, with comparable contributions from these 

source categories between the two methods.  They also agree that coal combustion, diesel 

vehicles, and industrial processes are the top 3 source categories at NYC in July, though 

BFM gives larger contributions from coal combustion than PSAT. 

At NOR in January, BFM and PSAT agree that other combustion and industrial  
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processes are the top 2 source categories, with comparable contributions between the two 

methods.  PSAT gives other mobile sources (8.9%) as the other top source category, while 

BFM gives miscellaneous area sources as the other most important source in January.  Both 

methods give industrial processes, other combustion, and other mobile sources as the top 3 

source categories at NOR in July, with comparable contributions from these source 

categories between the two methods. 

 PSAT gives coal combustion (18.8%) as the most important source of PM2.5 at CIN in 

January, while BFM gives miscellaneous area sources as the most important source.  BFM 

gives coal combustion and biomass burning as the other top source categories in January, 

while PSAT gives biomass burning and industrial processes as the other most important 

sources.  BFM and PSAT agree that coal combustion, miscellaneous area sources, and 

industrial processes are the top 3 source categories at CIN in July, with BFM giving slightly 

higher contributions from coal combustion than PSAT. 

 BFM and PSAT agree that industrial processes are the most important source of 

PM2.5 at KNX in January.  BFM gives biomass burning (13.4%) and miscellaneous area 

sources (10.7%) as the other top source categories while PSAT gives coal combustion 

(15.8%) and biomass burning (12.8%) as the other 2 top sources at KNX in January.  Both 

methods give coal combustion and industrial processes as the top 2 source categories at KNX 

in July, with BFM giving slightly higher contributions from both sources.  PSAT gives 

biogenic sources (6.5%) as the other most important source while BFM gives miscellaneous 

area sources. 

 At NFK in January, PSAT gives coal combustion (18.8%), other combustion (14.0%),  
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and biomass burning (12.9%) as the top 3 source categories; BFM gives biomass burning 

(14.3%), coal combustion (14.3%), and miscellaneous area sources (13.9%) as the top 

sources.  Both methods give coal combustion, other mobile sources, and industrial processes 

as the top 3 source categories at NFK in July, with BFM giving larger contributions from 

coal combustion; contributions from the other 2 source categories are comparable between 

the two methods. 

 PSAT gives coal combustion (19.8%), biomass burning (12.8%), and industrial 

processes (12.1%) as the top 3 source categories at NSH in January; BFM gives 

miscellaneous area sources (17.6%), biomass burning (14.2%), and coal combustion (13.7%) 

as the top 3 source categories.  The two methods agree that coal combustion, industrial 

processes, and miscellaneous area sources are the top 3 source categories at NSH in July, 

with BFM giving higher contributions from coal combustion; contributions from the other 2 

source categories are comparable between methods.  

While BFM and PSAT are in general agreement that coal combustion is the dominant 

source throughout the majority of the domain in July, there are larger discrepancies between 

the two methods in January that are shown in the site specific contributions presented in this 

section.  PSAT tends to give higher contributions from coal combustion in January, with the 

largest differences occurring at JST, YRK, CTR, GFP, OAK, PNS, OLF, CIN, KNX, NFK, 

and NSH.  The larger contributions from PSAT are attributed to the indirect effects of SO2 

emissions reductions on NO3
-
 (e.g., reductions in SO2 emissions lead to increases in NO3

-
) 

within the BFM as well as higher wet deposition of PSO4 in CMAQ in January (see Figure 

5.22).  Perhaps the most apparent discrepancy is the difference in miscellaneous area source 
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Figure 5.36. Miscellaneous area source contributions to NO3
-
 and NH4

-
 from CMAQ and CAMx at JST (top left), YRK (top 

right), BHM (bottom left) and CTR (bottom right) in January. 
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contributions between PSAT and BFM at each site in January.  BFM gives significantly 

larger contributions from miscellaneous area sources at every site in January, more than 

tripling the contribution from PSAT in most cases.  Figure 5.36, which shows contributions 

to NH4
+
 and NO3

- 
from BFM and PSAT at two urban/rural pairs in January, shows that this is 

due to the indirect effect of NH4
+
 reductions on NO3

-
.  The figure displays that all four sites 

show a similar trend.  NH4
+
 contributions from PSAT and BFM agree very well at all sites.  

