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ABSTRACT 

Knowledge of distributions of aerosols is critical to human health, Earth’s radiative 

budget, and air quality. However, the lack of sufficient direct measurements of aerosol 

type, number, mass concentrations and current limitations of satellite retrievals make it 

challenging to accurately model the aerosol variability. Such measurement gaps also 

hinder evaluation of aerosol source budget from emission inventories, modeling of 

aerosol chemistry, and sinks. In this context, the first study characterizes the potential of 

multivariate relationships between Aerosol Optical Depth (AOD), a quantity that 

represents light extinction by aerosols in the atmospheric column and a suite of surface 

and atmospheric parameters (e.g., vegetation, precipitation, fire characteristics) in order 

to assess trends in AOD anomalies for the U.S Southwest. This study covers the area that 

experiences North American Monsoon (NAM) and examines trends in AOD across 

different aerosol sources in this region such as dust storms, biomass burning, and 

anthropogenic emissions. We find that aerosols from anthropogenic processes and 

biomass burning exhibited a strong declining trend in AOD whereas trends along the 

NAM alley were obfuscated by the monsoon precipitation (sink) and convective dust 

storms (sources). In the second study, we develop constraints to improve characterization 

of anthropogenic apparent Elemental Carbon (ECa) using coemitted combustion products 

such as Carbon Monoxide (CO) and Nitrogen Oxides (NOx). We compare observational 

ratios of ECa vs CO and ECa vs NOx against those from emission inventories.  We find 

that the observational ratios have increased at sites in the Urban-West due to increase in 

ECa from 2000-2007 to 2008-2015. Further, emission ratios do not match with 

observational ratios. We recommend that rigorous efforts are needed to better quantify 
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and monitor the changes in these species in the Urban-West particularly for non-road and 

residential combustion sectors.  The final study of this dissertation discusses a technique 

to produce forecasts of AOD by combining satellite retrievals and a chemical transport 

model in an analog based framework. We use model forecasts of AOD, particulate matter 

(PM) concentrations, and meteorological parameters from Weather Research and 

Forecasting model with Chemistry (WRF-Chem) to train the framework for choosing 

analogs (past forecasts similar to current simulations). MODIS Terra and Aqua satellite 

retrievals of AOD for analog days are then used in a Kalman Filter (KF) framework to 

determine the forecast error and referred to as KFAN. The analog based estimates better 

forecasts of AOD for the Western US compared to the East and the mean bias in AOD 

forecasts are reduced to the range of 0.001-0.1. The reduction in positive bias in AOD is 

drastic and the method captures the decrease in AOD from morning to afternoon. We find 

that higher root mean square error (RMSE) values in the East are due to the inability of 

KFAN to capture the AOD peaks during biomass burning episodes and AOD lows during 

days of high precipitation rates. A systematic statistical analysis using step-wise linear 

regression models also show that in the East, there is a stronger dependence of aerosol 

loading on meteorological factors such as air temperature, precipitation, and relative 

humidity. As a consequence, overall quality of the analogs in the East is impacted when 

uncertainties in the simulated meteorological fields are higher. Overall, this study shows 

that the correlative information from multi-satellite remote sensing retrievals and models 

provide additional constraints on aerosols using composition/source identification (e.g., 

aerosol type, landcover, emission sources, fuel consumption), coemitted gas phase 

species (e.g., CO and NOx), and meteorological parameters (e.g., wind speed, TPW). The 
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synergy of information from these datasets can be beneficial for design of future remote 

sensing missions, deployment of ground networks, and studies related to feedbacks 

between meteorology and aerosols.  
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CHAPTER 1 

 

1. INTRODUCTION 

Atmospheric composition has been an integral component of life on Earth. Changes in 

atmospheric composition such as concentrations of greenhouse gases like Carbon dioxide 

(CO2) and other constituents can have significant repercussions on human life, climate, 

and Earth’s radiative balance.  Climate change and stratospheric ozone depletion are the 

best known examples for implications of changes in atmospheric composition on human 

life and the environment (e.g., Crutzen et al., 1986; Solomon et al., 1988; IPCC AR5, 

Stocker et al., 2013). Consequently, air pollution is used as an indicator for negative 

impacts of atmospheric composition on health, climate, and air quality.  

 

“Air pollution is the biggest environmental risk to human health. In 2012, one out of 

every nine deaths was related to air pollution related conditions. In 2013, 5.5 million 

deaths were related to air pollution (World Health Organization, 2016)”.  

 

While a number of air pollutants have been studied in the context of climate change and 

health, particulate matter (PM or aerosols) is the air pollutant that is more directly linked 

to health risks and mortality rates (WHO, 2016; Baumgartner et al., 2014). Furthermore, 

natural and anthropogenic aerosols also play a substantial role in radiative properties and 

Earth’s energy balance (Ramanathan and Carmichael, 2008; McConnell et al., 2007; 

Jacobson, 2001; Flanner et al., 2007; Meehl et al., 2008; Zhao et al., 2012). Considering 
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these factors, aerosol research is gaining more attention in the atmospheric composition 

community.  

 

1.1 AEROSOLS 

Aerosols consist of collections of liquid or solid particles of inorganic or organic 

substances suspended in a gas (Seinfeld and Pandis, 2006). Atmospheric aerosols include 

a wide range of particle types such as biomass burning/smoke particles, volcanic ash, 

fossil fuel black and organic carbon, sulphates, nitrates, sea spray, ammonium, mineral 

dust etc. These particles range in size from a few nm to 100 µm and exhibit different 

physical and chemical properties. Aerosols have multitude of sources. They are formed 

through direct emission from natural or anthropogenic activities (primary particles) or 

through oxidation of gaseous precursors such as sulfur dioxide, nitrogen oxides, and 

volatile organic compounds (VOCs) (secondary particles) (Seinfeld and Pandis, 2006). 

For example, natural processes such as dust storms, wave breaking, and volcanic 

eruptions produce mineral dust, sea salt, and volcanic ash aerosols. Soot and organic 

aerosols can be produced from natural processes such as biomass burning and also from 

anthropogenic activities such as coal combustion, diesel engine emissions, and residential 

wood burning. Once emitted, these particles stay in the atmosphere until they are 

removed by deposition to the surface (dry deposition), precipitation (wet deposition) and 

/or chemical transformations. In the troposphere, the residence time of aerosols generally 

ranges from 1 to 2 weeks (Haywood et al., 2000). Due to their shorter lifetime, their 

distribution is more uneven compared to gases that have longer lifetimes. Therefore, their 

effects are more regional and depend strongly on geographic location, local meteorology, 
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precipitation rate, height of the planetary boundary layer, and the physical and chemical 

properties of particles. Understanding the factors controlling the abundance of aerosols 

and gases and their chemical evolution is the fundamental objective of atmospheric 

chemistry (Jacob et al., 1999).  

 

Properties of atmospheric aerosols such as aerosol source strengths, size, composition, 

water uptake, altitude, and shape highly vary in space and time. Owing to these 

physicochemical characteristics, aerosols remain poorly understood. The National 

Academy of Sciences (NAS) recently published a report on the future of atmospheric 

chemistry research that highlights some key scientific gaps in aerosol science. The NAS 

report describes the past and current advances in atmospheric chemistry and lists the 

scientific areas of priorities related to atmospheric trace gases and aerosols (NAS, 2016). 

According to this report, specific areas of focus for future aerosols research include, but 

not limited to:   

1. Quantify and understand global and regional distribution of aerosol species, emission 

sources, lifetimes, and wet and dry deposition processes from polluted urban and remote 

regions.  

2. Identify the chemical processes between aerosols and trace gases that lead to 

transformation/removal of aerosols in the atmosphere.  

3. Determine important aerosol feedbacks to weather and climate and their implications 

for human health.  
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1.2 WHY ARE AEROSOLS IMPORTANT?  

Aerosol particles impact visibility and human health (Bell et al., 2004; Noble and Prather, 

1998). Regional air quality is affected by natural and anthropogenic aerosols that are 

produced locally or transported from distance (Joseph, 1999; Heald et al., 2006; Park et 

al., 2006; Raman et al., 2014; Lader et al., 2016).  Upon inhalation, the deposition of 

these particles in the lungs substantially depends on the physicochemical properties of the 

particles and the location in the lungs. For example, coarser particles deposit in the 

bronchial region and relatively finer particles are deposited in the alveoli region. Particles 

that are dissolved enter the bloodstream (Hinds, 2012). The fine particulate matter (PM < 

2.5µm) measurements obtained in six US cities showed that a 10 µg m
-3 

increase in PM2.5 

from mobile emissions resulted in 3.4% increase in daily mortality and an equivalent 

increase in PM2.5 from coal combustion sources resulted in 1.1% increase (Laden et al., 

2000). In 2012, air pollution from PM was responsible for 3 million deaths and 85 

million disability-adjusted life years (WHO, 2016).  

 

Aerosol particles are also important for Earth’s climate. Aerosols absorb and/or scatter 

the incoming solar radiation and also interact with longwave terrestrial radiation through 

absorption, scattering, and re-emission (direct effect). They also serve as a cloud 

condensation nuclei and aid in the formation of clouds and precipitation (indirect effect, 

IPCC AR5, Stocker et al., 2013). The radiative effects of aerosols are quantified by 

Radiative Forcing (RF) which is defined as the ‘the net change in the irradiance (solar 

plus longwave) at the tropopause after allowing for stratospheric temperatures to readjust 

to radiative equilibrium, but with surface and tropospheric temperatures and state held 



24 

 

fixed at the unperturbed values’ (Ramanathan et al., 2001). This factor varies based on 

the aerosol type, size distribution, aerosol refractive index, and mixing state. For 

example, sulphates and nitrates scatter a larger proportion of incoming radiation resulting 

in negative RF whereas black carbon (BC) and mineral dust particles absorb both solar 

and terrestrial radiation thereby resulting in positive RF (Kopp and Mauzerall, 2010). The 

largest uncertainties in the total radiative forcing estimates are contributed by aerosols, in 

particular, anthropogenic aerosols (IPCC AR5, Stocker et al., 2013).  

 

At a given supersaturation, some aerosols such as inorganic salts absorb water and are 

more hygroscopic compared to carbonaceous aerosols or mineral dust that are weakly 

hygroscopic (e.g., Hu et al., 2010). These aerosols can serve as efficient cloud 

condensation nuclei for the formation of cloud droplets. This aerosol-cloud interaction is 

called indirect effect. The ability of the aerosols to absorb water (hygroscopicity) and 

ability to switch from crystalline to aqueous phase (deliquesce and effervesce) vary with 

ambient relative humidity, aerosol composition, and size. These factors along with the 

hygroscopic growth, lifetime, and the albedo of aerosols amplify aerosol-cloud related 

forcing (IPCC AR5, Stocker et al., 2013). Further, aerosols also affect ocean productivity, 

production of other biogenic aerosols such as dimethyl sulphide, distribution of 

atmospheric oxidants through dust deposition in ocean and reactions on mineral aerosols 

(Jickells et al., 2005; Mahowald et al., 2008).  
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1.3 AEROSOL VARIABILITY IN UNITED STATES 

Continental United States is an interesting region of study for aerosol research because of 

the occurrence of North American Monsoon (NAM) and extreme air quality events such 

as haboobs or massive dust storms (Raman et al., 2014). This region is also affected by 

trans-boundary transport of pollution from Asia to United States (e.g., Park et al., 2004). 

Recent studies also point to a striking cooling trend in summer time surface maximum 

temperature over the past century in southern and central US (Yu et al., 2014).  Chemical 

composition and size of PM aerosols also exhibit significant spatial and temporal 

variability. The majority of variation arises due to sources and meteorology. 

Environmental Protection Agency (EPA) monitors and evaluates the National Ambient 

Air Quality Standards (NAAQS) for particulate matter across US According to NAAQS, 

the 98
th

 percentile of 24-h PM2.5 (primary and secondary) concentration averaged over 3 

years should not exceed 35 µgm
-3 

and PM10 concentrations should not exceed 150µgm
-3 

more than once per year (https://www.epa.gov/criteria-air-pollutants/naaqs-table).  

 

A growing number of studies have investigated the chemical speciation of aerosols across 

US (Hand et al., 2012; Bell et al., 2007; Tai et al., 2010). Overall, for 2000-2005, PM2.5 

levels were higher in the Eastern US and California, and lowest in Northwest and Central 

US (Bell et al., 2007). In the Eastern US, ammonium sulphate aerosols contribute to 40-

60% of fine PM (highest in summer), whereas nitrates and fine soil contribute to more 

than 40% of fine PM in Mid-West and Western US respectively (Malm et al., 2004; Hand 

et al., 2012). Further, aerosol composition and distribution also vary in between rural and 

urban areas (Malm et al., 2011; Hand et al., 2012) and in different seasons.  The seasonal 
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variation is mainly due to changes in meteorological factors such as temperature, height 

of the planetary boundary layer, wind speed etc. Daily variation in meteorological 

parameters can explain up to 50% variation in PM2.5 across US For example, OC, EC, 

and sulphates are positively correlated with temperature over most of US and their 

concentrations increase with temperature. RH is positively correlated with sulphates and 

nitrates and negative correlated with EC and OC. The negative correlation of RH with EC 

and OC is associated with sources from forest fires and also the scavenging sink for EC.  

Wind speed and direction also control the transport the aerosols. A stagnant day with 

daily mean geostrophic wind  < 8 m s
-1

, daily mean 500 hpa wind < 13 ms
-1

, and daily 

precipitation  < 0.01 cm d
-1 

(Wang and Angell, 1999) can elevate PM2.5 levels up to 2.6 µ 

gm
-3

 compared to a non-stagnant day (Tai et al., 2010). Occurrence of seasonal episodic 

events such as dust storms (e.g., Raman et al., 2016), biomass burning (e.g., Spracklen et 

al., 2007) can also affect PM distribution. This is especially true for the US Southwest. 

Further, even same aerosol species can be emitted from two different sources. For 

example, secondary organic aerosols (SOA) can be formed from either oxidation of 

biogenic VOCs or anthropogenic VOCs. In a study comparing water soluble organic 

compounds (WSOC) from urban plumes in New York and northern Georgia, the authors 

found that although biogenic VOCs in Georgia are 10-100 times higher in concentrations 

than New York, WSOC in both regions were highly correlated with anthropogenic CO 

and anthropogenic secondary organics (Weber et al., 2007). This complex interplay 

between meteorology, aerosol sources and sinks, and the physicochemical properties 

makes it challenging to quantify and monitor. 
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1.4 OBSERVATION SYSTEM FOR AEROSOLS 

“No instrument or model or observation is perfect.” 

1.4.1 IN-SITU MEASURMENTS 

Long-term measurements of aerosols for US are provided by Interagency monitoring of 

Visually PROtected Environments (IMPROVE)
 

and Chemical Speciation Network 

(CSN). IMPROVE sites are located in rural areas and CSN sites are located in 

urban/suburban areas (Hand et al., 2011; Malm et al., 2011). The PM monitoring program 

includes more than 1100 monitoring stations that collect 24-h samples every third day or 

every sixth day using a federal reference method 

(https://www3.epa.gov/ttnamti1/pmfrm.html).  These networks provide mass 

concentrations of bulk PM2.5, PM10, and chemical speciation of particulate matter such as 

Elemental Carbon, Organic Carbon, sea salt, mineral dust etc. EPA has also established a 

set of PM ‘Supersites’ for monitoring the physicochemical characteristics of fine PM, 

support health exposure studies, and evaluate different methods of measuring PM. 

Currently, there are eight EPA super sites across US that provide measurements of total 

PM2.5 and size resolved chemical composition (Solomon and Sioutas, 2008). In addition, 

the South Eastern Aerosol Characterization network (SEARCH) including four urban-

rural site pair network was designed, particularly for the southeast due to its unique 

meteorology, urban population, and presence of higher percentage of biogenic VOCs 

(Hansen et al., 2003; Edgerton et al., 2005). These sites are located in far clearings, away 

from the urban point sources at relatively higher elevation.  Filter samples in SEARCH 

network are collected from midnight to midnight and particle speciation is analyzed using 
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a particle composition monitor. Overall, compared to PM2.5, the monitoring networks that 

collect coarser PM (2.5-10) are limited.  

 

In addition to measurements of PM concentrations and chemical composition, aerosol 

optical properties are also derived from ground based measurements networks such as 

Aerosol Robotic Network (AERONET) (Dubovik et al., 2000). These networks use sun 

photometer measurements of direct sun radiance obtained at 8 different wavelengths from 

340nm to 1020nm, every 15 min, to provide aerosol optical characteristics (e.g., aerosol 

optical depth (AOD), single scattering albedo (SSA)). These properties vary with particle 

refractive index, type, and wavelength. These measurements are based on spectral 

attenuation of incident radiation at a given wavelength, which follows Beer-lambert’s 

law:  

Iλ = Io e
-τ 

, where λ  is the given wavelength, Io is the incident radiation, Iλ is the fraction of 

radiation reflected or scattered back to the sensor, τ is the optical depth. AOD or a 

measure of attenuation of light by aerosols is a column integrated dimensionless quantity 

and measured after subtracting the optical depth due to gases, water vapor, and clouds. 

AOD depends on the mixing ratio of aerosol species, density of air, and the mass 

absorption coefficient (Wallace and Hobbs, 2006). The details of AOD and physical 

descriptions are given in Appendix D. 

 

Comparison and evaluation of uncertainties in PM measurements from these networks 

are challenging due to the large variation in measurement techniques, properties 

measured (mass concentrations or optical properties) and spatial and temporal frequency 
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of measurements. These observational uncertainties create scientific gaps in accurate 

description of aerosols in models and evaluation of satellite retrievals of aerosol 

properties.  

 

 1.4.2 SATELLITE RETRIEVALS  

Satellite sensors measure reflected solar radiation and use the amount of attenuation in 

the reflected radiation to derive aerosol optical properties for the atmospheric column. 

They exhibit wider spatial coverage. The temporal frequency of measurements differs 

from platform to platform.  The satellite aerosol retrievals are performed by standard 

inversion procedures that use a set of satellite reflectances in pre-defined aerosol 

modules. These procedures involve the use of radiative transfer code that includes 

meteorological parameters such as temperature, RH, clouds and other atmospheric 

constituents such as profiles of CO2, water vapor and other gases. Commonly used 

satellite aerosol products include satellites such as the Moderate Resolution Imaging 

Spectroradiometer (MODIS; Remer et al., 2005; Levy et al., 2013 and references 

therein), Multi-Angle Spectroradiometer (MISR ; Diner et al., 2001 ; Kahn et al., 2005 ; 

Kalashnikova et al., 2008), Visible Infrared Imaging Radiometer Suite (VIIRS) onboard 

the Suomi National Polar-orbiting Partnership (S-NPP ; Jackson et al., 2013), Ozone 

Monitoring Instrument (OMI ; Torres et al., 2013), space-borne lidars such as 

Polarization and Anisotropy of Reflectances for Atmospheric Sciences coupled with 

Observations from a LiDAR (PARASOL; Tanre et al., 2011), and Cloud-Aerosol LiDAR 

with Orthogonal Polarization (CALIOP ; Winker et al., 2009). In addition to these polar 

orbiters, geostationary satellite measurements of aerosols are available from 
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Geostationary Operational Environmental Satellite - R (GOES-R; Oo et al., 2016) 

satellite series using multi-wavelength radiance measurements obtained in visible to 

thermal infrared wavelengths. The geostationary aerosol products are available at a very 

high temporal frequency (e.g., ~ 5 min intervals), thereby making it useful for monitoring 

extreme air quality events. Satellite aerosol retrievals are complimentary to available in-

situ measurements and can also help identify future locations for potential ground 

network deployments (e.g., Li et al., 2017).  In addition to AOD, the satellite retrievals 

also provide other products such as angstrom exponent (measure of spectral dependence 

of AOD), SSA (fraction of light scattered by aerosols), qualitative parameters particularly 

for absorbing aerosols such as aerosol absorption optical depth (AAOD, where AOD > 

0.4) and Aerosol Index (AI) (Torres et al., 2007). Space borne LiDAR measurements are 

especially useful for understanding the vertical profiles of aerosol extinction compared to 

visible and near infrared retrievals that provide only column aerosol properties. Major 

limitations of satellite aerosol products occur in areas with larger cloud fraction and 

larger relative humidity. Previously observed aerosol retrieval issues with brighter 

surface are now being addressed using polarization measurements from sensors such as 

MISR that can provide more accurate retrievals in deserts, merged dark target and deep 

blue retrievals from MODIS, and using retrievals in UV wavelengths that can distinguish 

smoke and dust.  Several studies have compared multi-satellite aerosol retrievals against 

one another and also against ground based measurements (Kahn et al., 2009; Zhang et al., 

2010; Martonchik et al., 2004 ;  Jethva et al., 2014 ; Li et al., 2017). The commonly used 

algorithms and equations for these parameters are provided in Appendix. Numerous 

studies have applied multi-satellite or ground measurements of column aerosol optical 
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properties to derive surface particulate matter estimates (e.g., Liu et al., 2007; Donkelaar  

et al., 2010).  

 

1.4.3 AIRCRAFT AND SHIP CAMPAIGNS  

Airborne characterization of aerosols provides a unique opportunity to differentiate 

surface sources and transported sources aloft. Aircraft profiles of aerosols from field 

campaigns such as NASA’s Intercontinental Chemical Transport Experiment (INTEX-B; 

Zhang et al., 2008), Deriving Information on Surface conditions from Column and 

Vertically Resolved Observations Relevant to Air Quality (DISCOVER-AQ; He et al., 

2014), Texas Air Quality Study 2006 (TexAQS; Parrish et al., 2009), Eastern pacific 

Emitted Aerosol Cloud Experiment (E-PEACE; Russell et al., 2013) are useful to 

perform comparison studies against satellite retrievals, assess pollution transport from 

episodic events such as fires, and also improve quantitative understanding of spatial, 

temporal distribution of regional aerosols. A comprehensive list of aircraft based aerosol 

measurements are discussed in several literatures (Sorooshian et al., 2008; Heald et al., 

2011; Ryerson et al., 2013; Schafer et al., 2014).  Further, several field campaigns have 

been carried out for simultaneous aircraft and ship based measurements in order to 

understand emissions from ship tracks and their influence on cloud formation in polluted 

environments (e.g., Russell et al., 2013 and references therein; Ryerson et al., 2013).   
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1.5 CHEMICAL TRANSPORT MODELING 

Chemical Transport Models (CTMs) simulate the three dimensional distribution of 

aerosols and gases using the continuity equation (see Equation (1)). They help in 

interpreting the aerosol mass concentrations observed from ground based instruments, fill 

in the gaps in observations, and aid in the interpretation of sources, sinks, and other 

processes controlling aerosol distribution. CTMs simulate spatial and temporal 

distributions of aerosols and trace gases, by solving the continuity equation for these 

species that include emissions, sources, transport, and chemistry. These simulations 

enable estimation of global and regional budgets of atmospheric species, generation of 

chemical weather forecasts, and drafting of air quality regulations and policies. Aerosol 

CTMs are of different types: global (e.g., CAM-Chem, GEOS-Chem, NASA GISS with 

GOCART) or regional (e.g., WRF-Chem), online or offline. Global models simulate 

atmospheric concentrations at a global scale, at coarser grid spacing. These models obtain 

meteorological fields from a separate general circulation model forecasts (offline) and do 

not require boundary conditions whereas regional models can be offline or online 

(meteorology is simulated simultaneously with chemistry) and can also be coupled with 

meteorology to understand two way feedbacks from meteorology to chemistry and vice 

versa. Current day regional models for chemistry are emerging as tools for simulating 

atmospheric composition at neighborhood scales (~ 1 km).  

 

Several studies have performed evaluation of global and regional models for aerosols. 

Aerosol Comparisons between Observations and Models (AeroCom) experiments is a 

global initiative to establish common protocols for comparing global aerosol models to 
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advance understanding of aerosol distribution and aerosol-climate feedbacks in models. 

AeroCom’s initial assessment of global model simulations of AOD was in good 

agreement with satellite remote sensing products. However, the results from these 

experiments from this study pointed to large uncertainties in regional AOD, aerosol 

mixture, water uptake, and dry aerosol mass (Kinne et al., 2005 ; Koch et al., 2009).  

 

CTM used in the present study. Here, I use a next generation community mesoscale 

model, Weather Research and Forecasting model (WRF-Chem) V3.4.1 with Chemistry 

(WRF-Chem) to simulate the atmospheric and aerosol properties (Grell et al., 2005; Fast 

et al., 2006). The continuity equations used in WRF-Chem are discussed in Appendix. 

WRF-Chem is a community coupled-chemistry model that can perform online calculation 

of meteorology and simulate the feedbacks between meteorology and chemistry. For the 

entire study, the model domain used encompasses 177
o 

W to 52
o
 W and 8

o
N to 53

o
N at 

36 km x 36 km
2
 horizontal resolution. Initial and boundary conditions for meteorology 

are obtained from National Center for Environmental Prediction (NCEP) Final (FNL) 

Operational Global Analysis data that are prepared on 1
o
 x1

o
 grids every six hours. For 

resolving cloud microphysics, we use Thompson single moment bulk microphysics 

scheme (Thompson et al., 2004) and convective effects are parameterized using Grell 3D 

Ensemble convective parameterization scheme (Grell, 2002). For simulating the radiative 

effects of atmospheric aerosols and gases, we use the Goddard shortwave scheme (Chou 

et al., 2001) and Rapid Radiative Transfer Model (RRTM) (Mlawer et al., 1997). For 

surface processes, we use ETA similarity scheme (Chen et al., 1997) and Unified Noah 

land surface model (Tewari et al., 2004). The vertical transport of eddy fluxes in the 
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planetary boundary layer is represented using Mellor-Yamada-Janjic scheme (MYJ) 

(Janjic, 1994). 

 

The 3D mass concentrations of aerosols are simulated by solving the continuity equation:  

   

  
                             (1) 

where 
   

  
 represents the evolution of chemical concentration of aerosol species ‘i’ as a 

function of location and time,             represents the atmospheric transport term that 

can be split into advection and diffusion components,     represents the source emissions, 

   represents the source of aerosols from chemical reactions and transformations such as 

oxidation, and    represents the aerosol sinks from gravitational settling, deposition to 

Earth’s surface , and wet scavenging.  

 

The gas phase and aerosol chemistry are represented using the Model for Ozone and 

Related chemical Tracers (MOZART) scheme (Emmons et al., 2010) and the 

Goddard Chemistry Aerosol Radiation and Transport (GOCART) bulk aerosol scheme 

(Chin et al., 2000) respectively. The initial and boundary conditions for chemical species 

are obtained every 6h from MOZART global chemical transport model forecasts. For 

anthropogenic emissions, National Emission Inventory (NEI) emissions v-2005 and v-

2011 (US EPA NEI, 2005, 2011) are utilized. Daily fire emissions are obtained from Fire 

INventory from NCAR (FINN) emission estimates using satellite retrievals of land cover 

and active fires spots in combination with fuel loadings and emission factors 

(Wiedinmyer et al., 2011). Biogenic emissions are simulated online using Model of 

Emissions of Gases and Aerosols from Nature (MEGAN) inventory (Guenther et al., 
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2012). Surface deposition of aerosols and gases are simulated using Wesely dry 

deposition scheme (Wesely, 1989). Aerosols deposition also occurs through wet 

scavenging processes such as rainout and impact collision. AOD in the model is 

calculated for individual model layers and aerosol species ‘i’ and then summed up to 

obtain total column AOD (Chin et al., 2002).  

The model simulations of aerosol mass concentrations take into account emissions, 

transport, dry and wet deposition of aerosol species. For black carbon and organic carbon, 

hydrophobic and hydrophilic components are considered. The mass mixing ratios of dust 

and sea salt aerosols are prognosed in different size bins.  However, since GOCART is a 

bulk scheme, it does not calculate number or size distribution of aerosols. For 

comparisons with satellite retrievals, AOD computed at 400 and 600nm are converted to 

550nm using the angstrom coefficients.  

 

1.6 AEROSOL ANALYSIS: INTEGRATING MODELS AND OBSERVATIONS 

1.6.1 DATA ASSIMILATION AND OTHER POST-PROCESSING  

Measuring aerosols in the atmosphere is complicated due to the lack of observations, 

physicochemical properties of aerosols, knowledge gaps in understanding the sources and 

sinks and shorter lifetimes of these species (Koch et al., 2009). These factors add 

uncertainty in the current observations of aerosols and further hinder the evaluation of 

aerosol simulations from the global and regional models. As mentioned above, ground 

measurements for mass concentrations of specific aerosol species are obtained every two 

or three days. This is really sparse given the lifetime of aerosols (~ a few days to a week). 

Satellite retrievals provide more continuous monitoring but do not have much 
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information on the vertical profiles or the aerosol type. In addition, we do not have 

aerosol optical depth retrievals from satellites in cloudy scenes.  

 

Several efforts have been implemented to improve descriptions of aerosols in the model 

and also to understand discrete emission sources and sinks. Commonly used techniques 

include bias correction of aerosol output fields from models, data assimilation procedures 

by assimilating satellite radiances or AOD, and inverse modeling methods to estimate 

emissions. Previous studies have utilized satellite aerosol retrievals and data assimilation 

(DA) techniques to reduce uncertainties in regional and global aerosol model outputs (Liu 

et al., 2011; Schwartz et al., 2012). The DA techniques extend from simple optimal 

interpolation to four dimensional DA systems.  For example, Pagowski et al., 2014 

combined satellite aerosol optical depth (AOD) retrievals at 550 nm from MODIS sensor 

onboard NASA Terra and Aqua satellites with aerosol model outputs from WRF-Chem 

using the Gridpoint Statistical Interpolation (GSI) 3D-variational DA system and found 

substantial improvements in the aerosol forecasts especially in the early forecast hours.   

Liu et al., 2011 used MODIS AOD in GSI 3DVar system to improve characterization of 

dust storms over China. Further, assimilation of geostationary satellite aerosol retrievals 

like those from Geostationary Ocean Color Imager (GOCI) have shown considerable 

benefits to aerosol forecasting, particularly for anthropogenic and biomass burning 

episodes compared to assimilating only polar orbiting satellite retrievals (Saide et al., 

2014).  

 



37 

 

The disadvantages of DA techniques include the errors in the final outputs that can arise 

from uncertainties in DA system or appear as non-linear errors in running the model with 

the assimilation of observations. Delle Monache et al., 2011 described a forecasting 

technique that uses past model predictions that are very similar to the current model 

forecasts to reduce model errors in Numerical Weather Prediction (NWP) systems. The 

ensemble of past observations that occurred during the time of analog forecasts is used to 

correct for model bias. Verification results from Delle Monache et al., 2011 showed that 

analog based methods significantly improved model predictive skill by 35%. This study 

emphasized the benefits of analog based methods as it requires fewer computational 

demands and lesser time consumption. Unlike the conventional DA techniques, analog 

based methods require single historical model run for 2-3 years and can improve 

prediction of day to day variability in forecast errors (Delle Monache et al., 2013; 

Alessandrini et al., 2015; Junk et al., 2015). Djalalova et al., 2015 demonstrated the 

analog based method in combination with Kalman Filter (KF) for PM2.5 outputs from 

Community Multiscale Air Quality model and found 44-52% reductions in errors 

compared to raw model forecasts.  

 

1.6.2 INVERSE MODELING 

Emissions of aerosols are usually measured using bottom up inventories (e.g., Lamarque 

et al., 2010, NEI 2005, 2011). These emissions can be broadly classified as arising from 

point, mobile, and area sources (e.g., mobile, residential, energy, non-road 

diesel/gasoline, mineral dust etc.) with the dominant source depending on the fuel type, 

region of study, and population density. Large uncertainties exist in the current emission 
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inventories and this is mainly due to the lack of observational constraints to validate these 

inventories. These uncertainties are usually derived by simpler procedures such as 

comparing model aerosol concentrations or optical properties against ground/satellite 

measurements. Recent studies such as AeroCom show overestimation of surface BC 

aerosol and underestimation of column burden and AAOD (Koch et al., 2009). These 

comparisons of AeroCom models by Koch et al., 2009 and the review by Bond et al., 

2013 have revealed that the large discrepancies in BC are not only due to uncertainties in 

emissions but also linked to uncertainties in model simulated transport, removal rates of 

aerosol species, and meteorology. Other mathematically robust procedures to constrain 

source and sinks of aerosols combine observations and models in a Bayesian framework 

to derive emission source strengths of aerosol species (Dubovik et al., 2008; Hu et al., 

2009; Bond et al., 2013).  These methods are called ‘inverse modeling methods’. The 

inversion methodology for aerosols aims at adjusting the sources of emissions so that 

they become reasonably consistent with the observations of aerosol concentrations. 

Surface strengths of aerosols have been constrained in the past using ground and satellite 

observations using a mass balance approach (e.g., Streets et al., 2013 and references 

therein). The inverse solution is found by minimizing the Bayesian cost function J(x): 

J(x)  =  (x – xb)
 T

  Sa
-1

 (x – xb) + (y – K x)
T
  Se

-1
 (y – Kx)  (2)                  

Where, the first term represents the departure of the true value of the state vector (x) from 

apriori estimates (xb) weighted by the apriori error covariance (Sa) and the second term 

represents the mismatch between simulated (Kx) and observed (y) concentrations 

weighted by the error covariance of the observations (Se) (Rodgers , 2000). K is the 
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Jacobian matrix that represents the sensitivity of the measurement vector with respect to 

change in the state vector  

                                  x = xb + G(y- Kxb)                                                          (3) 

where, G is the gain matrix given by G= (K
T 

Se
-1 

K + Sa
-1

)
-1

K
T
Se

-1
. K is the Jacobian 

matrix that relates change in emissions to change in model simulated concentrations.  

