
ABSTRACT 

YAHYA, KHAIRUNNISA BINTE. Regional Air Quality and Climate Modeling using 

WRF/Chem with Improved Model Representations of Organic Aerosol Formation and 

Aerosol Activation. (Under the direction of Dr. Yang Zhang). 

 

The Weather Research and Forecasting model with Chemistry (WRF/Chem) is an 

online-coupled model which considers feedbacks from meteorology to chemistry, and vice 

versa, as well as aerosol-cloud-radiation feedbacks. The WRF/Chem model is therefore able 

to model both air quality and regional climate simulations. This study involves the application, 

evaluation, and improvement of the WRF/Chem model over the continental U.S. (CONUS). 

Comprehensive operational, diagnostic, and mechanistic evaluations of the WRF/Chem model 

are carried out for 2001, 2006, and 2010. The WRF/Chem model performs well in general for 

Ozone (O3) and fine particulate matter (PM2.5), as well as for most surface meteorological 

variables except for precipitation. Air quality trends from 2001 to 2010 are also analyzed to 

quantify the impacts of the changes in emissions for this decade. The WRF/Chem model is 

also applied for decadal regional climate simulations. The Community Earth System Model 

(CESM) model is downscaled by providing meteorological and chemical inputs to the 

WRF/Chem model for current and future decade simulations based on the Representative 

Concentration Pathways (RCP) scenarios for RCP4.5 and RCP8.5. A comprehensive decadal 

climatological evaluation is carried out to assess the model performance for current climate 

simulations. The results from the WRF/Chem model are compared to the results from the WRF 

model to assess the impacts of feedbacks from chemistry to future climate. Both WRF/Chem 

and WRF model show about ~2 oC increase in 2-m temperature (T2) in the year 2050, however, 

the location of the maximum T2 and precipitation differs for different models and RCP 

scenarios, due to the influence of the magnitude and spatial variability of aerosols in 



WRF/Chem. The WRF/Chem simulations also show a non-linear trend for changes in O3 

mixing ratios due to the changes in greenhouse gases, nitrogen oxides (NOx), volatile organic 

compounds (VOCs), and O3 indicator regimes in the future. The RCP4.5 scenario shows 

mainly a decrease in O3 mixing ratios over most parts of CONUS except for several urban 

areas, while the RCP8.5 scenario shows increases in O3 mixing ratios over the whole CONUS, 

due to increases in temperature, solar radiation, and biogenic VOCs, and methane (CH4) levels. 

The representation of aerosol-radiation-cloud processes in WRF/Chem are important not only 

for air quality, but also for climate simulations. The aerosol-cloud variables, such as the cloud 

droplet number concentration (CDNC) are not well-represented in the model. Large 

uncertainties remain in the representations of aerosols and clouds in the model, including the 

secondary organic aerosol (SOA) formation processes as well as the aerosol activation 

parameterization in the model. The organic aerosol (OA) formation process based on the 

Volatility Basis Set (VBS) is improved by including semi-volatile primary organic aerosol 

(POA) as well as fragmentation and functionalization processes. An improved aerosol 

activation parameterization based on Foutoukis and Nenes (2005), Barahona and Nenes 

(2010), and Morales Betancourt and Nenes (2014) is incorporated into the model as an 

alternative to the default Abdul Razzak and Ghan (2000) treatment. However, the results show 

that the improved parameterization reduces the bias but increases the errors for CDNC over 

CONUS, due to existing model weaknesses in simulating AOD and CCN, as well as possible 

inaccuracies in the spatial distribution and magnitudes of particulate matter emissions in the 

upper model layers. Future work is needed to consider improvements in the spatial variability 

of column PM and CCN to improve CDNC predictions in the model.  
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1. CHAPTER 1 INTRODUCTION: AIR QUALITY AND CLIMATE MODELING 

1.1.Climate-Chemistry Interactions  

 

The atmosphere is a dynamic system, with components interacting with each other. 

Atmospheric chemistry is involved in most of the processes and components contributing to 

the total radiative forcing of climate between 1750 and 2011 (Myhre et al., 2013). Atmospheric 

chemistry includes gas-phase reactions, aerosol-phase reactions, interactions between the gas 

and aerosol-phase species as well as the interaction of chemical species with water vapor, 

radiation and clouds. Recently, the Atmospheric Chemistry and Climate Model 

Intercomparison Project (ACCMIP) (Lamarque et al., 2013) was conducted to better evaluate 

the role of atmospheric chemistry in driving climate change focusing on aerosols and radiative 

forcing, tropospheric ozone (O3), ozone radiative forcing, black carbon deposition, and 

hydroxyl radicals (OH) and methane (CH4).  A number of the studies arising from the ACCMIP 

project focuses on the radiative forcing of tropospheric O3 due to increased emissions methane, 

oxides of nitrogen, carbon monoxide, and non-methane volatile organic compounds 

(NMVOCs) (Stevenson et al., 2013), the influence of tropospheric O3 on outgoing longwave 

radiation (OLR) (Bowman et al., 2013), and changes in tropospheric O3 burden due to changes 

in emissions and climate (Young et al., 2013). A number of other studies involve OH, CH4, 

and black carbon and its radiative forcing (Lee et al., 2013; Naik et al., 2013; Voulgarakis et 

al., 2013). However, most chemistry-climate studies focus on stratospheric O3 chemistry and 

greenhouse gases (McFarlane, 2008; Butchart et al., 2010; Bekki et al., 2013). Tropospheric 

O3 and fine particulate matter (PM2.5) not only contribute to climatic effects, but also air 

pollution and public health problems. Both O3 and PM2.5 are air pollutants regulated by the 

U.S. Environmental Protection Agency (US EPA’s) National Ambient Air Quality Standards 
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(https://www.epa.gov/criteria-air-pollutants/naaqs-table) as a result of the Clean Air Act. 

While air quality and public health policies seek to reduce the concentrations of air pollutants 

on the surface by reducing emissions, these measures will impact chemical species in the 

troposphere and stratosphere, which in turn affect meteorology and climate variables through 

various feedbacks.    

1.1.1. Tropospheric O3 

 

 Studies have shown that tropospheric O3 mixing ratios are not only influenced by 

anthropogenic and biogenic emissions of oxides of nitrogen (NOx) and volatile organic 

compounds (VOCs) but also meteorology and climate due to the relatively long lifetime of O3 

of 22 ±2.0 days (Stevenson et al., 2006). Recently, Lin et al. (2014) found that the tropospheric 

O3 levels at the Mauna Loa Observatory in Hawaii, which decrease in general in March and 

April and increase in September and October, are influenced by decadal shifts in atmospheric 

circulation patterns through the El Nino/ Southern Oscillation (ENSO) events. Lin et al. (2015) 

also found that stratospheric intrusions of O3 into the upper troposphere increase in frequency 

after strong La Nina winters, though surface O3 levels are not affected. However, Wang and 

Tanaka (2009) found that surface emissions dominate changes in current vs. tropospheric O3 

levels over regional climate over East Asia, North America and Europe. Similarly, Penrod et 

al. (2015) showed that anthropogenic emission changes of NOx and VOCs play a large role in 

summer for future O3 levels. Grewe et al. (2007) found that the tropospheric O3 budget in the 

Northern Hemisphere is influenced to a certain extent by changes of the stratospheric O3 

budget and its flux into the troposphere, which can compete with changes due to emissions 

from traffic and industries, while in tropical regions the changes in O3 are largely influenced 

by ENSO patterns and the stratosphere-troposphere exchanges of O3. Zeng et al. (2010) also 

https://www.epa.gov/criteria-air-pollutants/naaqs-table
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showed that stratospheric O3 recovery between 2000 and 2100 results in significant increases 

of tropospheric O3, especially in the Southern Hemisphere in winter.  

 The Intergovernmental Panel for Climate Change (IPCC) Special Report for Emissions 

Scenarios (SRES) (https://www.ipcc.ch/pdf/special-reports/spm/sres-en.pdf) as well as the 

Representative Concentration Pathway (RCP) scenarios (Moss et al., 2010) associate future 

climate changes with changes in greenhouse gas (GHG) emissions, such as carbon dioxide 

(CO2) and CH4. The increases in GHG emissions are directly related to the increase in global 

surface temperatures due to the absorption of thermal radiation by the GHGs in the 

troposphere. The increases in temperatures also increase the emissions of biogenic volatile 

organic compounds (BVOCs), which contribute to O3 formation. Increases in temperature lead 

to increases in future water vapor mixing ratios which also contribute to O3 formation. Besides 

indirectly affecting photochemical reactions and chemistry due to changes in temperature, CH4 

also plays an important role in tropospheric chemistry. Fiore et al. (2002) found that reducing 

anthropogenic CH4 emissions by 50% decreases the incidence of high-O3 events in the U.S. 

during the summer by half using the GEOS-CHEM model. In the 2005 Carbon Bond 

mechanism (CB05) (Yarwood et al., 2005) used extensively by a number of air quality and 

chemical transport models, CH4 is explicitly simulated by reacting with OH to form the 

methylperoxy radical (MEO2). MEO2 reacts with nitric oxide (NO) to form formaldehyde 

(HCHO), the hydroperoxyl radical (HO2) and nitrogen dioxide (NO2), which contribute to O3 

formation. CH4 is therefore the major source of background O3, while OH from O3 photolysis 

is the main tropospheric sink for CH4 (Unger et al., 2006). Fiore et al. (2008) found that O3 

changes linearly to changes in CH4 emission – specifically ~11 to 15 ppt global mean decrease 

of surface O3 per Tg a-1 CH4 reduced, and that the sensitivity of O3 to CH4 is the strongest 

https://www.ipcc.ch/pdf/special-reports/spm/sres-en.pdf
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within the boundary layer and in NOx-saturated regions. The reduction of CH4 emissions to 

mitigate future global warming can result in a co-benefit with the reduction of surface O3 

levels, by reducing health effects associated with O3 exposure. West et al. (2006) showed that 

reducing global anthropogenic CH4 emissions by 20% starting in 2010 would prevent 

~370,000 premature mortalities globally by 2030.  