However, CMAQ consistently shows contributions to NO3
-
 that follow a very similar 

temporal trend as the NH4
+
 contributions and is greater in magnitude.  Conversely, CAMx 

gives no contributions from miscellaneous area source emissions to NO3
-
 at any site.  Taking 

into account that each species is linked only to its primary precursor in PSAT (e.g., NOx  

NO3
-
), it is concluded that the NO3

-
 contributions from BFM are a result of reductions in 

NH4
+
.  This interaction between NH4

+
 and NO3

-
 is consistent with current knowledge of 

thermodynamics; that is, NO3
-
 formation is known to be partially limited by availability of 

NH4
+
.  Therefore, the inability of PSAT to capture this relationship is an inherent weakness 

of the method.  There also exist large differences in gasoline vehicles contributions at many 

sites in January (e.g., JST, BHM, NYC, KNX, NFK, NSH), where BFM tends to give larger 

contributions than PSAT.  This is attributed to the enhanced reductions of NO3
-
 due to 

reductions of NH4
+
 in the BFM described previously, an indirect effect that is not captured 

within PSAT.  PSAT also tends to give slightly higher contributions from diesel vehicles, 

with the largest difference occurring at NYC.  Analysis of speciated contributions reveals 

that larger contributions to NO3
-
 from PSAT are the primary cause for higher overall PM2.5 

contributions.  As previously discussed, this may be due to NO3
-
 formation being limited by  
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availability of NH4
+
 within BFM, leading to higher overall NO3

-
 contributions from PSAT.  

BFM also tends to give larger contributions from biogenic sources at rural sites in January 

(e.g., YRK, CTR, and OAK).  This is attributed to higher baseline SOA simulated from 

CMAQ in January, leading to higher contributions to biogenic SOA from BFM.  BFM also 

tends to give slightly higher contributions from biomass burning than PSAT, particularly at 

OLF, CLT, and NYC.  This larger contributions from BFM are attributed primarily to larger 

contributions to NO3
-
 caused by the indirect effects of NH4

+
 reductions on NO3

-
 that are not 

captured within PSAT.  

As stated and shown in figures 5.27 – 5.35, the impacts of initial and boundary conditions 

are tracked separately in PSAT.  While the impacts of initial conditions on PM2.5 are fairly 

comparable throughout the 18 sites, the impacts of boundary conditions vary significantly.  

NYC is shown to have some of the largest contributions from boundary conditions among the 

sites, with contributions of ~16% and ~40% in January and July, respectively.  This indicates 

that NYC‟s PM2.5 concentrations may be influenced strongly by long range transport from 

upwind sources.  This is consistent with Zhang et al. (2005) and Lall and Thurston (2006) 

who found that transported pollutants play a major role in NYC‟s fine particle mass.  BCON 

contributions are also high at many other sites, including YRK, CTR, OAK, GFP, PNS, OLF, 

GRM, NOR, CIN, NFK, and NSH.  In January, BCON contributions are the highest at CHI, 

with a contribution of ~24%.  High contributions from BCONs at these sites indicate the 

importance of long range transport of PM and PM precursors into these cities.  Conversely, 

Atlanta is found to have some of the smallest contributions from BCONs among the sites, 

indicating that Atlanta‟s PM2.5 may be influenced more by local sources.  Additional analysis  
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shows that the Norfolk site has relatively large contributions from the “leftover” group in 

January, particularly from PSAT relative to the other sites.  This may indicate the influence 

of shipping and offshore emissions, as Norfolk is a coastal site.  Relatively larger 

contributions from the leftover source category from PSAT also occur at GFP, OAK, PNS, 

OLF, and NOR.  These cities are all sites located close to the Gulf Coast, indicating that the 

leftover contribution in these cities may also be influenced by emissions from 

offshore/shipping sources not considered in this study.  It is also noted that the “leftover” 

group at JMS has a negative contribution in January from BFM.  This illustrates one of the 

main limitations of BFM, namely, it assumes that the emissions of all the source categories 

are linear and additive.  JMS has been shown to be a site with considerably high agricultural 

NH3 emissions; therefore, the negative contributions from the leftover group at JMS is likely 

due to very high contributions from miscellaneous area sources resulting from the indirect 

effects of NH4
+
 reductions on NO3

-
.  There are also differences between BCON contributions 

at many of the urban/rural sites.  For example, BCON contributions are larger at YRK 

(~11%) than at JST (~6%) in January.  Likewise, BCON contributions are larger at CTR 

(~14%) than BHM (~7%) in January.  Larger contributions from BCON at these rural sites 

relative to the urban sites indicate that the urban sites may be influenced more by local 

emissions whereas the rural sites are influenced more by long range transport from upwind 

sources.  Analysis of site-specific contributions reveals that BFM tends to give consistently 

higher contributions from the leftover source category at most sites.  This is attributed to the 

fact that the leftover source categories of the two methods are not directly comparable.  The 

contributions of initial and boundary conditions are tracked separately within PSAT, whereas  
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Figure 5.37. Comparison of PSAT and BFM results at urban sites (top) and rural sites (bottom) in January (left) and July (right). 
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Figure 5.38. Comparison of PSAT and BFM results at remote sites (top) and coastal sites (bottom) in January (left) and July 

(right). 
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in BFM, they are included in the leftover source category, hence the generally larger 

contributions from the leftover source category from BFM. 