 

The inverse modeling studies rely heavily on the availability of in-situ or satellite aerosol 

measurements. Since aerosol speciation measurements are limited, proxies of aerosol 

species have also been explored for combustion aerosols such as BC to provide 

constraints on emissions and distribution. For example, more easily measured species that 

are correlated with BC such as CO (e.g. Dickerson et al., 2002; Arellano et al., 2010), 

SO2 (e.g., Penner et al., 1993), and NO2 (e.g., Wang et al., 2011) have been shown to be 

useful. The rationale behind using these proxies is the fact that BC is coemitted / 

collocated with these species. CO and BC are coemitted in coal combustion, traffic, 

biomass burning and domestic cooking (Dickerson et al., 2002). BC and SO2 can be 

correlated especially if the fuel is fossil (sulfur containing) or a mix of fossil  and non-

fossil (Penner et al., 1993). The major limitation for this approach is that the ratios 

between BC and these species are highly dependent on the fuel type, regional 

meteorological factors and local conditions. This precludes rigorous analysis of BC since 

most of these studies (except Arellano et al., 2010) were based on ground observations of 

these species (limitations in sampling).  

 

“We cannot manage what we can't measure (IGAC News, 2012)”. 



40 

 

Measurements are the key for monitoring present air quality, evaluating models and 

designing future observation systems. As aerosol model evaluation studies and inverse 

modeling estimates on emissions emerge in literature, it becomes increasingly apparent 

that the lack of measurements and uncharacterized uncertainties in model and 

observations pose a serious threat to aerosol monitoring. Therefore, the goals of the 

following sections of this dissertation will cater to the needs of improving constraints on 

aerosol observational system through synergistic use of information from ground 

observations, satellite, and models for surface and atmospheric properties and coemitted 

gaseous species. 
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CHAPTER 2 

2.1 PRESENT STUDY: SUMMARY AND MAJOR FINDINGS 

This dissertation is centered on improving constraints for aerosols through ground 

observations, satellite retrievals, and CTMs. Motivation to undertake this study is derived 

from the increasing significance of particulate matter for health, current uncertainties in 

the regional aerosol composition, and lack of sufficient direct ground observations for 

understanding spatial and temporal variability of aerosol speciation. In this context, the 

present study aims to answer three key research questions:     

 

1. What are the key processes driving the spatio-temporal trends in aerosol loading across 

the North American Monsoon region during pre-monsoon, monsoon, and post-monsoon 

seasons over the recent decade?  

 

2. How can we improve constraints on distribution and sources of Elemental Carbon by 

indirectly augmenting the correlative information from coemitted species such as Carbon 

Monoxide and Nitrogen Oxides?  

 

3. How can we improve forecasts of AOD by integrating information from satellite 

retrievals and chemical transport model in an analog based framework?  

 

We address these questions in three separate studies. The detailed description of 

methodology, results, and discussion are provided in Appendix A, B, and C. From section 

2.2 – 2.4, we provide a short summary for each of these studies.  
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2.1.1 Decreasing Aerosol Loading in the North American Monsoon Region 

Aerosols play a critical role in global and regional climate, monsoonal circulation, 

hydrological cycle, air quality, and public health (e.g., Hansen et al., 2000; Meehl et al., 

2008). Such is the case for aerosols in the semi-arid regions of North America. NAM is a 

notable feature in the atmospheric circulation over North America. There is growing 

concern about aerosols in the NAM region as studies have shown (and projected) a 

warmer and drier southwest United States (Seager et al., 2007), leading to increased 

wildfire risks (Westerling et al., 2008) and occurrence of dust storms (Raman et al., 2014 

and references therein). Studies have also reported the ability of aerosols in modifying 

NAM precipitation through direct or indirect effects (Zhao et al., 2012) and also increase 

epidemiological outbreaks from pollution. While there has been increased attention in 

recent decades directed to aerosols in the Asian monsoon region (Krishnamurti et al., 

2009 and references therein), limited studies have examined local-to-regional 

characteristics and trends of aerosols in the NAM region, precluding our ability to 

accurately predict its response to projections of changes in environmental conditions. 

I developed a multivariate approach to describe patterns in AOD in the NAM regime 

using multitude of surface and atmospheric parameters. The spatial and temporal trends 

in aerosol loading and other parameters were assessed across different aerosol type 

clusters such as fire, dust, NAM track, and anthropogenic hotspots in the NAM region 

from 2005-2014 in pre-monsoon (May–June), monsoon (July-August), and post-monsoon 

(September-October) seasons. The monthly decadal mean from OMI AI, along with 

population density and anthromes were used to identify 20 aerosol hotspots in the NAM 
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region. The trends were characterized from Terra/MODIS Dark Target (DT) AOD 

products. We then analyzed multivariate statistics of associated anomalies during pre-, 

monsoon, and post-monsoon periods using other datasets such as precipitation rate from 

Tropical Rainfall Measuring Mission, CO from Measurements of Pollution in the 

Troposphere (MOPITT), Fire radiative Power (FRP) and fire counts, and Normalized 

Difference Vegetation Index (NDVI) from MODIS. We recognize that DT overestimates 

AOD in bright surfaces. However, the deep blue (DB) AOD was not available for the 

study period and trends in OMI UV AI during this period were not statistically 

significant. Nevertheless, since the DT AOD used here is consistent and does not exhibit 

any major changes in the algorithm for the given period, we propose that the DT AOD 

can be used for trend analysis if not for assessing relationships between daily magnitudes 

of AOD and PM. The synergistic use of information from multispectral, multi-satellite 

data products for surface and atmospheric characteristics to explain patterns in AOD is 

the strength of this study.   

Our results show a decrease in aerosol loading for the entire NAM region, confirming 

previous reports of a declining AOD trend over the continental United States. This is 

evident during pre-monsoon and monsoon for fire and anthropogenic clusters, which are 

associated with a decrease in the lower and upper quartile of fire counts and carbon 

monoxide, respectively. The overall pattern is obfuscated in the NAM alley, especially 

during monsoon and post-monsoon seasons. While the NAM alley is mostly affected by 

monsoon precipitation, the frequent occurrence of dust storms in the area modulates this 

trend. We find that aerosol loading in the dust cluster is associated with observed 

vegetation index and has only slightly decreased in the recent decade. 
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This work was published in the journal, Atmosphere:  

 

Raman, A., Arellano, A. F., & Sorooshian, A. (2016). Decreasing Aerosol Loading in the 

North American Monsoon Region. Atmosphere, 7(2), 24. 

 

I also co-authored another companion paper focusing on extreme aerosol events in 

Southwestern US that is related to this work.  

Lopez, D. H., Rabbani, M. R., Crosbie, E., Raman, A., Arellano, A. F., & Sorooshian, A. 

(2015). Frequency and character of extreme aerosol events in the Southwestern United 

States: a case study analysis in Arizona. Atmosphere, 7(1),1. 

 

2.1.2 Spatial and Temporal Variations in Characteristic Ratios of Elemental Carbon 

to   Carbon Monoxide and Nitrogen Oxides across the United States 

 

Aerosol black carbon (BC) is one of the dominant light-absorbing carbonaceous aerosols 

contributing to particulate matter pollution (Ramanathan et al., 2008; Bond et al., 2013; 

US EPA, 2012). BC is emitted during incomplete combustion of fossil fuel, bio-fuel, and 

biomass (Bond et al., 2013). It is considered as the second largest anthropogenic climate 

forcing constituent next to CO2. It has been suggested in recent studies that reducing BC 

emissions can shorten the rate of near-term climate change due to its shorter lifetime, 

which is in the order of days (Jacobson et al., 2001).  BC is also important to snow–ice 

albedo (Flanner et al., 2012), atmospheric visibility, regional monsoonal circulation 

(Meehl et al., 2008), and cardiovascular mortality (Janssen et al., 2011). 
 
BC contains 

other light absorbing carbon components such as Elemental Carbon (EC; Hand et al., 
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2013). If the light absorbing, non-volatile, and refractory fraction is measured by 

thermal/optical methods, it is called ‘Apparent Elemental Carbon (ECa) (Petzold et al., 

2013). Although ECa and BC are not directly equal in magnitude, prior studies in US 

cities have found them to be strongly correlated (Schauer  et al., 2003) and BC measured 

by aethalometers were 24% lesser than EC measured by thermal/optical methods
 
(Babich 

et al., 2000). Here, ECa is used instead of BC because we have relatively more 

measurements for ECa rather than for direct BC and BC emissions in inventories that are 

based on EC from source emission samples of PM. Long term measurements of ECa 

carbonaceous aerosols for US are provided by Interagency Monitoring of Visually 

Protected Environments (IMPROVE; Malm et al., 2011)
 

and Chemical Speciation 

Network (CSN). IMPROVE sites are located in rural areas and CSN sites are located in 

urban/suburban areas. These networks utilize thermal optical methods. ECa 

measurements are sparse and vary in design and measurement strategies between the 

monitoring networks. This makes identification and comparison of emission sources 

more challenging. 

 

I developed a ratio based framework to characterize anthropogenic ECa that utilizes 

correlation information from coemitted species, CO and NOx. Interpreting such long term 

changes in ECa within the context of changes in emission sources is generally difficult 

only using ECa measurements partly because the observations are sparse, and partly 

because there are large uncertainties in current emission inventories for ECa. Therefore, 

additional constraints using coemitted gaseous species can helpful to evaluate and better 

quantify the sources and sinks of ECa. Long-term records of ground-based measurements 
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from United States Environmental Protection Agency Air Quality System (US EPA 

AQS) and Interagency Monitoring of PROtected Visual Environments (IMPROVE) were 

utilized to assess the patterns in anthropogenic combustion ratios (ΔECa/ΔCO and 

ΔECa/ΔNOX) across the Petroleum Administration for Defense Districts (PADD) regions 

in US for the years 2000-2015. Similarly, these ratios were also derived from several 

global emission inventories and US National Emission Inventory (US NEI). The changes 

in ratios from 2000-2007 to 2008-2015 were investigated for changes in fuel 

consumption, technology advances, and policy regulations. The economic recession in 

2008 was used as a divide between the two periods. The ratios were analyzed in rural and 

urban regions and in different seasons.  

Overall, ΔECa/ΔCO ratios increase by 0.7 - 82% and ΔECa/ΔNOX by 6.8 - 104% 

respectively across East and West PADD regions. Largest increase in ΔECa/ΔCO and 

ΔECa/ΔNOX ratios was common to urban areas, and the Urban-West showed largest 

increase relative to other regions. This is mainly attributed to 13-23% increase in ΔECa 

during winter and fall seasons and significant reductions in urban ΔNOX (except in 

winter). The ratios in the East show the least increase despite similar increase in ΔECa by 

13% in urban regions. We also find that emission ratios derived from EPA’s National 

Emission Inventory (NEI) overestimate (underestimate) the increase in the observed 

enhancement ratios in the East (West). The global emission inventory from Monitoring 

Atmosphere for Chemistry and Climate (MACCity) even shows a decrease in the ratios 

for East and West due to larger reductions in BC emissions (almost ~2 to 4 times greater 

than those estimated from enhancements). Analyses of NEI trends in the West reveal: a) 

smaller reductions in NEI emissions for NOX from non-road engines and on-road 



47 

 

vehicles, b) increase in PM2.5 emissions from commercial/residential combustion and 

smaller reductions in non-road emissions. We suggest that, rigorous efforts are needed to 

better quantify and monitor the changes in ECa and NOX emissions from these sectors.   

This study has been published in Environmental Sciences and Technology  

Raman, A., & Arellano, A. F. Spatial and Temporal Variations in Characteristic Ratios of 

Elemental Carbon to Carbon Monoxide and Nitrogen Oxides across the United States.  

Environ. Sci. Technol., 2017, 51 (12), pp 6829–6838, DOI: 10.1021/acs.est.7b0016.  

. 

Future work will focus on developing robust constraints for ECa using CTMs and satellite 

retrievals. I’m also preparing two other publications that will utilize the ratio based 

approach for calculating satellite based AOD/CO and AOD/NOX ratios.  

COMPANION PAPERS IN PREPARATION 

The second publication using a similar ratio based approach will be applied to derive 

ratios of AOD/CO and AOD/NOX from MODIS, MOPITT, and OMI satellite retrievals. 

The initial results were presented in AGU 2016 and are currently in preparation. 

A. Raman, Arellano, A.F., Satellite based constraints on anthropogenic AOD using CO 

and NOX, Atmos. Environ., in preparation. 

The third publication will utilize WRF-Chem model simulations in an ensemble 

modeling framework along with EPA AQS high resolution in-situ CO measurements.  
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Arellano, A.F., A. Raman, R. Kumar, and B. Gaubert, Ensemble-based top-down 

estimates of state-level CO emissions across United States, Atmos. Environ., in 

preparation. 

The ensemble-based simulations for estimates of state level CO emissions will improve 

optimization of CO concentrations in the model, which can then be utilized to improve 

ECa concentrations using the ΔECa/ΔCO ratios. This study has three components: 1) 

developing state based CO tracers and sectoral CO tracers, 2) inverse modeling for 

optimizing CO emissions, 3) using optimized CO along with ΔECa/ΔCO to predict and 

ECa concentrations. The sectoral tracers include responses for anthropogenic, biogenic, 

fire CO emissions and those from initial and boundary conditions. The state based tracers 

include responses of CO emitted in each state (sum of anthropogenic, biogenic, and fire 

emissions in each pixel). These responses are then used in an inverse modeling approach 

along with ground based high resolution CO observations from EPA-AQS monitoring 

network.  

 

Figure 1. (Left) CO emissions for summer 2008 from anthropogenic (NEI), fire (FINN), 

and biogenic (MEGAN) emissions. (Right) CO source vector showing different color 
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codes to represent states. Each state tracer was tagged to a state and the response of CO 

emissions from individual states were simulated.   

 

Figure 2. Modeling framework for sectoral and regional tracers for CO in WRF-Chem 

MOZCART. (Left) CO tracers from anthropogenic, fire, biogenic emissions and 

chemistry. (Right) CO state tracers for different geographic regions in US State tracers 

within a specific geographic region are all plotted. The regional tracers represent 

emission from anthropogenic, fire, biogenic sector, and sinks due to chemistry.  

 

2.1.3 Aerosol Optical Depth forecasts using analog based schemes and Weather 

Research and Forecasting model with Chemistry (WRF-Chem) 

Aerosol forecasting is critical for monitoring air quality and impacts on public health. 

Numerous efforts have focused on improving aerosol parameterization in models, post-

processing of model outputs, and assimilation of atmospheric aerosols in global and 

regional models (Djalalova et al., 2015; Schutgens et al., 2010; Kahnert et al., 2008). Yet, 
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aerosol forecasting remains a challenge given the large uncertainties in initial conditions 

and boundary conditions for aerosol distribution, characterization of emission sources, 

removal rates, and parameterization of aerosol chemistry. Further, the ground 

observations for aerosol composition are very sparse. Measurements from satellites 

provide a measure of light extinction in the atmospheric column by aerosols, and 

therefore serve only as an indirect measure of aerosol composition and loading. However, 

the combined information from current day aerosol models and satellite retrievals can 

help advance our current knowledge of ambient aerosol distributions and composition. 

Several studies have utilized satellite aerosol retrievals and data assimilation (DA) 

techniques to reduce uncertainties in regional and global aerosol model outputs (Liu et 

al., 2011; Schwartz et al., 2012). The DA techniques extend from simple optimal 

interpolation to four dimensional DA systems.  For example, Pagowski et al., 2014 

combined satellite aerosol optical depth (AOD) retrievals at 550 nm from Moderate 

Resolution Imaging Spectroradiometer (MODIS) sensor onboard NASA Terra and Aqua 

satellites with aerosol model outputs from Weather Research and Forecasting Model with 

Chemistry (WRF-Chem) using the Gridpoint Statistical Interpolation (GSI) 3D-

variational DA system and found substantial improvements in the aerosol forecasts 

especially in the early forecast hours.  However, errors in the final outputs after using can 

arise from uncertainties in DA system or appear as non-linear errors in running the model 

with the assimilation of observations. 

 

I implemented a post-processing method for reducing bias in forecasts of AOD from a 

community air quality model, WRF-Chem using satellite retrievals of AOD. Previously, 
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the analog ensemble approach to bias correct model outputs has been tested only using 

ground observations and mostly for meteorological fields. For the first time, this 

technique has been demonstrated for air quality using satellite retrievals. The challenge 

here is the twice daily availability of satellite AOD observations compared to ground 

based observations in previous studies that were relatively more frequent during the day.  

The results are tested for the months of June-August, 2012 across Continental United 

States (CONUS). Model post-processing for AOD is performed using MODIS Collection 

6, merged dark target deep blue AOD retrieved at 10 km x 10 km spatial resolution. 

Results from two different post-processing techniques, analog ensemble weighted mean 

(AN) and a scheme using combination of Analog and Kalman filter (KFAN) techniques 

are compared. Both analog based methods use model forecasts from 2008-2011 (summer 

months) to train the analog system and choose past forecasts that are similar to current 

forecasts (2012). Analog predictors are chosen based on processes driving AOD in 

different geographic regions. We tested linear regression models for AOD using 

meteorological fields (e.g., surface pressure, temperature, relative humidity, and wind 

speed) and PM concentrations. We added each of these variables using a step wise linear 

regression approach and assessed significant improvements to the model’s R-squared 

values and root mean square errors.  PM concentrations explained more than 40% of 

variation in AOD in the western U.S, whereas temperature and relative humidity fields 

significantly improved the AOD model in case of Eastern US   The initial results we 

demonstrate here use PM, wind speed, and total precipitable water. The post-processing 

procedure is carried out at geographic locations similar to networks for ground based 

measurements of aerosols (e.g., AERONET).   
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Initial results show that, in general, better performance for AOD is achieved when the 

forecast errors are corrected using a combination of analogs and kalman filter (KFAN). 

This is especially true for western US where the correlation of AOD with the analog 

predictors, particulate matter (PM <=2.5µm and <=10 µm in aerodynamic diameter) and 

surface horizontal wind speed are higher and AOD bias from KFAN corrected outputs 

range from -0.01 to 0.01. However, the mean estimate of KFAN AOD for summer of 

2012 in the eastern U.S does not capture the highs and lows in AOD, especially during 

fires and precipitation episodes. We find that, during the summer, PM is not the only 

predominant factor driving AOD in the Eastern US Quality of the analogs also depends 

on model’s capability to accurately simulate total precipitable water and extreme air 

quality events like fires and dust storms.  

 

This work will be submitted to Atmospheric Environment journal  

Raman, A., A.F. Arellano, L.D. Monache, S. Alessandrini, W. Cheng, and R. 

Kumar. Aerosol Optical Depth forecasts using analog based schemes and Weather 

Research and Forecasting model with Chemistry (WRF-Chem), Atmos. Environ., in 

preparation. 
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The aerosol modeling results using this framework was also performed at a convective 

resolving scale (~1.3 km) for monitoring haboobs in Arizona. These results contributed to 

NOAA National Weather Service technical memorandum on dust storms in Arizona.  

 

Glenn Lader, Aishwarya Raman, Jeffrey T. Davis, Ken Waters, (2016), NOAA 

technical memorandum, Blowing dust and dust storms: one of Arizona’s most 

underrated weather hazards  

http://www.wrh.noaa.gov/media/wrh/online_publications/TMs/TM-290.pdf.  
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CHAPTER 3 

 

CONCLUSIONS AND FUTURE DIRECTIONS 

In large concentrations, atmospheric aerosols can be air pollutants. Owing to their 

implications for human health, air quality, precipitation, and Earth’s energy balance, 

quantification and monitoring of aerosols will always remain an active area of study. 

While this study has provided some important insights into constraints on aerosols using 

a synergy of ground based observations, satellite retrievals and a CTM, it has also paved 

way for future research questions.  

 

In section 2.2, a multivariate relationship between the key meteorological processes and 

emission sources driving aerosol abundance in the southwestern US is discussed. The 

trend in aerosol loading is not clear along the NAM track due to simultaneous occurrence 

of NAM precipitation and convective dust storms. We find that precipitation rate, NDVI, 

CO, fire radiative power, and UV AI can be used as additional constraints in addition to 

satellite retrieved AOD in this region. This motivates new avenues of research, in 

particular using modeling simulations with and without convective dust storms to explain 

the trends in aerosol loading. Studies assessing robust correlations between NAM 

precipitation and aerosol loading from natural and anthropogenic dust using CTMs are 

much needed for the southwest. We also found qualitative differences in OMI UV AI and 

MODIS AOD during July over aerosol hotspots in the NAM track. Such differences have 

not been systematically investigated especially for OMI UV AI and MODIS AOD, 

especially given the fact OMI UV AI is more sensitive to smoke and dust which are 
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predominant aerosol types in the study area. These discrepancies between multi satellite 

datasets should also be investigated in the context of seasonal variations across different 

land cover types.  

 

In section 2.3, we also describe ratio based approaches using coemitted species such as 

CO and NOX from ground measurements, satellites, and model simulations to provide 

strong constraints on sources and distribution of ECa. Although changes based on 

observations can to some extent point to changes in source sectors for anthropogenic 

emission, a detailed investigation using a CTM along with development of tagged tracers 

for distinct anthropogenic sectors such as transportation, residential, commercial, and 

energy will be a step forward in tagging change in enhancement ratios to emission ratios.  

 

The analog based approach discussed in section 2.4 is a unique opportunity to reduce 

model bias in aerosol using satellite retrievals and fewer computational demands. Future 

work in this area should include testing this approach for specific episodic air quality 

events such as dust storms and biomass burning episodes.  

 

Overall, the framework discussed in this dissertation provides a synergistic approach to 

improve constraints on processes driving aerosol evolution using current observational 

system and models, and also paves way for development of measurement requirements 

(spatial, spectral, and temporal resolution etc.) and effective aerosol retrieval techniques 

for future multi-angle remote sensing instruments like Multi-Angle Imager for Aerosols 

(MAIA; Liu and Diner, 2017). Looking ahead, combining geostationary aerosol retrievals 
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from GOES-R (Oo et al., 2016) and GEO-CAPE (Fishman et al., 2012) along with a 

CTM will help construct a more robust air quality system that continuously monitors 

aerosols at high spatial and temporal (~ <=1 hour) resolution. Such fine scale monitoring 

and quantification of aerosol abundance and transport at aerosol hotspots are critical for 

health based applications. Integrating satellite retrievals of AOD with a CTM to translate 

satellite observations to ground level PM can provide useful information on aerosol type, 

exposure pathways even in regions that lack ground monitors.  

 

No instrument or model or observation is perfect. It is important to clearly understand 

uncertainty and limitations of each of these components before making conclusions. 

Multi-faceted efforts focusing on both quantitative spatial and temporal verification 

techniques (e.g., mean bias, root mean squared errors etc.) and categorical statistics (e.g., 

bias score, probability of detection) are required for a robust analysis.  Problems facing 

aerosol research are still broad; nevertheless, this research is a step forward for aerosol 

quantification and monitoring as it provides constraints not only using satellite retrieved 

AOD but also using meteorological factors, coemitted emission sources and processes, 

and also using other aerosol related parameters such as AI.  
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CHAPTER 4 

 

LIST OF PUBLICATIONS FROM THIS DISSERTATION 

 

 Raman, A., Arellano, A. F., & Sorooshian, A. (2016). Decreasing Aerosol Loading in 

the North American Monsoon Region. Atmosphere, 7(2), 24.  

 

 Lopez, D. H., Rabbani, M. R., Crosbie, E., Raman, A., Arellano, A. F., & Sorooshian, 

A. (2015). Frequency and Character of Extreme Aerosol Events in the Southwestern 

United States: A Case Study Analysis in Arizona. Atmosphere, 7(1).  

 

 Raman, A., & Arellano, A. F. (2017) Spatial and Temporal Variations in 

Characteristic Ratios of Elemental Carbon to Carbon Monoxide and Nitrogen Oxides 

across the United States. Environ. Sci. Technol., 51 (12), pp 6829–6838, 

DOI: 10.1021/acs.est.7b0016. 

 Raman, A, Arellano, A.F., Satellite based constraints on anthropogenic AOD using 

CO and NOx, Atmos. Environ., in preparation 

 Arellano, A.F., A. Raman, R. Kumar, and B. Gaubert, Ensemble-based top-down 

estimates of state-level CO emissions across United States, Atmos. Environ., in 

preparation. 

 

 Raman, A., A.F. Arellano, L.D. Monache, S. Alessandrini, W. Cheng, and R. Kumar. 

Post-processing Aerosol Optical Depth forecasts from WRF-Chem using Analog 

schemes and MODIS Satellite Retrievals, Atmos. Environ., in preparation. 

 

 

 Glenn Lader, Aishwarya Raman, Jeffrey T. Davis, Ken Waters, (2016), NOAA 

technical memorandum, Blowing dust and dust storms: one of Arizona’s most 

underratedweatherhazards,www.wrh.noaa.gov/media/wrh/online_publications/TMs/T

M-290.pdf. 
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Abstract: We examine the spatio-temporal variability of aerosol loading in the recent 

decade (2005–2014) over the North American Monsoon (NAM) region. Emerging 

patterns are characterized using aerosol optical depth (AOD) retrievals from the NASA 

Terra/Moderate Resolution Imaging Spectroradiometer (MODIS) instrument along with 

a suite of satellite retrievals of atmospheric and land-surface properties. We selected 20 

aerosol hotspots and classified them into fire, anthropogenic, dust, and NAM alley 

clusters based on the dominant driver influencing aerosol variability. We then analyzed 

multivariate statistics of associated anomalies during pre-, monsoon, and post-monsoon 

periods. Our results show a decrease in aerosol loading for the entire NAM region, 

confirming previous reports of a declining AOD trend over the continental United 

States. This is evident during pre-monsoon and monsoon for fire and anthropogenic 

clusters, which are associated with a decrease in the lower and upper quartile of fire 

counts and carbon monoxide, respectively. The overall pattern is obfuscated in the 
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NAM alley, especially during monsoon and post-monsoon seasons. While the NAM 

alley is mostly affected by monsoon precipitation, the frequent occurrence of dust 

storms in the area modulates this trend. We find that aerosol loading in the dust cluster 

is associated with observed vegetation index and has only slightly decreased in the 

recent decade. 

Keywords: aerosol variations; southwest US; multi-satellite analysis; North American 

monsoon 

 

1. Introduction 

Aerosols play a critical role in global and regional climate, monsoonal circulation, 

hydrological cycle, air quality, and public health (e.g., [1–4]). Such is the case for 

aerosols in the semi-arid regions of North America. There is growing concern about 

aerosols in the North American monsoon (NAM) region as studies have shown (and 

projected) a warmer and drier southwest United States [5], leading to increased wildfire 

risks and occurrence of dust storms ([6–8], and references therein). Studies have also 

reported the ability of aerosols in modifying NAM precipitation through direct or indirect 

effects [9–11] and epidemiological outbreaks from pollution [12]. While there has been 

increased attention in recent decades directed to aerosols in the Asian monsoon region 

[2,3,13,14], limited studies have examined local-to-regional characteristics and trends of 

aerosols in the NAM region, precluding our ability to accurately predict its response to 

projections of changes in environmental conditions. 
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NAM is a notable feature in the atmospheric circulation over North America. It is 

characterized by a shift in the circulation pattern due to warmer land surfaces in the 

southwestern United States and northwestern Mexico during May and June, resulting in 

an upper-level anti-cyclone over western Mexico and a pronounced increase in 

precipitation from convective storms over these regions (including western Texas) during 

July and August. Although the NAM location is centered at the Sierra Madre Occidental 

in Mexico, its influence on monsoon precipitation extends widely into the areas of 

Arizona and New Mexico. In fact, NAM provides 70% of the annual precipitation in the 

region [15]. We refer the reader to several studies [16–18] on further details of its spatial 

extent and the underlying meteorological processes. For this study, we define the NAM 

region to include: northern Mexico, Arizona, southern California (SoCal), New Mexico, 

and western Texas. In terms of aerosols, the NAM region exhibits distinct spatio-

temporal patterns due to diversity in aerosol sources and sinks during its pre-monsoon 

(PRM: May–June), monsoon (MON: July–August), and post-monsoon (POM: 

September-October) phases. During May and June, the warmer and drier conditions 

result in fires in vegetated areas of NAM. Large dust events typically occur in the desert 

areas (and abandoned agricultural fields) during MON as a result of mesoscale 

convective storms. NAM is not only characterized by natural aerosols (dust and fire) but 

also by anthropogenic aerosols [19, 20]. This region in fact has the top five most polluted 

cities for particulate matter [21]. In terms of aerosol removal, NAM experiences 

significant rainfall events between July and August that are quite distinct across the year 

for this semi-arid environment. 
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Past studies of aerosol trends in the United States (US) have mainly focused on the 

entire North American continent or the eastern US (e.g., [22,23]). For example, a recent 

study [24] examined the decadal trend (2000–2009) of aerosol optical depth (AOD) in the 

US based on NASA Terra Moderate Resolution Imaging Spectroradiometer (MODIS) 

and from Advanced Very high Resolution Radiometer (AVHRR) aerosol retrievals along 

with simulations from the Goddard Chemistry Aerosol Radiation and Transport 

(GOCART) model as part of a global model/data trend analyses. They found a significant 

decrease in AOD [24], which they attributed to the reductions in anthropogenic 

(combustion-related) emissions. This finding is consistent with an earlier model study 

[25] using the Model of Atmospheric Transport and Chemistry and the Dust Entrainment 

and Deposition models that reported a significant decline of the AOD trend from 

anthropogenic aerosol sources over the period 1980–2006 . This study also revealed that 

the long-term trends in natural aerosol sources over the US were not significant for the 

given time period. Thus, more local-to-regional studies are needed as competing sources 

can obscure the reported global/regional trend [24]. 

Over the southwest U.S, a climatology of aerosol loading in several areas across the 

state of Arizona using a suite of aerosol ground-based measurements (e.g., Interagency 

Monitoring of PROtected Visual Environments or IMPROVE), remotely-sensed aerosol 

products (e.g., MODIS), as well as model output from GOCART, showed a significant 

range in spatio-temporal variations of aerosols within the state, depending on the 

proximity of the measurement site to the dominant drivers (e.g., dust, rural activities, 

urban pollution, etc.) [19]. Recently, another study in this region noted that AOD has 

increased by 19% over Tucson, Arizona, in the last 35 years based on two sets of AOD 
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(400–900 nm) measurements over Tucson (i.e., 1975–1977 versus 2010–2012) [26]. 

They postulated that the increase might have been contributed by urbanization and the 

near tripling of population in the city. These studies highlight the importance of 

examining the aerosol variations across the southwestern US in detail, given mixtures of 

drivers on aerosol loading across the region and its unique environmental conditions 

(including complex topography) relative to the southeast US. In light of decadal records 

of remotely-sensed retrievals of atmospheric composition, precipitation, and land-surface 

properties, there is also a unique opportunity to conduct a multivariate analysis for a more 

comprehensive and consistent picture of aerosol trends in the region. 

In this study, we focus on assessing the spatio-temporal trends in aerosol loading 

across the NAM region by examining several aerosol hotpots and their associated trends 

during pre-monsoon (PRM), monsoon (MON), and post-monsoon (POM) seasons over 

the recent decade. In particular, we aim to: (1) analyze the trends in MODIS AOD from 

2005–2014 over areas characterized by a dominant source or sink (i.e., fire, 

anthropogenic, dust, and a region affected by monsoon rainfall); (2) elucidate controlling 

factors of these trends using correlative information from Tropical Rainfall Measuring 

Mission (TRMM) precipitation products (on aerosol removal), MODIS vegetation index 

(on dust aerosols), fire products (on fire aerosols), and CO from Measurement of 

Pollution in The Troposphere (MOPITT) instrument (on anthropogenic aerosols). 

2. Methodology 

2.1. Satellite Products 
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All satellite datasets were downloaded through NASA GIOVANNI web portal 

developed by Goddard Earth Sciences Data and Information Science Center (GES DISC) 

[27]. These datasets are monthly averages and were regridded to 1° × 1° to match the 

MODIS spatial resolution. A brief description of each data is given below, together with 

Table 1 which summarizes relevant information about the datasets. 

2.1.1. MODIS 

The MODIS instrument is an imaging spectroradiometer on board two polar orbiting 

satellites, NASA EOS/Terra (Febraury 2000—present) and NASA EOS/Aqua (June 

2002—present). It provides global coverage every one to two days with an equatorial 

overpass time around ~10:30 am (descending) for Terra and ~1:30 pm (ascending) for 

Aqua. MODIS acquires data in 36 spectral bands from 0.41 to 14 µm. It has a swath of 

2330 km at cross-track and 10 km at nadir [28]. 