1.1.2. Particulate Matter (PM) 

 

Aerosols including black carbon, sulfate, nitrate, organic carbon (OC) and mineral dust 

contribute to a major portion of direct and indirect radiative forcing, as shown in the IPCC 

AR5 report (Myhre et al., 2013). Sulfate, nitrate, OC, and dust are estimated to contribute to a 

negative radiative forcing, while black carbon contributes to a positive radiative forcing. The 

influence of PM on climate is more complicated compared to O3 due to the contributions of 

different precursors to the different PM species, as well as the fact that the different PM species 

interact with atmospheric components such as water vapor, radiation and clouds differently. In 

addition, the radiative forcing of PM components such as secondary organic aerosol (SOA), or 

PM components due to biomass burning in the future are not easily quantifiable. In the latest 

IPCC AR5 report (Myhre et al., 2013), the SOA component is not included in the estimations 

of radiative forcing due to insufficient information quantifying its formation, however, SOA 

can make up a significant percentage of organic aerosol (OA) (Zhang et al., 2007, 2011). In 

addition, the latest IPCC AR5 report (Myhre et al., 2013) denoted the radiative forcing from 

aerosol direct and semi-direct effects as the effective radiative forcing (ERF) of aerosol-

radiation interactions, where atmospheric aerosols scatter or absorb shortwave and longwave 

radiation and when the absorption of radiation by aerosols causes heating and affects the static 

stability of the atmosphere impacting cloud formation (Fuzzi et al., 2015); and the radiative 
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forcing from the cloud albedo and cloud lifetime effects as the ERF of aerosol-cloud 

interactions, where the aerosols can form cloud droplets, affecting cloud lifetime and 

precipitation. Fuzzi et al. (2015) indicated that evidence of the aerosol-cloud interactions can 

be seen from “ship tracks”, where the aerosols from the ship emissions results in an increase 

in the cloud droplet number concentration (CDNC) and a decrease in the cloud droplet radius. 

Other uncertainties in aerosol-cloud interactions include the aerosol effects on mixed-phase 

clouds.  

Changes in climate in the future can affect PM concentrations. Dawson et al. (2014) 

showed that the different PM components react differently due to changes in climate, often 

resulting in opposing increase/decrease in PM2.5 concentrations. For example, changes in 

oxidation due to warmer temperatures can result in an increase in sulfate and a decrease in 

nitrate, or increases in precipitation can result in decreases in both sulfate and nitrate through 

wet deposition. Tai et al. (2012) showed that the effect of climate change on future PM2.5 is 

small – the annual mean PM2.5 concentrations are not expected to change more than 0.5 g m-

3 due to competing effects from temperate changes, biogenic emissions, wildfire and 

vegetation. Penrod et al. (2014) showed that future PM2.5 concentrations decrease mainly due 

to decreases in primary anthropogenic emissions, secondary anthropogenic species as well as 

increased precipitation in winter. The decrease in PM and aerosol concentrations in the future 

result in increase in downward solar surface radiation of up to 10 Wm-2 over Asia under the 

Representative Concentration Pathway RCP6.0 scenario, the decrease in black carbon can lead 

up to decreases in mean summer surface temperature of up to 1 oC in central parts of North 

America but an increase of up to 1oC at high latitudes (Chuwah et al., 2016). It is important, 

therefore to consider the aerosol direct and indirect effects when projecting future climate due 
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to aerosols. The decrease in emissions of aerosols and aerosol precursors in the future is found 

to affect tropical sea surface temperatures (SSTs) and precipitation to a larger extent with 

models that consider both aerosol direct and indirect effects as compared to models that only 

consider direct effects of aerosols on radiation (Rotstayn et al., 2015).  Levy II et al. (2013) 

also found that the large emission reductions of aerosols and aerosol precursors in the RCP4.5 

scenario result in ~1 oC of additional warming and ~0.1 mm day-1 of additional precipitation 

mainly due to the indirect effects of sulfate aerosol.  

 

1.2.The Online-Coupled Weather Research and Forecasting model with Chemistry 

(WRF/Chem) 

 

The online-coupled WRF/Chem model versions 3.4.1, 3.6.1 and 3.7.1 were used in this 

study for both air quality and climate applications. The gas-phase chemical mechanism based 

on the CB05 mechanism is coupled with the existing Model for Aerosol Dynamics in Europe 

(MADE) aerosol module (Ackermann et al., 1998), and the advanced Volatility Basis Set 

(VBS) module. Implemented by Ahmadov et al. (2012) into WRF/Chem, MADE/VBS 

simulates the successive oxidation of SOA to lower volatility bins, and is able to more 

realistically simulate SOA concentrations compared to traditional SOA treatments such as the 

2-product model by Odum et al. (1996) in AQMs (Donahue et al., 2006). The traditional SOA 

treatment is used in another configuration in the WRF/Chem model, in the Secondary Organic 

Aerosol Module (SORGAM) (Schell et al., 2001). Chlorine chemistry is included in the CB05 

gas-phase mechanism. Emissions of hydrogen chloride (HCl) were also used as an input to the 

model. The WRF/Chem-CB05-MADE/VBS option also contains an updated version of 

aqueous chemistry based on the AQChem in CMAQ v5.0 of Sarwar et al. (2011) for both large-

scale and convective clouds (Wang et al., 2015), as well as heterogeneous chemistry involving 
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sulfur dioxide (SO2) based on Jacob (2000). WRF/Chem-CB05-MADE/VBS has also been 

coupled with existing model treatments for various feedback processes to simulate chemistry-

aerosol-radiation-cloud feedbacks such as aerosol semi-direct effects on photolysis rates of 

major gases, aerosol indirect effects on CDNC, and cloud effects on shortwave radiation. 

WRF/Chem is therefore a suitable model for regional air quality and climate studies 

considering chemistry-climate interactions described in Section 1.1. However, the model 

options available in the standard release do not consider the aerosol effects on convective 

clouds. The major physics options used include the Rapid Radiation Transfer Model for Global 

Circulation Models (RRTMG) shortwave and longwave radiation (Iacono et al., 2008), the 

FTUV photolysis rate scheme (Tie et al., 2003), the Yonsei University (YSU) planetary 

boundary layer (PBL) scheme (Hong et al., 2006), the National Center for Environmental 

Prediction, Oregon State University, Air Force, and Hydrologic Research lab’s (NOAH) land-

surface model (Chen and Dudhia, 2001), the Morrison two-moment microphysics scheme 

(Morrison et al., 2009), the Grell 3D cumulus parameterization (Grell and Freitas, 2013) or the 

newly added Multiscale Kain-Fritsch Scheme (MSKF) (Zheng et al., 2015) (which is only 

available from WRF/Chem v3.7 onwards), and the aerosol activation parameterization of 

Abdul-Razzak and Ghan (2000).  

 The WRF/Chem model has been extensively used to simulate gas and aerosol 

concentrations, aerosol radiative feedbacks on meteorology and chemistry, and aerosol direct 

and indirect effects (Zhang et al., 2010; Saide et al., 2012; Gao et al., 2014; Forkel et al., 2015; 

Wang et al., 2015; Yahya et al., 2015). Chapman et al. (2009) showed that the overall net 

effects from direct and indirect effects of aerosols from elevated point sources over North 

America resulted in a domain-wide averaged reduction of 5 W m-2 in mean daytime 
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downwelling shortwave radiation. Zhang et al. (2009) reported a reduction of incoming solar 

radiation by up to -9% in January and up to -16% in July over continental U.S. Wang et al. 

(2015) showed that net surface solar radiation in WRF/Chem can decrease by 12 W m-2 over 

continental U.S. due to aerosol indirect effects and by 4 W m-2 due to aerosol direct effects.   

 

1.3. References 

 

Ackermann, I.J., Hass, H., Memmesheimer, M., Ebel, A., Binkowski, F.S., and Shankar, U., 

1998. Model aerosol dynamics model for Europe: Development and first applications, 

Atmos. Environ., 32 (17), 2981 – 2999.  

Bekki, S., Rap, A., Poulain, V., Dhomse, S., Marchand, M., Lefevre, F., Forster, P.M., 

Szopa, S., and Chipperfield, M.P., 2013. Climate impact of stratospheric ozone recovery, 

Geophys. Res. Lett., 40(11), 2796 – 2800, doi:10.1002/grl.50358.  

Bowman, K.W., Shindell, D.T., Worden, H.M., Lamarque, J.F., Young, P.J., Stevenson, 

D.S., Qu, Z., de la Torre, M., Bergmann, D., Cameron-Smith, P.J., Collins, W.J., 

Doherty, R., Dalsoren, S.B., Faluvegi, G., Folberth, G., Horowitz, L.W., Josse, B.M., 

Lee, Y.H., MacKenzie, I.A., Myhre, G., Nagashima, T., Naik, V., Plummer, D.A., 

Rumbold, S.T., Skeie, R.B., Strode, S.A., Sudo, K., Szopa, S., Voulgarakis, A., Zeng, G., 

Kulawik, S.S., Aghedo, A.M., and Worden, J.R., 2013. Evaluation of ACCMIP outgoing 

longwave radiation from tropospheric ozone using TES satellite observations, Atmos. 

Chem. Phys., 13, 4057 – 4072, doi:10-5194/acp-13-4057-2013.  

Butchart, N., Cionni, I., Eyring, V., Shepherd, T.G., Waugh, D.W., Akiyoshi, H., Austin, J., 

Bruhl, C., Chipperfield, M.P., Cordero, E., Dameris, M., Deckert, R., Dhomse, S., Frith, 

S.M., Garcia, R.R., Gettleman, A., Giorgetta, M.A., Kinnison, D.E., Li, F., Mancini, E., 

McLandress, C., Pawson, S., Pitari, G., Plummer, D.A., Rozanov, E., Sassi, F., Scinocca, 

J.F., Shibata, K., Steil, B., and Tian, W., 2010. Chemistry-climate model simulations of 

twenty-first century stratospheric climate and circulation changes, J. Clim., 2010, 23:20, 

5349 – 5374, doi:10.1175/2010JCLI3404.1.  