A more direct comparison of site-specific results from BFM and PSAT can be made 

by analyzing contributions from both methods averaged at sites with similar characteristics 

(e.g., urban, rural, remote, coastal); these results are shown in figures 5.37 and 5.38.  The 

largest differences between the two methods at urban sites in January occur for coal 

combustion and miscellaneous area source contributions.  PSAT gives larger contributions 

from coal combustion, likely due to the indirect effects of SO2 emissions reductions on NO3
-
 

in BFM.  Conversely, the indirect effects of NH4
+
 reductions resulting from the elimination 

of miscellaneous area sources on NO3
-
 in BFM are the likely cause of higher contributions 

from BFM.  BFM also tends to give higher contributions from gasoline vehicles at urban 

sites in January.  This is attributed to enhanced reductions of NH4
-
 due to the indirect effects 

of NO3
-
 reductions within the BFM.  Similarly, BFM gives larger contributions from biomass 

burning at urban sites in January.  This is again attributed to larger contributions to NH4
+
 and 

NO3
-
 within the BFM that are a result of the interactions of these species that are not 

accounted for within PSAT.  A similar pattern is observed for biogenic contributions at urban 

sites in January, with BFM giving larger contributions than PSAT.  This may be attributed to 

higher SOA simulated within CMAQ in January due to the different SOA parameterizations 

within the two models previously discussed.    Conversely, PSAT gives slightly higher 

contributions from diesel vehicles at urban sites in January.  Larger contributions from diesel 

vehicles from PSAT are due to slightly larger contributions to NO3
-
 at these sites.  While 

diesel vehicle emissions are dominated by NOx, they also contain a considerable amount of  
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SO2 (see Tables 4.2 and 4.3).  Therefore, smaller contributions from diesel vehicles at urban 

sites may be attributed to the indirect effects of SO2 emissions reductions on NO3
-
.  The 

results are more comparable at urban sites in July, though BFM gives higher contributions 

from coal combustion, likely due to lower wet deposition in CMAQ and the indirect effects 

of SO4
2-

 reductions on NH4
+
.  Results at rural sites in January show a similar pattern as urban 

sites, with PSAT giving higher contributions from coal combustion and BFM giving higher 

contributions from miscellaneous area sources due to the aforementioned indirect effects 

within BFM.  Contributions from biogenic sources at rural sites are higher than at urban sites 

from both methods, as emissions of biogenic VOCs in these regions are expected to be 

higher.  BFM gives higher contributions from biogenic sources at rural sites in January in 

comparison to CAMx, likely due to higher baseline SOA simulated in CMAQ.  Results from 

the two models at rural sites are also more comparable in July, with BFM again giving larger 

contributions from coal combustion.  Similar trends occur at remote sites in January, with 

PSAT giving higher contributions from coal combustion and BFM giving higher 

contributions from miscellaneous area sources.  BFM also gives higher contributions from 

biomass burning at remote sites in January, again likely due to higher contributions to NO3
-
 

and NH4
+
 resulting from indirect effects within BFM.  In July the results are again more 

comparable, with BFM giving slightly higher contributions from coal combustion.  The same 

trend is observed at coastal sites as well, with higher contributions to miscellaneous area 

sources and coal combustion from BFM in January and July, respectively, and higher 

contributions from coal combustion in January from PSAT.  Similar to other sites, BFM 

gives higher contributions from gasoline vehicles and biomass burning in January due the  
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indirect effects previously described.  BFM also gives higher contributions from biogenic 

sources at coastal sites in January, again likely due to higher SOA in January from CMAQ 

due to differences in parameterizations between the two models.  Conversely, PSAT gives 

higher contributions from other mobile sources at coastal sites in January.  These higher 

contributions from other mobile sources are due primarily to higher contributions to SO4
2-

, 

likely due to higher H2O2 from CAMx (see Figure 5.22) leading to more aqueous-phase 

production of SO4
2-

. 