Aerosol Optical Depth (AOD). We use the Level 3 (gridded) MODIS 1° × 1° 

Collection 5.1 (M3 mean_mean) AOD retrievals at 550 nm for both Terra and Aqua 

(MOD08_M3_V051) ([28] and references therein; [29,30]) to investigate trends of 

aerosol loading across the period 2005–2014. The Level 2 (swath) version of these 

retrievals are produced using three spectral wavelengths (470, 650, 2100 nm) and two 

algorithms (“dark target” for dark/vegetated surfaces and “deep blue” for bright surfaces 

such as the desert). The main aerosol product at 550 nm is derived by matching the 

reflectance values at different channels to the atmospheric properties using a look-up 

table. These retrievals have been widely used in the studies pertinent to the spatio-

temporal variability of aerosols ([31,32] and references therein). We note, however, that 

evaluation against AERONET in-situ measurements of Collection 5.1 AOD products as 
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derived using the “dark target” algorithm show overestimation of AOD [29,30]. We use 

the dark target for this study since the Collection 5.1 AOD retrievals using the “deep 

blue” algorithm were not available after December 2007 due to polarization issues in the 

sensor [33]. Our initial comparison of AOD between “deep blue” (from Collection 6) and 

“dark target” over the NAM region shows similarity in spatio-temporal patterns with 

“deep blue” AOD values (on average) being less by 0.1. We further note that previous 

studies report a shift from high to low bias of AOD from the Terra satellite after 2004 due 

to the degradation of Terra/MODIS’s optical response [29]. Further information about 

these products is discussed in detail in [29,34]. 

Fire. We use Terra/MODIS monthly mean and cloud-corrected Fire Radiative Power 

(FRP in units of million watts) along with MODIS fire counts (FC, counts m
−2

 day
−1

) at 

1° × 1° resolution (MODIS Active Fire Product version 005 MOD14CM1) to indicate 

fires in the region. MODIS identifies a candidate pixel as being affected by fires if the 4 

µm brightness temperature and the difference between 4 µm and 11 µm brightness 

temperature depart substantially from non-fire pixels. The estimated accuracy of FRP 

from MODIS is 15% [35,36]. 

Normalized Difference Vegetation Index (NDVI). Aerosol loading in regions 

dominated by dust aerosols highly depend on the landcover characteristics (e.g., large-

scale vegetation reduces dust lofting) (e.g., [37]). We use the information from NDVI to 

indicate potential dust mobilization in the region. MODIS/Terra provides cloud-free 

composites of NDVI obtained using corrected surface reflectances in visible and near 

infrared channels. Here, we use MODIS/Terra Level 3 monthly mean NDVI at 0.05 
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degree (MOD13C2) [38]. This product is based on the spatial and temporal averages of 

16 day 1 km NDVI retrievals. 

2.1.2. Ozone Monitoring Instrument (OMI) Ultraviolet Aerosol Index (UV AI) 

OMI, which is on board the NASA EOS-Aura satellite, uses backscattered UV 

radiation measured at two wavelengths (354 and 388 nm) to derive UV AI. OMI has a 

local equator crossing time at ~1:45 pm. OMI has an advantage of being more sensitive 

to atmospheric aerosol loading since the reflectance of most terrestrial surfaces are low at 

UV wavelengths [39]. We use the Level 2G OMI UV AI retrievals at 354 nm mainly to 

identify aerosol hotspots in the region and partly to supplement MODIS AOD for aerosol 

loading trend analysis. The parent resolution of the product is 0.25° × 0.25°. Due to its 

higher spatial resolution compared to MODIS, OMI AI is more useful in identifying 

localized high aerosol loading across our domain. Also, OMI UV AI is more sensitive to 

smoke and dust compared to MODIS AOD. 

2.1.3. Tropical Rainfall Measuring Mission (TRMM) Precipitation Rate 

We use the monthly mean gridded “best estimate precipitation rate” (BEPR) product 

obtained from TRMM multi-satellite precpitation analyses (3B43 Version 7) to 

understand the potential impact of rainfall on the aerosol loading in the NAM region. 

TRMM best estimate precipitation rate dataset is a combination of data from rain gauge 

stations and satellite sensors providing precipitation estimates [40]. The spatial resolution 

of this product is 0.25° × 0.25°. 
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2.1.4. Measurements of Pollution in the Troposphere (MOPITT) Carbon Monoxide (CO) 

The MOPITT instrument is a gas correlation radiometer also onboard the NASA 

EOS/Terra satellite. We use MOPITT Level 3 gridded (1° × 1°) monthly total column 

multispectral (2.3 and 4.7 µm) CO retrievals [41,42] to indicate fire and/or anthropogenic 

aerosols in the region. As a product of incomplete combustion, CO is a useful tracer of 

fire and anthropogenic pollution. We can therefore distinguish between fire and 

anthropogenic aerosol signatures using the combination of MOPITT and MODIS fire 

products. This is further facilitated by enhanced sensitivity of MOPITT CO multispectral 

retrievals (thermal+near-infrared) to CO in the lowermost troposphere [41]. 

2.2. Ancillary Datasets 

We use data on population density from Global Rural-Urban Mapping project 

version 1 (GRUMP V1 2000), which is provided by Socio Economic Data and 

Application Center (SEDAC) [43,44], to identify populated areas in the region. The data 

is available at 30 arc-second resolution. Along with GRUMP, we also use the 

anthropogenic biomes version 2 for year 2000 (also downloaded from SEDAC) to 

identify urban and rural areas in the region. Anthropogenic biomes or anthromes provide 

useful information on the alterations to the global ecosystem and biotic communities by 

human population [45,46]. The anthrome product has 21 anthropogenic biomes with the 

following six major classes: dense settlements, villages, croplands, rangelands, forested 

and wildlands (see Figure 1C for the different anthromes in NAM). 

 

 



83 

 

 

Table 1. Analysis datasets. 

Instrument and Dataset Resolution 

Relevance to Study 

(Main Product Reference) 

NASA Terra and Aqua L3 MODIS  

Aerosol Optical Depth (AOD) 550 

nm 

1° × 1° 

Aerosol loading  

(Levy et al., 2007 [29]) 

NASA Terra L3 MODIS  

Fire Radiative Power (FRP) and  

fire counts 

1° × 1° 

Fire sources  

(Wooster et al., 2005 [36]) 

NASA Terra L3 MODIS  

Normalized Vegetation Index 

(NDVI) 

      0.05° × 0.05° 

Biogenic and dust sources  

(Lunetta et al., 2006 [38]) 

NASA OMI L2G  

UV Aerosol Index (AI) 354 nm 

      0.25° × 0.25° 

Aerosol cluster identification  

(Torres et al., 2007 [39]) 

NASA MOPITT L3 TIR/NIR  

Total Column CO 

1° × 1° 

Combustion sources  

(Deeter et al., 2012 [41]) 
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NASA TRMM  

Best Estimate Precipitation Rate 

(BEPR) 

       0.25° × 0.25° 

Aerosol removal  

(Huffman et al., 2007 [40]) 

UMBC Anthropogenic Biomes V2 

(2000)  

(ecotope.org) 

      0.083° × 0.083° 

Aerosol cluster identification  

(Ellis et al., 2010 [45]) 

SEDAC  

Global Rural Urban Mapping Project 

version1  

(GRUMPv1) Population Density  

(sedac.ciesin.columbia.edu) 

     1 km × 1 km 

Aerosol cluster identification  

(Balk et al., 2009 [43]) 

 

2.3. Data Analysis 

Aerosol hotspots and clusters. We have selected a region of study bounded 

between the coordinates (120.5°W, 95.5°W) and (22.5°N, 37.5°N). We use the monthly 

decadal mean from OMI AI, along with population density and anthromes, to identify 20 

aerosol hotspots in the NAM region. First, we find the climatological maximum in OMI 

UV AI across all six months (May to October) for each grid cell in the NAM domain. 

The corresponding month at which the maximum occurs for a grid cell is also identified 

(see Figure 1a,b). Second, we determine if a grid cell is an aerosol hotspot based on the 
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following criteria: (1) grid value of OMI UV AI is greater than a high aerosol loading 

threshold value set here as AI of 1.0; (2) population density is higher than the 

neighboring grid cells; (3) grid cell is unique in terms of anthropogenic biome 

classification, topography, and/or meteorology (see Table 2). For example, although a lot 

of grid cells in the northwestern Mexico area satisfy the first criteria, we chose only those 

high aerosol cells which (a) may be affected by monsoon; (b) represent a relatively 

populated area that can be impacted by high aerosol loading; and (c) have distinct 

topographic features or anthrome classification. Our goal is to find aerosol hotspots 

representative of different aerosol environments. OMI UV AI is particularly useful for 

this purpose as it can locate smaller areas with high aerosol loading that cannot be easily 

detected using MODIS AOD. We note also that OMI UV AI has higher sensitivity to 

absorbing aerosols (e.g., black carbon and dust). Once a hotspot is identified, we re-grid 

OMI AI (using simple averaging) to match the 1° × 1° resolution of the MODIS AOD 

that we are using for this study. We define the hotspot region to include the nearest grid 

cells surrounding the hotspot grid cell that has climatological maximum within ±2 

standard deviations of the value of the hotspot grid cell. Finally, we group the hotspot 

regions into four main aerosol clusters, where each cluster exhibits a distinct 

characteristic of aerosol variability within the NAM region. Our four clusters include: 

dust, NAM alley, fire, and anthropogenic (see Figure 1 and Table 2 for locations of these 

hotspot regions). 
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Figure 1. Maps of hotspot regions and aerosol clusters in NAM region. The 

three panels represent (a) the OMI UV AI climatological maximum across 

2005–2014; (b) the month of climatological maximum; and (c) the 

anthropogenic biomes where different numbers on the color bar indicate biome 

categories (11–12 are urban, 21–26 are villages, 31–35 are croplands, 41–43 are 

rangelands, 51–52 are forests, and 61–63 are considered wildlands). 

Superimposed on all three plots are the locations of 20 hotspot regions (colored 

circles) with the color fill indicating the aerosol cluster they belong to (red: fire, 

yellow: dust, blue: NAM alley, and black: anthro). 

Table 2. Hotspot sites and associated aerosol cluster information. 

     Site      

No.  

Site Name Latitude(deg N) 

Longitude(deg 

W) 

Aerosol 

Cluster 

1 Mt. Whitney, CA 36.557 118.50 Fire 

2 Charleston Peak, CA 36.29 115.69 Fire 

3 Tucson, AZ 32.22 110.93 NAM alley 
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4 Baja, CA  30.98 115.38 NAM alley 

5 Phoenix, AZ 33.45 112.08 NAM alley 

6 Yuma, AZ 32.69 114.63 Dust 

7 LA County, CA 34.35 118.37 Anthro 

8 Bakersfield, CA 35.37 119.02 Anthro 

9 Prescott, AZ 34.54 112.46 Fire 

10 Petrified Forest, AZ 34.41 110.65 NAM alley 

11 White Mountain, NM 33.41 105.74 Fire 

12 Farmington, NM 36.73 108.22 Dust 

13 Albuquerque, NM 35.01 106.61 Dust 

14 Ejido El Vergel, Mex 31.20 106.59 Dust 

15 

Chihuahuan Desert, 

Mex 

29.52 105.48 Dust 

16 Hermosillo, Mex 29.07 110.97 NAM alley 
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17 

Sierra Madre 

Occidental, Mex 

25.96 107.53 NAM alley 

18 

Sierra Madre Oriental, 

Mex 

26.12 103.10 Dust 

19 Houston, TX 29.74 95.36 Anthro 

20 Waco, TX 31.55 97.15 Dust 

Anomalies. We start our analysis by first calculating the decadal monthly mean 

across 2005–2014 and the corresponding monthly standardized anomalies for each year 

of OMI UV AI, MODIS AOD, MODIS fire counts and FRP, MODIS NDVI, MOPITT 

CO, and TRMM precipitation rate. These are calculated as follows: 

      
 

 
         

 

   

 (1) 

                       
 
   

 

   
 

(2) 

      
  

                

    
 (3) 

where       is the 10-year average (y = 1 to N = 10) of a certain quantity          in each 

1° × 1° grid ( ) in our domain for a particular month ( ) (May to October) of a given 

year (y). The standardized anomaly        
   is calculated as the difference between 
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       and       normalized by the 10-year standard deviation       . Positive (negative) 

anomalies for each grid indicate values higher (lower) than its mean. We standardized the 

anomalies to facilitate comparison with quantities having different units (similar to [25]). 

 

3. Results and Discussion 

In this section, we present our results on the spatial variability in aerosol loading and 

decadal trends of the changes in aerosol loading over different aerosol clusters in the 

NAM region. The temporal trend is examined for the period 2005–2014. We express 

these changes as standardized anomalies to account for the variability in aerosol loading. 

We can interpret these anomalies to represent local rather than regional to global changes. 

This attempts to minimize the influence of the changes in aerosol loading due to 

background or transported aerosols in the region. Our analysis focuses on intra-seasonal 

periods corresponding to pre-monsoon, monsoon, and post-monsoon phases since the 

aerosol patterns vary within the monsoon season. The overall trend is further elucidated 

by specific trends exhibited by each cluster (fire, anthropogenic, NAM alley, and dust). 

We note, however, that the only aerosol dataset that shows statistically significant 

decadal trends in aerosol anomalies is Terra/MODIS AOD. Other aerosol datasets, such 

as Aqua/MODIS and Aura/OMI which both have local overpass times in the early 

afternoon, show considerable interannual variations of aerosol anomalies with trends (not 

shown) that are not statistically significant. The inability of Aqua/MODIS and Aura/OMI 

to exhibit significant trends can be associated with its large variability possibly due to 

sampling issues, especially on observing aerosols at times when their abundance is most 
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sensitive to cloud formation, boundary layer mixing, and convection in the region (e.g., 

[39]). The use of a longer period should provide sufficient samples for decadal trend 

analysis. For this study, however, we focus on the trends as can be inferred from 

Terra/MODIS. 

 

3.1. Spatial Variability 

The decadal mean AODs            for PRM, MON, and POM are shown in Figure 2. 

Three regions with the highest AOD patterns are apparent in these plots. The first region 

lies in northern California and Nevada bounded between 36°N and 38°N, and 118°W and 

115°W. This region is mostly dominated by fires, especially during PRM and POM. 

Also, the fire cluster in this region shows the maximum mean AOD and maximum 

variability during PRM (Table 3). The second maxima in aerosol loading is seen in the 

southwestern Arizona and northern Mexico regions (30°N, 33°N, and 108°W, 41°N , 

109°W). This region has been identified as an important source of dust by other studies 

(e.g., [19]). This region is characterized by haboob-type dust storms during MON and 

frontal dust storms during POM. The third source region is found between 25°N and 

31°N, and 105° W and 107° W. This includes the Chihuahuan desert and Sierra Madre 

Oriental mountains. In all the three source regions, aerosol loading peaks in PRM and 

MON and decreases in POM (Table 3). In addition to these source regions, a minor 

region of activity, centered on LA county (34.35°N and 118.37°W), is also observed. 

While this region is noted for its anthropogenic pollution, recent investigations have 
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suggested the mixing of anthropogenic and biomass burning pollution in Southern 

California regions (e.g., [47]). 

 

Figure 2. Maps of decadal mean (2005–2014) AOD from Terra-MODIS. The 

three panels represent (a) mean AOD during PRM; (b) MON; and (c) POM. 

Table 3. Decadal mean and standard deviation of AOD for cluster regions. 

Cluster  Season Mean            Standard deviation (     ) 

Fire PRM 0.23 0.12 

 MON 0.21 0.10 

 POM 0.15 0.09 

 PRM 0.19 0.08 

NAM alley MON 0.18 0.09 

 POM 0.11 0.07 
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Dust PRM 0.23 0.11 

 MON 0.23 0.11 

 POM 0.16 0.08 

Anthro PRM 0.13 0.02 

 MON 0.14 0.02 

 POM 0.10 0.01 

We also estimated the spatial correlation for these source regions by correlating 

AOD anomalies over a few selected places with AOD over the rest of the domain. The 

spatial patterns in correlation coefficients vary with season and cluster (Figure 3). The 

places selected in these source regions are: (1) Charleston peak (fire); (2) Tucson (NAM 

alley); (3) Hermosillo (dust); (4) Bakersfield (anthropogenic). Plots of correlation 

coefficients for these places are shown in Figure 3. For example, the peak of the regions 

of high correlation in AOD anomalies around Charleston is highest during PRM and 

decreases in MON and POM. In the case of Tucson and Hermosillo, regions of high 

correlation extend further into Mexico during MON and the higher correlations follow 

the monsoon track. We notice that, in the case of Bakersfield, regions of higher 

correlation extend into northern California in all the seasons. This suggests the potential 

similarity in frequency or magnitude of sources in between these regions. We also show 
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spatial correlation matrices between selected aerosol hotspots (identified in Figure 1) in 

the supplementary material (Figure S1). 

 

Figure 3. Correlation coefficient of AOD anomalies during PRM, MON, and 

POM. The panels (a-c) correspond to spatial correlation of all the grid points 
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with respect to Charleston peak; (d-f) Tucson; (g-i) Hermosillo; (j-l) 

Bakersfield. 

3.2. Overall Aerosol Trend 

We show in Figure 4 the yearly statistics of anomalies (    
   across the entire land 

region (region as shown in Figure 1) during PRM, MON, and POM. The statistics are 

summarized here using box plots where the top, central, and bottom edges of the box 

correspond to the 75
th

 (  ), 50
th

 (median), and 25
th

 (  ) percentiles, respectively, while 

the whiskers correspond to  1.5 of the interquartile range (         ). The 

interannual variability in these AOD anomalies during all seasons mostly arises from 

natural aerosol sources such as dust and fires. We explain this further in the following 

sections for different aerosol clusters. The median of the anomalies during the latter part 

of the decade (2010–2014) is generally negative (and lower) compared to the earlier part 

of the decade (2005–2009), which is generally positive (and higher) (Figure 4). This is 

most evident for the monsoon season. This is also the case for the interquartile range, 

where a shrinking of the spread in     
  is observed in the latter part of the decade. 

Although there appears to be an oscillating pattern across the decade, there is a clear 

decreasing trend in the median and spread pointing to relatively lower aerosol loading 

and variability in recent years. Here, we estimate the linear trends of     
  to be −0.14 for 

PRM, −0.12 for MON, and −0.15 for POM. In other words, the yearly average decrease 

in     
  is greater than 10% for PRM, MON and POM, with larger decreases during PRM 

and POM. 
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Figure 4. Box plots of yearly Terra/MODIS AOD standardized anomaly over 

the entire NAM region for the years 2005–2014. PRM (May–June), MON (July–

August), and POM (September–October) periods are indicated in red, blue, and 

black. Whiskers represent 1.5 (IQR) above/below the upper/lower quartiles. 

3.3. Aerosol Trends Across Clusters 

We can further examine this decadal change by looking at the trends in the aerosol 

hotspot clusters. We expect more enhanced signatures of aerosol changes at these hotspot 

sites. In Figure 5 we show the decadal variations in     
  within fire, dust, NAM alley, 

and anthro clusters. We also summarize our estimates of linear trends in Table 4. The 

interannual variability of     
  is more pronounced in the fire, dust, and NAM alley, 

which are mostly driven by natural sources/sinks, than in the anthro cluster. This is 

expected as the “natural” aerosol clusters are mainly influenced by periodic atmospheric 

variations such as droughts and El Nino Southern Oscillation (ENSO) [48–50]. The fire 

and dust clusters, in particular, exhibit this periodic pattern, which can be linked to larger 

sources of aerosols (organic and black carbon in fires) under more arid and warmer 

conditions (PRM and POM). We also find a more pronounced decreasing trend (>20%) 
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in all clusters during PRM relative to the overall trend (>10%). However, during MON, 

the difference is less pronounced, except for the anthro cluster, which is consistently 

>20% and appears to not be influenced by the monsoon. Except for the NAM alley 

cluster during the monsoon season, all the linear trends are significant at the 95% 

confidence interval (see Table 4). 

The maximum decrease in     
  can be seen in the fire cluster (27%) followed by 

anthro (25%). We also see a larger difference in     
  statistics between the early and 

latter part of the decade in these two clusters. We see a more positive     
  in 2005–2009 

and a more negative     
  in 2010–2014 for all three periods (PRM, MON, and POM). 

This decrease is most evident in the anthro cluster, which shows an increase until 2007 

and then a continuous drop (both median and spread) after 2007, regardless of the 

monsoon season. This is consistent with the findings of [24] and [25] (albeit from a 

different study period) of a decreasing trend in aerosol loading which they attributed to a 

decreasing trend in anthropogenic aerosols. Further, a recent study on extreme events in 

the southwestern US also pointed out a decrease in extreme elemental carbon events 

between 2003–2013 [51], which compliments the decreasing trend in AOD anomalies in 

the NAM region. Our results show that the     
  trend for the entire NAM region is 

mainly tied to aerosol hotspots driven mostly by anthropogenic sources that have become 

weaker in recent years. This is also supported (not shown here) by the decreasing trend in 

combustion-related aerosol emissions based on recent emission inventories (e.g., [52]) 

and surface measurements of particulate matter ([53]). 
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Figure 5. Similar to Figure 4 but for (a) fire; (b) NAM alley; (c) dust; and (d) 

anthro clusters. 

Table 4. Linear trends in Terra/MODIS AOD anomalies for different aerosol 

clusters. 

Clusters PRM (n = 10) MON (n = 10) POM (n = 10) 

Fire −0.27 (0.0002) −0.19 (0.02) −0.21 (0.01) 

NAM alley −0.21(0.01) −0.15 (0.11) −0.13 (0.06) 

Dust −0.21 (0.007) −0.17 (0.03) −0.17 (0.02) 

Anthro −0.25 (0.0007) −0.21 (0.009) −0.22 (0.0001) 

entire domain −0.14 (0.02) −0.12 (0.07) −0.15 (0.01) 

Note: values in the brackets refer to the p-value for the trends. 
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In the NAM alley and dust cluster, we see a very similar trend, especially during 

PRM. This trend, however, is lower than in the fire and anthro clusters. Differences in the 

trends between NAM alley and dust clusters can be seen during MON and POM, where 

the trend in     
  in the dust cluster is relatively higher than in the NAM alley (see Table 

4). The oscillating pattern (as seen in [54]) is also less pronounced in the NAM alley than 

in the dust cluster. This difference can be attributed to an apparent modulation of     
  in 

the NAM alley cluster by more frequent occurrences of convective dust storms or 

haboobs in this region than in the dust cluster. These storms are typically produced from 

isolated thunderstorms that merge to form cold pools during monsoon season. These cold 

pools result in severe downburst winds that lift massive quantities of dust off the surface 

([8] and references therein). Based on the storm event database [55] over Arizona, we 

find that, although the trends in haboob-type dust storms across this study period are not 

statistically significant, there appears to be an increase in the frequency of dust storms 

over Arizona in most recent years, especially during the monsoon period. Despite the 

increase in rainfall (aerosol removal) during this period (which is common to both NAM 

alley and dust, albeit with a slight shift in timing), we infer that the increase in dust 

sources in the NAM alley obscures the decrease in the trend as seen in the dust cluster. 

3.4. Multivariate Correlations 

As noted earlier, we use a suite of satellite products (see Table 1) to corroborate the 

trends that we found in NAM and aerosol clusters. We present here the correlations 

between     
  and the following anomalies across different aerosol clusters and monsoon 

periods: Aqua/MODIS AOD (         
 ), Aura/OMI AI (   

    Terra/MODIS FRP (    
 ), 

FC (   
 ), and NDVI (     

 ), Terra/MOPITT CO (   
 ), and TRMM BEPR (     

 ). These 
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quantities provide unique first-order information on aerosol source/sink types. We note 

that the trends in     
  can be influenced by several confounding factors other than those 

mentioned here, such as trans-Pacific transport of aerosols [56,57], mixing of aerosol 

emissions from within North America, removal efficiency, injection height, and 

frequency of emissions. Although we expect that the actual relationship between 

    
  and these quantities may be nonlinear, we only examine the linear component of this 

relationship as a first-order approximation. More robust and quantitiative assessments of 

aerosol trends including source attribution require modeling of aerosol sources, transport, 

and sinks, which is beyond the scope of this study. We note, however, that our analysis 

can be made useful to show observational constraints of these trends. 

 

Figure 6. Anomaly correlation matrices between different aerosol-related 

quantities. The plots show correlation only during months that show significant 

correlation between the variables. The standardized anomalies considered here 
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are the following: (1) Terra/MODIS AOD, (2) Aqua/MODIS AOD, (3) 

Aura/OMI UV AI, (4) Terra/MODIS FRP (in MW), (5) Terra/MODIS fire 

counts, (6) Terra/MOPITT CO (in ppbv), (7) Terra/MODIS NDVI, and (8) 

TRMM precipitation rate (in mm/day). Positive correlations are shown only if 

they are greater than 0.3 and significant at 90% confidence. Negative 

correlations are shown if they are significant at 90% confidence. The plots 

correspond to (a) fire cluster in May; (b) dust cluster in July; (c) anthro cluster 

in July; (d) NAM alley cluster in July; (e) dust cluster in September; and (f) 

anthro cluster in October. 

Our results are presented in Figure 6. The correlation coefficient indicates how 

closely the changes in aerosol loading mirror the changes in these quantities. Here, we 

focus our analysis on large and significant correlations between anomalies. While high 

correlation between     
  and          

  is expected, we find a lesser correlation in the 

dust cluster (Figure 6b,e). This may be due to differences in retrievals of aerosols in Terra 

and Aqua. In the fire cluster, however,          
  is correlated with    

  and      
  (>0.5) 

in May (see Figure 6a). This is also seen from the decrease in the fire counts during June 

for the period 2005–2014 (Figure S2). The high correlation implies that most of the 

anomalies in aerosol loading in this cluster are directly tied to fire aerosols. As the fuel 

available from biomass increases, the probability of fires also increases, especially when 

the region tends to get drier in the period. This is usually the case for the summer fires in 

California [58]. There is also high correlation between    
  and     

  and to a lesser extent 

between    
  and    

  which may indicate higher organic (and black) carbon aerosol 

emissions during mixtures of intense/less intense (flaming/smoldering) fires. This is 
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fairly consistent with the previous studies that suggest that the interannual variability in 

natural AOD across the US is due to the variability of organic carbon emissions from 

droughts and biomass burning events [24,50]. However, this result needs to be supported 

by surface measurements and other datasets. 

During MON, correlations in the NAM alley cluster show a strong positive 

relationship between     
 ,      

 , and          
  (July: Figure 6b,d) which is not apparent 

in the dust cluster. This implies that the anomalies in aerosol loading and precipitation 

rates are moving in the same direction in the NAM alley cluster during the monsoon 

season. Although, in general, we expect negative correlation between      
  and     

 , this 

result suggests that the dust sources, especially from dust storms during the monsoon 

period, offset the aerosol removal due to rain. This can be contrasted with the dust cluster 

in September (Figure 6e) where there is a strong negative correlation between 

     
 ,      

  (see Figure S3 for time series of NDVI) and     
 , implying the stronger 

influence of precipitation in the absence of dust storms (and lesser vegetation) (e.g., 

[59,60]) and despite potentially more intense fires in this region (i.e., negative correlation 

between    
 ,    

  and     
 , positive correlation between     

  and     
 , and between     

  

and    
  implies more intense flaming fires—less CO, high FRP at lower fire counts, and 

high black carbon (e.g., [61]).  

In the anthro cluster during July, we find strong positive correlations between 

    
 ,          

  and    
 ,      

  and a negative correlation between     
  and    

  (Figure 

6c). Although UV AI has been noted for its sensitivity to both dust and black carbon 

(BC) aerosols, previous studies have also indicated that UV AI is more sensitive to dust 

aerosols than smoke or BC [19]. In the absence of a positive correlation with fire 
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indicators (FRP and FC), it is evident that anomalies in aerosol loading in the anthro 

cluster are directly related to anthropogenic combustion. A positive correlation between 

     
 and     

  in MON (Figure 6c) and POM (Figure 6f) explains, to some extent, the 

lesser impact of precipitation to     
  in the anthro cluster. This indicates that this region 

is mostly driven by anthropogenic (   
   and biogenic (     

 ) aerosol sources than 

precipitation (aerosol sinks) in October. 

3.5. AOD Sensitivity 

Here, we examine the difference in standardized anomalies between the maximum 

within the early (2005–2009) and latter parts of the decade (2010–2014). This is shown in 

Figure 7 for selected clusters and years with distinct sensitivities. We focus on 

contrasting the local maximum between these two segments of the decadal period to 

support the trend and correlation analysis previously discussed. Together, they provide 

information on the main factors of change in aerosol loading for different clusters. In 

Figure 7a we show the sensitivity of     
  to    

  in the fire cluster, suggesting a similar 

shift in     
  and    

  from positive to negative anomalies in the latter part of the decade 

(2010–2014) for all monsoon periods (also see Figure S2). This is consistent with the 

strong correlation between          
  and    

  shown in Figure 7. Although the largest 

decrease in    
  occurs in PRM, the maximum local sensitivity (steeper slope) in    

  with 

    
  is observed during POM (i.e., large change in fire counts is tied with smaller change 

in AOD). This reveals that AOD is more associated with smoldering fire aerosols (more 

emissions) during POM than in PRM. This is also indicated in Figure 7d where    
  shifts 

from a negative to positive anomaly during POM and shows high sensitivity with     
 . 
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However, the apparent decrease in fire counts shown in Figure 7a cannot be directly 

linked to a decrease in intensity or frequency of fires since this scatterplot is only a 

snapshot of this change. 

During MON and POM in the NAM alley cluster, the     
  decrease is associated 

with an increase in      
  (Figure 7b and Figure S4). This sensitivity is mostly influenced 

by data in August (for MON) rather than July where dust storms may modulate this 

relationship (as we have seen in Figure 6d). Similarly, we find the decrease in     
  is 

associated with the decrease in      
 , with the highest sensitivity during POM in the dust 

cluster. The small change in AOD despite a large change in NDVI points to confounding 

factors such as fires, aerosol transport, and atmospheric moisture during POM in this 

region. 

Finally, in the anthro cluster, we see a consistent shift in     
  and    

  from positive 

to negative anomalies across the monsoon season (Figure 7e and Figure S5). This is very 

consistent with the trend and correlation results for this cluster. 
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Figure 7. Scatterplots of standardized anomalies for selected clusters and 

monsoon periods. The filled circles represent local maxima values, with the 

larger and smaller circles corresponding to local maxima within 2005–2009 and 

2010–2014, respectively. The colors represent different periods (red for PRM, 

blue for MON and black for POM). The different plots correspond to AOD 

anomalies versus (a) fire counts for fire cluster; (b) precipitation for NAM alley 

cluster; (c) NDVI for dust cluster; (d) CO for fire cluster; and (e) CO for anthro 

cluster. 
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3.6. Comparison between OMI UV AI and MODIS AOD during MON 

As noted already, the UV AI product is useful in aerosol hotspot identification 

because of its finer spatial resolution. Although UV AI did not show significant trends, 

previous studies have demonstrated the capability of UV AI in capturing smoke and dust 

aerosols. We present in Figure 8 the scatterplot between    
  and     

  during MON to 

demonstrate the utility of UV AI for periods exhibiting large AOD variability. The 

different symbols represent different clusters with the smaller sizes indicating the last 

local maxima value in the time segment 2010–2014, and larger sizes indicating the first 

local maxima values in the time segment 2005–2010. Although these two quantities 

cannot be directly compared in terms of magnitude (hence the standardized anomalies), 

we expect these variables to move in the same direction. In contrast,    
  and     

  show 

an inverse relationship during MON in all the source regions. One possible reason for the 

apparent increase in    
  during MON (and POM) could again be the difference in 

equatorial crossing times of the satellites. Convection builds up in the morning and winds 

increase in intensity in the afternoon over these regions during the monsoon season. 

Therefore, windblown dust captured by Aura/OMI UV AI is not seen in Terra/MODIS 

AOD. Other potential reasons for the discrepancies between Terra/AOD and OMI UV AI 

are differences in spatial resolution, sampling differences due to overpass times, retrieval 

characteristics and sensitivities (OMI UV AI retrieval is sensitive to black carbon and 

dust) (e.g., [62] and references therein). However, the results in Figure 8 show that OMI 

UV AI can provide additional constraints on aerosols in this region where mixed 

(confounding) processes are involved, making it challenging to infer aerosol trends. 

Future studies, based on the emission database and particulate matter concentrations, are 
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required in the NAM region to provide a deeper understanding of the discrepancies in 

between these products. 

 

Figure 8. AOD versus UV AI standardized anomalies during the monsoon 

period (July–August). As in Figure 7, the larger (smaller) size symbols 

correspond to local maximum within 2005–2009 (2010–2014). 

4. Conclusions 

We investigate the spatial and temporal variability of aerosol loading in the NAM 

region using retrievals of AOD from Terra-MODIS for the years 2005–2014 during the 

monsoon season (May–October). We interpret the trends in AOD using other correlative 

information such as NDVI, CO, rainfall rate and active fire products. The decadal 

average of AOD over the study area shows that the maximum aerosol loading occurs 

during May and June (PRM) in active source regions. Major aerosol source regions are 

northern California (fires), southwestern Arizona and northern Mexico (dust), and 
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southern California (anthropogenic). Monsoonal rainfall in Arizona and Mexico acts as a 

major sink during this period. 