Chapman, E.G., Gustafson Jr., W.I., Easter, R.C., Barnard, J.C., Ghan, S.J., Pekour, M.S., 

and Fast, J.D., 2009. Coupling aerosol-cloud-radiative processes in the WRF-Chem 

model: Investigating the radiative impact of elevated point sources, Atmos. Chem. Phys, 

9 (3), 945 – 964.  

Chuwah, C., van Noije, T., van Vuuren, D.P., Le Sager, P., and Hazeleger, W., 2016. Global 

and regional climate impacts of future aerosol mitigation in an RCP6.0-like scenario in 

EC-Earth, Clim. Change, 134 (1), 1 – 14.  



 

9 

 

Dawson, J.P., Bloomer, B.J., Winner, D.A., and Weaver, C.P., 2014. Understanding the 

meteorological drivers of U.S. particulate matter concentrations in a changing climate, 

Bull. Amer. Met. Soc., April 2014, 521 – 532, doi:10.1175/bams-d-12-00181.1.  

Fiore, A.M., Jacob, D.J., Field, B.D., Streets, D.G., Fernandes, S.D., and Jang, C., 2002. 

Linking ozone pollution and climate change: The case for controlling methane, Geophys. 

Res. Lett., 29 (19), 1919, doi:10.1029/2002GL015601.  

Fiore, A.M., West, J.J., Horowitz, L.W., Naik, V., and Schwarzkopf, M.D., 2008. 

Characterizing the tropospheric ozone response to methane emission controls and the 

benefits to climate and air quality, J. Geophys. Res., 113, D08307, 

doi:10.1029/2007JD009162.  

Forkel, R. et al., 2015. Analysis of the WRF-Chem contributions to AQMEII phase 2 with 

respect to aerosol radiative feedbacks on meteorology and pollutant distributions, Atmos. 

Environ., 115, 630 – 645, doi:10.1016/j.atmosenv.2014.10.056.  

Fuzzi et al., 2015. Particulate matter, air quality and climate: lessons learned and future 

needs, Atmos. Chem. Phys., 15, 8217 – 8299, doi:10.5194/acp-15-8217-2015.  

Gao, Y., Zhao, C., Liu, X., Zhang, M. and Leung, L.R., 2014. WRF-Chem simulations of 

aerosols and anthropogenic aerosol radiative forcing in East Asia, Atmos. Environ., 92, 

250 – 266, doi:10.1016/j.atmosenv.2014.04.038.  

Grewe, V., 2007. Impact of climate variability on tropospheric ozone, Science of the total 

Environment, 374(1), 167 – 181, doi:10.1016/j.scitotenv.2007.01.032.  

Lamarque, J.F., Shindell, D.T., Josse, B., Young, P.J., Cionni, I., Eyring, V., Bergmann, D., 

Cameron-Smith, P., Collins, W.-J., Doherty, R., Dalsoren, S., Faluvegi, G., Folberth, G., 

Ghan, S.J., Horowitz, L.W., Lee, Y.H., MacKenzie, I.A., Nagashima, T., Naik, V., 

Plummer, D., Righi, M., Rumbold, S.T., Schulz, M., Skeie, R.B., Stevenson, D.S., 

Strode, S., Sudo, K., Szopa, S., Voulgarakis, A., and Zeng, G., 2013. The Atmospheric 

Chemistry and Climate Model Intercomparison Project (ACCMIP): overview and 

description of models, simulations and climate diagnostics, Geosci. Model Dev., 6, 179 – 

206, doi:5194/gmd-6-179-2013.  

Lee, Y.H., Lamarque, J.-F., Flanner, M.G., Jiao, C., Shindell, D.T., Berntsen, T., Bisiaux, 

M.M., Cao, J., Collins, W.J., Curran, M., Edwards, R., Faluvegi, G., Ghan, S., Horowitz, 

L.W., McConnell, J.R., Ming, J., Myhre, G., Nagashima, T.., Naik, V., Rumbold, S.T., 

Skeie, R.B., Sudo, K., Takemura, T., Thevenon, F., Xu, B., and Yoon, J.-H., 2013. 

Evaluation of preindustrial to present-day black carbon and its albedo forcing from 

Atmospheric Chemistry and Climate Model Intercomparison Project (ACCMIP), Atmos. 

Chem. Phys., 13, 2607 – 2634, doi:10.5194/acp-13-2607-2013.  

Levy II, H., Horowitz, L.W., Schwarzkopf, M.D., Ming, Y., Golaz, J.-C., Naik, V., and 

Ramaswamy, V., 2013. The roles of aerosol direct and indirect effects in past and future 

climate change, J. Geophys. Res., 118 (10), 4521 – 4532, doi:10.1003/jgrd.50192.  



 

10 

 

Lin, M., Horowitz, L.W., Oltmans, S.J., Fiore, A.M., and Fan, S., 2014. Tropospheric ozone 

trends at Mauna Loa Observatory tied to decadal climate variability, Nature Geoscience, 

7, 136 – 143, doi:10.1038/ngeo2066.  

McFarlane, N., 2008. Connections between stratospheric ozone and climate: Radiative 

forcing, climate variability and change, Atmos.-Ocean, 46(1), 139 – 158, 

doi:10.3137/ao.460107.  

Moss, R. H., Edmonds, J.A., Hibbard, K.A., Manning, M.R., Rose, S.K., van Vuuren, D.P., 

Carter, T.R., Emori, S., Kainuma, M., Kram, T., Meehl, G.A., Mitchell, J.F.B., 

Nakicenovic, N., Riahi, K., Smith, S.J., Stouffer, R.J., Thomson, A.M., Weyant, J.P. and  

Wilbanks, T.J.: The next generation of scenarios for climate change research and 

assessment, Nature, 463, 747 – 756, doi:  10.1038/nature0882, 2010.  

Naik, V., Voulgarakis, A., Fiore, A.M., Horowitz, L.W., Lamarque, J.F., Lin, M., Prather, 

M.J., Young, P.J., Bergmann, D., Cameron-Smith, P.J., Cionni, I., Collin, W.J., Dalsoren, 

S.B., Doherty, R., Eyring, V., Faluvegi, G., Folberth, G.A., Josse, B., Lee, Y.H., 

MacKenzie, I.A., Nagashima, T., van Noije, T.P.C., Plummer, D.A., Righi, M., Rumbold, 

S.T., Skeie, R., Shindell, T., Stevenson, D.S., Strode, S., Sudo, K., Szopa, S., and Zeng, 

G., 2013. Preindustrial to present-day changes in tropospheric hydroxyl radical and 

methane lifetime from the Atmospheric Chemistry and Climate Model Intercomparison 

Project (ACCMIP), Atmos. Chem. Phys., 13, 5277 – 5298, doi:10.5194/acp-13-5277-

2013.  

Penrod, A., Zhang, Y., Wang, K., Wu, S.-Y., and Leung, L.R., 2014. Impacts of future 

climate and emission changes on U.S. air quality, Atmos. Environ., 89, 533 – 547, 

doi:10.1016/j.atmosenv.2014.01.001.  

Rotstayn, L.D., Collier, M.A., and Luo, J.J., 2015. Effects of declining aerosols on 

projections of zonally averaged tropical precipitation, Environ. Res. Lett., 10, 044018, 

doi:10.1088/1748-9326/10/4/044018.  

Saide et al., 2012. Evaluating WRF-Chem aerosol indirect effects in Southeast Pacific marine 

stratocumulus during VOCALS-Rex, Atmos. Chem. Phys., 12, 3045 – 3064, 

doi:5194/acp-12-3045-2012.  

Schell, B., Ackermann, I.J., Hass, H., Binkowski, F.S., and Ebel, A., 2001. Modeling the 

formation of secondary organic aerosol within a comprehensive air quality model system, 

J. Geophys. Res., 106, 28275 – 28293.  

Stevenson, D.S., et al., 2006. Multimodel ensemble simulations of present-day and near-

future tropospheric ozone, J. Geophys. Res., 111, D08301, doi:10.1029/2005JD006338.  

Stevenson, D.S., Young, P.J., Naik, V., Lamarque, J.-F., Shindell, D.T., Voulgarakis, A., 

Skeie, R.B., Dalsoren, S.B., Myhre, G., Berntsen, T.K., Folberth, G.A., Rumbold, S.T., 

Collins, W.J., Mackenzie, I.A., Doherty, R.M., Zeng, G., van Noije, T.P.C., Strunk, A., 

Bergmann, D., Cameron-Smith, P., Plummer, D.A., Strode, S.A., Horowitz, L., Lee, 

Y.H., Szopa, S., Sudo, K., Nagashima, T., Josse, B., Cionni, I., Righi, M., Eyring, V., 



 

11 

 

Conley, A., Bowman, K.W., Wild, O., Archibald, A., 2013. Tropospheric ozone changes, 

radiative forcing and attribution to emissions in the Atmospheric Chemistry and Climate 

Model Intercomparison Project (ACCMIP), Atmos. Chem. Phys., 13, 3063 – 3085, 

doi:10.5194/acp-13-3063-2013.  

Tai, A.P.L., Mickley, L.J., and Jacob, D.J., 2012. Impact of 2000 – 2050 climate change on 

fine particulate matter (PM2.5) air quality inferred from a multi-model analysis of 

meteorological modes, Atmos. Chem. Phys., 12, 11329 – 11337, doi:10.5194/acp-12-

11329-2012.  

Unger, N., Shindell, D.T., Koch, D.M., Amann, M., Cofala, J., and Streets, D.G., 2006. 

Influences of man-made emissions and climate changes on tropospheric ozone, methane 

and sulfate at 2030 from a broad range of possible futures, J. Geophys. Res., 111, 

D12313, doi:10.1029/2005JF006518.  

Voulgarakis, A., Naik, V., Lamarque, J.-F., Shindell, D.T., Young, P.J., Prather, M.J., Wild, 

O., Field, R.D., Bergmann, D., Cameron-Smith, P., Cionni, I., Collins, W.J., Dalsoren, 

S.B., Doherty, R.M., Eyring, V., Faluvegi, G., Folberth, G.A., Horowitz, L.W., Josse, B., 

MacKenzie, I.A., Nagashima, T., Plummer, D.A., Righi, M., Rumbold, S.T., Stevenson, 

D.S., Strode, S.A., Sudo, K., Szopa, S., and Zeng, G., 2013. Analysis of present day and 

future OH and methane lifetime in the ACCMIP simulations, Atmos. Chem. Phys., 13, 

2563 – 2587, doi: 10.5194/acp-13-2563-2013.  