 As stated, differences between BFM and PSAT are much larger in January than in 

July.  While differences exist between the two methods in both months due to differences 

between CMAQ and CAMx, differences between the source apportionment methods appear 

to be enhanced during the winter months.  One possible reason for the enhanced 

discrepancies during the winter months may be differences in meteorological conditions 

between January and July.  As described previously, CMAQ and CAMx differ in their 

treatment of vertical mixing, with CAMx tending to give weaker vertical mixing than 

CMAQ.  The differences between source contributions due to differences in treatments of 

vertical mixing between the two models will be greater during the winter months when PBL 

heights are considerably lower.  Perhaps even more important is the larger role of indirect 

effects associated with the NH4 - NO3
-
 - SO4

2-
 thermodynamic system during the winter 

months.  Concentrations of NO3
-
 are small during the summer months due to unfavorable 

meteorological conditions for formation, and thus, SO4
2-

 is the dominant inorganic species 

and interactions between the species are not as important.  However, during the winter 

months when NO3
-
 concentrations are higher, these indirect effects resulting from the  
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interactions of the NH4 - NO3
-
 - SO4

2-
 thermodynamic system become much more important.   

Given the magnitude of the difference in contributions from some sources, there is a 

question of which of the two methods gives more accurate source contributions.  While 

results from the two methods cannot be explicitly evaluated against observational data, 

inferences as to which method may more accurately represent the true atmosphere can be 

made.  For example, BFM gives a contribution of ~29% from miscellaneous area sources at 

JMS in January, compared to ~10% from PSAT.  As stated, JMS is a site known to have high 

NH3 emissions from agricultural activity.  Emissions of NH3 should affect concentrations of 

not only NH4
+
, but also NO3

-
 and SO4

2-
 based on their thermodynamic relationship.  

However, PSAT is unable to resolve this relationship and therefore gives much smaller 

contributions than BFM.  A similar observation can be made at JST, where contributions 

from gasoline vehicles are greater from BFM (20.7%) than PSAT (11.6%).  JST is one of the 

largest urban sites within the domain, and would be expected to have significant 

contributions from gasoline vehicles.  Gasoline vehicle emissions contain significant 

amounts of both NOx and NH3.  BFM and PSAT agree well on the NH4
+
 contributions at 

JST, however, BFM gives much larger contributions to NO3
-
 due to the indirect effects 

associated with the relationship between NH4
+
 and NO3

-
.  As stated, this thermodynamic 

relationship between these two species is a real-world occurrence that should be accounted 

for, as the formation of NO3
-
 is known to be limited by the availability of NH4

+
 in the true 

atmosphere.  The inclusion of these indirect effects within the BFM allows this method to 

provide source contributions that are also more representative of the true atmosphere, 

although BFM is also subject to some other limitations as previously mentioned. 
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5.5 Comparison of computational speeds of BFM and PSAT 

Table 5.3 shows the relative computational requirements of each method as used in 

this study.  It is noted the computational times compared here for a 1-month simulation 

consisting of 19 layers for both models.  A 1-month source apportionment simulation for 4 

source categories using 6 processors while using CAMx/PSAT required approximately 55.8 

hours.  Conversely, a 1 month source apportionment simulation for 4 source category using 

16 processors while using CMAQ/BFM took approximately 186 hours to complete, making 

PSAT over 3 times faster than BFM. 

 

Table 5.3. Comparison of computational requirements of PSAT and BFM. 

 Simulation Period # of Processors # of Sources CPU time 

CMAQ/BFM 1 month 6 4 210 hrs 

CAMx/PSAT 1 month 6 4 55.8 hrs 

 

 

5.6  Implications of Source Apportionment to the State Implementation Plans (SIP) 

and Human-Health Based Epidemiological Studies. 

As mentioned in this introductory section of this thesis, PM2.5 is a pollutant of 

particular interest due to its adverse visibility, climate change, and perhaps most importantly, 

human health.  Because of these adverse effects, PM2.5 is one of the six criteria pollutants 

regulated under the NAAQS.  When an area has been designated to be in nonattainment, the 

corresponding state government is required to formulate a SIP outlining steps to bring that 

particular region into compliance.  In order to develop the most effective reduction strategy,  
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it is vital to have an understanding of emission sources that are contributing to the elevated 

levels of PM2.5.  Source apportionment is one way to quantitatively assess the potential 

impacts of different emission sources.  While there are different methods of conducting 

source apportionment, this thesis has focused on the use of 3-D AQMs.  Two main 

subcategories within the 3-D AQM approach can be identified: sensitivity analysis and 

source apportionment, both of which are compared in this study.  As shown in the previous 

sections, source apportionment and source sensitivity are different approaches whose results 

have differing implications.  Their use as an attainment support tool in the formulation of 