We identified four aerosol clusters in the NAM region and selected 21 aerosol 

hotspots in the entire study area. We conducted a series of statistical analyses for these 

four cluster regions (fires, dust, NAM alley, and anthropogenic) and for three periods of 

the monsoon season (pre-, monsoon, and post-monsoon). We correlated the anomalies of 

AOD to fire counts and FRP (for fires), CO (for combustion), NDVI (for dust) and 

precipitation rates (for aerosol removal) to explain the trends in aerosol loading. Our 

results show a significant interannual variability in AOD anomalies in fire, NAM alley 

and dust clusters which could be linked to climatic events. However, these speculations 

warrant further analyses of climatic products. The temporal trends in AOD anomaly 

exhibit a statistically significant decreasing trend in fire (19%–27%) and anthropogenic 

clusters (17%–21%).  The trends in the fire cluster can be attributed to the decreasing 

trend in the fire counts. The decreasing trends in the NAM alley (13%–21%) and dust 

clusters although statistically significant, are influenced by compensating or nullifying 

processes such as haboobs, increased moisture during the monsoon period, rainfall, etc. 

While rainfall removes aerosol in this region, processes such as convective dust storm 

cause massive enhancements of dust loading. 

In summary, this study highlights the need for augmenting and integrating observing 

systems of aerosols (and correlative measurements) in this region with high spatio-

temporal resolution datasets. While anthropogenic aerosols show a clear statistically 

significant decreasing trend, trends in natural aerosol clusters such as dust and the NAM 

alley are still unclear due to the complex interplay between sources and sinks in this 
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region. A next step would be to corroborate these results with surface observations of 

PM10 and PM2.5 and the emission database. We would also like to note that we have not 

fully considered the associated biases of the retrieval products, which is an important 

limitation of this study. We plan to investigate these limitations in our future work using 

chemical transport models and ground observations. 

Supplementary Materials: The following are available online at www.mdpi.com/link. 

Figure S1: Correlation matrices for AOD anomalies all the hotspots between the 

months May–October. The hotspots considered here are: (1) Mt.Whitney, 

CA; (2) Charleston Peak, CA; (3) Tucson, AZ, (4) Baja, CA; (5) Phoenix, 

AZ; (6) Phoenix, AZ; (7) Yuma, AZ; (8) LA county, CA; (9) Bakersfield, 

CA; (10) Prescott, AZ; (11) Petrified forest, AZ; 12) White mountain, NM; 

(13) Farmington, NM; (14) Albuquerque, NM, (15) Ejido El Vergel, Mex, 

(16) Chihuahuan Desert, Mex, (17) Hermosillo, Mex; (18) Sierra Madre 

Occidental, Mex; (19) Sierra Madre Oriental, Mex; (20) Houston, TX; and 

(21) Waco, TX.  

Figure S2: Box plots of Terra/MODIS fire count standardized anomaly over the fire 

cluster for the years 2005–2014 between the months May–October. 

Whiskers represent 1.5 (IQR) above/below the upper/lower quartiles.  

Figure S3: Box plots of Terra/MODIS NDVI standardized anomaly over the dust 

cluster for the years 2005–2014 between the months May–October.  

Figure S4: Box plots of TRMM rainfall rate standardized anomaly over the NAM 

alley for the years 2005–2014 between the months May–October. Figure S5: 

http://www.mdpi.com/link
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Box plots of MOPITT CO standardized anomaly over the anthropogenic 

cluster for the years 2005–2014 between the months May–October. 
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Figure S1. Correlation matrices for AOD anomalies all the hotspots between the months May–October. The 

hotspots considered here are; (1) Mt.Whitney, CA, (2) Charleston Peak, CA, (3) Tucson, AZ,  

(4) Baja, CA, (5) Phoenix, AZ, (6) Phoenix, AZ, (7) Yuma, AZ, (8) LA county, CA, (9). Bakersfield, CA, 

(10) Prescott, AZ, (11) Petrified forest, AZ, (12) White mountain, NM, (13) Farmington, NM, 

(14) Albuquerque, NM, (15) Ejido El Vergel, Mex, (16) Chihuahuan Desert, Mex, (17) Hermosillo, 

Mex, (18) Sierra Madre Occidental, Mex, (19) Sierra Madre Oriental, Mex, (20) Houston, TX,  

(21) Waco, TX. The panels correspond to (A) May ; (B) June ; (C) July ; (D) August ; (E)September ; (F) 

October . 
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Figure S2. Box plots of Terra/MODIS firecount standardized anomaly over the fire cluster for  

the years 2005–2014 between the months May–October. Whiskers represent 1.5 (IQR) above/below the 

upper/lower quartiles. The panels correspond to (A) May ; (B) June ; (C) July ; (D) August ; (E)September ; 

(F) October . 

 

Figure S3. Box plots of Terra/MODIS NDVI standardized anomaly over the dust cluster for the years 

2005–2014 between the months May–October. The panels correspond to (A) May ; (B) June ; (C) July ; (D) 

August ; (E)September ; (F) October . 
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Figure S4. Box plots of TRMM rainfall rate standardized anomaly over the NAM alley for the years 

2005–2014 between the months May–October. The panels correspond to (A) May ; (B) June ; (C) July ; (D) 

August ; (E)September ; (F) October . 

 

 

Figure S5. Box plots of MOPITT CO standardized anomaly over the anthropogenic cluster for the years 

2005–2014 between the months May–October. The panels correspond to (A) May ; (B) June ; (C) July ; (D) 

August ; (E)September ; (F) October . 

 

© 2016 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access 

article distributed under the terms and conditions of the Creative Commons by Attribution 

(CC-BY) license (http://creativecommons.org/licenses/by/4.0/). 
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ABSTRACT 

A ratio-based method is used to characterize anthropogenic elemental carbon (ECa) using 

in situ measurements and emissions of carbon monoxide (CO) and nitrogen oxides 

(NOx). We use long-term records of ground-based measurements from the US 

Environmental Protection Agency (EPA) Air Quality System and Interagency Monitoring 

of Protected Visual Environments to assess the patterns in anthropogenic combustion 

ratios (ΔECa/ΔCO and ΔECa/ ΔNOx) across the US Petroleum Administration for 

Defense Districts (PADD) regions for the years 2000−2015.   We investigate the change 

in these ratios between the periods 2000−2007 and 2008−2015. Overall, ΔECa/ΔCO 

ratios increase by 0.7−82% and ΔECa/ΔNOx  by 6.8−104% across the East and West 

PADD regions. The Urban-West showed the largest increase relative to other regions. 

This is mainly attributed to a 13−23% increase in ΔECa during the winter and fall 

seasons and significant reductions in urban ΔNOx (except in winter). We also find that 

emission ratios derived from the EPA’s National Emission Inventory (NEI) overestimate 

(underestimate) the increase in the observed enhancement ratios in the East (West). 

Analyses of changes in NEI emissions in the West reveal (a) smaller reductions in NEI 

emissions for NOx from the on-road sector and (b) an increase in PM2.5 (particulate 

matter 2.5 μm or less in diameter) emissions from commercial/residential combustion and 

smaller reductions in nonroad emissions. 
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INTRODUCTION 

Aerosol black carbon (BC) is one of the dominant light-absorbing carbonaceous aerosols 

contributing to particulate matter (PM) pollution.
1−4

 BC is emitted during incomplete 

combustion of fossil fuel, biofuel, and biomass.
5,6

 It is considered as the second largest 

anthropogenic climate-forcing constituent next to CO2.
7,8

 It has been suggested in recent 

studies that reducing BC emissions can shorten the rate of near-term climate change due 

to its shorter lifetime, which is on the order of days.
7−11

 BC is also important to snow−ice 

albedo,
12

 atmospheric visibility, regional monsoonal circulation,
13

 and cardiovascular 

mortality.
14

 
,15

 BC contains other light-absorbing carbon components such as elemental 

carbon (EC).
16

 If the light-absorbing, nonvolatile, and refractory fraction is measured by 

thermal/optical methods,
17,18

 it is called apparent elemental carbon (ECa).
6
 

 

In North America, key anthropogenic sources of BC include transportation/mobile 

(>50%) emissions followed by energy/ power sources (∼7%) and residential combustion 

(∼4%).
19−21

 Major mobile sources of BC include on-road and off-road light-duty vehicles 

fueled by gasoline and heavy-duty trucks fueled by diesel.
22

 
−24

 Heavy-duty diesel 

vehicles emit more fine particles per unit of mass of fuel burned compared to gasoline 

vehicles.
25

 During the past couple decades, drastic improvements have been made to 

reduce emissions from gasoline engines through the use of  catalytic converters and 

adjustments in the air-to-fuel ratio.
26

 
,27

 On the other hand, reductions in BC, PM2.5 (PM 

2.5 μm or less in diameter), and NOx (nitrogen oxides) emissions from diesel engines 

have not been significant
28,29

 despite recent control measures such as improvements in 
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fuel injection strategies,
30

 use of selective catalytic reduction systems,
31,32

 and use of 

diesel particle filters
33−35

(US Environmental Protection Agency (EPA) Heavy Duty 

Highway (HDH) rule). This poses a major concern because, unlike light-duty vehicles, 

where several combustion products (CO, NOx, and hydro-carbons such as CH2O) are 

observed from both in situ and remotely sensed measurement networks,
36−39

 limited 

studies in the past have been performed to characterize BC (or PM) emissions from 

heavy-duty trucks. Another major contributor to BC, residential and industrial biofuel 

combustion, has also been given little attention, and long-term trends of BC emissions 

from this source are also not clear.
40

 Furthermore, currently available ground-based 

measurements of ambient BC are very limited. 

 

Long-term measurements of carbonaceous aerosols for the United States are provided by 

Interagency Monitoring of Visually Protected Environments (IMPROVE)
41

 and the 

Chemical Speciation Network (CSN) in rural and urban/ suburban regions, respectively. 

These networks measure ECa using thermal optical methods. Although ECa and BC are 

not directly equal in magnitude, prior studies in US cities have found them to be strongly 

correlated,
42−45

 and BC measured by aethalometers was 24% less than EC measured by 

thermal/ optical methods.
46

 We use ECa instead of BC because we have relatively more 

measurements for ECa rather than for direct BC and because BC emissions in inventories 

are based on EC from source emission samples of PM.
47

 However, ECa measurements are 

sparse and vary in design and measurement strategies between the monitoring networks. 

This makes identification and comparison of emission sources more challenging.
48,49
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Recent studies have explored proxies of BC to provide constraints on its emissions and 

distribution. For example, more easily measured species that are correlated with BC, such 

as CO,
50−57

 SO2,
58

 and NOx,
59

 have been shown to be useful constraints. Similarly, ratios 

of ECa with coemitted or collocated species can be derived from either the statistics of 

observed enhancements or emission inventories. These ratios along with measurements 

of CO, SO2, and NOx, estimates of fuel usage, and technological changes in combustion-

related sectors can be used to infer distributions of sparsely observed ECa.
4
 In regions 

with limited ECa measurements, the ratios and trends in the covariation of coemitted 

species can provide useful diagnostics on the effectiveness of emission control strategies 

and/or regulation policies (see, e.g., refs 27 and 60). As has been noted by Parrish et al.,
27

 

it is nontrivial to make inferences given the spatiotemporal variation of these ratios due to 

variations in their sources and sinks (lifetime), as well as their dependencies on economic 

activities, technology, emission controls, and combustion practices. The success of using 

these ratios for this purpose hinges upon careful data analysis and interpretation. 

 

The main goal of this study is to extend these recent studies of using CO and NOx to 

characterize anthropogenic ECa in the United States on the basis of CSN and IMPROVE 

measurements. In particular, we investigate the covariations of ECa, CO, and NOx across 

different geopolitical regions in the United States during the recent decade. This is 

another proof-of-concept on the utility of these proxies to provide constraints on ECa by 

indirectly augmenting the current observation system for ECa. Here, we attempt to 

address the issue of the dependency of these variations on the scale and/or processes by 

localizing our analysis to specific conditions that represent dominant combustion 
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patterns. Analysis of the “local” variations of ECa/ CO and ECa/ NOx ratios offer an 

opportunity to extract information on combustion characteristics for a given “local” 

condition. Here, we hypothesize that if to a certain extent we can account for these 

dependencies through localization and for variations in sinks through data filtering, the 

seasonal variations in ratios (along with their enhancements) will reflect inherent 

differences in fuel usage (activity) and combustion practices (efficiency). We also make 

use of the contrast in policy regulations and economic activity before and after 2008, 

which marks the beginning of the economic recession.
61

 We investigate the contrast in air 

quality regulatory advances, fuel sales, and fleet characteristics between the 2000−2007 

and 2008−2015 periods and relate these to our analysis of covariations in ECa, CO, and 

NOx, along with global and regional emission inventories of these species. 

 

DATA AND METHODS 

 

Ground-Based Ambient Concentration Data. We use daily average measurements of CO 

and NOx volume mixing ratios (ppbv) for the years 2000−2015 from the US EPA ground 

station network.
62

 The EPA makes CO measurements by extracting a gas sample from a 

stack and passing it through a gas analyzer. The CO concentration in the sample is then 

retrieved using the absorption and interference effects in the infrared wavelengths.
63

 NOx 

is obtained as a sum of the NO and NO2 concentrations. NO2 concentrations are 

measured using the chemiluminescence federal reference method technique.
64−66

 These 

measurements are obtained by reducing NO2 to NO on a heated molybdenum substrate, 

followed by reaction of NO with ozone through the chemiluminescence method. Previous 
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studies have noted that EPA NOx can be used as a surrogate for actual ambient NOx for 

long-term analyses and if the NOx concentrations used are consistent throughout the 

study.
67

 Measurements of the ECa mass density (μg m
−3

) are derived from 

IMPROVE
41,42,68−70

 and EPA’s CSN ambient aerosol monitoring networks. IMPROVE 

monitors the use of thermal optical reflectance (TOR). Prior to 2007, CSN used thermal 

optical transmittance (TOT) and the National Institute of Occupational Safety and Health 

(NIOSH) protocol. Several studies pointed to underestimation of ECa at CSN stations. To 

be consistent with IMPROVE samplers, starting from 2007 to 2009, CSN transitioned 

from TOT to TOR and started using URG-3000N for carbon sampling and 

analysis.
16,71−74

 Here, we use an adjusted version of CSN data released by the EPA 

(parameter code 88321) that is consistent with IMPROVE at collocated stations.
75

 

 

Enhancement Ratios. To account for seasonal variations in meteorology, we converted 

the ECa mass density (μg m
−3

) from IMPROVE and CSN to ECa mass mixing ratio 

(ppbm) by dividing the mass density by the air density (kg m
−3

) derived from temperature 

and pressure measurements available from the EPA. For every station, the background 

concentrations of ECa (ppbm), NOx (ppbv), and CO (ppbv) are estimated for individual 

seasons (summer (JJA), winter (DJF), fall (SON), and spring (MAM)) and years using 

the fifth percentile of available data following Kondo et al.
76

 and Matsui et al.
77

 These 

background concentrations were subtracted from the associated daily average ambient 

concentrations to derive seasonal species enhancement ( ). The analyses of the ratios are 

performed only at collocated stations where ECa and CO (or NOx) data pairs are 

available. The stations are collocated using the EPA site ID parameter. The results are 
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discussed separately for rural (IMPROVE) and urban (CSN) stations, thereby eliminating 

any analytical artifacts associated with combining IMPROVE and CSN data, although we 

are using adjusted CSN data throughout this study. To localize our analysis for 

anthropogenic combustion signatures and to account for ECa sinks, we removed stations 

for every year/every month that were severely affected by biomass burning (BB) and wet 

deposition. Further details on data filtering are given in the Supporting Information 

(supplementary text). 

 

After careful screening of days and stations affected by fires and wet deposition, we 

regress ECa enhancements (  ECa, ppbm) at a given station against those of CO (or NOx) (  

CO or NOx, ppbv) for every season in a given year using the reduced major axis (RMA) 

regression method.
78,79 

y + e 2 = β0 + β1x + e1 (1) 

Here, y represents the enhancements of ECa and x represents CO or NOx enhancements. 

This is a model II regression that takes into account errors in the independent (e1) and 

dependent (e2) variables. Only positive enhancements were used for the analyses as this 

study primarily focuses on anthropogenic combustion sources of ECa. Stations that 

successfully passed the above criteria were also tested for data density before regression. 

Stations with a number of data points for a given year (and season) greater than 20 and 

with a statistically significant positive Pearson correlation coefficient (r > 0.5) were 

selected. The slopes and correlation values were tested for significance using Student’s t 

test at the 95% confidence level. 
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Finally, we group the stations in our analyses on the basis of stations located within 

predefined geopolitical regions classified under the Petroleum Administration for 

Defense Districts (PADD) regions
80

 since we are considering the potential relationship 

between these ratios and fuel consumption. The extent of these regions is shown in 

Figure S2 (Supporting Information). Hereafter, we will refer to the PADD regions using 

the following abbreviations: E, East; MW, Midwest; G, Gulf; RM, Rocky Mountain; W, 

West. The IMPROVE and CSN stations in these regions will represent rural and urban 

areas, respectively. 

 

Emission Inventories. We use bottom-up emission estimates compiled under the 

auspices of the Global Emission Initiative (GEIA) and EPA’s National Emission 

Inventory (NEI). EPA anthropogenic NEI emissions were downloaded for 2005 and 

2011
81

 for point, mobile, and area sources. In addition to this, we also use sectoral 

emissions of PM2.5, CO, and NOx from the NEI trend database for elucidating changes in 

NEI emission ratios in the recent decade.
82

 All gridded global emissions (0.5° × 0.5°) 

were downloaded from the Emissions of Atmospheric Compounds and Compilation of 

Ancillary Data (ECCAD) database.
83

 Global inventories, which span the period of the 

study (2000−2015) for all three species, include MACCity (Monitoring Atmosphere for 

Chemistry and Climate),
21,84

 Representative Concentration Pathway (RCP) scenarios 4.5 

and 6 for 2005 and 2010,
85

 and ECLIPSE-GAINS V4a (Evaluating the Climate and Air 

Quality Impacts of Short Lived Pollutants).
86,87

 We compare the enhancement ratios of 

ECa/ CO and ECa/ NOx for each PADD region against the emission ratios. 
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Ancilliary Data. State-based diesel and gasoline consump-tion, vehicle miles traveled, 

and population statistics were obtained from the Federal Highway Statistics public data 

archive.
88

 We use these data to understand the changes in ECa, CO, and NOx in relation to 

diesel and gasoline fuel consumption and fleet activity. 

 

RESULTS AND DISCUSSION 

Patterns of ECa, CO, and NOx. In this section, we compare and contrast the median 

mass concentration, enhancement, and interquartile range (IQR) of ECa, CO, and NOx 

concentrations between two periods, 2000−2007 and 2008−2015 (hereafter, P1 and P2), 

and across regions classified under PADD. While the spatial patterns and long-term 

trends of ground-level NOx or CO have been analyzed in past studies, we present them 

here to illustrate their covariations with ECa. We use the economic recession in 2008 as 

the divide between the study periods. December 2007 marks the beginning of the 

economic recession according to the National Bureau of Economic Research (NBER).
61

 

The peak of the financial crisis occurred during 2008 and 2009. During late 2006−2008, 

several air quality regulations such as the EPA’s HDH rule for diesel engines
35

 and 

winter wood burning rule by the Bay Area Air Quality Management District
89

 were 

introduced to reduce fine particulate emissions. Therefore, these contrasting periods offer 

an opportunity to find a relationship between the relative abundance of combustion 

products (ECa in particular), environ-mental policies, fuel usage, and economic activity. 

For example, past studies have reported reductions in abundance during the recession.
90

 

,91
 NO2 column densities were reported to be reduced by 8% ± 5% in US megacities and 

across major energy producers during the peak of the recession.
90

 These reductions in 
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NO2 during the recession are attributed to a decrease in diesel emissions resulting from 

lower economic activity.
88,92−95

 CO, on the other hand, has shown a significant decrease 

since 1990, and previous studies report a 7-fold decrease in CO emission factors over the 

United States.
94

 The larger reductions in CO are mainly due to improvements in the 

performance of gasoline engines and implementation of catalytic converters.
38

 Fewer 

studies have analyzed changes in ECa during these periods. For example, BC annual 

average concentrations measured in Rochester, NY, during 2007−2010 showed 12% 

reductions from highway diesel engine emissions as a result of the EPA 2007 HDH 

rule.
96

 On the US West Coast, analysis of PM2.5 measurements obtained at San Jose, CA, 

from 2002 to 2012 found a 40% reduction in the contribution of wood combustion to 

PM2.5 between winter 2008 and winter 2009.
97

 However, these studies are isolated, and 

long-term trends in ECa in the context of coemitted species and source attributions are not 

available for PADD regions in Unites States for the past decade. Therefore, examining 

covariations in emissions and ambient concentrations of ECa, CO, and NOx highlights the 

significance of combustion activities driving the behavior of these species relative to each 

other. 

 

We show in Figure S1 (Supporting Information) the median concentrations of ECa, CO, 

and NOx, together with their corresponding IQRs, at collocated stations for ECa and CO 

(or NOx) for P1 and P2. Reductions for CO and NOx are greater than that for ECa during 

P2. However, since conclusions drawn only from ambient concentrations do not directly 

represent local combustion activities, we also analyze the patterns using species 

enhancements. In P2, the median enhancements of CO and NOx were reduced by 
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69−76% and 42−280%, respectively, in rural areas and by 27−68% and 35−48%, 

respectively, in urban areas across the E and W PADD regions. NOx reductions reported 

here are comparable with those reported by Tong et al.
91

 in urban areas, but the 

reductions are much higher in rural areas (especially in E). This is due to the inclusion of 

data for the years prior to 2005. Similarly, ECa enhancements increased by 13% in urban 

E, and reductions in urban W were also 2.5−3 times smaller than NOx or CO reductions 

(Table S1, Supporting Information). The poor reductions in ECa in urban stations are also 

reflected in the IQR. We find an 8−12% increase in IQR for E and W, whereas the IQR 

for CO and NOx decreased by 30− 60% (Figure S1b). We note that the results illustrated 

here do not involve stations potentially affected by fires, episodic events, and/or 

precipitation rates of >6 mm/day. Within these constraints, we see a few possibilities of 

why ECa reductions (both median and IQR) are not as high as those of NOx and CO. First 

of all, in terms of fossil fuel usage, reports on fuel sales, diesel truck activity data, 

roadway sensor measurements, and diesel truck age distribution consistently indicate a 

larger decrease in ECa emissions during the peak of the economic recession (2008−2009) 

as a result of a countrywide decrease in diesel fuel sales and truck activity (e.g., 92). As a 

potential consequence, vehicles that lasted longer (due to lower miles traveled) and 

subsequently with lesser emission controls joined the fleet after the recession. After 2010, 

the federal highway statistics data suggest that truck activity in California and New York 

improved by factors of ∼1.03 and ∼3.1, respectively.
88

 This is also consistent with diesel 

fuel sales data that show an increase in diesel consumption and decrease in gasoline 

consumption in most states (except Texas) after 2010.
88,93

 While studies have pointed to 

reductions in BC and PM2.5 after 2006 (until 2010) in Rochester, NY, as a result of the 
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EPA HDH rule,
96,98

 studies on total mobile emissions of ECa or BC across the United 

States (especially after 2010) are unclear.
29

 This is despite a clear trend in diesel fuel 

sales
29

 in most states between 2000 and 2015. Even before 2010, 70% of the decrease in 

mobile source emissions of BC in the Los Angeles Basin
95

 on the US West Coast was 

attributed to on-road gasoline engines and only 30% to control of diesel truck PM 

emissions. In northern states, residential heating and biofuel combustion is also a major 

contributor to ECa.
40

 Smaller reductions in ECa in E can possibly be explained by the 

combination of effects from diesel emissions from traffic, industrial activities, and 

residential combustion. Lastly, increased fleet traffic from commercial diesel trucks on 

the United States− Mexico border has also been considered a plausible reason for the 

increase in ECa levels in monitoring stations in W close to the border.
99

 

 

While a quantitative source apportionment of ECa is a separate study by itself, with the 

given data, we elucidate the utility of coemitted combustion products such as CO and 

NOx in improving our understanding of the distribution and emissions of ECa. We focus 

our discussions on PADD regions E and W due to the availability of the larger number of 

significant slopes in these regions for all seasons. 

 

Joint Probability Distribution. Figures S3 and S4 (Supporting Information) show the 

joint probability histograms (JPHs) of ECa with CO and NOx concentrations for 

collocated stations in rural (panels a−d in Figures S3 and S4) and urban (panels e−h in 

Figures S3 and S4) areas. These JPHs are calculated using all the station data points 

within the study period (2000−2015) for all seasons. Our goal is to quantify the general 
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pattern of covariation between ECa, CO, and NOx without any localization. We find in 

Figures S3 and S4, a strong non-Gaussian relationship of ECa with CO and NOx across 

the four PADD regions. The shape of the distribution exhibits asymmetric tails (toward 

higher ECa, CO, and NOx). In several cases, ECa and CO (or NOx) exhibit a clear 

bimodal pattern. For example, the JPHs for NOx and ECa show the highest probability 

(>40%) in the urban E and W regions, with two major modes occurring at NOx levels of 

about 10 and 20 ppbv and ECa levels of about ∼15 ppbm. Rural E is different from urban 

E, and the highest probability occurs at relatively higher ambient levels (25 ppbm for ECa 

and ∼20 ppbv for NOx). For ECa and CO, the highest probability mode occurs at 

∼200−250 ppbv for CO and 5−15 ppbm for ECa. The second mode is apparent in E for 

CO levels at about ∼100 ppbv (panels a−e in Figure S3). In general, urban regions have a 

relatively higher probability of ECa for given modes of NOx or CO. While we find that 

these covariations exist, it is difficult to attribute these patterns to a particular driver (i.e., 

sources/sinks/emission control strategies adopted in these regions) at this resolution, 

given that these species have different lifetimes. As we highlighted earlier, these 

dependencies have to be localized to derive meaningful relationships. 

 

ECa/ CO and ECa/ NOx. Here, we further investigate these covariations in terms of 

enhancement ratios between ECa, CO, and NOx. Figure 1 shows RMA regression slopes 

of ECa against CO (Figure 1ab) and ECa against NOx (Figure 1cd) for rural and urban 

areas in E and W (circles in Figure 1 represent slopes per season, per station, per year). 

The slopes are color coded for P1, P2, rural, and urban areas (gray and green, rural and 

urban before 2008; black and orange, rural and urban after 2008). Corresponding 
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statistics are also summarized in Table S2 (Supporting Information). We note here that 

the enhancement ratios shown in Figure 1 are plotted along with median concentrations 

for comparisons with Figure S1 (Supporting Information). Overall, the highest median 

values of  ECa/  CO and  ECa/ NOx ratios are found in E (∼0.12 ppbm/ppbv). This occurs 

at stations where ECa levels are higher and CO is lower or both ECa and NOx levels are 

moderate. The ratios also vary by rural and urban areas, which is apparent especially for  

ECa/  NOx as opposed to  ECa/  CO. The highest median for  ECa/  NOx ratios is found in 

urban E. However, the highest variability (1σ) for  ECa/  NOx ratios is seen in rural E 

(1.69−2.18 ppbm/ ppbv) and W (0.90−0.95 ppbm/ppbv). This can be attributed to 

stations with high ECa and high NOx levels (see panels e−h in Figure 1 and Table S3, 

Supporting Information). The ratios are also associated with very different seasonalities 

depending on the location. Higher median ratios are common in summer and winter. The 

highest variations in seasonal concentrations of ECa, CO, and NOx (and ratios) are seen 

in W. Furthermore,  ECa/ NOx  ratios show stronger seasonality compared to   ECa/CO 

ratios (Figure S5, Supporting Information). This can be attributed to NOx from strong 

photochemistry and heteroge-neous reactions that are uncommon for ECa especially 

during the summer.
59

 Comparisons of periods before and after 2008, in Figure 1, also 

show that, in W, there is a distinct increase in ECa/ NOx ratios as a result of an increase in 

ECa (from 20 to >40 ppbm) and NOx (from 10 to >30 ppbv) levels. In E, urban areas 

show an increase in ratios (from 2.22 to 2.37) as a consequence of a proportionate 

decrease in both ECa and NOx, whereas rural areas show a decrease in ratios due to an 

increase in NOx levels. These variations in ratios suggest that rural and urban areas in E 

and W are very different in terms of combustion sources and efficiency, which results in 
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varying levels of emission reductions for coemitted species (especially for ECa and NOx). 

We discuss this in detail in the following sections. Note that we have excluded stations 

and days affected significantly by fires and rain. These ECa/ CO values are lower than 

those of previous studies. In particular, the values from this study (in the range of 

∼0.6−1.5 ng m
−3

 ppbv
−1

, converted to STP from the current units) are lower than shorter 

term ECa/ CO ratios reported by Park et al.
100

 over Baltimore in 2002 (1.7−4.6 ng m
−3

 

ppbv
−1

) and Chen et al.
101

 over Fort Meade, MD (2.7−6.7 ng m
−3 

ppbv
−1

), in 1999−2000. 

Median values of ECa/ CO ratios in this study are lower than the values reported in 

Mexico City (2.89-0.89 ng m
−3

 ppbv
−1

)
53

 due to higher ECa in Mexico City than the 

United States, but comparable to values downwind of Mexico City (∼1.4 ng m
−3

 

ppbv
−1

)
102

 and in Europe (0.8−2.3 ng m
−3 

ppbv
−1

).
103

 However, they are ∼10 times 

smaller than those reported for the Indian Ocean (12−27 ng m
−3

 ppbv
−1

) and Maldives 

(21 ng m
−3

 ppbv
−1

),
50

 and ∼2−3 times smaller than those reported near urban centers of 

Tokyo (4.6−6.6 ng m
−3

 ppbv
−1

)
51

 and Hedo, Japan (3.9−5.3 ng m
−3

 ppbv
−1

),
57

 and urban 

and industrial regions in Dallas and Houston, TX (∼6.8 ng m
−3

 ppbv
−1

).
52

 In general, the 

slopes derived in our study are smaller when compared to those of other studies for North 

America partially because most of these studies were performed during 1999−2002
100,101

 

when ECa and CO levels were higher than those in 2000−2015, the time period of 

analysis was much shorter (a week to a few months), and the stations were closer to 

traffic and the values were measured only during rush hours,
100

 resulting in very high 

ECa. Except the paper by Wang et al.,
59

 we currently do not have much literature for ECa 

and NOx covariation. Further analyses require detailed comparisons of sources and sinks 

of ECa, CO, and NOx and meteorology across these regions using a chemical transport 
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model or EPA’s positive matrix factorization software (see, e.g., the paper by Wang et 

al.
96

), which will be separate studies by themselves and are beyond the scope of the 

present work. 

 

 

 

 

 

 

 

Figure 1. Enhancement ratios as a function of the ECa, CO, and/or NOx concentration. 

Panels a and b and panels c and d correspond to scatter plots of ECa/ CO and ECa/ NOx, 

respectively. The subplots for each panel correspond to the PADD regions: East (a, c) and 

West (b, d). The ratios (filled bubbles) are color-coded to represent two periods under 

study: 2000−2007 and 2008−2015. Rural (gray, 2000−2007; black, 2008−2015) and 

urban (green, 2000−2007; orange, 2008−2015) areas are also color-coded. Urban stations 

correspond to the Chemical Speciation Network (CSN), and rural stations correspond to 

the IMPROVE network. Ratios represent values calculated per station, per season, per 

year by regressing seasonal ECa against CO (or NOx) using reduced major axis 

regression. 

 

Change in Enhancements and Ratios between P1 and P2. CO levels drastically 

decrease in P2 to <500 ppbv at some stations. We present in Figure 2 box plots of ECa/ 
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CO (Figure 2a,b) and ECa/ NOx (Figure 2c,d) during P1 and P2 for rural (Figure 2a,c) and 

urban (Figure 2b,d) areas, along with corresponding emission ratios derived from NEI 

emissions for 2005 and 2011 (Figure 2e,f). We also summarize the changes in ratios in 

Table 4 (Supporting Information). We interpret the change in ratios between these two 

periods to be dominated by the changes in emissions due to fossil fuel and biofuel 

combustion, given the constraints that days affected by fires and precipitation were 

removed prior to analyses. The changes between the two periods were tested using 

Student’s t test for medians from two distributions (from P1 and P2) assuming unequal 

variances and a confidence level of 95%. 
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Figure 2. Box plots of regional enhancement and emission ratios for 2000−2007 and 

2008−2015. The top panels (a, b) represent ECa/ CO ratios for rural (left) and urban 

(right) areas, the middle panels (c, d) represent ECa/ NOx ratios, and the bottom panels (e, 

f) represent EBC/ECO (left) and EBC/ENOx (right) emission ratios derived from the 2005 
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and 2011 US EPA National Emission Inventory (NEI). Colors for each box plot represent 

the following PADD regions: East (gray), West (blue), Midwest (green), and Gulf (red). 

The box plot shows the median (center line), 25th and 75th percentiles (edge of the box), 

and minimum and maximum values (whiskers). 

 

In general, the median values of   ECa/  CO and   ECa/ NOx (using ratios estimated for 

individual seasons) increase across PADD regions in P2. One exception is rural E, where 

ECa/  NOx ratios decreased by 38% in P2 due to an increase in NOx  by 280%. Overall,   

ECa/  CO and   ECa/  NOx increased by 0.7−82% and 6.8−104%, respectively. The largest 

increase is observed in urban W. (Figure 2b,d). We find that this pattern results from 

drastic reductions of  CO and  NOx by 67% and 48% combined with an increase in ECa 

by 14−24% in winter and fall.  CO decreased at a faster rate among the three species. 