Wang, W.C., and Tanaka, H., 2009. Tropospheric Ozone Climate – Chemistry Interaction: 

Aspects of Climate Changes, Twenty Years of Ozone Decline, edited by C. Zerefos et al., 

Springer Netherlands, 291 – 295.  

Wang, K., Zhang, Y., Yahya, K., Wu, S.-Y., and Grell, G., 2015. Implementation and initial 

application of new chemistry-aerosol options in WRF/Chem for simulating secondary 

organic aerosols and aerosol indirect effects for regional air quality, Atmos. Environ., 

115, 716 – 732, doi:10.1016/j.atmosenv.2014.12.007.  

West, J.J., Fiore, A.M., Horowitz, L.W., and Mauzerall, D.L., 2006. Global health benefits of 

mitigating ozone pollution with methane emissions controls, Proc. Natl. Acad. Sci. 

U.S.A., 103(11), 3988 – 3993, doi:10.1073/pnas.0600201103.  

Yahya, K., Wang, K., Gudoshava, M., Glotfelty, T., and Zhang, Y., 2015. Application of 

WRF/Chem over North America under the AQMEII Phase 2: Part 1. Comprehensive 

evaluation of 2006 simulation, Atmos. Environ., 115, 733 – 755, 

doi:10.1016/j.atmosenv.2014.08.063.  

Young, P.J., Archibald, A.T., Bowman, K.W., Lamarque, J.-F., Naik, V., Stevenson, D.S., 

Tilmes, S., Voulgarakis, A., Wild, O., Bergmann, D., Cameron-Smith, P., Cionni, I., 

Collins, W.J., Dalsoren, S.B., Doherty, R.M., Eyring, V., Faluvegi, G., Horowitz, L.W., 

Josse, B., Lee, Y.H., MacKenzie, I.A., Nagashima, T., Plummer, D.A., Righi, M., 

Rumbold, S.T., Skeie, R.B., Shindell, D.T., Strode, S.A., Sudo, K., Szopa, S., and Zeng, 

G., 2013. Pre-industrial to end 21st century projections of tropospheric ozone from the 



 

12 

 

Atmospheric Chemistry and Climate Model Intercomparison Project (ACCMIP), Atmos. 

Chem. Phys., 13, 2063 – 2090, doi:10.5194/acp-13-2063-2013.  

Zeng, G., Morgenstern, O., Braesicke, P., and Pyle, J.A., 2010. Impact of stratospheric ozone 

recovery on tropospheric ozone and its budget, Geophys. Res. Lett., 37, L09805, 

doi:10.1029/2010GL042812.  

Zhang, Q. et al., 2007. Ubiquity and dominance of oxygenated species in organic aerosols in 

anthropogenically-influenced Northern Hemisphere midlatitudes, Geophys. Res., Lett., 

34, L13801, doi:10.1029/2007GL029979.  

Zhang, Qi, Jimenez, J.L., Canagaratna, M.R., Ulbrich, I.M., Ng, N.L., Worsnop, D.R., and 

Sun, Y., 2011. Understanding atmospheric organic aerosols via factor analysis of aerosol 

mass spectrometry: a review, Anal. Bioanal. Chem., 401, 3045 – 3067, 

doi:10.1007/s00216-011-5355-y.  

Zhang, Y., Wen, X.-Y., and Jang, C.J., 2010. Simulating chemistry-aerosol-cloud-radiation-

climate feedbacks over the continental U.S using the online-coupled Weather Research 

Forecasting Model with Chemistry (WRF/Chem), Atmos. Environ., 44 (29), 3568 – 

3582, doi:10.1016/j.atmosenv.2010.05.056.  

 

 

 

 

 

 

 

 

 

 

 



 

13 

 

2. CHAPTER 2 LITERATURE REVIEW: ONLINE-COUPLED AIR QUALITY AND 

CHEMISTRY-CLIMATE MODELS AND THEIR UNCERTAINTIES 

2.1.Offline vs. Online-coupled Air Quality Models, Chemical Transport Models and 

Chemistry-Climate Models  

 

Most atmospheric models start off as a pure meteorological or climate model, subsequently 

with chemistry incorporated and linked with the original atmospheric physics and dynamics 

modules (online-coupled). A significant advantage of online-coupled meteorology and 

chemistry forecasting models would be the conservation of information of atmospheric 

processes that has a smaller time scale than the output of the meteorological model (Grell et 

al., 2005). Another advantage would be the fact that online models allow feedback at each 

model time step from meteorology to chemistry and vice versa, which more closely resemble 

actual atmospheric processes (Grell et al., 2004; Zhang, 2008). Other model systems contain 

meteorology or climate models that are separate or independent from the air quality or chemical 

transport models. The meteorological or climate fields are used to drive chemical fields in the 

air quality or chemical transport models (offline-coupled). Offline-coupled models do not 

consider feedbacks between meteorology and chemistry, which are important in climate 

simulations. Offline models are also more commonly used in ensemble and operational real-

time air quality forecasting as they are less computationally intensive than online-coupled 

models (Zhang, 2008). Most air quality or chemical transport models are used to model 

tropospheric chemistry, while most chemistry-climate models are used to model stratospheric 

O3 chemistry. However, tropospheric chemistry is also important when considering the co-

benefits of the reduction of anthropogenic emissions for air quality and climate. Air quality or 
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chemical transport models also tend to simulate at the local or regional scale, while chemistry-

climate models tend to simulate at the global scale. The extent of chemistry incorporated into 

the models differs – ranging from simple O3 chemistry to extensive gas and aerosol-phase 

chemical mechanisms with photolysis of gases, aqueous and heterogeneous chemistry, as well 

as aerosol direct and indirect feedbacks.  

Table 2.1 shows examples of online-coupled regional and global air quality models, 

chemical transport models and chemistry-climate models from literature, with details of the 

chemical mechanisms implemented. There are a number of chemistry-climate models from 

literature for global applications with coarse horizontal resolutions (> 1O × 1O). Most of the 

global chemistry-climate models simulate important inorganic and organic gas-phase and 

aerosol-phase chemistry, as well as direct effects between aerosols and radiation. However, 

most do not simulate aerosol indirect effects on radiation and clouds, with the exception of 

GATOR-GCMOM (Jacobson, 2001; 2005; 2010), GU-WRF/Chem (Zhang et al., 2012) and 

ECHAM5-HAMMOZ (Pozzoli et al., 2011). On the regional scale, most models tend to be air 

quality and chemical transport models, which simulate extensive gas and aerosol-phase 

chemistry. However, on the regional scale, most models are offline-coupled models. Some of 

these regional-scale offline-coupled models that are widely used include the Community 

Multiscale Air Quality Model (CMAQ) model by the U.S. Environmental Protection Agency, 

Particulate Matter Comprehensive Air Quality Model with Extensions (PMCAMx) (Gaydos et 

al., 2007), and the Meteorological Synthesizing Centre-West (MSC-W) European Monitoring 

and Evaluation Programme (EMEP) model (Simpson et al., 2012), There are few models that 

are online-coupled, and simulate direct and indirect effects of aerosols on radiation and clouds, 

likely due to the increased computational cost with simulating gas and aerosol-phase 
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chemistry, as well as aerosol direct and indirect effects at a higher resolution. There is, 

however, a need for more regional scale online-coupled models that can simulate both 

chemistry and climate and their feedback processes to resolve local and finer scale atmospheric 

and chemical processes. Two of such models are WRF/Chem (Grell et al., 2005) and the 

COSMO NWP model with the extension for Aerosols and Reactive Trace gases (COSMO-

ART) (Knote et al., 2011), which can model both aerosol direct and indirect effects, as well as 

other feedbacks from atmospheric components as discussed in Section 1.  

 

2.2.Uncertainties in Air Quality Models, Chemical Transport Models and Chemistry-Climate 

Models  

 

Uncertainties associated a the model including model inputs such as emissions, 

meteorology, and chemical initial and boundary conditions (ICONs and BCONs, respectively) 

will continue to exist. ICONs and BCONs also influence air quality simulations to a certain 

extent (Samaali et al., 2009). A number of studies reported uncertainties in emission 

inventories including those associated with emission factors, activity levels of vehicle exhaust 

(Molina and Molina, 2004) and in motor vehicle emission profiles (Lough and Schauer, 2007). 

Uncertainties in biomass burning including wildfire emissions due to their dependence on 

atmospheric conditions (Liu, 2004), vegetation characteristics, differences in the burned areas 

affected by fires (Zhang and Kondragunta, 2008; Urbanski et al., 2009, 2011). Those in 

biomass density, combustion efficiency, and emission factors associated with biomass burning 

have also been reported (Zhang et al., 2008). Other uncertainties include emission factors of 

natural emissions such as marine emissions and isoprene emissions from phytoplankton (Gantt 

et al., 2010), mineral dust emissions due to uncertainties in wind profiles (Laurent et al., 2008), 
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leaf area index (LAI) (Fairlie et al., 2007), and satellite retrieval (Knippertz and Todd, 2012), 

nitrogen oxides from lightning and sea-salt emissions (Mueller et al., 2011), as well as 

uncertainties in biogenic emissions due to their dependence on meteorology and land use 

(Feldman et al., 2010). The use of ICONs/BCONs from global models to drive regional models 

also result in errors carried over from predictions of meteorological and chemical fields from 

the global models to the regional models. For example, Yahya et al. (2015), found that the use 

of different chemical ICONs/BCONs from different global models can result in up to a 16% 

reduction in the normalized mean bias (NMB) of maximum 8-hr O3 predictions over 

continental U.S. Spatial and time-varying BCONs also generally perform better compared to 

static or idealized BCONs (Samaali et al., 2009).  

Other uncertainties arise due to inaccuracies in meteorological predictions such as the 

PBL height, clouds and cloud processes, and land surface characteristics including soil 

moisture, due to inherent model processes. Two significant uncertainties in air quality, 

chemical transport and chemistry-climate models reported by the IPCC AR5 (Myhre et al., 

2013) include uncertainties in the SOA representation in models as well as the representation 

of aerosol-cloud interactions.  