SIPs requires a complete understanding of the limitations of each method and how those 

limitations manifest themselves in the results.  It has been established that for primary PM 

species whose concentrations are linearly related to emissions, BFM and PSAT should be 

equivalent.  However, as the importance of secondary PM species (e.g., NO3
-
, NH4

-
, SO4

2-
, 

and SOA) increases so will the discrepancy in results between BFM and PSAT.  For 

example, this thesis has found that one main difference between BFM and PSAT source 

apportionment methods is the indirect effect of emissions reductions of one species on 

another secondary PM species, consistent with findings from Koo et al. (2009).  While there 

were differences in results from this study due to the use of different models (e.g., 

CAMx/PSAT and CMAQ/BFM), the main differences between the two source 

apportionment methods are consistent with those of Koo et al. (2009).  A major strength of 

BFM is its ability to capture these indirect effects that result from interactions of secondary 

PM species, whereas PSAT is unable to capture these indirect effects with its current 

formulations; further work to include these indirect effects within PSAT would greatly  
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strengthen the tool‟s capabilities.  Additionally, this study finds that the differences between 

BFM and PSAT are enhanced during the winter months due to a larger role of indirect effects 

that occur within the NH4
+
 - NO3

-
 - SO4

-
 system.  In particular, the indirect effects concerning 

NO3
-
 are much larger in winter due to favorable metrological conditions for NO3

-
 formation.  

In the case of analyzing emission reduction scenarios, as is often conducted by state 

governments, BFM (and other sensitivity analysis methods) may be able to more accurately 

capture the complex interactions of pollutants in the atmosphere (i.e., the effects of SOx 

emissions reductions on NO3
-
).  Because PSAT links each aerosol species only to its primary 

precursor, it is unable to resolve these complex relationships between secondary PM species 

in source apportionment modeling.  Caution is needed when using source apportionment 

results from PSAT to guide emission control strategies and evaluate the impact of emission 

reductions on source appointment for secondary PM species in the context of SIP modeling, 

because those results do not accurately reflect such complex interactions.  This is also an area 

of potential improvement for PSAT.  BFM is, however, limited by the assumption that the 

emissions of each source category are linear and additive.  As noted, PSAT is limited in its 

ability to accurately capture these indirect effects resulting from the complex interactions of 

secondary PM species.  However, it has the advantage of accounting for 100% of simulated 

PM2.5 as well as providing strictly non-negative values for source apportionment (recall that 

BFM has the potential to provide negative source apportionment results for certain species).  

In addition, PSAT is much more computationally efficient than BFM, allowing for analysis 

of multiple sources within a single model simulation.  Due to these advantages, PSAT may 

be a valuable alternative to BFM; however, it is found that BFM is more representative of the  
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true atmosphere. 

 Another important role of source apportionment is the use of source apportionment 

results in human health studies.  A number of studies have aimed to establish relationships 

between source-based exposure and different health outcomes (Laden et al., 2000; Hopke et 

al., 2006; Marmur et al., 2006; Lee et al., 2009).  In order to achieve this relationship, it is 

necessary to generate complete sets of source contributions to PM2.5 concentrations.  The use 

of 3-D AQMs to generate source apportionment has been found to be advantageous over 

receptor based models in generating more spatially representative contributions, as source 

apportionment results can be obtained for each grid cell within a domain (Marmur et al., 

2006).  However, this approach is limited in capturing true temporal variations of source 

contributions.  This can be due in part to the dominance of larger scale processes (i.e., 

meteorology) on simulated concentrations of pollutants, whereas receptor-based methods 

(which are based on observation) are likely to be influenced more by diurnal variations in 

emissions.  Receptor based models, though limited spatially, may be more representative in 

capturing temporal and diurnal trends in source contributions.  A major challenge for both 

receptor- and emission-based source apportionment techniques is how to formally evaluate 

the results.  Traditionally, 3-D AQMs have been evaluated by assessing how well the model 

simulates the temporal and spatial concentrations of pollutants in comparison to surface 

observations.  Agreement between simulations and observations, however, does not 

necessarily mean that predicted source contributions are accurate as there may be 

compensatory errors within the model (US EPA, 2007; Zhang et al., 2009).   
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Another emerging area of research with regards to human-health based exposure 

studies is health effects of PM2.5 species.  While the total mass of PM2.5 has been well studied 

in terms of its correlations with adverse health effects, the relationship between these health 

effects and specific PM2.5 components remains vague (Bell et al., 2007).  Sulfate has received 

the most attention in epidemiological studies among all inorganic species, and there has been 

relative inconsistency in terms of direct relationships between SO4
2-

 and adverse health 

effects.  Studies have also shown that some adverse health effects related to PM2.5 exposure 

seem to be more strongly associated with particles from traffic sources, which are high in 

black carbon (BC) (Schwartz et al., 2005; McCreanor et al., 2007).  The results concerning 

health effects of other major PM species are largely inconclusive at this point (Schlesinger, 

2007).  However, CMAQ/BFM and CAMx/PSAT will give similar results when studying the 

health effects of primary PM species (e.g., EC), as their SA results should be equivalent for 

these species.  The use of 3-D AQMs for source apportionment has the potential to provide 

more detailed datasets containing speciated source apportionment results with large spatial 

and temporal coverage.  These datasets will allow for a more robust analysis of the 

correlation between certain health end points and exposure to specific PM2.5 components.   