This is consistent with previous studies that attribute CO reductions to more than 50% 

reduction in the light-duty emission factor and improvement in the emission standards for 

CO through the installation of catalytic converters in gasoline vehicles and improvements 

in the air-to-fuel ratio. As mentioned earlier, reductions in ECa in P2 are however slower 

in urban areas compared to rural areas. This is especially true for urban W where winter 

(23%) and fall (13%) seasons show an increase in ECa. Similar to ECa, urban NOx 

reductions are also lower in P2 during the winter. It is also interesting to see higher ECa 

and NOx reductions in rural W during the same period. This indicates that, in urban W, 

the increase in enhancements in P2 during winter can be attributed mostly to highway/on-

road diesel engine emissions. However, during fall, higher NOx reductions and an 

increase in ECa point to combined effects of traffic emissions and residential/commercial 
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oil combustion. In all seasons except winter, NOx reductions are comparable but less than 

that of CO in most stations except in rural E, where NOx levels increased during summer 

(383%) and fall (222%), respectively. This is in contrast to patterns in CO and ECa in 

rural E. An increase in point source NOx emissions from electric utilities has been an 

issue in the northeastern United States. The switch from coal to natural gas combustion in 

electric generation units (EGUs) and state implementation plans reduced NOx emissions 

by 40% from 1997.
105

 However, a smaller increase in NO2 column densities around rural 

areas from point sources in the central United States after 2009 has also been noted in 

previous studies.
90,67

 Previous studies also identified transport of NOx emissions from the 

Midwest to downwind of the Northeast and seasonal effects of EGUs and other industrial 

sources as potential contributors to NOx emissions in this region in addition to vehicular 

NOx.
106

 The largest increase in summer levels of NOx in P2 also suggests a contribution 

from biogenic soil NOx and lightning.
106

 Although we have not discussed G in detail due 

to a lack of significant slopes, it is important to note that rural G has also shown an 

increase in ECa (63% for all seasons) and NOx (224% for summer) in P2. 

 

Comparison against Emission Inventories. The long-term changes in enhancement 

ratios can help constrain bottom-up emission inventories
60

 for BC given existing 

observational constraints on CO and NOx. We compare enhancement ratios against 

BC/CO and BC/NOx emission ratios derived using global emission inventories such as 

MACCity, RCP, ECLIPSE, and the US EPA’s NEI. For clarification in terminologies, we 

emphasize that we use “ECa” while discussing enhancement ratios and “BC” while 

discussing emission ratios. ECa used in this study is obtained using thermal optical 



144 

 

methods, and BC emissions are obtained from PM2.5 using EC-based source emission 

profiles.
47

 

 

We derived NEI emission ratios for EBC/ECO and EBC/ENOx for 2005 and 2011. Across the 

PADD regions, NEI 2011 shows an increase in EBC/ECO (52−86%) and EBC/ENOx 

(6−29%) ratios relative to NEI 2005 (Figure 2). Regionwise comparisons show that NEI 

overestimates (underestimates) the increase in E (W) for EBC/ECO and EBC/ENOx (Table 

S5, Supporting Information). Larger reductions for CO in NEI have previously been 

reported for E.
67

 NEI changed the emissions models between NEI 2005 and 2011 from 

EPA’s MOBILE6 to the Motor Vehicle Emission Simulator (MOVES), with the latter 

giving much higher NOx emission rates. Tong et al.
107

 noted that temporal changes from 

NEI during these periods are highly uncertain for this reason. Several studies have 

emphasized the need for efforts for improving carbonaceous aerosol emission inventories 

due to uncertainties in sectors to which activities are assigned (e.g., biomass burning 

added in miscellaneous) and assignment of fuel source such as diesel to all major source 

categories.
47

 Further analysis of NEI trends in W reveals (a) smaller reductions in NEI 

emissions for NOx from nonroad engines and on-road vehicles and (b) an increase in 

PM2.5 emissions from commercial/ residential combustion and smaller reductions in 

nonroad emissions. We also see from NEI trends that the increase in ratios and 

enhancements in G corresponds well with the huge increase (∼2-fold) in CO, BC, and 

NOx emissions in petroleum and related sectors from NEI 2005 to NEI 2011. 
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In comparison against global emission inventories, we find that, from 2005 to 2010, the 

EBC/ECO and EBC/ENOx ratios from global emission inventory MACCity decrease across 

all PADD regions (except MW for EBC/ECO) (Table S6, Supporting Information). The 

decrease in ratios is highest in W (10% for EBC/ECO and 19% for EBC/ENOx). This is 

significantly different from enhancement ratios, which show an increase in ratios in P2. 

Although changes in emission ratios are reported here using emissions from 2005 and 

2010 (2005 and 2011 for NEI), the ratios over the period 2000−2015 from global 

inventories also show a similar pattern of least increase in W. These differences in the 

trends of MACCity emission ratios are attributed to an exaggerated downward trend in 

MACCity emissions following the RCP8.5 scenario and missing combustion emissions 

for CO
108

 and NOx.
60

 After 2000, MACCity emissions are based on emission reductions 

prescribed by the RCP8.5 emission scenario, which appears to be too optimistic. 

Reductions in BC emissions in particular are significantly larger relative to those from 

observed ECa enhancements. These larger reductions in BC emissions drive the decrease 

in EBC/ENOx. This is also because, in the case of W, the NOx emission reduction in 

MACCity matches the CARB emission reduction of 28% for 2005−2010,
92

 which shows 

that most of the uncertainties in EBC/ENOx arise from BC emissions rather than NOx 

emissions for W. Furthermore, across all regions, the percentage change of EBC is higher 

than that of ENOx but comparable to that of ECO. This is not reasonable given the increase 

in diesel fuel consumption after 2010 and the higher gasoline emission reduction than 

that of diesel. In addition, MACCity emissions in the transportation sector have been 

reported to have a low bias.
108−110

 Furthermore, MACCity has also been shown to 
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underestimate residential combustion heating during the winter due to a lack of seasonal 

variation in emissions.
21,60,84

 

 

Comparisons with other emission inventories reveal an issue similar to that of MACCity 

emission ratios. We show in Figures S7 and S8 (Supporting Information) the change in 

EBC/ENOx and EBC/ECO from other RCP scenarios and ECLIPSE-GAINS for each PADD 

region (also see Table S6, Supporting Information) and key sectors after recession. We 

consider 2005 as the year before the recession and 2010 as the year after the recession. 

RCP4.5 shows a positive change but lacks the regional variation. RCP6 on the other hand 

shows almost no change between 2005 and 2010. The ratios from ECLIPSE-GAINS 

exhibit a more reasonable regional difference and positive changes (although still lower 

than the changes in enhancement ratios). BC emission reductions in ECLIPSE-GAINS 

are smaller than NOx and CO reductions (Tables S9 and S8, Supporting Information). 

This helps ECLIPSE-GAINS to capture the increase in ECa/ NOx after the recession. We 

see major differences between MACCity and other emission inventories in residential and 

transportation sectors. For example, in the residential sector, MACCity’s BC emission 

reductions are 4−25 times higher (Table S7, Supporting Information) and NOx emission 

reductions are 1.5−3 times higher than those of other emission inventories. This results in 

the apparent lack of an increase of EBC/ENOx ratios in MACCity. We also see slower 

reductions in NOx and CO emissions in MACCity’s transportation sector (Tables S8 and 

S9), which also contributes to a smaller increase in overall EBC/ ECO and EBC/ENOx ratios. 
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Implications and Limitations. The highest increase in ECa/  CO and  ECa/  NOx in 

urban areas owing to smaller ECa reductions suggests that these regions are growing 

areas of concern for ECa. This is also consistent with relatively slower reductions in off-

road and on-road diesel emissions in W from the NEI trends database. These ratios can 

serve as potential indicators for monitoring the changes in covariations of species as a 

result of air quality regulations, fossil fuel emissions from diesel and gasoline engines, 

residential and commercial space heating, biofuel combustion in industries, and 

technological changes such as the switch to natural gas from coal for electricity 

generation in power plants. Comparisons with national and global emission inventories 

suggest large uncertainties in BC and NOx emissions compared to CO emissions. 

Changes in NEI estimates in 2011 do not represent the spatial variation in NOx and BC 

emissions, especially in rural areas. The inability to capture the increase in EBC/ENOx  

ratios by MACCity and RCP scenarios indicates an overestimation of BC emission 

reductions in these inventories, especially for the western United States. Previous studies 

recommend correcting for errors in redistributing countrywide emissions to urban 

scales.
60

 It is unclear however if this alone can address the discrepancy. One of the 

limitations of this study is our less rigorous treatment of other confounding effects (e.g., 

transport, differences in sampling strategies, and representativeness of Air Quality 

System (AQS) stations). Refinements to our current approach require high-resolution 

modeling and a substantial increase in the number of collocated data. Our main goal for 

this work is to illustrate the utility of analyzing enhancement ratios in identifying 

potential inconsistencies in our understanding of ECa abundance and emissions. 

Addressing uncertainties in BC emission inventories is challenging and requires 
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continued effort in looking at synergistic information from existing and future 

observation systems as well as in improving forward and inverse modeling approaches. 

Our results call for immediate efforts to address BC emissions in urban areas given the 

rapidly increasing trend in population density and diesel fuel consumption, increase in the 

contribution of residential combustion to PM2.5 emissions (in W), uncertainties in natural 

gas prices,
111

 and the potential skew toward the usage of high-emitting heavy-duty 

engines in the future. 

 

ASSOCIATED CONTENT 

 

*S Supporting Information 

 

The Supporting Information is available free of charge on the ACS Publications website 

at DOI: 10.1021/acs.est.7b00161. 

 

Summary of the methods, tables listing the relative changes in enhancements and 

enhancement ratios by the PADD region in rural and urban areas and in emission ratios 

and emissions of BC, CO, and NOx from NEI for 2005 and 2011, the enhancement ratios 

for ECa and CO and for ECa and NOx, a comparison of the percentage changes in 

EBC/ECO and EECa/ENOx across global emission inventories, and the percentage changes in 

EBC, ECO, and ENOx by sectors across global emission inventories, and figures showing the 

spatial patterns in ECa, CO, and NOx concentrations, an illustration of the PADD regions, 

http://pubs.acs.org/
http://pubs.acs.org/
http://pubs.acs.org/doi/abs/10.1021/acs.est.7b00161


149 

 

the JPH of ECa and CO and of ECa and NOx, and the seasonal variability in enhancement 

ratios (PDF) 

 

AUTHOR INFORMATION 

Corresponding Author 

*E-mail: aishwaryaraman@email.arizona.edu. 

 

ORCID  

Aishwarya Raman: 0000-0003-2380-4979 

Notes 

The authors declare no competing financial interest. 

ACKNOWLEDGMENTS 

This work was supported by NASA Atmospheric Chemistry Modeling and Analysis 

Program (ACMAP) Grant NNX13AK24G. The results and discussions presented here are 

solely from the authors and do not represent the opinions of the sponsors. We thank the 

EPA-AQS, ECCAD, and NASA GES-DISC Interactive Online Visualization and 

Analysis Infra-structure (GIOVANNI) data teams. We also thank Armin Sorooshian for 

helpful feedback. 

 

REFERENCES 

 

(1) McConnell, J. R.; Edwards, R.; Kok, G. L.; Flanner, M. G.; Zender, C. S.; 

Saltzman, E. S.; Banta, J. R.; Pasteris, D. R.; Carter, M. M.; Kahl, J. D. 20th-century 

http://pubs.acs.org/doi/suppl/10.1021/acs.est.7b00161/suppl_file/es7b00161_si_006.pdf
mailto:aishwaryaraman@email.arizona.edu
http://orcid.org/0000-0003-2380-4979


150 

 

industrial black carbon emissions altered arctic climate forcing. Science 2007, 317 

(5843), 1381−1384. 

(2)  Ramanathan, V.; Carmichael, G. Global and regional climate changes due to 

black carbon. Nat. Geosci. 2008, 1 (4), 221−227. 

(3) US EPA. Report to Congress on Black Carbon; EPA-450/R-12-001; US 

Environmental Protection Agency: Washington, DC, 2012. 

(4) Bond, T. C.; Doherty, S. J.; Fahey, D. W.; Forster, P. M.; Berntsen, T.; DeAngelo, 

B. J.  Flanner, M. G.  Ghan, S.  Karcher,  B.; Koch, D.; et al. Bounding the role of black 

carbon in the climate system: A scientific assessment. J. Geophys. Res., [Atmos.] 2013, 

118 (11), 5380−5552. 

(5)  Chow, J. C.  Watson, J. G.  Chen, L. W. A.  Arnott, W. P.  Moosm ller, H.; Fung, 

K. Equivalence of elemental carbon by thermal/ optical reflectance and transmittance 

with different temperature protocols. Environ. Sci. Technol. 2004, 38 (16), 4414−4422. 

(6)  Petzold, A.; Ogren, J. A.; Fiebig, M.; Laj, P.; Li, S.-M.; Baltensperger, U.; 

Holzer-Popp, T.; Kinne, S.; Pappalardo, G.; Sugimoto, N.; et al. Recommendations for 

reporting″ black carbon″ measurements. Atmos. Chem. Phys. 2013, 13 (16), 8365−8379. 

(7)  Jacobson, M. Z.; Streets, D. G. Influence of future anthropogenic emissions on 

climate, natural emissions, and air quality. J. Geophys. Res., [Atmos.] 2009, 114 (D8), 

D08118. 

(8) Hansen, J.; Sato, M.; Ruedy, R.; Lacis, A.; Oinas, V. Global warming in the 

twenty-first century: An alternative scenario. Proc. Natl. Acad. Sci. U. S. A. 2000, 97 

(18), 9875−9880. 

http://pubs.acs.org/action/showLinks?pmid=17690261&crossref=10.1126%2Fscience.1144856&coi=1%3ACAS%3A528%3ADC%252BD2sXpvFWmu78%253D
http://pubs.acs.org/action/showLinks?crossref=10.1038%2Fngeo156&coi=1%3ACAS%3A528%3ADC%252BD1cXktVCisbo%253D
http://pubs.acs.org/action/showLinks?crossref=10.1002%2Fjgrd.50171&coi=1%3ACAS%3A528%3ADC%252BC3sXhtVyrtbrF
http://pubs.acs.org/action/showLinks?system=10.1021%2Fes034936u&coi=1%3ACAS%3A528%3ADC%252BD2cXlslKrs7g%253D
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-13-8365-2013&coi=1%3ACAS%3A528%3ADC%252BC3sXhsleqtbrL
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2008JD011476&coi=1%3ACAS%3A528%3ADC%252BD1MXntFyksbk%253D
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2008JD011476&coi=1%3ACAS%3A528%3ADC%252BD1MXntFyksbk%253D
http://pubs.acs.org/action/showLinks?pmid=10944197&crossref=10.1073%2Fpnas.170278997&coi=1%3ACAS%3A528%3ADC%252BD3cXmtleiu7g%253D
http://pubs.acs.org/action/showLinks?pmid=10944197&crossref=10.1073%2Fpnas.170278997&coi=1%3ACAS%3A528%3ADC%252BD3cXmtleiu7g%253D


151 

 

(9)  Molina, M.; Zaelke, D.; Sarma, K. M.; Andersen, S. O.; Ramanathan, V.; 

Kaniaru, D. Reducing abrupt climate change risk using the Montreal Protocol and other 

regulatory actions to complement cuts in CO2 emissions. Proc. Natl. Acad. Sci. U. S. A. 

2009, 106 (49), 20616−20621. 

(10) Ramanathan, V.; Xu, Y. The Copenhagen Accord for limiting global warming: 

Criteria, constraints, and available avenues. Proc. Natl. Acad. Sci. U. S. A. 2010, 107 

(18), 8055−8062. 

(11) Cape, J. N.; Coyle, M.; Dumitrean, P. The atmospheric lifetime of black carbon. 

Atmos. Environ. 2012, 59, 256−263. 

(12) Flanner, M. G.; Zender, C. S.; Randerson, J. T.; Rasch, P. J. Present-day climate 

forcing and response from black carbon in snow. J. Geophys. Res., [Atmos.] 2007, 112 

(D11), D11202. 

(13) Meehl, G. A.; Arblaster, J. M.; Collins, W. D. Effects of black carbon aerosols on 

the Indian monsoon. J. Clim. 2008, 21 (12), 2869− 2882. 

(14) Janssen, N. A.; Hoek, G.; Simic-Lawson, M.; Fischer, P.; van Bree, L.; ten Brink, 

H.; Keuken, M.; Atkinson, R. W.; Anderson, H. R.; Brunekreef, B.; Cassee, F. R. Black 

Carbon as an Additional Indicator of the Adverse Health Effects of Airborne Particles 

Compared with PM10 and PM2.5. Environ. Health Perspect. 2011, 119 (12), 1691−1699. 

(15) Baumgartner, J.; Zhang, Y.; Schauer, J. J.; Huang, W.; Wang, Y.; Ezzati, M. 

Highway proximity and black carbon from cookstoves as a risk factor for higher blood 

pressure in rural China. Proc. Natl. Acad. Sci. U. S. A. 2014, 111 (36), 13229−13234. 

http://pubs.acs.org/action/showLinks?pmid=19822751&crossref=10.1073%2Fpnas.0902568106&coi=1%3ACAS%3A528%3ADC%252BC3cXksFOgsQ%253D%253D
http://pubs.acs.org/action/showLinks?pmid=20439712&crossref=10.1073%2Fpnas.1002293107&coi=1%3ACAS%3A528%3ADC%252BC3cXmtVKgsL4%253D
http://pubs.acs.org/action/showLinks?pmid=20439712&crossref=10.1073%2Fpnas.1002293107&coi=1%3ACAS%3A528%3ADC%252BC3cXmtVKgsL4%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2012.05.030&coi=1%3ACAS%3A528%3ADC%252BC38XhtFOitLbN
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2006JD008003&coi=1%3ACAS%3A528%3ADC%252BD2sXos1Cgtbk%253D
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2006JD008003&coi=1%3ACAS%3A528%3ADC%252BD2sXos1Cgtbk%253D
http://pubs.acs.org/action/showLinks?crossref=10.1175%2F2007JCLI1777.1
http://pubs.acs.org/action/showLinks?pmid=21810552&crossref=10.1289%2Fehp.1003369&coi=1%3ACAS%3A528%3ADC%252BC38Xns1Oksg%253D%253D
http://pubs.acs.org/action/showLinks?pmid=25157159&crossref=10.1073%2Fpnas.1317176111&coi=1%3ACAS%3A528%3ADC%252BC2cXhsVarsbrP
http://pubs.acs.org/action/showLinks?pmid=25157159&crossref=10.1073%2Fpnas.1317176111&coi=1%3ACAS%3A528%3ADC%252BC2cXhsVarsbrP


152 

 

(16) Hand, J. L.; Schichtel, B. A.; Malm, W. C.; Frank, N. H. Spatial and temporal 

trends in PM2. 5 organic and elemental carbon across the United States. Adv.Met. 2013, 

2013, 1. 

(17) Andreae, M. O.  Gelencser,  A. Black carbon or brown carbon? The nature of 

light-absorbing carbonaceous aerosols. Atmos. Chem. Phys. 2006, 6 (10), 3131−3148. 

(18) Chen, L. W.; Chow, J. C.; Watson, J. G.; Schichtel, B. A. Consistency of long-

term elemental carbon trends from thermal and optical measurements in the IMPROVE 

network. Atmos. Meas. Tech. 2012, 5 (10), 2329. 

 

(19) US EPA. Health Assessment Document for Diesel Engine Exhaust; EPA/600/8-

90/057F, Report by the National Center for Environ-mental Assessment, Office of 

Research and Development; US Environmental Protection Agency: Washington, DC, 

2002. http:// oaspub.epa.gov/eims/eimscomm.getfile?p_download_id=36319 (accessed 

April 11, 2017). 

(20) US EPA. National Emissions Inventory data and documentation, 2005. 

Clearinghouse for Inventories and Emissions Factors (CHIEF) Web site. 

http://www.epa.gov/ttn/chief/net/2005inventory.html (ac-cessed April 11, 2017). 

(21) Lamarque, J.-F.; Bond, T. C.; Eyring, V.; Granier, C.; Heil, A.; Klimont, Z.; Lee, 

D.; Liousse, C.; Mieville, A.; Owen, B.; et al. Historical (1850−2000) gridded 

anthropogenic and biomass burning emissions of reactive gases and aerosols: 

methodology and application. Atmos. Chem. Phys. 2010, 10 (15), 7017−7039. 

http://pubs.acs.org/action/showLinks?crossref=10.1155%2F2013%2F367674
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-6-3131-2006&coi=1%3ACAS%3A528%3ADC%252BD28Xpt1Sns74%253D
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Famt-5-2329-2012&coi=1%3ACAS%3A528%3ADC%252BC3sXhslCksLw%253D
http://oaspub.epa.gov/eims/eimscomm.getfile?p_download_id=36319
http://oaspub.epa.gov/eims/eimscomm.getfile?p_download_id=36319
http://www.epa.gov/ttn/chief/net/2005inventory.html
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-10-7017-2010&coi=1%3ACAS%3A528%3ADC%252BC3cXhsVSkt7rN
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-10-7017-2010&coi=1%3ACAS%3A528%3ADC%252BC3cXhsVSkt7rN


153 

 

(22) Watson, J. G.; Chow, J. C.; Lowenthal, D. H.; Pritchett, L. C.; Frazier, C. A.; 

Neuroth, G. R.; Robbins, R. Differences in the carbon composition of source profiles for 

diesel-and gasoline-powered vehicles.Atmos. Environ. 1994, 28 (15), 2493−2505. 

(23) Miguel, A. H.; Kirchstetter, T. W.; Harley, R. A.; Hering, S. V. On-road 

emissions of particulate polycyclic aromatic hydrocarbons and black carbon from 

gasoline and diesel vehicles. Environ. Sci. Technol. 1998, 32 (4), 450−455. 

(24) Ban-Weiss, G. A.; McLaughlin, J. P.; Harley, R. A.; Lunden, M. M.; Kirchstetter, 

T. W.; Kean, A. J.; Strawa, A. W.; Stevenson, E. D.; Kendall, G. R. Long-term changes 

in emissions of nitrogen oxides and particulate matter from on-road gasoline and diesel 

vehicles. Atmos. Environ. 2008, 42 (2), 220−232. 

(25) Kirchstetter, T. W.; Harley, R. A.; Kreisberg, N. M.; Stolzenburg, M. R.; Hering, 

S. V. On-road measurement of fine particle and nitrogen oxide emissions from light-and 

heavy-duty motor vehicles. Atmos.Environ. 1999, 33 (18), 2955−2968. 

(26) Sawyer, R. F.; Harley, R. A.; Cadle, S. H.; Norbeck, J. M.; Slott, R.; Bravo, H. A. 

Mobile sources critical review: 1998 NARSTO assessment. Atmos. Environ. 2000, 34 

(12-14), 2161−2181. 

(27) Parrish, D. D.; Trainer, M.; Hereid, D.; Williams, E. J.; Olszyna, K. J.; Harley, R. 

A.; Fehsenfeld, F. C. Decadal change in carbon monoxide to nitrogen oxide ratio in US 

vehicular emissions. J. Geophys. Res., [Atmos.] 2002, 107 (D12), ACH 5-1−ACH 5-9. 

 

(28) Harley, R. A.; Marr, L. C.; Lehner, J. K.; Giddings, S. N. Changes in motor 

vehicle emissions on diurnal to decadal time scales and effects on atmospheric 

composition. Environ. Sci. Technol. 2005, 39 (14), 5356−5362. 

http://pubs.acs.org/action/showLinks?crossref=10.1016%2F1352-2310%2894%2990400-6&coi=1%3ACAS%3A528%3ADyaK2cXmtlOmtb0%253D
http://pubs.acs.org/action/showLinks?system=10.1021%2Fes970566w&coi=1%3ACAS%3A528%3ADyaK1cXjsVGntA%253D%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2007.09.049&coi=1%3ACAS%3A528%3ADC%252BD2sXhsVGltb7P
http://pubs.acs.org/action/showLinks?crossref=10.1016%2FS1352-2310%2899%2900089-8&coi=1%3ACAS%3A528%3ADyaK1MXjtFSrt7o%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2FS1352-2310%2899%2900089-8&coi=1%3ACAS%3A528%3ADyaK1MXjtFSrt7o%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2FS1352-2310%2899%2900463-X&coi=1%3ACAS%3A528%3ADC%252BD3cXitlaju7g%253D
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2001JD000720&coi=1%3ACAS%3A528%3ADC%252BD38XptV2mtbg%253D
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2001JD000720&coi=1%3ACAS%3A528%3ADC%252BD38XptV2mtbg%253D
http://pubs.acs.org/action/showLinks?system=10.1021%2Fes048172%2B&coi=1%3ACAS%3A528%3ADC%252BD2MXkvVGltbs%253D


154 

 

(29) Dallmann, T. R.; Harley, R. A. Evaluation of mobile source emission trends in the 

United States. J. Geophys. Res., [Atmos.] 2010, 115 (D14), D14305. 

(30) Kook, S.; Park, S.; Bae, C. Influence of early fuel injection timings on premixing 

and combustion in a diesel engine. Energy Fuels 2008, 22 

(1), 331−337. 

(31) Johnson, T. V. Review of diesel emissions and control. Int. J. Engine Res. 2009, 

10 (5), 275−285. 

(32) Koebel, M.; Elsener, M.; Kleemann, M. Urea-SCR: a promising technique to 

reduce NO x emissions from automotive diesel engines.Catal. Today 2000, 59 (3), 

335−345. 

(33) Yanowitz, J.; McCormick, R. L.; Graboski, M. S. In-use emissions from heavy-

duty diesel vehicles. Environ. Sci. Technol. 2000, 34 (5), 729−740. 

(34) Fino, D. Diesel emission control: Catalytic filters for particulate removal. Sci. 

Technol. Adv. Mater. 2007, 8 (1), 93−100. 

(35) US EPA. Regulations for Emissions from Vehicles and Engines, 2007. 

https://www.epa.gov/regulations-emissions-vehicles-and-engines/final-rule-control-air-

pollution-new-motor-vehicles-heavy (ac-cessed April 11, 2017). 

(36) Kirchstetter, T. W.; Harley, R. A.; Littlejohn, D. Measurement of nitrous acid in 

motor vehicle exhaust. Environ. Sci. Technol. 1996, 30 (9), 2843−2849. 

(37)  Marr, L. C.; Black, D. R.; Harley, R. A. Formation of photochemical air pollution 

in central California 1. Development of a revised motor vehicle emission inventory. J. 

Geophys. Res., [Atmos.] 2002, 107 (D6), ACH 5-1−ACH 5-9. 

http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2010JD013862&coi=1%3ACAS%3A528%3ADC%252BC3MXktF2ltbc%253D
http://pubs.acs.org/action/showLinks?system=10.1021%2Fef700521b&coi=1%3ACAS%3A528%3ADC%252BD2sXhsVWhsLnO
http://pubs.acs.org/action/showLinks?crossref=10.1243%2F14680874JER04009&coi=1%3ACAS%3A528%3ADC%252BD1MXhsVyhsLjK
http://pubs.acs.org/action/showLinks?crossref=10.1243%2F14680874JER04009&coi=1%3ACAS%3A528%3ADC%252BD1MXhsVyhsLjK
http://pubs.acs.org/action/showLinks?crossref=10.1016%2FS0920-5861%2800%2900299-6&coi=1%3ACAS%3A528%3ADC%252BD3cXjs1agsrg%253D
http://pubs.acs.org/action/showLinks?system=10.1021%2Fes990903w&coi=1%3ACAS%3A528%3ADC%252BD3cXmvV2isA%253D%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.stam.2006.11.012&coi=1%3ACAS%3A528%3ADC%252BD2sXisVKls7w%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.stam.2006.11.012&coi=1%3ACAS%3A528%3ADC%252BD2sXisVKls7w%253D
https://www.epa.gov/regulations-emissions-vehicles-and-engines/final-rule-control-air-pollution-new-motor-vehicles-heavy
https://www.epa.gov/regulations-emissions-vehicles-and-engines/final-rule-control-air-pollution-new-motor-vehicles-heavy
http://pubs.acs.org/action/showLinks?system=10.1021%2Fes960135y&coi=1%3ACAS%3A528%3ADyaK28XksFKjsr8%253D
http://pubs.acs.org/action/showLinks?coi=1%3ACAS%3A528%3ADC%252BD38Xks1Oms7w%253D
http://pubs.acs.org/action/showLinks?coi=1%3ACAS%3A528%3ADC%252BD38Xks1Oms7w%253D


155 

 

(38) Bishop, G. A.; Stedman, D. H. A decade of on-road emissions measurements. 

Environ. Sci. Technol. 2008, 42 (5), 1651−1656. 

(39) Bishop, G. A.; Schuchmann, B. G.; Stedman, D. H.; Lawson, D. R. Multispecies 

remote sensing measurements of vehicle emissions on Sherman Way in Van Nuys, 

California. J. Air Waste Manage. Assoc. 2012, 62 (10), 1127−1133. 

(40) Park, R. J.; Jacob, D. J.; Logan, J. A. Fire and biofuel contributions to annual 

mean aerosol mass concentrations in the United States. Atmos. Environ. 2007, 41 (35), 

7389−7400. 

(41) Malm, W. C.; Sisler, J. F.; Huffman, D.; Eldred, R. A.; Cahill, T. A. Spatial and 

seasonal trends in particle concentration and optical extinction in the United States. J. 

Geophys. Res., [Atmos.] 1994, 99 (D1), 1347−1370. 

(42) Schauer, J. J. Evaluation of elemental carbon as a marker for diesel particulate 

matter. J. Exposure Anal. Environ. Epidemiol. 2003, 13 (6), 443−453. 

(43) Liousse, C.; Cachier, H.; Jennings, S. G. Optical and thermal measurements of 

black carbon aerosol content in different environ-ments: Variation of the specific 

attenuation cross-section, sigma (σ).Atmos. Environ., Part A 1993, 27 (8), 1203−1211. 

(44) Jeong, C. H.; Hopke, P. K.; Kim, E.; Lee, D. W. The comparison between 

thermal-optical transmittance elemental carbon and Aethal-ometer black carbon 

measured at multiple monitoring sites. Atmos. Environ. 2004, 38 (31), 5193−5204. 

(45) Allen, G. A.; Lawrence, J.; Koutrakis, P. Field validation of a semi-continuous 

method for aerosol black carbon (aethalometer) and temporal patterns of summertime 

hourly black carbon measurements in southwestern PA. Atmos. Environ. 1999, 33 (5), 

817−823. 

http://pubs.acs.org/action/showLinks?system=10.1021%2Fes702413b&coi=1%3ACAS%3A528%3ADC%252BD1cXht1Cjsbk%253D
http://pubs.acs.org/action/showLinks?pmid=23155859&crossref=10.1080%2F10962247.2012.699015
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2007.05.061&coi=1%3ACAS%3A528%3ADC%252BD2sXht1yis73F
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2007.05.061&coi=1%3ACAS%3A528%3ADC%252BD2sXht1yis73F
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F93JD02916&coi=1%3ACAS%3A528%3ADyaK2cXhvF2isb0%253D
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F93JD02916&coi=1%3ACAS%3A528%3ADyaK2cXhvF2isb0%253D
http://pubs.acs.org/action/showLinks?pmid=14603345&crossref=10.1038%2Fsj.jea.7500298&coi=1%3ACAS%3A528%3ADC%252BD3sXoslSis78%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2F0960-1686%2893%2990246-U&coi=1%3ACAS%3A528%3ADyaK3sXlvVOgu74%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2004.02.065&coi=1%3ACAS%3A528%3ADC%252BD2cXntVCqtbk%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2004.02.065&coi=1%3ACAS%3A528%3ADC%252BD2cXntVCqtbk%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2FS1352-2310%2898%2900142-3&coi=1%3ACAS%3A528%3ADyaK1MXhtFalu74%253D


156 

 

(46) Babich, P.; Davey, M.; Allen, G.; Koutrakis, P. Method comparisons for 

particulate nitrate, elemental carbon, and PM2. 5 mass in seven US cities. J. Air Waste 

Manage. Assoc. 2000, 50 (7), 1095− 1105. 

(47) Chow, J. C.; Watson, J. G.; Lowenthal, D. H.; Chen, L. W. A.; Motallebi, N. 

Black and organic carbon emission inventories: review and application to California. J. 

Air Waste Manage. Assoc. 2010, 60 (4), 497− 507. 

(48) Koch, D.; Schulz, M.; Kinne, S.; McNaughton, C.; Spackman, J. R.; Balkanski, 

Y.; Bauer, S.; Berntsen, T.; Bond, T. C.; Boucher, O.; et al. Evaluation of black carbon 

estimations in global aerosol models. Atmos. Chem. Phys. 2009, 9 (22), 9001−9026. 

(49) Cohen, J. B.; Wang, C. Estimating global black carbon emissions using a top-

down Kalman Filter approach. J. Geophys. Res., [Atmos.] 2014, 119 (1), 307−323. 