 

2.2.1. Organic Aerosol  

 

While the formation of inorganic aerosols (e.g., sulfate and nitrate) in air quality and 

chemical transport models is relatively well-understood, the formation of OA, especially SOA 

formed from the oxidation of VOCs, is still not well understood (Jimenez et al., 2009). As a 

result, models do not have a comprehensive treatment of OA, which usually result in an 

underprediction of OA concentrations (Hodzic et al., 2010; Jathar et al., 2011; Bergstrom et 

al., 2012), due to missing key precursors and processes in OA formation (Ahmadov et al., 
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2011). Some of the missing key precursors that are not treated in some models include semi-

volatile primary organic aerosol (POA), long-chain n-alkanes, polycyclic aromatic 

hydrocarbons (PAHs), large olefins that have lower volatilities compared to traditional SOA 

precursors (Chan et al., 2009), as well as glyoxal (Volkamer et al., 2007). Glyoxal is receiving 

increased attention due to its contribution to SOA. Because of its high effective Henry’s law 

coefficient, it is efficiently taken onto aqueous aerosol droplets; it can also react with OH and 

other species in the gas or aerosol-phases to form other organic compounds (Galloway et al., 

2011). It is also a significant intermediate species from aromatic hydrocarbon photooxidation 

under humid conditions for SOA formation (Nakao et al., 2012). PAHs are another important 

contributor to SOA. Napthalenes and methylnapthalenes are found to account for up to 54% 

of the total SOA from oxidation of diesel emissions, which is a potentially large source of 

urban SOA (Chan et al., 2009). Zhang and Ying (2012) in a modeling study using the CMAQ 

model showed that PAHs from anthropogenic sources can produce approximately 4% of total 

anthropogenic SOA.  

OA has physical and chemical properties which dynamically evolve with age; this is unlike 

inorganic aerosols such as sulfate (Jimenez et al., 2009). The traditional approach for SOA 

modeling is to assume that each VOC precursor forms several surrogate compounds (Odum et 

al., 1996). However, this method has several shortcomings, for example, two products are 

needed for each VOC precursor causing this method to be computationally expensive if many 

VOC precursors are treated in the model (Murphy and Pandis, 2009). The assumption that the 

products are unreactive also does not reflect the dynamic nature of the first generation products 

from the oxidation of VOCs that can undergo successive oxidation steps to further produce 

lower volatility products (Jimenez et al., 2009). The volatility basis set (VBS) is a framework 
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developed by Donahue et al. (2006), which is able to model gas-phase partitioning and multiple 

generations of gas-phase oxidation of organic vapors. This approach addresses the 

shortcomings of the traditional SOA modeling approach as it can cover the complete volatility 

range of OA compounds (Murphy and Pandis, 2009). To account for the missing key 

precursors in OA formation, several VBS modeling studies included mass of additional 

intermediate and semi-volatile organic compounds based on a factor of the original POA 

emissions found in current emission inventories. POA emitted directly from a source is 

typically treated as nonvolatile and nonreactive in air quality models (Donahue et al., 2009). 

This is because the early SOA experiments in smog chambers used high aerosol concentrations 

which biased the partitioning towards the particulate phase. Robinson et al. (2007) suggested 

two major amendments to the current OA conceptual framework: (i) to account for gas-particle 

partitioning of POA; and (ii) to explicitly represent gas-phase oxidation of all low volatility 

vapors in the current SOA production mechanism. The VBS framework has been implemented 

into 3-D models. There are also box models which are more explicit in their treatments of SOA 

formation, however, these are restricted to specific precursors. In addition, the inputs to box 

models are constrained by observations and are typically simulated in idealized conditions. 

SOA formation in box models also tends to lack variability due to the omission of emissions, 

transport, and chemistry that are occur in the atmosphere on the regional scale (Knote et al., 

2014). Examples of these box models include the hydrophilic/hydrophobic organic (H2O) 

aerosol model (Couvidat et al., 2012) and the Secondary Organic Aerosol Processor (SOAP 

v1.0) model (Couvidat and Sartelet, 2014).  A summary of the major approaches to simulate 

SOA is listed in Table 2.2.  
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2.2.2. Aerosol Activation  

 

One of the major processes in aerosol-cloud interactions is aerosol activation, which 

involves the condensational growth of aerosols in a cooling air parcel until maximum 

supersaturation, and some of the wet particles reach a critical radius where they are then able 

to grow spontaneously into cloud droplets (Ghan et al., 2011). Three dimensional online-

coupled Air Quality models such as WRF/Chem parameterize the aerosol activation process 

as it is computationally expensive to solve the governing equations or run a cloud parcel model 

in a 3-D model (Abdul-Razzak et al., 1998). Predictions of CDNC in physically-based aerosol 

activation parameterizations are based on several parameters including the cooling rate or the 

updraft velocity, the size distribution of aerosol number as well as the hygroscopicity of the 

particles (Ghan et al., 2011). WRF/Chem currently uses the aerosol activation treatment from 

Abdul-Razzak and Ghan (2000) (AR-G00).  AR-G00 uses multiple lognormal or sectional 

distributions for MADE/VBS and the Model for Simulating Aerosol Interactions and 

Chemistry (MOSAIC) (Zaveri et al., 2008), respectively, to approximate the aerosol size 

distribution.  It uses the Kohler theory to relate the aerosol size distribution and composition 

to the number of aerosols activated as a function of maximum supersaturation.  The number 

and mass activated are particles with critical supersaturation less than the maximum 

supersaturation.  It also accounts for particle growth before and after the particles are activated 

(Abdul-Razzak and Ghan, 2000). An important limitation of this treatment is that the kinetic 

limitations on the activation process are neglected. Kinetic limitations refer to the (i) inertial 

mechanism – where particles with large dry diameters grow to be as large as activated particles 

but have not been activated themselves, these particles should be considered together with 

activated particles; (ii) evaporation mechanism – where particles with high critical 
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supersaturation evaporate before reaching their critical diameters; and the (iii) deactivation 

mechanism – where initially activated particles that are deactivated to interstitial aerosols when 

the parcel supersaturation falls below the equilibrium supersaturation (Nenes et al., 2001). 

ARG-00 (which neglect kinetic limitations) performs well for all conditions except in highly 

polluted areas (Ghan et al., 2011). In urban and highly polluted cases, many particles fail to be 

activated due to strong evaporation and deactivation processes (Nenes et al., 2001). Accounting 

for kinetic limitations reduces CDNC at low updraft velocity (Ghan et al., 2011). The 

limitations of the AR-G00 scheme have been addressed by the parameterization of Fountoukis 

and Nenes (2005) (FN05). The FN05 scheme explicitly considers kinetic limitations on droplet 

growth and does not approximate functions for maximum supersaturation, it requires iterations 

to solve for the maximum supersaturation. The FN05 scheme has further been improved in 

other studies. The other improvements built on top of the FN05 scheme include the 

parameterization of entrainment of ambient air, which could reduce the supersaturation of the 

updraft (Barahona and Nenes, 2007) (BN07) therefore theoretically reducing CDNC; the 

parameterization of adsorption of water vapor onto insoluble particles by Kumar et al. (2009) 

(KU09) which will help to increase CDNC; the parameterization of the growth of giant cloud 

condensation nuclei (CCN) (Barahona et al., 2010) (BA10) which will reduce CDNC; as well 

as the improvement of the original population splitting concept in FN05 by Morales Betancourt 

and Nenes (2014) (MN14) by better accounting for the size of inertially limited CCN. 
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2.3.Overview of Research 

 

 

The main research is divided into 3 main parts – (i) Comprehensive Model Evaluation and 

Application for current years (Chapter 3), (ii) Current vs. Future decadal simulations (Chapter 

4), (iii) Model development work with regards to organic aerosol and aerosol activation 

parameterizations (Chapter 5).  The major scientific questions to be address for each section 

are – (i) Is the WRF/Chem model robust? Is the WRF/Chem model able to sufficiently simulate 

the current state of the atmosphere, as well as trends in air quality? (ii) Is the WRF/Chem model 

able to reasonably predict future climate and air quality? How will the future climate affect air 

quality and vice versa? (iii) Will implementing improved organic aerosol treatments and 

aerosol activation parameterizations improve organic aerosol predictions as well as CDNC? 

The hypothesis to be tested for the current vs future simulations is that there will be co-benefits 

in improvement of air quality (in terms of O3 and PM2.5) and the impact of climate by reducing 

greenhouse gases. The hypothesis to be tested for the model improvement work will be that 

the implementation of better organic aerosol treatments and aerosol activation 

parameterizations will help to improve predictions of organic aerosols and CDNC. This work 

is unique as it examines the impact of organic aerosol predictions in the model on CDNC to 

improve aerosol-cloud interactions. Flow charts of the model development work for the 

organic aerosol and aerosol activation processes can be found in Figures 2.1 and 2.2.  
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2.5.Tables 
 

Table 2.1. Summary of online-coupled air quality, chemical transport and chemistry-climate models from literature. 

Source Model Horizontal 

Resolution 

Gas-Phase 

Chemistry 

Aerosol-Phase 

Chemistry 

Effect of chemistry 

on radiation and 

clouds 

Jacobson 

(2001, 

2005, 

2010) 

Gas, Aerosol, Radiation and 
Transport Model Global 
through Urban Model with 
3-D Ocean Model (GATOR-
GCMOM) 

Global 

through Urban 

Updated version 

of the Master 

Chemical 

Mechanism 

(MCM) to 

include near 

explicit gas-

phase 

photochemistry 

and aqueous 

chemistry 

Sulfate, nitrate, 

ammonium, black 

carbon, primary and 

secondary organic 

matter, sodium, 

chlorine, soil dust, 

pollen/spores/bacteria 

Direct and Indirect 

effects 

Grell et 

al. 