Both methods have their advantages and disadvantages in terms of their application in 

epidemiological studies.  It has been well noted that a large difference between BFM and 

PSAT are the indirect effects that occur due to interactions of secondary PM species within 

BFM.  For example, NO3
-
 formation being limited by the availability of NH4

+
 is an indirect 

effect consistent with current thermodynamic understanding and is an important concept that 

is captured well within BFM.   
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CHAPTER 6. CONCLUSIONS AND RECOMMENDATIONS 

 

 

 The identification of major sources contributing to PM2.5 has been on the forefront of 

scientific research over the past decade.  This task is essential in developing the most cost-

effective reduction strategies with the goal of reducing PM2.5 concentrations in nonattainment 

areas to attainment levels.  Source apportionment has traditionally been conducted using 

receptor-oriented models that aim to infer source contributions by linking samples taken at 

observational sites to their most likely emission source based on their speciated profile.  

While these methods are widely-used and well-documented, they are limited in their ability 

to provide adequate spatial distribution to the limitations in the frequency and spatial 

availability of observational data.  In order to provide more robust source apportionment 

data, recent studies have began to utilize 3-D AQMs to conduct source apportionment at a 

greater spatial resolution, providing source contributions at each grid cell and time step 

within a domain.  The work in this thesis compares two source-oriented source 

apportionment methods: the brute-force direct sensitivity analysis method and the Particle 

Source Apportionment Technology, or PSAT.  CMAQ is used to conduct source 

apportionment via the BFM while PSAT implemented in CAMx is used.  The sources 

examined in this study are chosen based on a survey of past literature concerning major 

source of PM2.5, particularly over the eastern U.S.  These sources include biogenic, biomass 

burning, coal combustion, diesel vehicles, gasoline vehicles, industrial processes, 

miscellaneous area sources, other combustion, other mobile sources, and waste disposal and 

treatment.  Source apportionment is conducted for both January and July 2002 in order to  
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also assess the potential impacts of seasonality on source contributions. 

The baseline simulations of both CMAQ and CAMx are conducted at a horizontal 

grid spacing of 12-km over the eastern U.S.  In order to minimize differences between the 

source apportionment results using two different host models, the configurations for CAMx 

are selected to match CMAQ whenever possible (e.g., CB-IV, RADM, and ISORROPIA are 

used for simulations in both models).  However, as reported by Olsen (2009), differences 

between two models exist in the representation of vertical advection and PM size 

representation, secondary organic aerosol modules, and dry and wet deposition treatments, 

which may in turn affect the results of source appointment.  The CMAQ and CAMx baseline 

simulations are evaluated in terms of surface concentrations of O3 and PM2.5.  Both models 

overpredict PM2.5 and maximum 1- and 8-hour O3 in the surface layer in January, with 

CAMx generally predicting higher values.  Conversely, both models underpredict PM2.5 in 

the surface layer in July, with CMAQ generally having a larger underprediction.  CMAQ 

tends to underpredict concentrations of maximum 1- and 8-hr O3 in the surface layer in July, 

while CAMx tends to overpredict them.  Additionally, the CMAQ baseline simulation is 

evaluated in terms of column abundance and optical properties of chemical species based on 

satellite data.  In January, CMAQ overpredictes NO2 and O3 column abundance throughout 

the troposphere while showing good agreement for CO and AOD.  In July, CMAQ 

underpredictes all pollutants throughout the depth of the troposphere, with the worst 

underprediction occuring for O3. 