(50) Dickerson, R. R.; Andreae, M. O.; Campos, T.; Mayol-Bracero, O. L.; Neusuess, 

C.; Streets, D. G. Analysis of black carbon and carbon monoxide observed over the 

Indian Ocean: Implications for emissions and photochemistry. J. Geophys. Res., 

[Atmos.] 2002, 107 (D19), INX216-1−INX2 16-11. 

(51) Kondo, Y.; Komazaki, Y.; Miyazaki, Y.; Moteki, N.; Takegawa, N.; Kodama, D.; 

Deguchi, S.; Nogami, M.; Fukuda, M.; Miyakawa, T. Temporal variations of elemental 

carbon in Tokyo. J. Geophys. Res., [Atmos.] 2006, 111 (D12), D12205. 

(52) Spackman, J. R.; Schwarz, J. P.; Gao, R. S.; Watts, L. A.; Thomson, D. S.; Fahey, 

D. W.; Holloway, J. S.; de Gouw, J. A.; Trainer, M.; Ryerson, T. B. Empirical 

correlations between black carbon aerosol and carbon monoxide in the lower and middle 

troposphere. Geophys. Res. Lett. 2008, 35 (19), L19816. 

http://pubs.acs.org/action/showLinks?crossref=10.1080%2F10473289.2000.10464152&coi=1%3ACAS%3A528%3ADC%252BD3cXnslelu7Y%253D
http://pubs.acs.org/action/showLinks?crossref=10.1080%2F10473289.2000.10464152&coi=1%3ACAS%3A528%3ADC%252BD3cXnslelu7Y%253D
http://pubs.acs.org/action/showLinks?crossref=10.3155%2F1047-3289.60.4.497&coi=1%3ACAS%3A528%3ADC%252BC3cXls12nsrk%253D
http://pubs.acs.org/action/showLinks?crossref=10.3155%2F1047-3289.60.4.497&coi=1%3ACAS%3A528%3ADC%252BC3cXls12nsrk%253D
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-9-9001-2009&coi=1%3ACAS%3A528%3ADC%252BC3cXhs1Gjtbg%253D
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-9-9001-2009&coi=1%3ACAS%3A528%3ADC%252BC3cXhs1Gjtbg%253D
http://pubs.acs.org/action/showLinks?crossref=10.1002%2F2013JD019912&coi=1%3ACAS%3A528%3ADC%252BC2cXitFKksLc%253D
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2001JD000501
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2001JD000501
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2005JD006257&coi=1%3ACAS%3A528%3ADC%252BD28XovVSjtLk%253D
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2005JD006257&coi=1%3ACAS%3A528%3ADC%252BD28XovVSjtLk%253D
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2008GL035237&coi=1%3ACAS%3A528%3ADC%252BD1MXkt1ehtg%253D%253D
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2008GL035237&coi=1%3ACAS%3A528%3ADC%252BD1MXkt1ehtg%253D%253D


157 

 

(53) Subramanian, R.; Kok, G. L.; Baumgardner, D.; Clarke, A.; Shinozuka, Y.; 

Campos, T. L.; Heizer, C. G.; Stephens, B. B.; de Foy, B.; Voss, P. B.; Zaveri, R. A. 

Black carbon over Mexico: the effect of atmospheric transport on mixing state, mass 

absorption cross-section, and BC/CO ratios. Atmos. Chem. Phys. 2010, 10 (1), 219−237. 

(54) Verma, R. L.; Sahu, L. K.; Kondo, Y.; Takegawa, N.; Han, S.; Jung, J. S.; Kim, 

Y. J.; Fan, S.; Sugimoto, N.; Shammaa, M. H.; et al. Temporal variations of black carbon 

in Guangzhou, China, in summer 2006. Atmos. Chem. Phys. 2010, 10 (14), 6471−6485. 

(55) Arellano, A. F.; Hess, P. G.; Edwards, D. P.; Baumgardner, D. Constraints on 

black carbon aerosol distribution from Measurement of Pollution in the Troposphere 

(MOPITT) CO. Geophys. Res. Lett. 2010, 37 (17), L17801. 

(56) Pan, X. L.; Kanaya, Y.; Wang, Z. F.; Liu, Y.; Pochanart, P.; Akimoto, H.; Sun, Y. 

L.; Dong, H. B.; Li, J.; Irie, H.; Takigawa, M. Correlation of black carbon aerosol and 

carbon monoxide in the high-altitude environment of Mt. Huang in Eastern China. 

Atmos. Chem. Phys. 2011, 11 (18), 9735−9747. 

(57) Kondo, Y.; Oshima, N.; Kajino, M.; Mikami, R.; Moteki, N.; Takegawa, N.; 

Verma, R. L.; Kajii, Y.; Kato, S.; Takami, A. Emissions of black carbon in East Asia 

estimated from observations at a remote site in the East China Sea. J. Geophys. Res., 

[Atmos.] 2011, 116 (D16), D16201. 

(58) Penner, J. E.; Eddleman, H.; Novakov, T. Towards the development of a global 

inventory for black carbon emissions. Atmos. Environ., Part A: Gen. Top. 1993, 27 (8), 

1277−1295. 

(59) Wang, Y.; Wang, X.; Kondo, Y.; Kajino, M.; Munger, J. W.; Hao, J. Black 

carbon and its correlation with trace gases at a rural site in Beijing: Top-down constraints 

http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-10-219-2010&coi=1%3ACAS%3A528%3ADC%252BC3cXjsFaqtLk%253D
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-10-6471-2010&coi=1%3ACAS%3A528%3ADC%252BC3cXhtFKlt7zP
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-10-6471-2010&coi=1%3ACAS%3A528%3ADC%252BC3cXhtFKlt7zP
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2010GL044416&coi=1%3ACAS%3A528%3ADC%252BC3cXhsVajsb7O
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-11-9735-2011&coi=1%3ACAS%3A528%3ADC%252BC3MXhs1GqtbnI
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2011JD015637&coi=1%3ACAS%3A528%3ADC%252BC38XotlSlu7Y%253D
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2011JD015637&coi=1%3ACAS%3A528%3ADC%252BC38XotlSlu7Y%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2F0960-1686%2893%2990255-W&coi=1%3ACAS%3A528%3ADyaK3sXls1Kkt7g%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2F0960-1686%2893%2990255-W&coi=1%3ACAS%3A528%3ADyaK3sXls1Kkt7g%253D


158 

 

from ambient measurements on bottom-up emissions. J. Geophys. Res., [Atmos.] 2011, 

116 (D24), D24304. 

(62) Hassler, B.; McDonald, B. C.; Frost, G. J.; Borbon, A.; Carslaw, D.; Civerolo, K.; 

Granier, C.; Monks, P. S.; Monks, S.; Parrish, D. D.; Pollack, I. B.; Rosenlof, K. H.; 

Ryerson, T. B.; von Schneidemesser, E.; Trainer, M. Analysis of long-term observations 

of NOx and CO in megacities and application to constraining emissions inventories. 

Geophys. Res. Lett. 2016, 43, 9920.The National Bureau of Economic Research. US 

Business Cycle Expansions and Contractions. http://www.nber.org/cycles.html (ac-

cessed Oct 10, 2016). 

(63) US Environmental Protection Agency. Pre-Generated Data Files. 

http://aqsdr1.epa.gov/aqsweb/aqstmp/airdata/download_files. html (accessed Jan 8, 

2017). 

(64) US Environmental Protection Agency. Method 3 Gas Analysis for the 

Determination of Dry Molecular Weight. https://www3.epa. gov/ttnemc01/promgate/m-

03.pdf (accessed Jan 8, 2017). 

(65) US Environmental Protection Agency. Quality Assurance Document 2.3, 

Reference Method for the Determination of Nitrogen Dioxide in the Atmosphere 

(Chemiluminescence). https://www3.epa. gov/ttn/amtic/files/ambient/pm25/qa/no2.pdf 

(accessed Jan 8, 2017). 

(66) Winer, A. M.; Peters, J. W.; Smith, J. P.; Pitts, J. N., Jr. Response of commercial 

chemiluminescent nitric oxide-nitrogen dioxide analyzers to other nitrogen-containing 

compounds. Environ. Sci. Technol. 1974, 8 (13), 1118−1121. 

http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2011JD016575&coi=1%3ACAS%3A528%3ADC%252BC38XotlSru7g%253D
http://pubs.acs.org/action/showLinks?crossref=10.1002%2F2016GL069894&coi=1%3ACAS%3A528%3ADC%252BC28Xhs1Ojt7nO
http://www.nber.org/cycles.html
http://aqsdr1.epa.gov/aqsweb/aqstmp/airdata/download_files.html
http://aqsdr1.epa.gov/aqsweb/aqstmp/airdata/download_files.html
https://www3.epa.gov/ttnemc01/promgate/m-03.pdf
https://www3.epa.gov/ttnemc01/promgate/m-03.pdf
https://www3.epa.gov/ttnemc01/promgate/m-03.pdf
https://www3.epa.gov/ttn/amtic/files/ambient/pm25/qa/no2.pdf
https://www3.epa.gov/ttn/amtic/files/ambient/pm25/qa/no2.pdf
https://www3.epa.gov/ttn/amtic/files/ambient/pm25/qa/no2.pdf
http://pubs.acs.org/action/showLinks?system=10.1021%2Fes60098a004&coi=1%3ACAS%3A528%3ADyaE2MXmtlOhtA%253D%253D


159 

 

(67) Lamsal, L. N.; Duncan, B. N.; Yoshida, Y.; Krotkov, N. A.; Pickering, K. E.; 

Streets, D. G.; Lu, Z. US NO2 trends (2005−2013): EPA Air Quality System (AQS) data 

versus improved observations from the Ozone Monitoring Instrument (OMI). Atmos. 

Environ. 2015, 110 (13), 130−143. 

(68) He, H.; Stehr, J. W.; Hains, J. C.; Krask, D. J.; Doddridge, B. G.; Vinnikov, K. 

Y.; Canty, T. P.; Hosley, K. M.; Salawitch, R. J.; Worden, H. M.; Dickerson, R. R. 

Trends in emissions and concentrations of air pollutants in the lower troposphere in the 

Baltimore/Washington airshed from 1997 to 2011. Atmos. Chem. Phys. 2013, 13 (15), 

7859− 7874. 

(69) Chow, J. C.; Watson, J. G.; Pritchett, L. C.; Pierson, W. R.; Frazier, C. A.; 

Purcell, R. G. The DRI thermal/optical reflectance carbon analysis system: description, 

evaluation and applications in US air quality studies.Atmos. Environ., Part A 1993, 27 

(8), 1185−1201. 

(70) Chow, J. C.; Watson, J. G.; Crow, D.; Lowenthal, D. H.; Merrifield, T. 

Comparison of IMPROVE and NIOSH carbon measurements. Aerosol Sci. Technol. 

2001, 34 (1), 23−34. 

(71) Solomon, P. A.; Crumpler, D.; Flanagan, J. B.; Jayanty, R. K. M.; Rickman, E. E.; 

McDade, C. E. US National PM2. 5 Chemical Speciation Monitoring Networks CSN and 

IMPROVE: Description of networks.J. Air Waste Manage. Assoc. 2014, 64 (12), 

1410−1438. 

(72) Chow, J. C.; Watson, J. G.; Robles, J.; Wang, X.; Chen, L.-W. A.; Trimble, D. L.; 

Kohl, S. D.; Tropp, R. J.; Fung, K. K. Quality assurance and quality control for 

http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2015.03.055&coi=1%3ACAS%3A528%3ADC%252BC2MXltlKmurc%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2015.03.055&coi=1%3ACAS%3A528%3ADC%252BC2MXltlKmurc%253D
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-13-7859-2013&coi=1%3ACAS%3A528%3ADC%252BC3sXhsleht7bL
http://pubs.acs.org/action/showLinks?crossref=10.1016%2F0960-1686%2893%2990245-T&coi=1%3ACAS%3A528%3ADyaK3sXlvVOgurc%253D
http://pubs.acs.org/action/showLinks?crossref=10.1080%2F02786820119073&coi=1%3ACAS%3A528%3ADC%252BD3MXhtlGnurY%253D
http://pubs.acs.org/action/showLinks?crossref=10.1080%2F02786820119073&coi=1%3ACAS%3A528%3ADC%252BD3MXhtlGnurY%253D
http://pubs.acs.org/action/showLinks?crossref=10.1080%2F10962247.2014.956904&coi=1%3ACAS%3A528%3ADC%252BC2cXhvFGlsLvI


160 

 

thermal/optical analysis of aerosol samples for organic and elemental carbon. Anal. 

Bioanal. Chem. 2011, 401 (10), 3141−3152. 

(73) Malm, W. C.; Schichtel, B. A.; Pitchford, M. L. Uncertainties in PM2. 5 

gravimetric and speciation measurements and what we can learn from them. J. Air Waste 

Manage. Assoc. 2011, 61 (11), 1131−1149. 

(74) Watson, J. G.; Chow, J. C.; Chen, L. W. A.; Frank, N. H. Methods to assess 

carbonaceous aerosol sampling artifacts for IMPROVE and other long-term networks. J. 

Air Waste Manage. Assoc. 2009, 59 (8), 898−911. 

(75) Watson, J. G.; Chow, J. C.; Chen, L. W. A. Summary of organic and elemental 

carbon/black carbon analysis methods and intercompar-isons. Aerosol Air Qual. Res. 

2005, 5 (1), 65−102. 

(76) US EPA. Parameter and Method Codes for Loading PM2.5 Chemical Speciation 

Network (CSN) URG 3000N Carbon Data in AQS, 2007. 

https://www3.epa.gov/ttnamti1/files/ambient/pm25/ spec/urg3000-method-codes.pdf 

(accessed April 11, 2017). 

(77) Kondo, Y.; Matsui, H.; Moteki, N.; Sahu, L.; Takegawa, N.; Kajino, M.; Zhao, 

Y.; Cubison, M. J.; Jimenez, J. L.; Vay, S. Emissions of black carbon, organic, and 

inorganic aerosols from biomass burning in North America and Asia in 2008. J. Geophys. 

Res., [Atmos.] 2011, 116 (D8), D08204. 

 

(78) Matsui, H.; Kondo, Y.; Moteki, N.; Takegawa, N.; Sahu, L. K.; Zhao, Y.; 

Fuelberg, H. E.; Sessions, W. R.; Diskin, G.; Blake, D. R. Seasonal variation of the 

http://pubs.acs.org/action/showLinks?pmid=21626190&crossref=10.1007%2Fs00216-011-5103-3&coi=1%3ACAS%3A528%3ADC%252BC3MXmslenu7o%253D
http://pubs.acs.org/action/showLinks?pmid=21626190&crossref=10.1007%2Fs00216-011-5103-3&coi=1%3ACAS%3A528%3ADC%252BC3MXmslenu7o%253D
http://pubs.acs.org/action/showLinks?pmid=22168097&crossref=10.1080%2F10473289.2011.603998&coi=1%3ACAS%3A528%3ADC%252BC3MXhs1SltbvF
http://pubs.acs.org/action/showLinks?pmid=22168097&crossref=10.1080%2F10473289.2011.603998&coi=1%3ACAS%3A528%3ADC%252BC3MXhs1SltbvF
http://pubs.acs.org/action/showLinks?crossref=10.3155%2F1047-3289.59.8.898&coi=1%3ACAS%3A528%3ADC%252BD1MXhtVGqtLbF
http://pubs.acs.org/action/showLinks?crossref=10.3155%2F1047-3289.59.8.898&coi=1%3ACAS%3A528%3ADC%252BD1MXhtVGqtLbF
http://pubs.acs.org/action/showLinks?coi=1%3ACAS%3A528%3ADC%252BD28XktVGmtrw%253D
http://pubs.acs.org/action/showLinks?coi=1%3ACAS%3A528%3ADC%252BD28XktVGmtrw%253D
https://www3.epa.gov/ttnamti1/files/ambient/pm25/spec/urg3000-method-codes.pdf
https://www3.epa.gov/ttnamti1/files/ambient/pm25/spec/urg3000-method-codes.pdf
https://www3.epa.gov/ttnamti1/files/ambient/pm25/spec/urg3000-method-codes.pdf
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2010JD015152&coi=1%3ACAS%3A528%3ADC%252BC38XnsVSkt7Y%253D
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2010JD015152&coi=1%3ACAS%3A528%3ADC%252BC38XnsVSkt7Y%253D


161 

 

transport of black carbon aerosol from the Asian continent to the Arctic during the 

ARCTAS aircraft campaign. J. Geophys. Res., [Atmos.] 2011, 116 (D5), D05202. 

(79) Ricker, W. E. Linear regressions in fishery research. J. Fish. Res. Board Can. 

1973, 30 (3), 409−434. 

(80) Park, R. J.; Jacob, D. J.; Kumar, N.; Yantosca, R. M. Regional visibility statistics 

in the United States: Natural and transboundary pollution influences, and implications for 

the Regional Haze Rule.Atmos. Environ. 2006, 40 (28), 5405−5423. 

(81) US Energy Information Administration. PADD regions enable regional analysis 

of petroleum product supply and movements. http:// www.eia.gov/todayinenergy/ 

(accessed Oct 10, 2016). 

(82) US Environmental Protection Agency. Air Emission Inventories, National 

Emission Inventory (NEI). https://www.epa.gov/air-emissions-inventories/national-

emissions-inventory-nei (accessed Oct 10, 2016). 

(83) US EPA. Air Pollution Emissions Trends Data. https://www. epa.gov/air-

emissions-inventories/air-pollutant-emissions-trends-data (accessed April 11, 2017). 

(84) Emissions of Atmospheric Compounds & Compilation of Ancillary Data, The 

GEIA Database. http:ether.ipsl.jussieu.fr/eccad (accessed Oct 10, 2016). 

(85) Granier, C.; Bessagnet, B.; Bond, T.; D’Angiola, A.; van der Gon, H. D.; Frost, 

G. J.; Heil, A.; Kaiser, J. W.; Kinne, S.; Klimont, Z.; et al. Evolution of anthropogenic 

and biomass burning emissions of air pollutants at global and regional scales during the 

1980−2010 period. 

Clim. Change 2011, 109 (1−2), 163−190.  

http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2010JD015067
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2010JD015067
http://pubs.acs.org/action/showLinks?crossref=10.1139%2Ff73-072
http://pubs.acs.org/action/showLinks?crossref=10.1139%2Ff73-072
http://pubs.acs.org/action/showLinks?crossref=10.1139%2Ff73-072
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2006.04.059&coi=1%3ACAS%3A528%3ADC%252BD28Xot1GksLs%253D
http://www.eia.gov/todayinenergy/
http://www.eia.gov/todayinenergy/
http://www.eia.gov/todayinenergy/
https://www.epa.gov/air-emissions-inventories/national-emissions-inventory-nei
https://www.epa.gov/air-emissions-inventories/national-emissions-inventory-nei
https://www.epa.gov/air-emissions-inventories/air-pollutant-emissions-trends-data
https://www.epa.gov/air-emissions-inventories/air-pollutant-emissions-trends-data
https://www.epa.gov/air-emissions-inventories/air-pollutant-emissions-trends-data
http://ether.ipsl.jussieu.fr/eccad
http://pubs.acs.org/action/showLinks?crossref=10.1007%2Fs10584-011-0154-1&coi=1%3ACAS%3A528%3ADC%252BC3MXht12gsbfE


162 

 

(86)  Van Vuuren, D. P.; Edmonds, J.; Kainuma, M.; Riahi, K.; Thomson, A.; Hibbard, 

K.; Hurtt, G. C.; Kram, T.; Krey, V.; Lamarque, J.-F.; et al. The representative 

concentration pathways: an overview. Clim. Change 2011, 109, 5−31. 

(87) Amann, M.  Bertok, I.  Borken-Kleefeld, J.  Cofala, J.  Heyes, C.  H glund-

Isaksson, L.; Klimont, Z.; Nguyen, B.; Posch, M.; RAfaj, P.; et al. Cost-effective control 

of air quality and greenhouse gases in Europe: Modeling and policy applications. 

Environ. Model. Software 2011, 26 (12), 1489−1501. 

(88)  Klimont, Z.; Smith, S. J.; Cofala, J. The last decade of global anthropogenic 

sulfur dioxide: 2000−2011 emissions. Environ. Res. Lett. 2013, 8 (1), 014003. 

(89)  US Department of Transportation Federal Highway Admin-istration, Policy and 

Government Affairs, Offce of Highway Policy Information. Highway Statistics Series. 

https://www.fhwa.dot.gov/ policyinformation/statistics.cfm (accessed Oct 10, 2016). 

(90)  Spare the Air. Wood Burning Regulation. http://www. sparetheair.org/stay-

informed/particulate-matter/wood-smoke/ regulation (accessed April 11, 2017). 

(91)  Russell, A. R.; Valin, L. C.; Cohen, R. C. Trends in OMI NO 2 observations over 

the United States: effects of emission control technology and the economic recession. 

Atmos. Chem. Phys. 2012, 12 (24), 12197−12209. 

(92)  Tong, D. Q.; Lamsal, L.; Pan, L.; Ding, C.; Kim, H.; Lee, P.; Chai, T.; Pickering, 

K. E.; Stajner, I. Long-term NO x trends over large cities in the United States during the 

Great Recession: Comparison of satellite retrievals, ground observations, and emission 

inventories. Atmos. Environ. 2015, 107, 70−84. 

(93)  California Air Resources Board. ARB State Assessment of the Impact of the 

Economy on California Trucking Activity and Emissions 2006−2014, December 2009. 

http://pubs.acs.org/action/showLinks?crossref=10.1007%2Fs10584-011-0148-z
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.envsoft.2011.07.012
http://pubs.acs.org/action/showLinks?crossref=10.1088%2F1748-9326%2F8%2F1%2F014003&coi=1%3ACAS%3A528%3ADC%252BC3sXhsFeisb3F
https://www.fhwa.dot.gov/policyinformation/statistics.cfm
https://www.fhwa.dot.gov/policyinformation/statistics.cfm
http://www.sparetheair.org/stay-informed/particulate-matter/wood-smoke/regulation
http://www.sparetheair.org/stay-informed/particulate-matter/wood-smoke/regulation
http://www.sparetheair.org/stay-informed/particulate-matter/wood-smoke/regulation
http://www.sparetheair.org/stay-informed/particulate-matter/wood-smoke/regulation
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-12-12197-2012&coi=1%3ACAS%3A528%3ADC%252BC3sXltVOjsL0%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2015.01.035&coi=1%3ACAS%3A528%3ADC%252BC2MXhtVGhurk%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2015.01.035&coi=1%3ACAS%3A528%3ADC%252BC2MXhtVGhurk%253D


163 

 

https://www.arb.ca.gov/msprog/ 

onrdiesel/documents/truck_economic_documentation_v015.pdf (ac-cessed Oct 10, 

2016). 

(94)  Kim, S.-W.; Heckel, A.; Frost, G. J.; Richter, A.; Gleason, J.; Burrows, J. P.; 

McKeen, S.; Hsie, E.-Y.; Granier, C.; Trainer, M. NO2 columns in the western United 

States observed from space and simulated by a regional chemistry model and their 

implications for NOx emissions. J. Geophys. Res., [Atmos.] 2009, 114 (D11), D11301. 

(94)  McDonald, B. C.; Gentner, D. R.; Goldstein, A. H.; Harley, R. A. Long-term 

trends in motor vehicle emissions in US urban areas. Environ. Sci. Technol. 2013, 47 

(17), 10022−10031. 

(95)  McDonald, B. C.; Goldstein, A. H.; Harley, R. A. Long-term trends in California 

mobile source emissions and ambient concen-trations of black carbon and organic 

aerosol. Environ. Sci. Technol. 2015, 49 (8), 5178−5188. 

(96)  Wang, Y.; Hopke, P. K.; Rattigan, O. V.; Chalupa, D. C.; Utell, M. J. Multiple-

year black carbon measurements and source apportionment using Delta-C in Rochester, 

New York. J. Air Waste Manage. Assoc. 2012, (8), 880−887. 

(97)  Wang, Y.; Hopke, P. K. A ten-year source apportionment study of ambient fine 

particulate matter in San Jose, California. Atmos. Pollut. Res. 2013, 4 (4), 398−404.

  

(98)  Wang, Y.; Hopke, P. K.; Chalupa, D. C.; Utell, M. J. Long-term study of urban 

ultrafine particles and other pollutants. Atmos. Environ. 2011, 45 (40), 7672−7680. 

https://www.arb.ca.gov/msprog/onrdiesel/documents/truck_economic_documentation_v015.pdf
https://www.arb.ca.gov/msprog/onrdiesel/documents/truck_economic_documentation_v015.pdf
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2008JD011343&coi=1%3ACAS%3A528%3ADC%252BD1MXptlWqtro%253D
http://pubs.acs.org/action/showLinks?system=10.1021%2Fes401034z&coi=1%3ACAS%3A528%3ADC%252BC3sXht1WgtrjL
http://pubs.acs.org/action/showLinks?system=10.1021%2Fes401034z&coi=1%3ACAS%3A528%3ADC%252BC3sXht1WgtrjL
http://pubs.acs.org/action/showLinks?system=10.1021%2Fes505912b&coi=1%3ACAS%3A528%3ADC%252BC2MXkvVOksbY%253D
http://pubs.acs.org/action/showLinks?pmid=22916435&crossref=10.1080%2F10962247.2012.671792
http://pubs.acs.org/action/showLinks?crossref=10.5094%2FAPR.2013.045
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2010.08.022&coi=1%3ACAS%3A528%3ADC%252BC3MXhsFWrt7zM


164 

 

(99)  Shores, C. A.; Klapmeyer, M. E.; Quadros, M. E.; Marr, L. C. Sources and 

transport of black carbon at the California−Mexico border.Atmos. Environ. 2013, 70, 

490−499. 

(100) Park, R. J.; Jacob, D. J.; Palmer, P. I.; Clarke, A. D.; Weber, R. J.; Zondlo, M. A.; 

Bond, T. C. Export efficiency of black carbon aerosol in continental outflow: Global 

implications. J. Geophys. Res., [Atmos.] 2005,(D11), D11205. 

(101) Antony Chen, L. W.; Doddridge, B. G.; Dickerson, R. R.; Chow, J. C.; Mueller, 

P. K.; Quinn, J.; Butler, W. A. Seasonal variations in elemental carbon aerosol, carbon 

monoxide and sulfur dioxide: Implications for sources. Geophys. Res. Lett. 2001, 28 (9), 

1711−1714. 

(102)  Baumgardner, D.; Kok, G. L.; Raga, G. B. On the diurnal variability of particle 

properties related to light absorbing carbon in Mexico City. Atmos. Chem. Phys. 2007, 7 

(10), 2517−2526. 

(103  McMeeking, G. R.; Hamburger, T.; Liu, D.; Flynn, M.; Morgan, W. T.; 

Northway, M.; Highwood, E. J.; Krejci, R.; Allan, J. D.; Minikin, A.; Coe, H. Black 

carbon measurements in the boundary layer over western and northern Europe. Atmos. 

Chem. Phys. 2010, 10 (19), 9393− 9414. 

(104) Twigg, M. V. Catalytic control of emissions from cars. Catal. Today 2011, 163 

(1), 33−41. 

(105) De Gouw, J. A.; Parrish, D. D.; Frost, G. J.; Trainer, M. Reduced emissions of 

CO2, NOx, and SO2 from US power plants owing to switch from coal to natural gas with 

combined cycle technology. Earth's Future 2014, 2 (2), 75−82. 

http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2012.04.031&coi=1%3ACAS%3A528%3ADC%252BC3sXjslKms70%253D
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2004JD005432&coi=1%3ACAS%3A528%3ADC%252BD2MXnslyhtr0%253D
http://pubs.acs.org/action/showLinks?crossref=10.1029%2F2000GL012354
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-7-2517-2007&coi=1%3ACAS%3A528%3ADC%252BD2sXnsl2is7o%253D
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-10-9393-2010&coi=1%3ACAS%3A528%3ADC%252BC3cXhs1ait7jN
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facp-10-9393-2010&coi=1%3ACAS%3A528%3ADC%252BC3cXhs1ait7jN
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.cattod.2010.12.044&coi=1%3ACAS%3A528%3ADC%252BC3MXjsFWisb8%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.cattod.2010.12.044&coi=1%3ACAS%3A528%3ADC%252BC3MXjsFWisb8%253D


165 

 

(106) Elliott, E. M.; Kendall, C.; Wankel, S. D.; Burns, D. A.; Boyer, E. W.; Harlin, K.; 

Bain, D. J.; Butler, T. J. Nitrogen isotopes as indicators of NOx source contributions to 

atmospheric nitrate deposition across the midwestern and northeastern United States. 

Environ. Sci. Technol. 2007, (22), 7661−7667. 

(107) Tong, D.; Pan, L.; Chen, W.; Lamsal, L.; Lee, P.; Tang, Y.; Kim, H.; 

Kondragunta, S.; Stajner, I. Impact of the 2008 Global Recession on air quality over the 

United States: Implications for surface ozone levels from changes in NOx emissions. 

Geophys. Res. Lett. 2016, 43 (17), 9280−9288. 

(108)  Stein, O.; Schultz, M. G.; Bouarar, I.; Clark, H.; Huijnen, V.; Gaudel, A.; George, 

M.; Clerbaux, C. On the wintertime low bias of Northern Hemisphere carbon monoxide 

in global model studies. Atmos. Chem. Phys. Discuss. 2014, 14 (1), 245−301. 

(109) Parrish, D. D. Critical evaluation of US on-road vehicle emission inventories. 

Atmos. Environ. 2006, 40 (13), 2288−2300. 

(110) Brown-Steiner, B.; Hess, P.; Chen, J.; Donaghy, K. Black carbon emissions from 

trucks and trains in the Midwestern and Northeastern United States from 1977 to 2007. 

Atmos. Environ. 2016, 129, 155−166. 

(111) Brown, S. P.  Y cel, M. K. What drives natural gas prices? Energy J. 2008, 29 

(2), 45−60. 

 

 

 

 

 

http://pubs.acs.org/action/showLinks?system=10.1021%2Fes070898t&coi=1%3ACAS%3A528%3ADC%252BD2sXhtF2jtb3I
http://pubs.acs.org/action/showLinks?crossref=10.1002%2F2016GL069885&coi=1%3ACAS%3A528%3ADC%252BC28XhsFyrtb7M
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facpd-14-245-2014
http://pubs.acs.org/action/showLinks?crossref=10.5194%2Facpd-14-245-2014
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2005.11.033&coi=1%3ACAS%3A528%3ADC%252BD28Xit1agtrc%253D
http://pubs.acs.org/action/showLinks?crossref=10.1016%2Fj.atmosenv.2015.12.065&coi=1%3ACAS%3A528%3ADC%252BC28XhtlOktro%253D
http://pubs.acs.org/action/showLinks?crossref=10.5547%2FISSN0195-6574-EJ-Vol29-No2-3


166 

 

Supporting Information For :  

Spatial and Temporal Variations in Characteristic Ratios of Elemental Carbon to 

Carbon Monoxide and Nitrogen Oxides across the United States  

Aishwarya Raman *, and Avelino F. Arellano, Jr. 

Department of Hydrology and Atmospheric Sciences, University of Arizona, Tucson, 

Arizona, 85721, USA.  

*Corresponding author email: aishwaryaraman@email.arizona.edu. 

Summary of Supporting Information:  

22 Pages (excluding cover) 

Text 

S1. Summary of methods: Supplemental Information on data screening 

Tables 

S1.  Summary of relative change (%) in enhancements by PADD region in rural and 

urban areas 

S2.  Summary of enhancements ratios (ppbm/ppbv) for ECa and CO  

S3.  Summary of enhancement ratios for ECa and NOx 

S4.  Summary of relative change (%) in enhancement ratios by PADD region in rural and 

urban areas 

S5.  Summary of relative change (%) in emission ratios (Kg/Kg) and emissions of BC, 

CO, and NOx from NEI for 2005 and 2011 

S6. Comparison of percentage change in EBC/ECO and EECa/ENOX across global emission 

inventories   



167 

 

S7. Percentage change in EBC emissions by sectors across global emission inventories 

S8. Percentage change in ECO emissions by sectors across global emission inventories  

S9. Percentage change in ENOx by sectors across global emission inventories 

Figures 

S1. Spatial patterns in ECa, CO, and NOX concentrations 

S2 : Ilustration of PADD regions  

S3. Joint probability histogram (JPH) of ECa and CO 

S4. Joint probability histogram (JPH) of ECa and NOx 

S5. Seasonal variability in enhancement ratios 

 

 

 

  



 

168 

 

Methods: Supplemental Information  

Data Filtering. Here, we provide detailed descriptions of data screening techniques we 

used in this work to remove stations affected by fires and wet deposition.  

Removal of stations affected by fire. We used the modified combustion efficiency or 

MCE 
1,2

 as an indicator of biomass burning events similar to the approach by Kondo et 

al.
3 

and Matsui et al.
4
 For a given year, any station with MCE > 0.8 was removed from 

the analyses to filter both flaming and smoldering phase BB events.
5-7 

 We use MCE 

instead of other fire indicators because previous studies looking at similar ECa-CO 

relationships have demonstrated precise threshold values for MCE for flaming and 

smoldering fires that can be used to filter those stations or days.
4 

For MCE calculations, 

we used CO and CO2 emissions from Fire INventory from NCAR (FINN) for the years 

2002-2015 
8 

and Global Fire Emissions Database (GFED3) for 2000 and 2001
 9,10

. FINN 

provides global daily estimates of fire emissions at 1-km resolution for open biomass 

burning from wildfires, prescribed, and agricultural burning. It uses the Moderate 

Resolution Imaging Spectroradiometer (MODIS) thermal anomalies product to detect 

active fires.  