(2005) 

Weather Research and 

Forecasting model with 

Chemistry (WRF/Chem) 

Variable 

(Regional) 

Modified version 

of the Regional 

Acid Deposition 

Model version 2 

(RADM2) 

Modal Aerosol 

Dynamics Model for 

Europe with 

Secondary Organic 

Aerosol Model 

(MADE-SORGAM) 

for inorganic and 

organic aerosols 

Direct effects on 

radiation 
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Table 2.1. (cont.) Summary of online-coupled air quality, chemical transport and chemistry-climate models from literature. 

Source Model Horizontal 

Resolution 

Gas-Phase 

Chemistry 

Aerosol-Phase Chemistry Effect of chemistry on 

radiation and clouds 

Zeng et 

al. (2008) 

UK Met Office Unified 

Model version 4.5 

3.75O x 

2.5O 

(Global) 

Comprises 

NOx/ CO/ 

CH4/ 

NMVOCs 

N.A.  Photolysis not affected 

by cloudiness 

Raes et 

al. (2010) 

Goddard Institute for 

Space Studies (GISS) 

GCM II’ 

Not 

specified 

(Global) 

Tropospheric 

gas-phase 

chemistry 

Sulfate, nitrate, 

ammonium, black carbon, 

and organic carbon 

Indirect aerosol forcing 

and role of natural dust 

and sea salt not 

accounted for 

Knote et 

al. (2011) 

COSMO NWP model 

with the extension for 

Aerosols and Reactive 

Trace gases (COSMO-

ART) 

0.17O x 

0.17O 

(Regional) 

Modified 

version of the 

Regional Acid 

Deposition 

Model version 

2 (RADM2) 

Modal Aerosol Dynamics 

Model for Europe with 

Secondary Organic 

Aerosol Model (MADE-

SORGAM) for inorganic 

and organic aerosols 

Direct and semi-direct 

effects of aerosols on 

radiation included.  

Lamarqu

e et al. 

(2012) 

Community Atmosphere 

Model with chemistry 

(CAM-chem) 

1.9O x 2.5O 

(Global) 

Extensive 

inorganic, 

organic and 

halogen 

chemistry 

Ammonium, nitrate, 

sulfate, organic carbon, 

black carbon, dust and sea 

salt.  

Chemistry interacts with 

climate only through 

radiation. No cloud-

aerosol interactions are 

available in CAM.  

Pozzer et 

al. (2012) 

EMAC consisting of the 

GCM ECHAM5 and the 

Module Earth Submodel 

System (MESSy) 

1.1O x 1.1O 

(Global) 

O3 and NMHC 

chemistry 

Sulfate, black carbon, 

organic matter, nitrate, 

ammonium, dust, and sea 

salt. 

Aerosol direct effect 

considered.  
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Table 2.1. (cont.) Summary of online-coupled air quality, chemical transport and chemistry-climate models from literature. 

Source Model Horizontal 

Resolution 

Gas-Phase 

Chemistry 

Aerosol-Phase Chemistry Effect of chemistry on 

radiation and clouds 

Zhang et 

al., 

(2012) 

Global through Urban, 

Weather Research and 

Forecasting Model with 

Chemistry (GU-

WRF/Chem) 

3.75O x 

2.5O 

(Global) 

2005 Carbon 

Bond 

mechanism 

with Global 

Extension 

(CB05-GE) 

Model of Aerosol 

Dynamics, Reaction, 

Ionization, and Dissolution 

(MADRID) 

Direct and Indirect 

effects 
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Table 2.2. Summary of major approaches of SOA formation in models. 

 Traditional 

Approach 

VBS Approach Explicit Approach 

Features Assume each precursor 

forms a single product 

(Pandis et al., 1992) or 

several surrogate 

compounds (Odum et 

al., 1996) 

Framework to model 

gas-phase partitioning 

and multiple 

generations of gas-

phase oxidation of 

organic vapors 

(Donahue et al., 2006) 

Explicit modeling and 

dynamic 

representation of SOA 

where OA is not at 

equilibrium with the 

gas-phase (Couvidat 

and Sartelet, 2014) 

Strengths -Easy to implement in 

a model. 

-Computationally fast 

and cheap 

-Accounts for 

successive oxidation of 

SOA to produce lower 

volatility products 

-Can treat POA as 

semivolatile 

-Takes into account 

non-ideality of OA 

formation (e.g., OA as 

a highly viscous 

liquid)  

-Can condense onto 

organic or aqueous 

phase 

Limitations -Only two products are 

typically formed – 

inaccuracy due to 

omission of many 

SOA precursors and 

other formation 

processes  

-Products are assumed 

to be unreactive – does 

not reflect dynamic 

nature of SOA 

oxidation process 

-Assumes 

thermodynamic 

equilibrium which 

might not be the case 

-Can only condense on 

organic phase 

-Uncertainties with 

parameterizations, e.g. 

branching ratio, mass 

yields based on 

specific experimental 

conditions, e.g., in 

diesel engines 

-Impossible to track 

speciated SOA from 

specific precursors 

-Computationally 

expensive due to 

solving equations 

numerically 

3-D host 

models 

CMAQ (Binkowski 

and Roselle, 2003), 

WRF/Chem (Grell et 

al., 2005) 

WRF/Chem 

(Shrivastava et al., 

2011), CMAQ and 

CAMx (Koo et al., 

2014) 

H2O aerosol model 

implemented into 

Polyphemus (Couvidat 

et al., 2013) 
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aerosol_driver.F 

 
Original VBS  

module_aerosols_sorgam_vbs.F 

 

Call sorgam_vbs_driver 

 

Call rpmmod3 

(main aerosol dynamics subroutine) 

 

Call aeroproc 

(aerosol dynamics driver subroutine) 

 

 

 

Improved VBS 

module_aerosols_sorgam_poa_vbs.F 

 

Call sorgam_vbs_poa_driver 

 

Call rpmmod3poa 

(main aerosol dynamics subroutine) 

 

Call aeroprocpoa 

(aerosol dynamics driver subroutine) 

 

 
Call modparpoa 

(calculate aerosol size distribution) 

 

Call nuclcondpoa 

(calculate nucleation and 

condensation rates) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Call aerosteppoa 

(advance timestep) 

 

Call modparpoa 

Call sorgam_vbs_p 

(calculates formation and 

partitioning of ASOA and 

BSOA) 

 

Call sorgam_vbs_poa 

(calculates formation and 

partitioning of POA) 

 

Call sorgam_vbs_svoa 

(calculates formation and 

partitioning of SVOA) 

Call modpar 

(calculate aerosol size distribution) 

 

Call nuclcond 

(calculate nucleation and 

condensation rates) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Call aerostep 

(advance timestep) 

 

Call modpar 

 

 

 

 

Call sorgam_vbs 

(calculates formation and 

partitioning of ASOA and 

BSOA) 

(Gas-phase) 

CB05_SORG_VBS_AQ 

 

/chem/KPP/mechanisms 

/chem/KPP/inc 

(Gas-phase) 

CB05_SORG_POA_VBS_AQ 

 

/chem/KPP/mechanisms 

/chem/KPP/inc 

 

Figure 2.1. Flowchart for the original vs. improved subroutines involved in VBS for OA formation. 
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Inputs: aerosol size distribution, atmospheric properties, aerosol mixing ratios, 

hydrometeor mixing ratios, bulk hygroscopicity 

phys/module_mixactivate.F 

 

Call mixactivate 

Call loadaer  

(load aerosol properties) 

 

Call activate 

 

activation_opt = 1 (ARG00) 

 

1. Calculate aerosol size distribution 

properties 

2. Calculation of activation fraction/ 

fluxes for spectrum of updrafts 

- Call maxsat (calculate 

maximum supersaturation) 

3. Calculation of activation fraction/ 

fluxes for a single updraft.  

- Call maxsat 

 

 

activation_opt = 2 (FN05/BA10/MN14) 

 

1. Call FN_act_init (initialization) 

2. Call CCNSPEC (determine 

critical supersaturation for each 

aerosol mode) 

3. Call PROPS (update 

thermodynamic variables and 

parameters) 

4. Call PDFACTIV 

- Call ACTIVATE_N 

(calculation of activation 

fraction) 

- Call SINTEGRAL (calculate 

condensation integrals, 

according to the population 

splitting method) 

 

 

Output: activation fraction, 

qndrop3d (activated droplet 

mixing ratio) 

 

module_mp_morr_two_moment.F 

(Morrison microphysics) 

Figure 2.2. Flowchart for the original and improved aerosol activation parameterization schemes in 

WRF/Chem. 
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3. CHAPTER 3: MULTI-YEAR APPLICATION, EVALUATION AND SENSITIVITY 

STUDY OF WRF/CHEM OVER CONUS 

Preface: Before any further model improvements can be performed, and before the model 

can be applied to study a particular episode or event, a comprehensive model evaluation against 

observations, reanalysis or satellite data should be carried out to ensure the robustness and 

reliability of the model. The evaluation results can provide guidance regarding how and where 

future model development and improvement efforts can be made (Zhang et al., 2006). A 

comprehensive model evaluation of a 3-D air quality model takes into account a number of 

evaluation methods, including (i) operational evaluation which involves evaluating the main 

output variables from the model including O3 and PM2.5, (ii) diagnostic evaluation which 

involves a more in-depth evaluation of PM components and/or size distributions, as well as the 

processes involved, (iii) mechanistic evaluation (or sensitivity study) which involves changing 

an input or parameter to test the response of the model, and (iv) probabilistic evaluation or 

uncertainty analysis (Seigneur et al., 2000; Zhang et al., 2006). A comprehensive model 

evaluation should also consider evaluation of meteorological and chemical, as well as surface 

and upper layer atmospheric variables. The evaluation should take into account spatial and 

temporal variability. Statistical measures such as those described in Zhang et al. (2006) and 

Yu et al. (2006) can also help to quantify biases and errors in model predictions as compared 

to observations.  