In January, the BFM gives biomass burning as the most important source, with a  

contribution of 13.7% to domain-wide monthly-mean PM2.5.  POA is the most affected  
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species of biomass burning from the BFM, with a contribution of 7.4% to the overall PM2.5 

contribution.  Miscellaneous area sources and coal combustion are the next two largest 

contributors to domain-wide PM2.5 from the BFM, with contributions of 11.8% and 10.8%, 

respectively.  The most affected species of miscellaneous area source and coal combustion 

emissions are SO4
2-

 and NO3
-
, respectively.  PSAT, however, gives different rankings in 

terms of the most important sources of PM2.5 in January.  PSAT identifies coal combustion as 

the most important source in January, with a monthly-mean percentage contribution of 14.0% 

to domain-wide PM2.5; 11.4% of that contribution is from SO4
2-

.  The next two largest 

sources from PSAT are biomass burning and other mobile sources, with contributions of 

11.3% and 6.8%, respectively.  The large difference in contributions from miscellaneous area 

sources between the BFM and PSAT is attributed to the indirect effect of NH4
+

 reduction on 

NO3
-
 formation within the BFM.  Similarly, differences in contributions from coal 

combustion between the two methods can be attributed to the oxidant limiting effects and 

indirect effects of SO2 emissions reductions on NO3
-
 formation within the BFM. 

The two methods are in agreement that coal combustion is the most important source 

of PM2.5 in July, with contributions of 30.8% and 21.0% to domain-wide PM2.5 from BFM 

and PSAT, respectively.  The difference in magnitude of the contribution of coal combustion 

between BFM and PSAT is attributed to differences in wet and dry deposition treatments 

between CMAQ and CAMx as well as indirect effects of SO4
2-

 reduction on NH4
+

 formation 

within the BFM.  The BFM and PSAT also agree on miscellaneous area sources being the 

next largest source in July, with contributions of 8.9% and 8.1%, respectively.  The better  

agreement on miscellaneous area source contributions in July between the two methods is  
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attributed to less influence of NO3
-
 in July.  The next most important source from both the 

BFM and PSAT is industrial processes, with monthly-mean percentage contributions of 6.9 

and 6.2%, respectively. 

The sources observing the greatest seasonality from both PSAT and BFM include 

coal combustion and biomass burning.  The BFM gives contributions from coal combustion 

of 30.8% in July, but only 10.8% in January.  Similarly, PSAT gives contributions from coal 

combustion of 21.0% in July, but only 14.0% in January.  The differences in contributions 

between months are driven primarily by meteorology, as the emissions from coal combustion 

are fairly similar between months.  However, coal combustion emissions are dominated by 

SO2.  Therefore, because SO4
2-

 formation prefers warmer temperatures, coal combustion 

contributions to SO4
2-

 are much greater in July, despite similar emissions between the two 

months.  Additionally, reductions in emissions of SO2 in January leave more radicals 

available to oxidize NO2, leading to increases in NO3
-
 that decrease the overall PM2.5 

contributions.  These indirect effects appear to have the largest impacts for sources whose 

emissions are dominated by a particular species.  Conversely, both BFM and PSAT give 

significantly higher contributions from biomass burning in January as opposed to July.  The 

BFM gives a contribution from biomass burning of 13.7% in January, but only 2.9% in July.  

Similarly, PSAT gives a contribution from biomass burning of 11.3% in January, but only 

2.7% in July.  While the seasonality in coal combustion contributions is attributed to 

meteorology, differences in biomass burning contributions between months are attributed to 

differences in emissions.  Increased residential wood combustion for heating purposes during 

the winter months leads to significantly higher emissions of all species, leading to a much  
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larger contribution in January. 

The largest cause of discrepancy between PSAT and the BFM occurs due to the 

interactions of secondary species within the BFM.  Reductions in the emissions of secondary 

PM species (e.g., SO2, NOx, NH3) within the BFM can indirectly affect the formation of 

other secondary PM species.  For example, reductions in the emissions of agricultural NH3 

reduce the amount of NH4
+
 available to neutralize HNO3.  Therefore, more HNO3 is left in 

the gas phase as opposed to entering into the particulate phase, leading to reductions of NO3
-
, 

despite insignificant NOx emissions from agricultural species.  Because each PM species is 

linked only to its primary precursor (e.g., NOx  NO3
-
, SO2  SO4

2-
, NH3  NH4

+
) within 

PSAT, these indirect effects are not considered in PSAT.  For primary PM species, the 

contributions from BFM and PSAT are very similar, as the concentrations of these species 

are linearly related to emissions.  Therefore, differences in contributions to primary PM 

species between the two methods can be mainly attributed to differences in removal 

processes between CMAQ and CAMx.  Additional differences between CMAQ and CAMx 

may exist due to the use of different meteorological processors.  For example, CMAQ 

utilizes MCIP while CAMx uses MM5CAMx.  These processors recalculate variables such 

as vertical diffusivities, cloud fractions, wind fields, and pressure heights based on MM5 data 

for use in their respective models.  Therefore, differences in meteorological processors used 

may lead to slightly different representations of these variables in CMAQ and CAMx. 