Removal of stations affected by wet deposition. As wet deposition can also impact the 

ratio between ECa and CO (or NOX), we localize our analysis by removing data days that 

were severely influenced by wet deposition. We use the monthly gridded best-estimate 

precipitation product from Tropical Rainfall Measuring Mission (TRMM)
11 

(TRMM_3B43_V7 at 0.25
o
 x 0.25

o 
resolution), downloaded from  NASA GIOVANNI 

web portal developed by Goddard Earth Sciences Data and Information Science Center 

(GES DISC)
12

, to screen ECa and CO and ECa and NOx data pairs influenced by 
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precipitation. We removed months influenced by more than a threshold precipitation rate 

of 6 mm/day. The maximum and minimum precipitation over the study period was 15 

mm/day and 0.07 mm/day, respectively. We estimated the cut-off value of 6 mm/day for 

North America based on previous studies that used accumulated precipitation as a 

screening metric for wet deposition.
13, 3, 4

 Since our period of analysis is more than a 

decade, we use TRMM precipitation rates instead of accumulated precipitation. The 

cutoff value was selected as a balance between minimizing the impact of wet deposition 

on our analysis and retaining sufficient number of data points for the analyses. As was 

also used in Wang et al.
13

, this filtering also removes any effects from atmospheric 

mixing during convection and large-scale precipitation events.  
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Table S1.  Summary of percentage relative change in enhancements by PADD 

region in rural and urban areas 

        

 

 

Region 

Relative 

change in 

ΔECa 

(ppbm)
a
 

 
(p value)

b
 

Rural 

Relative 

change in 

ΔCO 

(
 
ppbv)

a 
 

(p value)
b
 

 

Relative 

change in 

ΔNOx 

(
 
ppbv)

 a 

(p value)
b
 

Relative 

change in  

ΔECa 

(ppbm)
a
  

(p value)
b
 

Urban 

Relative 

change in 

ΔCO 

(
 
ppbv) 

a
 

(p value)
b
 

Relative 

change 

ΔNOx 

(
 
ppbv) 

a 

(p 

value)
b
 

 

East 

 

-39.9 

(0.000)
 
 

 

-75.4 

(0.000) 

 

280 

(0.001)
 
 

 

13.2 

(0.01) 

 

NA 

 

-36.6 

(0.001) 

 

Mid-

west 

 

-86.3 

(0.006) 

 

NA 

 

-85.2 

(0.000) 

 

-32.1 

(0.08) 

 

37.5 

(0.05) 

 

NA 

 

Gulf 

 

63.6 

(0.00) 

 

NA 

 

NA 

 

-34.3 

(0.01) 

 

-28.7 

(0.008) 

 

West 

 

-42.7 

(0.00)
 
 

 

-69.6 

(0.00)
 
 

 

-42.7 

(0.00)
 
 

 

-20.04 

(0.005)
 
 

 

-67.73 

(0.000) 

 

-48.0 

(0.0)
 
 

a 
change represents the median values in  

         
                                      

                 
     

b 
represents the p value at 95% confidence level derived using students 2 sample t test for 

values in P1 and P2.  
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Table S2.  Summary of enhancements ratios (ppbm/ppbv) for ECa and CO  

        

 

 

Region 

ΔECa/ ΔCO
 
 

(ppbm
 
)/(ppbv)

 a
 

 

2000-2007 

                 Rural 

ΔECa/ ΔCO
 
 

(ppbm
 
)/(ppbv)

 a
 

  

2008-2015 

 

ΔECa/ ΔCO
 
 

(ppbm
 
)/(ppbv)

 a
 

 

2000-2007 

              Urban 

ΔECa/ ΔCO
 
 

(ppbm
 
)/(ppbv)

 a
 

  

2008-2015 

 

East 0.11 

(0.09,435) 
b,c

 

0.12
 
 

(0.04,1339)
 b,c

 

NA
 
 0.09

 
 

(0.03,578)
 b,c

 

 

MW 

 

0.07 

(0.01,51)
 b,c

 

 

NA 

 

0.038
 
 

(0.01,27)
 b,c

 

 

0.07
 
 

(0.01,26)
 b,c

 

Gulf NA 0.16 

(0.06,473)
 b,c

 

0.05 

(0.01,19)
 b,c

 

0.15 

(0.06,427)
 b,c

 

West 0.062 

(0.03,1059)
 b,c

 

0.10 

(0.04,1704)
 b,c

 

0.061 

(0.04,819)
 b,c

 

 

0.11 

(0.06,1218)
 b,c

 

a 
Median of slope values for each region.  

b,c
 Values in brackets represent (±1σ of ratios from all seasons, number of data points 

used to calculate median and standard deviation).  
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Table S3.  Summary of enhancement ratios for ECa and NOx 

        

 

Region 

ΔECa/ ΔNOx
 
 

(ppbm
 
)/(ppbv)

 a
 

2000-2007 

              Rural 

ΔECa/ ΔNOx 

(ppbm
 
)/(ppbv)

 a
 

2008-2015 

 

ΔECa/ ΔNOx
 
 

(ppbm
 
)/(ppbv)

 a
 

2000-2007 

                   Urban 

ΔECa/ ΔNOx
 
 

(ppbm
 
)/(ppbv)

 a
 

2008-2015 

 

East 1.02 

(2.18,913)
b,c

 

0.63 

(1.69,728)
 b,c

 

2.22 

(1.06,103)
 b,c

 

2.37 

(1.05,99)
 b,c

 

 

MW 

 

0.79 

(0.59,249)
 b,c

 

 

1.92 

(26.4,761)
 b,c

 

 

NA 

 

NA 

 

Gulf 

 

7.99 

(6,7)
 b,c

 

 

1.16 

(0.44,172)
 b,c

 

 

NA 

 

1.15 

(0.43,172)
 b,c

 

 

West 

 

0.88 

(0.95,1933)
 b,c

 

 

1.04 

(0.90,2010)
 b,c

 

 

0.51 

(0.19,501)
 b,c

 

 

 

1.04 

(0.56,810)
 b,c

 

a 
Median of slope values for each region.  

b,c
 Values in brackets represent (±1σ of ratios from all seasons, number of data points 

used to calculate median and standard deviation).  
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Table S4.  Summary of percentage relative change in enhancement ratios by PADD 

region in rural and urban areas 

        

 

 

Region 

Relative 

change in 

ΔECa/ΔCO 

(ppbm/ppbv
 
)
a
 

 
(p value)

b
 

          Rural 

Relative 

change in  

ΔECa/ΔNOx 

(
 
ppbm/ppbv)

a 
 

(p value)
b
 

 

Relative 

change in 

ΔECa/ΔCO 

(
 
ppbm/ppbv)

a 

(p value)
b 

       Urban 

Relative 

change in 

ΔECa/ΔNOx 

(ppbm/ppbv)
a
  

(p value)
b
 

 

 

 

East 

 

0.65 

(0.02) 

 

-38.1 

(0.01) 

 

NA      

 

6.8  

(0.05) 

 

Mid-west 

 

NA 

 

141.1 

(0.1) 

 

72.7 

(0.000) 

 

NA 

 

Gulf 

 

NA 

 

NA 

 

NA 

 

NA 

 

 

West 71.8 

(0.000) 

19.3 

(0.009) 

82.5 

(0.000) 

104.54 

(0.003) 

a 
change represents the median values in  

         
                                      

                 
     

b 
represents the p value at 95% confidence level derived using students 2 sample t test for 

values in P1 and P2.  
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Table S5.  Summary of percentage relative change in emission ratios (Kg/Kg) and 

emissions of BC, CO, and NOX from NEI for 2005 and 2011 

        

 

 

Region 

Relative 

change in 

EBC/ ECO  

(Kg/Kg)
a
 

(p value)
b
 

Relative 

change in 

EBC / ENOx 

(Kg/Kg)
a
 

(p value)
b
 

Relative 

change in 

EBC 

(Kg)
c
 

(p value)
b
 

Relative 

change in 

ECO 

(Kg)
c
 

(p value)
b
 

Relative 

change in 

ENOx 

(Kg)
c
 

(p value)
b
 

 

East 

 

53.69 

(0.005) 

 

17.04 

(0.000) 

 

-6.44 

(0.02) 

 

-42.4 

(0.0) 

 

-18.12 

(0.02) 

 

Mid-west 

 

52.39 

(0.000) 

 

15.31 

(0.01) 

 

-16.23 

(0.2) 

 

-43.4 

(0.005) 

 

-17.9 

(0.00) 

 

Gulf 

 

86.61 

(0.003) 

 

28.68 

(0.002) 

 

14.85 

(0.05) 

 

-43.2 

(0.007) 

 

-9.4 

(0.03) 

 

West 

 

66.59 

(0.00) 

 

6.25 

(0.02) 

 

-27.44 

(0.01) 

 

-54.8 

(0.00) 

 

-29.45 

(0.03) 

a 
changes were calculated for 2005 and 2011 as follows :  

         
                            

            
     

Median corresponds to emission ratios (or species emissions).  

,b 
values in brackets represent P value at 95% confidence level 
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Table S6. Comparison of percentage relative change in EBC/ECO and EBC/ENOX 

across global emission inventories   

Region Emission 

Inventory 

EBC/ Eco EBC/ENOX  

East RCP4.5 11.8 9.7 

 RCP6 2.2 -0.6 

 ECLIPSE 13.5 5.9 

 MACCity
b
 -0.05 -13.1 

    

Mid-West RCP4.5 11.8 9.3 

 RCP6 3.7 1.2 

 ECLIPSE 16.7 9.7 

 MACCity
b
 0.4 -10.0 

    

Gulf RCP4.5 12.1 9.8 

 RCP6 3.4 0.9 

 ECLIPSE 18.6 13.2 

 MACCity
b
 -3.7 -12.0 

    

West RCP4.5 11.8 9.0 

 RCP6 1.7 -0.3 
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 ECLIPSE 3.3 -0.2 

 MACCity
b
 -10.7 -19.4 

b
 Percentage change in MACCity emission ratios are 

for years 2005 and 2010. This is different from Table 3 

where all the years from 2000-2007 represented the 

period before rECaession and data from years 2008-

2015 represented the period after rECaession.  

  



 

177 

 

Table S7. Percentage change in EBC emissions by sectors across global emission 

inventories 

Region Emission 

Inventory 

Energy Industrial Residential Trans- 

portation 

Total   

East RCP4.5 -7.9 -13.4 -12.5 -6.3 -7.7  

 RCP6 -4.2 -2.8 3.1 -7.4 -4.9  

 ECLIPSE -4.4 -25.0 -11.2 -35.05 -28.3  

 MACCity -19.2 -34.0 -53.5 -31.3 -34.0  

        

Mid-west RCP4.5 -7.9 -13.4 -12.6 -6.2 -7.8  

 RCP6 -4.0 -1.4 4.7 -7.4 -3.7  

 ECLIPSE -4.1 -9.2 -11.4 -29.6 -22.3  

 MACCity -14.3 -19.4 -52.6 -25.8 -26.1  

        

Gulf RCP4.5 -5.4 -12.5 -12.1 -6.1 -7.6  

 RCP6 -3.8 -2.0 4.6 -7.3 -4.1  

 ECLIPSE -21.0 -8.9 -10.7 -27.67 -18.7  

 MACCity -15.9 -23.4 -51.4 -24.8 -27.6  

        

West RCP4.5 -7.5 -13.1 -12.4 -6.3 -7.6  

 RCP6 -4.2 -3.0 1.7 -7.4 -5.2  

 ECLIPSE -47.7 -26.3 -11.9 -35.9 -29.3  

 MACCity -21.7 -30.35 -53.65 -31.87 -33.9  
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Table S8. Percentage change in ECO emissions by sectors across global emission 

inventories  

Region Emission 

Inventory 

Energy Industrial Residential Trans-

portation 

Total      Total  

East RCP4.5 -10.42 -12.9 -15.1  39.3 -17.5       

 RCP6 -7.4 0.07 3.0 -7.4 -6.9       

 ECLIPSE -8.7 -9.2 -12.1 -46.1 -36.9       

 MACCity -27.76 -26.64 -34.3 -36.2 -34.0       

             

Mid-west RCP4.5 -10.3 -12.9 -15.14 -18.4 -17.6       

 RCP6 -5.1 0.07 4.7 -7.4 -7.1       

 ECLIPSE -0.13 -2.2 -12.2 -39.34 -33.4       

 MACCity -20.99 -21.24 -28.65 -27.77 -26.3       

             

Gulf RCP4.5 -9.9 -12.4 -13.8 -18.3 -17.5       

 RCP6 -4.0 0.1 4.6 -7.4 -7.3       

 ECLIPSE 3.8 1.5 -11.1 -38.4 -31.4       

 MACCity -18.9 -19.2 -24.6 -25.9 -24.8       

             

West RCP4.5 -10.1 -12.8 -14.8 -18.3 -17.4       

 RCP6 -7.1 0.08 1.6 -7.4 -6.7       

 ECLIPSE -10.14 -16.2 -12.9 -37.1 -31.6       

 MACCity -26.3 -28.9 -31.6 -25.7 -25.9       



 

179 

 

 

Table S9. Percentage change in ENOx by sectors across global emission inventories  

Region Emission 

Inventory 

Energy Industrial Residential Transportation Total 

East RCP4.5 -18.19 -11.1 -7.9 -17.9 -15.9 

 RCP6  0.5 -2.2 3.0 -8.8 -4.4 

 ECLIPSE -33.8 -2.4 -4.9 -43.9 -32.3 

 MACCity -41.9 -10.5 -13.3 -21.1 -24.0 

 NEI     -36.2 

       

Mid-west RCP4.5 -18.2 -11.06 -7.9 -17.9 -15.7 

 RCP6 3.2 -2.2 4.7 -8.8 -4.9 

 ECLIPSE -29.9 -2.4 -4.9 -35.4 -29.3 

 MACCity -38.1 -6.1 -8.4 -11.8 -17.9 

 NEI     -41.5 

       

Gulf RCP4.5 -17.9 -10.7 -7.5 -17.7 -15.9 

 RCP6 0.3 -2.2 4.7 -8.8 -4.9 

 ECLIPSE -29.3 -1.7 -3.7 -33.9 -28.2 

 MACCity -37.7 -4.6 -7.5 -10.3 -17.8 

 NEI     -42.2 

       

West RCP4.5 -18.05 -10.1 -7.8 -17.8 -15.3 
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 RCP6 0.6 -2.3 1.7 -8.8 -4.9 

 ECLIPSE -27.6 -2.1 -4.8 -39.6 -29.2 

 MACCity -36.8 -9.8 -13.04 -16.5 -18.0 

 NEI     -25.7 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

181 

 

Figure S1. Spatial patterns in ECa, CO, and NOX concentrations. Panel (a) and (b) 

correspond to median concentrations of ECa (μg m
-3

), CO (ppbv), and NOX (ppbv) across 

two 8-year periods classified as before and after the recession, respectively. All EC maps 

shown here include IMPROVE/CSN stations collocated either with AQS CO or with 
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AQS NOX stations. Panels (c) and (d) correspond to the interquantile range for ECa, CO 

and NOX before and after recession, respectively.  

 

 

 
Figure S2 : Ilustration of PADD (Petroleum Adminstration for Defense Districts)  

regions  
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Figure S3. Joint probability histogram (JPH) of ECa and CO for rural (panels (a) – (d)) 

and urban areas (panels (e) – (h)). The four subplots for each panel correspond to the four 

PADD regions: East (top left), Mid-West (top right), Gulf (bottom left), and West 

(bottom right). JPH is calculated using ECa and CO concentrations from each collocated 

station across the years 2000-2015.   
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Figure S4. Joint probability histogram (JPH) of ECa and NOx for rural (panels (a) – (d)) 

and urban areas (panels (e) – (h)). The four subplots for each panel correspond to the four 

PADD regions: East (top left), Mid-West (top right), Gulf (bottom left), and West 

(bottom right). JPH is calculated using ECa and NOx concentrations from each collocated 

station across the years 2000-2015.   
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Figure S5. Seasonal variability in enhancement ratios as a function of ECa, CO and/or 

NOX concentration. Panels (a) – (d) and (e) – (h) correspond to scatter plots of ΔECa 

/ΔCO and ΔECa /ΔNOX, respectively. The subplots for each panel correspond to the four 

PADD regions: East (topleft), Mid-West (top right), Gulf (bottom left), and West (bottom 

right).  The ratios (filled bubbles) are in units, ppbm/ppbv. They are color coded to 

represent seasons (Red – Summer; Blue – Winter; Orange – Fall; Pink – Spring). Ratios 

represent values calculated per station, per season, per year by regressing seasonal ΔECa 

against ΔCO (or NOx) using reduced major axis regression. Both CSN and IMPROVE 

stations are shown here.  



 

186 

 

References 

1. Yokelson, R. J.; Griffith, D. W.; Ward, D. E. Open‐path Fourier transform 

infrared studies of large‐scale laboratory biomass fires. J.Geophys.Res., 

[Atmos.] 1996, 101(D15), 21067-21080. 

2. Ferek, R. J.; Reid, J. S.; Hobbs, P. V.; Blake, D. R.; Liousse, C. Emission factors 

of hydrocarbons, halocarbons, trace gases and particles from biomass burning in 

Brazil. J. Geophys.Res., [Atmos.] 1998, 103(32), 107-32. 

3. Kondo, Y.; Matsui, H.; Moteki, N.; Sahu, L.; Takegawa, N.;  Kajino, M.; Diskin, 

G. S. Emissions of black carbon, organic, and inorganic aerosols from biomass 

burning in North America and Asia in 2008. J. Geophys.Res.,[Atmos.]  

2011, 116(D8), doi:10.1029/2010JD015152. 

4. Matsui, H.; Kondo, Y.; Moteki, N.; Takegawa, N.; Sahu, L. K.; Zhao, Y.; 

Wisthaler, A. Seasonal variation of the transport of black carbon aerosol from the 

Asian continent to the Arctic during the ARCTAS aircraft campaign. J. 

Geophys.Res., [Atmos.] 2011, 116(D5), doi:10.1029/2010JD015067. 

5. Goode, J. G.; Yokelson, R. J.; Ward, D. E.; Susott, R. A.; Babbitt, R. E.; Davies, 

M. A.; Hao, W. M. Measurements of excess O3, CO2, CO, CH4, C2H4, C2H2, 

HCN, NO, NH3, HCOOH, CH3COOH, HCHO, and CH3OH in 1997 Alaskan 

biomass burning plumes by airborne Fourier transform infrared spectroscopy 

(AFTIR). J.Geophys.Res., [Atmos.] 2000, 105(D17), 22147-22166. 

6. Reid, J. S.; Koppmann, R.; Eck, T. F.; Eleuterio, D. P. A review of biomass 

burning emissions part II: intensive physical properties of biomass burning 

particles. Atmos. Chem.Phys. 2005, 5(3), 799-825. 



 

187 

 

7. Reid, J. S.; Eck, T. F.; Christopher, S. A.; Koppmann, R.; Dubovik, O.; Eleuterio, 

D. P.; Zhang, J. A review of biomass burning emissions part III: intensive optical 

properties of biomass burning particles. Atmos. Chem.Phys. 2005, 5(3), 827-849. 

8. Wiedinmyer, C.; Akagi, S. K.; Yokelson, R. J.; Emmons, L. K.; Al-Saadi, J. A.; 

Orlando, J. J.; Soja, A. J. The Fire INventory from NCAR (FINN): a high 

resolution global model to estimate the emissions from open 

burning. Geoscientific Model Dev. 2011, 4, 625, doi: 10.5194/gmd-4-625-2011. 

9. van der Werf, G. R.; Randerson, J. T.; Giglio, L.; Collatz, G. J.; Kasibhatla, P. S.;  

Arellano Jr, A. F. Interannual variability in global biomass burning emissions 

from 1997 to 2004. Atmos.Chem.Phys. 2006, 6(11), 3423-3441. 

10. Giglio, L.; Randerson, J. T.; Werf, G. R. Analysis of daily, monthly, and annual 

burned area using the fourth‐generation global fire emissions database 

(GFED4). J.Geophys.Res., [Biogeosci.] 2013, 118(1), 317-328. 

11. Huffman, G. J.; Bolvin, D. T.; Nelkin, E. J.; Wolff, D. B.; Adler, R. F.; Gu, G.; 

Stocker, E. F. The TRMM multisatellite precipitation analysis (TMPA): Quasi-

global, multiyear, combined-sensor precipitation estimates at fine scales. J. 

Hydromet. 2007, 8(1), 38-55. 

12. NASA Earth Data, GIOVANNI, The Bridge Between Data and Science v 

4.21.6, https://giovanni.sci.gsfc.nasa.gov/giovanni/ (accessed Oct 10, 2016).  

13. Wang, Y.; Wang, X.; Kondo, Y.; Kajino, M.; Munger, J. W.; Hao, J. Black 

carbon and its correlation with trace gases at a rural site in Beijing: Top‐down 

constraints from ambient measurements on bottom‐up emissions. J.Geophys.Res., 

[Atmos.] 2011, 116(D24). 



 

188 

 

 

APPENDIX C 

Aerosol Optical Depth forecasts using Analog based schemes and Weather Research 

and Forecasting model with Chemistry  

 (Atmospheric Environment, in preparation) 

Aishwarya Raman*
a
, Avelino F. Arellano 

a
, Luca Delle Monache 

b
,  

Stefano Alessandrini 
b
,Will Cheng 

b
, Rajesh Kumar 

b
. 

a 
Department of Hydrology and Atmospheric Sciences, University of Arizona, Tucson, 

Arizona, United States.  

b
 National Center for Atmospheric Research, Research Application Laboratory, Boulder, 

Colorado, United States. 

 

 

 

 

 

 

 

 

 

 

 

 



 

189 

 

 

Aerosol Optical Depth Forecasts using Analog Based Schemes and Weather 

Research and Forecasting Model with Chemistry  

Aishwarya Raman*
a
, Avelino F. Arellano

a
, Luca Delle Monache

b
, Stefano Alessandrini

b
, 

Will Cheng
b
, Rajesh Kumar

b
.  

a 
 Department of Hydrology and Atmospheric Sciences, University of Arizona, Tucson, 

AZ, United States.  

b
  National Center for Atmospheric Research, Research Application Laboratory, Boulder, 

Colorado, United States.  

 

Abstract 

A post-processing method is implemented and tested for forecasts of Aerosol Optical 

Depth (AOD) from a community air quality model, Weather Research and Forecasting 

Model with Chemistry (WRF-Chem) for the months of June-August (JJA), 2012. Model 

post-processing for AOD is performed using satellite retrievals of AOD from Moderate 

Resolution Imaging Spectroradiometer (MODIS) sensor onboard Terra and Aqua 

satellites. Results from two different post-processing techniques, analog ensemble 

weighted mean (AN) and a scheme using combination of analog and kalman filter 

(KFAN) techniques are compared. The model domain covers contiguous United States 

and AN and KFAN are tested at sites where ground based observations of AOD is 

available such as Aerosol Robotic Network (AERONET). Both analog based methods 

use model forecasts from 2008-2011 (JJA) to train the analog system and choose past 

forecasts that are similar to forecasts in 2012. In addition to AOD, analog system is also 
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trained using other physical variables (predictors) that drive the variation in AOD. The 

predictors for different geographic regions are chosen using a step-wise linear regression 

approach that adds variables systematically and tests the resulting R-squared and Root 

Mean Square Error (RMSE) values of the model at 95% confidence level.  The 

independent variable used in the regression was MODIS Terra or Aqua AOD and 

dependent variables were WRF-Chem particulate matter with aerodynamic diameter less 

than equal to 2.5μm (PM2.5) and 10μm (PM10) and meteorological fields such as air 

temperature at 2m, relative humidity at 2m, surface pressure, precipitation, and total 

horizontal wind speed. We find that during the summer, PM is not the only predominant 

factor driving AOD in the Eastern US unlike Western US (except New Mexico and 

Arizona) where more than 40% of variation in AOD is explained by PM in the total 

atmospheric column. This suggests that quality of analogs in the Eastern US also depends 

on uncertainties in convective parameterization and meteorological fields, which in turn 

drive uncertainties in aerosol formation, aerosol removal, and chemistry.  

 

1. Introduction 

Monitoring atmospheric aerosols is pivotal to climate change (Bellouin et al., 2008) and 

human health (WHO, 2006; Pope et al., 2009; Anenberg et al., 2010). Lim et al., 2012 

estimated that 3.2 million premature deaths per year are associated with exposure to 

particulate matter less than 2.5µm in aerodynamic size (PM2.5). Aerosols affect 

atmospheric circulation, cloud formation and albedo, surface air temperature, and 

cryosphere (Koch et al., 2009). In order to accurately assess health and climate effects, it 
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is important to precisely characterize and monitor the spatial and temporal distribution of 

aerosol abundance in the atmosphere.  

 

Considerable efforts have focused on improvements to aerosol chemistry 

parameterization, post-processing of aerosol variables from the model outputs (e.g., 

Djalalova et al., 2015) and assimilation of atmospheric aerosols in global and regional 

models (Schutgens et al., 2010; Kahnert et al., 2008). Yet, aerosol forecasting still 

remains a challenge given the large uncertainties in initial conditions for aerosol 

distribution, emissions, sinks and chemical transformation of aerosols due to interaction 

with surface and meteorological processes (e.g., radiative effects, precipitation and cloud 

formation etc).  

 

Satellite retrievals provide a measure of light extinction in the atmospheric column by 

aerosols, in visible and near infra-red wavelengths. Satellite based observing systems, 

when combined with current day aerosol models offer multitude of benefits to improve 

ambient aerosol distributions. Several studies have utilized satellite aerosol retrievals and 

data assimilation (DA) techniques to reduce uncertainties in regional and global aerosol 

model outputs (Liu et al., 2011; Schwartz et al., 2012). The DA techniques extend from 

simple optimal interpolation to four dimensional DA systems.  For example, Pagowski et 

al., 2014 combined satellite aerosol optical depth (AOD) retrievals at 550 nm from 

Moderate Resolution Imaging Spectroradiometer (MODIS) sensor onboard NASA Terra 

and Aqua satellites with aerosol model outputs from Weather Research and Forecasting 

Model with Chemistry (WRF-Chem) using the Gridpoint Statistical Interpolation (GSI) 
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3D-variational DA system and found substantial improvements in the aerosol forecasts 

especially in the early forecast hours.   Liu et al., 2011 used MODIS AOD in GSI 3DVar 

system to improve characterization of dust storms over China. Further, assimilation of 

geostationary satellite aerosol retrievals like those from Geostationary Ocean Color 

Imager (GOCI) have shown considerable benefits to aerosol forecasting, particularly for 

anthropogenic and biomass burning episodes compared to assimilating only polar 

orbiting satellite retrievals (Saide et al., 2014).  

 

The disadvantages of DA techniques include the errors in the final outputs that can arise 

from uncertainties in DA system or appear as non-linear errors in running the model with 

the assimilation of observations. Delle Monache et al., 2011 described a post-processing 

technique that uses past model predictions that are very similar to the current model 

forecasts to reduce model errors in Numerical Weather Prediction (NWP) systems, 

referred to as  ‘Analogs’. The ensemble of past observations that occurred during the time 

of analog forecasts is used to correct for model bias. Verification results from Delle 

Monache et al., 2011 showed that analog based methods significantly improved model 

predictive skill by 35%. This study emphasized the benefits of analog based methods as it 

requires fewer computational demands and lesser time consumption. Unlike the 

conventional DA techniques, analog based methods require single historical model run 

for 2-3 years and can improve prediction of day to day variability in forecast errors (Delle 

Monache et al., 2013; Alessandrini et al., 2015; Junk et al., 2015). Djalalova et al., 2015 

demonstrated the analog based method in combination with Kalman Filter (KF) for PM2.5 

outputs from Community Multiscale Air Quality model and found 44-52% reductions in 
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errors compared to raw model forecasts. Several previous investigations have also 

successfully implemented analog approaches for reducing model errors in meteorological 

variables (Van den Dool , 1989; Hamill and Whitaker , 2006 ; Panziera et al., 2011).  

 

In the present analysis, we use analog based schemes and kalman filter to reduce model 

bias in AOD from WRF-Chem outputs. We use AOD data from MODIS Terra and Aqua 

satellites spanning the contiguous United States at locations where we have ground based 

observations of aerosol networks (e.g., Aerosol Robotic Network (AERONET), GLOBE 

etc) for the months of June-August, 2008-2012. We compare MODIS aerosol retrievals 

with WRF-Chem AOD. A detailed description of the observational system including 

MODIS AOD datasets and a brief introduction to WRF-Chem aerosol simulations is 

provided in section 2. Section 3 describes the various analog based post-processing 

techniques, and section 4 shows the implementation and verification procedures used in 

this study. In section 5, we discuss results and show verification metrics for post-

processed for AOD. We summarize and conclude in section 6.  

 

2. Model and post-processing methods 

2.1 Model setup 

We use the chemistry version of the next generation mesoscale model, Weather Research 

and Forecasting model (WRF-Chem) V3.4.1 to simulate the atmospheric and aerosol 

properties (Grell et al., 2005; Fast et al., 2006). WRF-Chem is a community coupled-

chemistry model that can perform online calculation of meteorology (winds, temperature 

etc) and simulate the feedbacks between meteorology and chemistry. The current model 
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domain encompasses 177
o 

W to 52
o
 W and 8

o
N to 53

o
N at 36 km x 36 km

2
 horizontal 

resolution. Initial and boundary conditions for meteorology are obtained from National 

Center for Environmental Prediction (NCEP) Final global operational Analysis fields 

(FNL) at 1
o
 x 1

o
 horizontal resolution, every 6h (http://rda.ucar.edu/datasets). For 

resolving cloud microphysics, we use Thompson single moment bulk microphysics 

scheme (Thompson et al., 2004) and convective effects are parameterized using Grell 3D 

Ensemble convective parameterization scheme (Grell, 2002). For simulating the radiative 

effects of atmospheric aerosols and gases, we use the Goddard shortwave scheme (Chou 

et al., 2001) and Rapid Radiative Transfer Model (RRTM) (Mlawer et al., 1997). For 

surface processes, we use ETA similarity scheme (Chen et al., 1997) and Unified Noah 

land surface model (Tewari et al., 2004). The vertical transport of eddy fluxes in the 

planetary boundary layer is represented using Mellor-Yamada-Janjic scheme (MYJ) 

(Janjic, 1994). 

 

The gas phase and aerosol chemistry are represented using the Model for Ozone and 

Related chemical Tracers (MOZART) scheme (Emmons et al., 2010) and the 

Goddard Chemistry Aerosol Radiation and Transport (GOCART) bulk aerosol scheme 

(Chin et al., 2000) respectively. The initial and boundary conditions for chemical species 

are obtained every 6h from MOZART global chemical transport model forecasts. For 

anthropogenic emissions, we use National Emission Inventory (NEI) emissions v-2005 

and v-2011 (US EPA NEI, 2005, 2011). Daily fire emissions are obtained from Fire 

INventory from NCAR (FINN) emission estimates using satellite retrievals of land cover 

and active fires spots in combination with fuel loadings and emission factors 
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(Wiedinmyer et al., 2011). Biogenic emissions are simulated online using Model of 

Emissions of Gases and Aerosols from Nature (MEGAN) inventory (Guenther et al., 

2012). Surface deposition of aerosols and gases are simulated using Wesely dry 

deposition scheme (Wesely, 1989). Aerosols are also deposited by wet scavenging 

processes such as rainout and impact collision in the current model simulations.  

 

AOD (τ) is defined as the amount of light extinction caused by aerosol species in the 

atmospheric column. For a given wavelength, AOD is defined as the natural logarithm of 

the ratio of incident (    to transmitted (    spectral radiant power through a material. 

AOD for aerosol species depends on complex refractive indices, hygroscopic properties, 

and number concentration of aerosols. Since the attenuation is not uniform throughout the 

atmospheric column, GOCART calculates AOD for individual model layers and aerosol 

species ‘i’ and then sums up to obtain total column AOD (Chin et al., 2002).  

τ (λ) = ln(
  

  
) = - ln T            (1) 

                     
    

 
  (2) 

Where ma is the mass density of aerosols (g/m
3
), Q is the mass extinction efficiency for a 

given wavelength and aerosol type in the layer extending from z to z+dz. Q (i) is defined 

as  

    

       
  (3) 

Where q is the extinction coefficient, ρ(z) is the air density in kg m
-3 

at a given elevation 

z, and    is the total cross section weighted effective radius. The model simulations of 

aerosol mass concentrations take into account emissions, transport, and deposition (dry 

and wet) of aerosol species. For black carbon and organic carbon, hydrophobic and 
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hydrophilic components are considered. The mass mixing ratios of dust and sea salt 

aerosols are prognosed in different size bins.  However, since GOCART is a bulk 

scheme, it does not calculate number or size distribution of aerosols. For comparisons 

with satellite retrievals, AOD computed at 400 and 600nm are converted to 550nm using 

the angstrom coefficients. The model simulations are performed for 5 years from 2008-

2012, for the months June-August in every year. The model is re-initialized for 

meteorology and chemistry fields every 24h.  