Sections 3.1 to 3.3 include published work involving model application of WRF/Chem and 

comprehensive evaluation of several years of simulation results over continental U.S. Sections 

3.1 and 3.2 cover work conducted under the Air Quality Model Evaluation International 

Initiative (AQMEII) Phase 2 (http://aqmeii-eu.wikidot.com/), which involves model 

http://aqmeii-eu.wikidot.com/
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evaluation and intercomparison of online-coupled models from a number of research groups 

and governmental organizations. In addition, sensitivity simulations to identify the 

uncertainties in the model input including ICONs/BCONs and emissions were carried out in 

Section 3.3.  
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ABSTRACT 

The Weather Research and Forecasting model with Chemistry (WRF/Chem) version 3.4.1 has 

been modified to include the Carbon Bond 2005 (CB05) gas-phase mechanism, the Modal for 

Aerosol Dynamics for Europe (MADE) and the Volatility Basis Set (VBS) approach for 

secondary organic aerosol (hereafter WRF/Chem-CB05-MADE/VBS), and aerosol-cloud-

radiation feedbacks to improve predictions of secondary organic aerosols (SOA) and to study 

meteorology-chemistry feedbacks. In this Part I paper, a comprehensive evaluation is 

performed for WRF/Chem-CB05-MADE/VBS to simulate air quality over a large area in 

North America for the full year of 2006. Operational, diagnostic, and mechanistic evaluations 

have been carried out for major meteorological variables, gas and aerosol species, as well as 

aerosol-cloud-radiation variables against surface measurements, sounding data, and satellite 

data on a seasonal and annual basis. The model performs well for most meteorological 

variables with moderate to relatively high Corr and low MBs, but with a cold bias of 0.8-0.9 

ºC in temperature, a moderate overprediction with normalized mean biases (NMBs) of 17-22% 

in wind speed, and large underpredictions with NMBs of -65% to -62% in cloud optical depths 
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and cloud condensation nuclei over the ocean.  Those biases are attributed to uncertainty in 

physical parameterizations, incomplete treatments of hydrometeors, and inaccurate aerosol 

predictions.  The model shows moderate underpredictions in the mixing ratios of O3 with an 

annual NMB of -12.8% over rural and national park sites, which may be caused by biases in 

temperature and wind speed, underestimate in wildfire emissions, and underestimate in 

biogenic organic emissions (reflected by an NMB of -79.1% in simulated isoprene mixing 

ratio).  The model performs well for PM2.5 concentrations with annual NMBs within ±10%; 

but with possible bias compensation for PM2.5 species concentrations. The model simulates 

well the domainwide organic carbon and SOA concentrations at two sites in the southeastern 

U.S. but it overpredicts SOA concentrations at two sites and underpredicts OC at one site in 

the same area. Those biases in site-specific SOA and OC predictions are attributed to 

underestimates in observed SOA, uncertainties in VOC emissions, inaccurate meteorology, 

and the inadequacies in the VBS treatment.  Larger biases exist in predictions of dry and wet 

deposition fluxes of gas and PM species due mainly to overpredictions in their concentrations 

and precipitation, uncertainties in model treatments of deposition processes, and uncertainties 

in the CASTNET dry deposition data. Comparison of WRF and WRF/Chem simulations shows 

that the inclusion of chemical feedbacks to meteorology, clouds, and radiation results in 

improved predictions in most meteorological variables. Aerosol optical depth correlates 

strongly with aerosol concentration and cloud optical depth. The relationships between the 

aerosol and cloud variables are complex as the cloud variables are not only influenced by 

aerosol concentrations but by larger-scale dynamical processes.  
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3.1.1. Introduction 

 

Air quality models can be classified into online- and offline-coupled models based on 

the coupling of meteorology and chemistry. Offline-coupled models use outputs from a 

meteorological model to drive a chemical transport model and can only simulate the impact of 

meteorology on chemistry (Grell et al., 2004; Zhang, 2008). Online-coupled models allow two-

way interactions between the meteorology and chemical constituents through the exchange of 

meteorological and chemical information at every time step (Zhang, 2008; Baklanov et al., 

2013). The aerosol-cloud-radiation interactions that have been implemented in most online-

coupled models include the aerosol direct effect, the aerosol semi-direct effect and the aerosol 

indirect effect. The aerosol direct effect includes the scattering and absorption of shortwave 

and longwave radiation, altering the radiative balance in the atmosphere and on Earth’s surface 

(Myhre et al., 2013; Randles et al., 2013). The aerosol semi-direct effect includes the 

heating/cooling of the atmosphere by aerosols which in turn reduce/increase convective cloud 

formation and thus impact the radiative atmospheric balance (Randles et al., 2013). The aerosol 

indirect effect includes the first indirect effect (also known as the cloud albedo effect (Twomey, 

1974)) in which an increase in aerosol concentrations would result in an increase in cloud 

condensation nuclei (CCN) and thus cloud droplet number concentration (CDNC) and cloud 

albedo, and the second indirect effect (also known as the cloud lifetime effect (Albrecht, 

1989)), which links an increase in aerosol concentration to a decrease in precipitation 

efficiency.  

Aerosol direct, semi-direct, and indirect effects have been increasingly studied using 

online-coupled models on regional and global scales. Grell et al. (2005) developed online-

coupled Weather Research Forecasting Model with chemistry (WRF/Chem) which has been 
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applied to real-time air quality forecasting and air pollution and climate research. Zhang et al. 

(2012a) performed simulations over continental U.S. (CONUS) using WRF/Chem-Model of 

Aerosol Dynamics, Reaction, Ionization and Dissolution (MADRID) with different gas-phase 

mechanisms and reported large differences in downward shortwave radiation (SWDOWN), 

temperature at 2-m (T2), and relative humidity at 2-m (RH2) at individual sites under cloudy 

conditions due to aerosol semi-direct and indirect effects. Simulations using the Global-

through-Urban WRF/Chem (GU-WRF/Chem) over CONUS with and without PM emissions 

resulted in significant changes in aerosol-cloud-radiation variables such SWDOWN, aerosol 

optical depth (AOD), CCN, CDNC, and cloud optical thickness (COT), which in turn affect 

the  distributions and magnitudes of chemical concentrations and total atmospheric oxidation 

capacity, as well as other meteorological variables including T2, wind speed at 10-m (WS10), 

precipitation, and planetary boundary layer (PBL) height (Zhang et al., 2012b). An estimation 

of the aerosol semi-direct and indirect effect is challenging for several reasons.  First, 

accurately simulating those effects require accurate representations of key atmospheric 

processes such as aerosol and cloud microphysics and their interactions in online-coupled 

models; such representations are yet incomplete and uncertain (Zhang, 2008). Second, there 

remains model-to-model variability in simulating aerosol semi-direct and indirect effects due 

to different treatments of atmospheric processes and their interactions. Third, the grid scale of 

model applications is usually too coarse to resolve sub-grid scale processes such as cloud and 

precipitation formation (Penner et al., 2006; Shrivastava, 2013), introducing large uncertainties 

in reproducing such effects. Finally, observations of key variables that reflect aerosol indirect 

effect such as CCN, CDNC, and COT are not available until recently and are limited in their 

quantity and quality, hindering evaluation of the models’ capability in simulating those effects. 
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On the other hand, simulating the aerosol semi-direct and indirect effect will not only influence 

meteorology but also long-term climate conditions. Takemura et al. (2005) and Lohmann et al. 

(2007) showed large scale impacts on climate by aerosol feedbacks from preindustrial to 

present day including global temperature decreases, reduced precipitation and a southward 

shift of the Intertropical Convergence Zone (ITCZ). By contrast, a model simulation that 

considered only greenhouse gases (GHG) and aerosol direct effects generally predicted a 

warming scenario and enhanced precipitation (Chen et al., 2010). In the recent years, 

increasing surface measurements of aerosol properties including size distribution, chemical 

composition, scattering and absorption; surface and satellite data for radiation, clouds and other 

atmospheric properties are available to provide essential validation of model performance in 

capturing aerosol direct, semi-direct, and indirect effects (IPCC, 2007). 

The 2005 Carbon Bond (CB05) gas-phase mechanism has recently been incorporated 

into the online-coupled WRF/Chem v3.4.1 and coupled with the existing Modal of Aerosol 

Dynamics in Europe with the Volatility Basis Set (MADE-VBS) approach for simulating 

secondary organic aerosol (SOA) and the aqueous chemistry (AQChem) module of the 

Community Multiscale Air Quality Model, or CMAQv5.0 (hereafter WRF/Chem-CB05-

MADE/VBS) (Wang et al., 2014a). In this study, as part of the Air Quality Model Evaluation 

International Initiative Phase 2 (AQMEII2), WRF/Chem-CB05-MADE/VBS is applied to 

simulate air quality and its interactions with meteorology over a large area in North America 

(NA) that covers CONUS, southern Canada, and northern Mexico for two full years:2006 and 

2010. AQMEII2 focuses on applications and evaluations of online-coupled air quality models 

with representations of aerosol, radiation, cloud interactions and feedbacks and assessments of 

the impacts of emission changes on changes in air quality and climate interactions over NA 
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and Europe in the past few years (Alapaty et al., 2012). The objective of this paper is to carry 

out a comprehensive evaluation to assess the seasonal and annual performance of WRF/Chem-

CB05-MADE-VBS in terms of gases, aerosols, meteorological predictions, atmospheric 

feedback parameters, and the inter-relationships among those parameters. In particular, the 

capability of VBS in reproducing observed SOA concentrations will be assessed. The impact 

of gas and aerosol concentrations on meteorology, cloud, and radiation will be examined 

through comparing the results of WRF and WRF/Chem-CB05-MADE-VBS. Part I presents a 

comprehensive evaluation of 2006 simulation.  Part II compares the model performance in 

2006 and 2010 and examines the responses of air quality and meteorology-chemistry 

interactions to changes in emissions and meteorology from 2006 to 2010. 

3.1.2. Model Configuration, Evaluation Protocol, and Observational Datasets 

 

3.1.2.1.Model Description and Setup 

 

Compared to the released WRF/Chem v3.4.1, WRF/Chem-CB05-MADE/VBS includes 

several new/modified components.  First, it uses a new gas-phase chemical mechanism based 

on the CB05 mechanism that is coupled with the existing MADE aerosol module, and the 

advanced VBS module. Implemented by Ahmadov et al. (2012) into WRF/Chem, MADE/VBS 

simulates the successive oxidation of SOA to lower volatility bins, and  is able to more 

realistically simulate secondary organic aerosol (SOA) concentrations compared to traditional 

SOA treatments such as the 2-product model by Odum et al. (1996) in AQMs (Donahue et al., 

2006). Second, it contains an updated version of aqueous chemistry based on the AQChem in 

CMAQ v5.0 of Sarwar et al. (2011) for both large-scale and convective clouds. Third, it 

includes the heterogeneous chemistry involving sulfur dioxide (SO2) based on Jacob (2000). 