The work in this thesis indicates that adding additional controls to reduce emissions 

of SO2 from coal combustion sources (e.g., coal-fired power plants) may be one of the most 

effective ways to reduce PM2.5 concentrations over the eastern U.S., particularly in the  
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summer when warmer temperatures enhance SO4
2-

 formation.  While controlling emissions 

of biomass burning sources (i.e., regulating residential wood combustion) may be difficult, 

decreasing emissions from various types of burning (e.g., prescribed, agricultural, land-

clearing) may be an effective course of action in reducing PM2.5 concentrations, particularly 

in the colder months when lower mixing depths enhance surface buildup of primary PM 

species.  While gasoline and diesel vehicle contributions are relatively small domain-wide, 

site specific analysis shows that developing more fuel-efficient vehicles can be an effective 

reduction strategy in large urban areas where nonattainment is often an issue.  However, the 

results obtained from the BFM indicate that policy-makers must be mindful of the indirect 

effects that can potentially occur when reducing emissions of a particular species.  Focusing 

on reductions of SO2 emissions, for example, can lead to increases in concentrations of NO3
-
 

in some areas.  Therefore, it is more beneficial to find a combination of reduction in 

emissions of all major secondary PM precursors that will optimize the overall PM2.5 

reduction.  Additionally, because the BFM is able to represent both first-order and higher-

order sensitivities, the results can easily be extrapolated by policy-makers to analyze more 

realistic emission-reduction scenarios (e.g. 20% reductions). 

 A major focus of this thesis was not only to identify major sources contributing to 

PM2.5 over the eastern U.S., but also to compare two different source apportionment methods 

and assess the implications of the differences in results obtained from the two methods.  

While both methods have their merits and limitations, the results of this thesis indicate that 

PSAT and the BFM will give different source apportionment results with different 

implications.  The BFM may be more feasible in analyzing emission reduction scenarios as it  
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better captures the indirect effects that occur as a result of the interactions of pollutants in the 

atmosphere.  However, it is important to remember that in the case of non-linear systems, the 

BFM cannot be termed true “source apportionment”, as the summation of the contributions 

of all source categories will always not equal the total PM2.5 concentration.  While PSAT 

may not be able to capture certain indirect effects that are part of the present-day atmosphere 

(e.g., NO3
-
 formation being limited by availability of NH4

+
), it has shown to be able to 

apportion well each PM species to its primary emission precursor when not considering 

indirect effects.  However, the use of PSAT source apportionment data for exposure analysis 

may over or underestimate exposure to certain species due to the exclusion of indirect effects 

that occur in the atmosphere. Despite the superior computational efficiency of PSAT over 

BFM, BFM may be a more feasible option for source apportionment in support of exposure 

studies as it is able to capture complex interactions of secondary PM species.  An additional 

alternative, as shown by Lee et al. (2009), would be to use an ensemble approach that 

considers source apportionment results for a particular source category from several different 

source apportionment methods. 

As in any source apportionment study, it is important to remember the limitations of 

the methods used and their implications on the results obtained.  The BFM is shown to be a 

computationally inefficient source apportionment method, with separate simulations required 

for each source category to be analyzed.  Additionally, the BFM is rooted in the assumption 

that the contributions from each source category are linear and additive.  This assumption 

will not hold for non-linear processes such as the formation of secondary PM species.  PSAT 

is shown to be a more efficient source apportionment method, as results can be obtained for  
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several different source categories within a single model simulation.  However, it is shown 

that PSAT is unable to capture the indirect effects associated with the interactions of 

secondary PM species in the atmosphere due to its assumption that each species is affected 

only by its primary precursor.  Therefore, PSAT may overestimate or underestimate or 

neglect source contributions compared to the BFM depending on the nature and degree of the 

indirect effect considered.  Finally, source apportionment results from both methods are 

limited by the accuracy of the host model used; CAMx in the case of PSAT, and CMAQ in 

the case of BFM.  Surface evaluation against the AIRS-AQS, SEARCH, STN, CASTNET, 

and IMPROVE networks show that both CMAQ and CAMx overpredict PM2.5 in January 

while both models underpredict PM2.5 in July; these biases must be taken into consideration 

when considering the resolved source contributions from the two methods.   

In order to increase the level of confidence in source apportionment results obtained 

using 3-D AQMs, it is necessary to increase our understanding of the representations of 

atmospheric processes within the AQMs and the impact of such processes on source 

contributions in apportioning various sources for species of interest .  As our knowledge of 

these processes increases through theoretical, field, and laboratory research, its incorporation 

into the models will lead to more accurate and reliable source apportionment. 
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