2.2 Observations 

MODIS is an imaging spectroradiometer aboard NASA Terra (10:30 am local Equatorial 

crossing time) and Aqua (1:30 pm local Equatorial crossing time) satellites with 36 

spectral channels (0.14-15 µm). Retrievals of aerosol optical properties use seven spectral 

channels ranging from 0.14-2.14 µm. The MODIS AOD retrieval uses different 

algorithms: Over land, these include: 1) Dark Target (DT) for dark, dense vegetation, 2) 

Deep Blue (DB) to fill in gaps in DT for brighter/semi arid surfaces (Levy et al., 2013). 

We use collection 6, level 2, combined dark target and deep blue MODIS AOD (merged) 

retrieved at 10 km x 10 km horizontal resolution (Hsu et al., 2013; Sayer et al., 2014). 

Only pixels with quality assurance (QA) equal to ‘3’ are used for the current study. The 

merged AOD product uses DT or DB algorithm based on the Normalized Difference 

Vegetation Index (NDVI) classification for a pixel. For pixels with NDVI>=0.3, DT is 

used and for pixels with NDVI<=0.2, DB is used. For the NDVI range in between 0.2 

and 0.3, algorithm that returns QA=3 is used. If both returns QA=3, then the mean value 

of AOD from DT and DB is considered. The expected error for DT AOD is 

±(0.05+0.15τA) where τA is the AERONET AOD at 550nm. For DB, the expected error is 
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±(0.03+0.20τDB). Unlike DT, DB does not depend on AERONET observed values, rather 

defined as a prognostic error relative to the DB AOD value (Sayer et al., 2014). Error 

statistics for individual regions, with comparisons against AERONET observed AOD 

values are recognized and there is scope to revisit this in future.  However, in the present 

study, we use error estimates reported in Sayer et al., 2014 for DT and DB AOD.   

3 Post-processing techniques  

Two post-processing techniques based on the analog approach are utilized to reduce 

model bias in AOD.  

3.1 Analog scheme 

Analogs are defined as the set of past model predictions that are very similar to the 

current forecast for a given location and forecast time. Analog forecasts are chosen 

entirely from the model space using the history of model outputs (training data). Analogs 

are searched across several physical variables that exhibit correlation with the target 

variable being post-processed for model bias (Delle Monache et al., 2011; Vanvyve et al., 

2015). These physical variables are called ‘Predictors’ and the target variable of interest 

is called ‘Predictand’. The quality of the analog at a given forecast time and given 

location is estimated using the following metric. This metric is calculated for each day in 

the past prediction and the days are sorted from highest to lowest value of the metric. The 

days having lowest values are then considered as analog forecasts. The number of days 

chosen for the analog approach is based on the number of analogs specified.      

                                                 
    

     

  
                     

 
                                (4) 

Where Ft,i is the current forecast of the predictand which is to be bias corrected for time 

‘t’ and given location ‘i’. As mentioned above, the analogs are searched across multiple 
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physical variables v =1 to Nv.        is the current forecast of the variable ‘v’ and        is 

the past prediction of the variable ‘v’. Since the metric is a summation of variables of 

different units, the absolute distance between the current forecast and past prediction is 

weighted by the standard deviation of the past forecasts       at the same location for the 

same forecast time. Higher weightage (      is given for variables having higher 

correlation with the predictand. Here we use the absolute value of correlation of the 

variable with AOD as the value of weightage (     .  

3.2 Analog Ensemble (AnEn) 

Once the analog forecasts are chosen using Equation 4, the corresponding observations 

are selected on the days when analog forecasts occurred. These observations are called 

the Analog Ensemble (AnEn). These observations are then weighted to find the analog 

ensemble mean (AN) using the metric in Equation 4: 

AN =             
  
          (5) 

where,      is the weightage given to each observation in the ensemble and Na is the total 

number of analogs selected. This weightage for each analog is calculated using: 

     

 

           

 
 

           

  
   

    (6) 

These weights are computed by normalizing the inverse of the distance between the 

current forecast and the analog forecasts by the sum of the inverse distance to the analog 

forecast computed for the ensemble (for all analogs from N=1 to Na). This analog 

estimate of the target variables obtained using this method is purely based on the 

observations and the quality of the analogs.  
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3.3 Kalman Filter Analog  

Kalman filter (KF) is a post-processing technique that corrects the current forecast based 

on past forecast errors (Kalman, 1960). Djalalova et al., 2015 used a combination of 

analog forecasts and KF for reducing model bias in particulate matter (PM) forecasts 

from Community Multiscale Air Quality model (CMAQ). This method is referred to as 

‘Kalman Filter Analog (KFAN)’. The results from this study showed that KFAN 

technique dramatically improved the forecast skill and correlation for all seasons of the 

year when evaluated against independent ground PM observations. This method uses KF 

to estimate current forecast errors rather than the current forecast field in conventional 

KF. The forecast error is then subtracted from the analog ensemble mean, ‘AN’ to obtain 

the new KFAN estimate. At any given time t, the forecast bias can be defined as the sum 

of past forecast error,      , white noise of the forecast,   , and unsystematic error, 

           with zero mean and variance σ
2

t.  

                                 (7) 

The forecast error estimate      , found recursively by KF is written as a combination of 

previous predicted bias       and previous forecast error                          : 

                                                          (8)                                                                      

Where        is the Kalman gain weighting factor calculated using: 

                                                       
            

 

              
     

  
           (9)                                                                                              

Kalman gain weighs the difference between yesterday’s forecast error and yesterday’s 

estimate of the forecast bias to provide an optimal estimate of current forecast bias. It 

depends on the expected mean squared error  . At any given time, t,   is defined as: 

            σ2
t, α) (1 -         (10) 
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In this study, the ratio of 
   

 

    
  

 is set to 0.01 following Monache et al., 2006. Further 

details on the Kalman filter approach and the analog framework can be found in detail in 

Delle Monache et al., 2006 and 2011.  

 

One major limitation of KF is when forecast errors change drastically compared to the 

immediate past. In this case, since the current forecast errors are dependent on past 

forecasts that do not represent the current conditions, KF cannot capture the variability.  

This especially occurs during extreme events when the immediate past might not 

represent the current environmental conditions. If KF is applied to the analog ensemble 

mean, rather than on the standard time series, these errors can be reduced since the analog 

forecasts are similar to current forecasts (e.g., Djalalova et al., 2015). This method also 

demonstrates lower computational expense of generating an ensemble as this requires one 

historical model rather than multiple model runs. Therefore, this method is much faster 

than conventional data assimilation or ensemble modeling techniques.  

4. Experiments and Implementation 

The observational system encompasses MODIS AOD DT/DB merged AOD product at 

550nm retrieved at 10 km x 10 km. Although the model outputs are available every hour 

throughout the simulation period, the post-processing techniques are applied only using 

forecasts issued closer to the equatorial crossing of the Terra/Aqua satellites 

(10:30am/1:30 pm local time).  

Fig. 1 shows the mean AOD values for the training period JJA, 2008-2011 from MODIS 

and WRF-Chem at AERONET locations corresponding to Terra and Aqua overpass 
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times. It is seen from MODIS retrievals that the Eastern U.S has higher AOD than the 

West and the AOD values decrease during the Aqua overpass in the afternoon, especially 

in the East. WRF-Chem forecasts capture the general differences in the spatial pattern 

between the East and the West. However, AOD values from WRF-Chem increase in the 

afternoon forecasts in contrast to MODIS.  Sayer et al., 2013 noted that the algorithm 

applied for terra and Aqua for AOD retrieval is similar, so most of the differences are due 

to the variability in aerosol loading rather than on the algorithm differences in between 

Terra and Aqua.  

 

Fig. 1.  

Maps of mean Aerosol Optical Depth (AOD) from MODIS (top panel) and WRF-Chem 

(bottom panel) for the months of June-August (JJA) in 2008-2011 over locations of 

AERONET sites.  (a) Terra MODIS, (b) Aqua MODIS, (c,d) WRF-Chem forecasts closer 

to Terra and Aqua overpass times respectively.  
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The analog based post processing techniques, AN and KFAN are applied to outputs of 

AOD from WRF-Chem simulations at 36 x 36 km
2
. The model post-processing is 

performed for the period of June-August (JJA) of 2012 (verification period) using the 

past predictions from 2008-2011, for JJA. Analogs are searched across multiple 

predictors and weights for predictors are determined by using the absolute value of their 

correlation with AOD. We performed systematic statistical analyses to examine the 

relationships of AOD with PM2.5 and PM10 and other meteorological variables for 2008-

2012 over Continental United States (CONUS) using multi-variate linear regression 

models. First, we quantified metrics such as correlation, covariance, and sensitivities of 

all the variables with AOD and then systematically added variables in a step-wise linear 

regression approach to choose the predictors. If the R-squared and root mean square error 

(RMSE) values improved on adding a variable and if the variable exhibited higher 

correlation with AOD, the variable was considered in the list of predictors used for 

choosing analog forecasts. In our preliminary results, we show results for AN and KFAN 

using total precipitable water (TPW), total column PM10 and PM2.5, and surface 

horizontal wind speed as predictors. Fig.2. shows the mean values of predictors of AOD 

for 2008-2011 (summer). Higher PM in the East is consistent with higher AOD. Higher 

AOD values from WRF-Chem in the afternoon are due to increase in PM and wind 

speeds. While PM concentrations show distinct variation between East and the West, 

mean TPW forecasts show lesser variation across U.S and in between Terra and Aqua 

times (Fig. 2). 
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Fig. 2.  

Maps of mean values of predictors corresponding to Terra (top panel) and Aqua (bottom 

panel) overpass times. The mean values were computed for the months of June-August 

over 2008-2011 for locations of AERONET sites.  (a,e) Forecast mean for total column 

PM10, (b, f) total column PM2.5, (c,g) TPW, and (d,h) surface horizontal wind speed.    

 

We also discuss the predictor selection methods in detail in the supplementary material 

(Table S1-S4) for different geographic regions across US We find that for the Western 

U.S, addition of meteorological fields in the linear regression model do not significantly 

increase the R-squared of the model. Total column PM explains more than 40% of 

variation in AOD. In case of Eastern U.S, variation in temperature and relative humidity 

also significantly contribute to variation in AOD.  Although precipitation from 

convective and non-convective processes has higher correlation with AOD, addition of 

precipitation lowers the R-squared and RMSE values. So, the future work will include 

relative humidity at 2m instead of precipitation or TPW.   
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Fig. 3.  

Maps of standard deviation of predictors corresponding to Terra (top panel) and Aqua 

(bottom panel) overpass times. The standard deviation was computed for the months of 

June-August over 2008-2011 for locations of AERONET sites.  Forecast standard 

deviation for (a,f) AOD, (b,g) total column PM10, (c,h) total column PM2.5, (d,i) TPW, 

(e,j) surface horizontal wind speed.    

 

The temporal variability in AOD is also consistent with the temporal variability of the 

predictors. We show maps of standard deviations of AOD and other predictors in Fig.3. 

Over the southwest and northeast regions of U.S, higher standard deviations in AOD are 

consistent with higher standard deviation in PM levels. However, higher standard 

deviation for PM10 in central US is balanced by higher TPW values.  

 

For a given station, the absolute value of correlation of AOD against the predictor during 

the verification period is chosen to represent weight of the predictor at that location (wi,v). 

Correlation values are used only if the p value of the statistic is less than 0.05 (95% 

confidence interval). Since the weights are always positive, the absolute value of the 

correlation is considered. The weights vary across stations. AOD has higher correlation 

against PM across US However, the correlation values in the East are lower than for 
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stations in the West. Weights for TPW and wind speed show lesser spatial variation. 

AOD shows modest dependency for TPW except in sites over Arizona and New Mexico 

where the North American Monsoon occurs during the summer. A stronger dependency 

for wind speed and PM levels appears across all sites. Currently, we have not considered 

air temperature at 2m, but, this is one of the predictors of interest for future work. Both 

our PCA results and linear regression models show higher correlation of AOD with 

surface pressure patterns.  

 

Fig. 4.  

Analog predictor weights. Top and bottom panels represent predictor weights for Terra 

and Aqua AOD respectively.  Weights represent absolute values of correlation coefficient 

for (a,e) AOD vs PM10, (b,f) AOD vs PM25, (c,g) AOD vs TPW, (d,h) AOD vs horizontal 

wind speed.   Correlation values were computed using forecast fields from the 

verification period (2012).  

 

We ran sensitivity analysis using 10 and 30 analogs. However, we show results based on 

experiments with 10 analogs. Once the analogs are chosen using Equation 4, the 

observations when analog forecasts occurred are utilized in the AN and KFAN 

framework to post-process AOD. Since the method does not include observations for the 

testing period (2012) in optimization, we treat AOD observations for 2012 as 

independent data and test the accuracy of post-processed AN and KFAN estimates of 
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AOD against the AOD observations from MODIS. The current analog system applies 

post-processing only to target stations. However, there is scope to extend this to entire 

satellite swath in future. 

 

4.1 Evaluation metrics for post-processed data. 

We evaluate the accuracy of the model and analog based post-processing techniques by 

comparing the daily estimates of AOD from raw WRF-Chem forecasts/AN/KFAN 

against MODIS for JJA of 2012. Raw forecast bias is computed using:  

               (11) 

   and    are the mean values of AOD for JJA, 2012 from raw model forecasts and 

observations respectively.  

Root-mean-squared-error is computed as follows: 

      
 

  
          

 
         (12) 

N represents the total number of data pairs; T and O represent the analog estimates of 

AOD and MODIS observations respectively. Testing data, T are raw model forecasts or 

post-processed AOD estimates using AN or KFAN techniques.  

Error histograms are constructed for forecasts or post-processed AOD using daily values 

of bias computed using 11. In this case    represent forecasts or AOD estimated using 

different analog post-processing techniques.  

5. Results and Discussion 

WRF-Chem forecasts generally have larger errors in simulating aerosol loading during 

the summer due to the occurrence of North American Monsoon and extreme events like 
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fires and dust storms. Fig.5 shows estimates of mean AOD for JJA, 2012 from MODIS 

and WRF-Chem.  

 

 

 

Fig. 5.  

Maps of mean AOD from MODIS (top panel) and WRF-Chem (bottom panel) during the 

verification period (JJA, 2012). (a) Terra MODIS, (b) Aqua-MODIS, (c,d) WRF-Chem 

forecasts closer to Terra (c) and Aqua (d) overpass times.  

 

In general, from Terra/Aqua MODIS retrievals, we see that the spatial patterns in AOD 

for the analog verification period, JJA 2012 show higher AOD mean than the training 

period, across all sites. In particular, this is apparent for northern and central U.S, and the 

increase in AOD is smaller for Southwestern and Eastern US However, the patterns of 

spatial and temporal variation in AOD is similar to the training period with higher values 

in the east than in the West and AOD decreases for Aqua overpass in the afternoon in 

MODIS retrievals. For Terra overpass, model forecasts are slightly lower compared to the 

training period (Fig. 5).   
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WRF-Chem overestimates AOD by 0.02 – 0.15 in the Western U.S and underestimates 

by 0.05-0.1 in the Eastern US The decrease in AOD from morning to afternoon is not 

captured by WRF-Chem AOD forecasts. However, PM2.5 and wind speed increase in the 

model from morning to afternoon. The increase in PM and wind speed with no apparent 

increase in AOD in the Eastern U.S points to uncertainties in aerosol removal 

mechanisms in the model such as dry and wet deposition or chemical transformation.  

We used analog approach as described in previous section to correct for this bias in AOD. 

We show our results based on Analog Ensemble mean and Kalman filter analog in Fig.6.  

 

 

Fig. 6.   

AOD mean from Analog Ensemble Mean (AN : a,b) and Kalman Filter Analog  

(KFAN : c,d) for 2012 summer (JJA). Panels in the left (right) correspond to Terra 

(Aqua) overpass times.  
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Both AN and KFAN AOD reduce the mean bias in WRF-Chem outputs to 0.001 in most 

of the Western US AOD underestimation is also reduced to 0.02-0.1 at a few sites. The 

analog methods also capture the reduction in AOD in the afternoon that is observed in 

MODIS retrievals. Although KFAN underestimates AOD in central and eastern U.S, 

overall, KFAN performs better than AN (Fig.7). AN overestimates AOD across most 

sites and underestimates AOD at a few sites in the Central US The recursive prediction of 

forecast errors based on Kalman filter together with the use of analog forecasts in KFAN 

drastically improves prediction of AOD and reduces the mean bias. The spatial variability 

shows two regions across U.S: 1) Southwest: KFAN bias is almost 0, 2) North and 

Central:  KFAN underestimates AOD by 0.01 – 0.1.    

 

Fig. 7.   

Mean Bias for JJA 2012 in analog based AOD estimates.  Top and bottom panels 

correspond to Terra and Aqua overpass times respectively. (a,d) AN mean bias, (b,e) 

KFAN mean bias, (c,f) WRF-Chem mean bias. All bias values are calculated for the 

entire verification period from daily deviation of MODIS AOD (Terra or Aqua) from the 

analog or model values.  
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We further analyze the bias in AOD from analog estimates and model using the temporal 

variability in Fig.8 and Fig.9.  The time series of post-processed AOD based on AN and 

KFAN techniques for different geographical regions during the months of June-August 

show that the KFAN performs better for June and July months in the Western US and 

does not show significant reduction in model bias in the Eastern US. The daily variability 

in AOD is also not well captured by the analog methods in the Eastern U.S, especially 

during AOD highs and lows. We attribute this to the stronger dependency of AOD on 

meteorology. Availability of more precipitable water and formation of secondary aerosols 

in the East, especially in the afternoon could influence the variability in AOD in this 

region. The peak values of AOD in the East correspond to biomass burning events and 

lows or dips in AOD correspond to higher precipitation rates. We also see from Tables S2 

in the supplementary text that AOD correlation with precipitation is poor and adding 

precipitation in a step-wise regression approach drastically reduces the R
2
 values of the 

linear regression model for AOD. Further the weights assigned for TPW is very low 

compared to PM, which could potentially affect the impact of sinks on selection of 

analogs. Also, in days with biomass burning, since wind speed plays a crucial in 

simulating the evolution of smoke aerosols. Lower weights for wind speed also hinder 

accurate estimates of AOD based on analog methods. These in turn affect the choice of 

analogs, as the quality of analogs is also largely affected by model errors in TPW and 

weights given to predictors.  
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Fig 8.  

Daily variation of AOD for JJA, 2012 over different geographic regimes for Terra 

overpass times from MODIS (black), WRF-Chem (red), AN (green), KFAN (blue).   

Different panels correspond to : (a) Eastern US, (b) Central US, (c) Southern US, (d) 

Western US  

 

 

Fig 9.  
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Daily variation of AOD for JJA, 2012 over different geographic regimes for Aqua 

overpass times from MODIS (black), WRF-Chem (red), AN (green), KFAN (blue).   

Different panels correspond to : (a) Eastern US, (b) Central US, (c) Southern US, (d) 

Western US  

 

Fig.10 shows that analog methods have lesser RMSE values for Aqua than Terra 

overpass times (except for Central US) and June and July months have lesser RMSE than 

August. Western U.S shows least RMSE values for both analog and models. Precipitation 

values usually increase in the afternoon as a result of convection build up and in August 

in the Western U.S from North American Monsoon.  Precipitation in the East also occurs 

from convection and thunderstorms. All these periods with potentially higher 

precipitation or convective events have higher RMSE values, pointing to uncertainties in 

model simulated TPW that is used as one of the analog predictors. Figure S4 also 

illustrates that PC coefficients in the Eastern U.S for relative humidity and precipitation 

are higher than other regions. This emphasizes the role of meteorology in capturing the 

day to day variability in AOD in the East.  
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Fig 10.  

Root-mean-square-error (RMSE) of AOD for raw WRF-Chem forecasts (yellow), AN 

(cyan), and KFAN (blue) using the daily AOD values for the months of June –August in 

2012 for Terra (left) and Aqua (right) respectively.  Different panels correspond to 

different geographic regimes : (a,b) East, (c,d) Central, (e,f) South, and (g,h) West.  

 

6. Summary and Implications 

Two post-processing techniques, one based solely on analog forecasts and another, a 

combination of analog scheme and kalman filter are implemented and evaluated for AOD 

using forecasts from WRF-Chem and satellite retrievals of AOD from MODIS Terra and 

Aqua satellites. The method is tested for the summer 2012 across sites where ground 

based aerosol monitoring stations are located.  

The results demonstrate the effectiveness of the satellite retrievals, especially for the 

Western US during the summer. The verification metrics also provide deeper insights 

into the factors governing aerosol distribution in Western and Eastern US. The mean of 

post-processed AOD for the whole testing period is similar to MODIS AOD in terms of 

spatial pattern across all sites and in magnitudes for the Western US. The day to day 

variability shows that the KFAN technique with the current set up is unable to capture the 

peaks in AOD in the East and overestimates the mean AOD in the Eastern US. While we 

see that the AOD in Western US, during the summer is mostly dependent on PM loading 

in the atmospheric column, eastern US, on the other hand is highly dependent on the 

meteorology. This shows that uncertainties in model meteorology can lead to poor choice 

of analogs and higher RMSE for analog estimates.  
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Future plans to improve the set up will involve bias correction methods focused more on 

eastern US and improving the ability of the analog technique in capturing the peaks in 

AOD for simulating extreme aerosol events like dust storms and forest fires, by 

incorporating 2m temperature and surface pressure predictors. We will also use relative 

humidity at 2m that improves model correlation values when included in the stepwise 

regression, instead of TPW. This method leverages the usefulness of aerosol satellite 

retrievals in bias correcting model outputs. With the launch of geostationary satellites like 

GOES-R and the future missions like GEO-CAPE, the air quality monitoring can be 

made more accurate, much faster with lesser computational demands if analog based 

methods are used in combination with geostationary aerosol retrievals. The method can 

provide forecasts of satellite like AOD even before real time observations are available, 

only by using a history of past predictions and past observations, which is cost-effective 

and advantageous than running a conventional ensemble or DA system.   
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Supplementary Information  

Summary statistics: Linear regression models for predictor selection 

We present here a systematic statistical analyses to examine the relationships of AOD 

with particulate matter (PM2.5 and PM10) and meteorological variables for 2008-2012 

over Continental United States (CONUS) using multivariate linear regression models. 

First, we quantify metrics such as correlation, covariance, and sensitivities of all the 

variables with AOD and then systematically add variables in a step-wise linear regression 

approach (Tables S1-S4). We analyze these statistics for meteorological fields from 

Weather Research and Forecasting Model with Chemistry (WRF-Chem) simulations at 

36 km x 36 km (Table 1-4) for four geographic regions. The geographic regions shown 

here include East, West, South, and Central US  The statistics in Tables S1-S4 represent 

WRF-Chem PM or meteorological fields interpolated to AERONET site locations in 

individual geographic regions. The meteorological parameters used in this study are 

based on relationships between PM2.5 and meteorology described in Tai et al., 2010 and 

Tai et al., 2012. The variables used in this study include EPA surface concentrations 

WRF-Chem total column WRF PM2.5 and PM10 concentrations (PM25, PM10), Surface 

Pressure (PRESSFC), Air temperature at 2m (2m_AIRTEMP), Relative humidity at 2m 

(RH2m), Convective and non-convective precipitation (PRECIP), wind speed at 10m 

(WSPEED10m), and Geopotential heights at 500mb and 850mb (GH500, GH850). Total 

PM in WRF-Chem includes ammonium, sulphates, nitrates, black carbon and organic 

carbon, sea salt, and dust. We also evaluated linear regression models using EPA surface 

PM concentrations and North American Regional Reanalysis (NARR) meteorological 

data at 0.3
o
 x0.3

o
 (not shown here). These results showed that surface PM alone cannot 
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represent a larger proportion of variation in AOD and adding total column PM 

concentration significantly improves the R-squared values for the regression model. We 

also see that most of the meteorological variables associated with AOD are surface based 

(e.g., surface pressure, air temperature at 2m, relative humidity at 2m, and wind speed at 

10m) and variables such as geopotential heights at 500mb did not significantly increase 

the R-squared values or lower the root mean square error of the AOD model.  
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Table S1. Predictor Selection: Linear regression models for AOD in the Western US 

using WRF meteorology and total column PM concentrations 

 

Regression 

model 
R

2
 RMSE 

 2008-2011        2012         2008-2011        2012 

 

AOD ~ 1 + 

PM25 + PM10 

0.41 0.13 0.13 0.11 

 

AOD ~ 1 + 

PM25 + PM10 + 

2m_AIRTEMP 

0.42 0.17 0.13 0.11 

 

AOD ~ 1 + 

PM25 + PM10 + 

2m_AIRTEMP 

+ PRESSFC 

 

0.42 0.17 0.13 0.11 

AOD ~ 1 + 

PM25 + PM10 + 

2m_AIRTEMP 

+ PRESSFC + 

PRECIP 

 

0.21 0.23 0.20 0.09 
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AOD ~ 1 + 

PM25 + PM10 + 

2m_AIRTEMP 

+ PRESSFC + 

PRECIP+ RH2m  

 

0.21 0.23 0.13 0.09 

 AOD ~ 1 + 

PM25 + PM10 + 

2m_AIRTEMP 

+ PRESSFC + 

PRECIP+ RH2m 

+ WSPEED10m  

0.20 0.23 0.13 0.09 

 

*These statistics are based on 15665 data pairs for the training period and 4121 data 

pairs for verification period.  
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Table S2. Predictor Selection: Linear regression models for AOD in the Eastern US 

using WRF meteorology and total column PM concentrations  

 

Regression model R
2
 RMSE 

 2008-2011  2012         2008-2011  2012 

 

 

AOD ~ 1 + PM25 + 

PM10 

0.16 0.2 0.17 0.16 

 

AOD ~ 1 + PM25 + 

PM10 + 2m_AIRTEMP 

0.27 0.31 0.16 0.15 

 

AOD ~ 1 + PM25 + 

PM10 + 2m_AIRTEMP 

+ PRESSFC 

 

0.27 0.31 0.16 0.15 

AOD ~ 1 + PM25 + 

PM10 + 2m_AIRTEMP 

+ PRESSFC + PRECIP 

 

0.19 0.30 0.18 0.14 

AOD ~ 1 + PM25 + 

PM10 + 2m_AIRTEMP 

+ PRESSFC + PRECIP+ 

RH2m  

0.21 0.30 0.18 0.14 
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AOD ~ 1 + PM25 + 

PM10 + 2m_AIRTEMP 

+ PRESSFC + 

PRECIP+RH2m + 

WSPEED10m  

 

 

0.21 

 

 

0.30 

 

 

0.18 

 

 

0.14 

 

*These statistics are based on 11717 data pairs for the training period and 2912 data 

pairs for the verification period.  
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Table S3. Predictor Selection: Linear regression models for AOD in the Central US  

using WRF meteorology and total column PM concentrations 

  

Regression 

model 
R

2
 RMSE 

 2008-2011     2012         2008-2011     2012 

 

AOD ~ 1 + 

PM25 + PM10 

0.14 0.04 0.11 0.21 

 

AOD ~ 1 + 

PM25 + PM10 

+ 

2m_AIRTEMP 

0.14 0.06 0.1 0.21 

 

AOD ~ 1 + 

PM25 + PM10 

+ AIRTEMP + 

PRESSFC 

 

0.15 0.13 0.1 0.20 

AOD ~ 1 + 

PM25 + PM10 

+ AIRTEMP + 

PRESSFC + 

PRECIP 

 

0.12 0.16 0.10 0.20 
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AOD ~ 1 + 

PM25 + PM10 

+ AIRTEMP + 

PRESSFC + 

PRECIP+ 

RH2m  

 

0.13 

 

0.16 

 

0.10 

 

0.20 

 

 AOD ~ 1 + 

PM25 + PM10 

+ AIRTEMP + 

PRESSFC + 

PRECIP+ 

RH2m + 

WSPEED10m  

0.13 0.17 0.10 0.20 

 

*These statistics are based on 4315 data pairs for the training period and 1120 data 

pairs for the verification period.  
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Table S4. Predictor Selection: Linear regression models for AOD in the Southern U.S 

using WRF meteorology and total column PM concentrations 

 
Regression 

model 
R

2
 RMSE 

 2008-2011     2012         2008-2011     2012 

AOD ~ 1 + 

PM25 + PM10 
0.06 0.03 0.15 0.14 

 

AOD ~ 1 + 

PM25 + PM10 

+ 

2m_AIRTEMP 

0.1 0.07 0.15 0.14 

 

AOD ~ 1 + 

PM25 + PM10 

+ AIRTEMP + 

PRESSFC 

 

0.2 0.18 0.14 0.13 

AOD ~ 1 + 

PM25 + PM10 

+ AIRTEMP + 

PRESSFC + 

PRECIP 

 

0.2 0.13 0.14 0.13 
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*These statistics are based on 7543 data pairs for the training period and 2178 data 

pairs for the verification period.  

 

 

 

 

 

 

 

 

 

 

 

 

 

AOD ~ 1 + 

PM25 + PM10 

+ AIRTEMP + 

PRESSFC + 

PRECIP+ 

RH2m 

 

AOD ~ 1 + 

PM25 + PM10 

+ AIRTEMP + 

PRESSFC + 

PRECIP+ 

RH2m + 

WSPEED10m 

 

0.20 

 

 

 

 

 

 

 

 

0.22 

 

0.18 

 

 

 

 

 

 

 

 

0.20 

 

0.14 

 

 

 

 

 

 

 

 

0.14 

 

0.13 

 

 

 

 

 

 

 

 

0.13 
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APPENDIX D 

Summary of MODIS Retrieval Algorithm for 

Aerosol Optical Depth 

MODIS instrument onboard NASA Terra and Aqua satellites measures spectral radiance 

in 36 spectral channels from visible to thermal infrared and has a swath of ~2300 km. 

The operational algorithm for retrieving AOD uses spectral reflectance measured at 0.47 

µm, 0.66 µm, and 2.12 µm. The AOD is finally reported at 0.55 µm by interpolating 

between AOD retrieved at each channel. Current MODIS AOD is reported at 10 km 

(Levy et al., 2007) and 3 km horizontal resolution and there is a new product created with 

multi-angle atmospheric correction, particularly for bright surfaces like deserts in 

southwestern US called ‘MAIAC’ (Lyapustin et al., 2011). Throughout this study, we use 

the 10 km MODIS AOD product. While the summary of MODIS dark target and deep 

blue algorithm are provided here, the readers are referred to Remer et al., Levy et al., 

2007, and Levy et al., 2013 for details of the algorithm.  

 

The AOD algorithm has five components: 1) Pixel selection, aggregation, cloud masking 

and other filtering, 2) distinguishing surface and atmospheric reflectance, 3) assumptions 

about aerosol models, 4) matching top of the atmosphere spectral reflectance to the look 

up table, 4) determining the contribution of coarse mode and fine mode (< < 1 µm radii 

particles) weights and total AOD (Gupta et al., 2016). There are separate retrievals over 

land and ocean.  
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The atmospheric reflectance can be derived from surface reflectance and other 

bidirectional properties such as solar zenith angle and azimuth angle as proposed by 

Kaufmann et al., 1997: 

  
              

            
              

          

       
          

    (1) 

Where   
   is the atmospheric reflectance,   

  is the surface reflectance,   
  is the 

atmospheric path reflectance,        represent solar azimuth angle, satellite azimuth 

angle, and solar/satellite zenith angle respectively, and   is the atmospheric 

backscattering ratio. MODIS assumes that in a clear sky, the spectral reflectance from 

atmospheric aerosols is different from that of Earth’s surface or atmospheric gaseous 

molecules. Since MODIS AOD retrieval requires distinguishing gas molecules from 

aerosols,   
           is further corrected for atmospheric gases in the column by using a 

gas transmission factor (  
      as follows (Levy et al., 2013):  

  
                

             
     (2) 

  
        

        
              

      
      

Where    for any gas is obtained from gas absorption optical depth.  

          
   

The aerosol optical models for MODIS includes three spherical aerosols corresponding to 

fine mode such as those from industrial/urban activities (non-absorbing), soot type 

aerosols from savanna burning in South America and Africa (absorbing), and biomass 

burning aerosols (moderately absorbing) and one coarse aerosol model for global dust 

aerosols (Levy et al., 2007).   



 

236 

 

The atmospheric reflectance is then matched with the look up table comprising of these 

aerosol modules coupled with Rayleigh scattering in an inversion approach to create 

aerosol products. Recently, the surface reflectance parameterization was modified by to 

more accurately represent aerosols over urban areas (Gupta et al., 2016).   

 

MODIS Dark Target algorithm does not retrieve in brighter surfaces. For this reason, 

over bright-desert surfaces, spectral reflectances from deep blue wavelength (0.41 µm) 

are used. In his wavelength, the surface appears fairly dark and the signal from the 

atmosphere is also improved for aerosol retrieval (Hsu et al., 2013). The C6 collection 

products draws the best of DT or DB or AOD - ocean for each pixel to create a global 

AOD product (Levy et al., 2013). The expected error (EE : 1 standard deviation 

confidence envelope) estimates for the DT AOD is 0.05 ± 0.15τa where τa is the 

AERONET observed AOD closer to the MODIS pixel, and for the DB product, EE is 

0.03+0.20τDB where τDB  is the DB AOD (Sayer et al., 2014).  