This new chemistry-aerosol option of CB05-MADE/VBS has been coupled with existing 
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model treatments for various feedback processes to simulate chemistry-aerosol-radiation-cloud 

feedbacks such as aerosol semi-direct effects on photolysis rates of major gases, aerosol 

indirect effects on cloud droplet numbers, and cloud effects on shortwave radiation. However, 

this study does not consider the aerosol effects on convective clouds. The surface drag 

parameterization of Mass and Owens (2010) has been also added to improve predictions of 

wind fields.  More detailed descriptions of WRF/Chem-CB05-MADE/VBS can be found in 

Wang et al. (2014a).  For the model application for the full year of 2006 over NA, the major 

physics options used include the Rapid Radiation Transfer Model for Global Circulation 

Models (RRTMG) shortwave and longwave radiation, the FTUV photolysis rate scheme, the 

Yonsei University (YSU) planetary boundary layer (PBL) scheme, the National Center for 

Environmental Prediction, Oregon State University, Air Force, and Hydrologic Research lab’s 

(NOAH) land-surface model, the Morrison two-moment microphysics scheme,the Grell 3D 

cumulus parameterization (Grell and Freitas, 2013), and the aerosol activation 

parameterization of Abdul-Razzak and Ghan (2000). In addition to WRF/Chem simulations, 

WRF simulations for 2006 are performed to generate meteorological variables needed for 

processing of point source emissions using the Sparse Matrix Operator Kernel Emissions 

(SMOKE) model and to provide the benchmark to compare with results from WRF/Chem to 

access the impact of chemistry-meteorology interactions on overall model predictions. 

Chlorine chemistry is included in the CB05 gas-phase mechanism. Emissions of hydrogen 

chloride (HCl) were also used an input to the model. For the WRF only simulation, the physics 

options, meteorological initial and boundary conditions (ICs and BCONs), and the model-

setup are exactly the same as the WRF/Chem simulation.  
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WRF/Chem-CB05-MADE-VBS simulation is performed at a horizontal resolution of 

36-km with 148 × 112 horizontal grid cells over a North America domain that covers the 

continental U.S. (CONUS) and parts of Canada and Mexico and a vertical resolution of 34 

layers from the surface to 100-mb. The anthropogenic emissions used are based on the 2008 

National Emission Inventory (NEI) from the United States Environmental Protection Agency 

(U.S. EPA) (Pouliot et al., 2014). The single layer area sources are obtained from U.S. EPA 

while the multi-layer point sources are processed using SMOKE with WRF output. Both the 

area and point sources are then combined as anthropogenic input emissions for WRF/Chem. 

Biogenic emissions come from the Model of Emissions of Gases and Aerosols from Nature 

version (MEGAN2) (Guenther et al., 2006). Meteorological ICONs and BCONs are from the 

National Center of Environmental Prediction’s (NCEP) final reanalysis (FNL) data. Emissions 

from dust are based on AER/AFWA of Jones and Creighton (2011). The emissions of sea salt 

are based on the parameterization of Gong et al. (1997). The chemical ICONs and BCONs are 

from the Monitoring Atmospheric Composition and Climate (MACC) model 

(http://www.gmes-atmosphere.eu/). The MACC simulations are processed using the mozbc 

preprocessor that was developed by the National Center for Atmospheric Research (NCAR) to 

process time-varying BCONs from MOZART output (http://www.acd.ucar.edu/wrf-chem/). 

The mozbc preprocessor is modified slightly to process ICONs/BCONs from MACC to 

WRF/Chem. Since MACC uses bulk aerosols and WRF/Chem-CB05-MADE/VBS uses a 

modal approach for PM size distributions, the ICONs and BCONs for PM species from MACC 

are distributed onto the modal structure in WRF/Chem, with 10% and 90% of mass in the 

Aitken and accumulation modes, respectively. WRF/Chem simulations are performed for the 

period of December 2005 to December 2006 with 1 month (December 2005) as spin-up. WRF 

http://www.gmes-atmosphere.eu/
http://www.acd.ucar.edu/wrf-chem/
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and WRF/Chem simulations are reinitialized every two days with temperature, pressure, wind 

speeds, water vapor mixing ratios and radiation from the NCEP.  

3.1.2.2.Model Evaluation Protocol and Available Measurements 

 

The model results are evaluated against observations according to the evaluation 

protocol from Zhang et al. (2006) in terms of operational, diagnostics, and mechanistic 

evaluation.  The operational evaluation includes the calculations of statistical metrics such as 

correlation coefficient (Corr), mean bias (MB), NMB, normalized mean error (NME), root 

mean square error (RMSE) and the index of accuracy (IOA) for meteorological, chemical, and 

other aerosol/cloud/radiation related variables. Diagnostic evaluation is performed for SOA-

precursor relationship and the inter-relationship among several aerosol, cloud, and radiation 

variables. Mechanistic evaluation is to examine the impacts of chemistry feedbacks on 

meteorology by comparing results from WRF only and WRF/Chem simulations for both 2006 

and 2010, and examine changes in model predictions due to changes in emissions and 

meteorology by comparing WRF/Chem results in 2006 and 2010.   For operational evaluation, 

the chemical and physical variables evaluated included surface mixing ratios of gaseous 

species such as SO2, nitrogen dioxide (NO2) and carbon monoxide (CO), PM2.5 and PM species 

such as sulfate (SO4
2-), nitrate (NO3

-), ammonium (NH4
+), elemental carbon (EC), organic 

carbon (OC), total carbon (TC=EC+OC), SOA, and dry and wet deposition fluxes. In the 

model, a factor of 1.4 is used to convert simulated SOA to secondary organic carbon (SOC) 

(Aiken et al., 2008). SOC is added to primary organic carbon (POC) to calculate OC. The 

meteorological and radiative variables evaluated include temperature at 2-m (T2), relative 

humidity at 2-m (RH2), wind speed and direction at 10-m (WS10 and WD10), precipitation, 

planetary boundary layer (PBL) height, downward shortwave radiation (SWDOWN), top of 
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atmosphere (TOA) outgoing longwave radiation (OLR), downward longwave radiation 

(GLW), net shortwave radiation (GSW), albedo, precipitable water vapor (PWV), aerosol 

optical depth (AOD), cloud optical thickness (COT), cloud fraction (CF), cloud condensation 

nuclei (CCN), cloud droplet number concentration (CDNC), cloud water path (CWP). Zhang 

et al. (2006) recommended the use of MNBs and NMBs ≤ 15% as indications of satisfactory 

performances for O3 and PM2.5, which is used in this work.  

Table A1 summarizes the variables evaluated, the observational datasets, and main 

characteristics of those datasets. The observational surface networks for chemical 

concentrations, deposition fluxes, and meteorological variables include CASTNET, AIRS-

AQS, PAMS, IMPROVE, STN/CSN, SEARCH, NADP, SURFRAD, and SRB.  The NOAA’s 

Radiosonde Database is used to evaluate the vertical profiles of temperature, dewpoint 

temperature, and wind speed and directions.  Data from several special field studies on SOA 

and OC in the southeastern U.S. are also used. Kleindienst et al. (2010) used a chemical mass 

balance method and a mass fraction method to estimate the contributions of sources to primary 

and secondary OC, respectively based on field observations between May and August 2005 at 

the SEARCH sites including Jefferson Street, GA (JST), Birmingham, AL (BHM), Centerville, 

AL (CTR), and Pensacola, FL (PNS). JST and BHM are located in urban areas, whereas PNS 

is in a suburban area and CTR is in a rural area. The average SOC fractions at different sites 

for this field study are 0.31 at BHM, 0.62 at CTR, 0.27 at JST, and 0.39 at PNS. These SOC 

fractions are multiplied to the observed OC concentrations from SEARCH at the same sites to 

obtain the corresponding observed SOC during JJA in 2006 for model evaluation. The 

simulated OC is evaluated with observations of Lewandowski et al. (2013) at the Research 

Triangle Park (RTP) in North Carolina (NC). In addition, several satellite datasets such as 
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MODIS, CERES, MISR, NOAA-CDC, and SRB are used to evaluate radiative and cloud 

variables and re-analysis data including CMAP and GPCC are used to evaluate precipitation.  

The processing of satellite and column data and evaluation of satellite data against simulation 

data follow that of Zhang et al. (2009a).   

The results are analyzed for 4 seasons: JFD (January, February, and December 2006), 

MAM, (March, April, and May 2006), JJA (June, July, and August 2006) and SON 

(September, October, and November 2006).  For evaluation of temporal variations, several 

representative sites are selected based on the site characteristics, i.e., urban, sub-urban, rural, 

coastal or mountains and locations, i.e., east or west. The same sites are selected for 

meteorological and chemical evaluation wherever possible, and co-located sites (typically 

within 125 km) are used when the meteorological and chemical measurements were not 

available at the same sites.  The sites selected for the evaluation of SWDOWN, T2, RH2, WS10 

include 8 CASTNET sites: Alabama-Coushatta, TX (ALC: prairie, rolling terrain), 

Pennsylvania State, PA (PSU: agriculture, rolling terrain), Big Bend National Park, TX (BBE: 

forest, complex terrain), Yellowstone National Park, WY (YEL: forest, rolling terrain), Indian 

River Lagoon, FL (IRL: coastal, marshland, flat terrain), Yosemite National Park, CA (YOS: 

forest, complex terrain), Bondville, IL (BVL: agriculture; flat terrain), Chiricahua, AZ (CHA: 

rangeland, complex terrain), and SEARCH sites at Yorkville, GA (YRK: rural, flat terrain), 

and Jefferson Street, GA (JST: urban). For Precipitation, the NADP sites selected include co-

located sites with other meteorological variables mentioned earlier, i.e., PSU, BBE, YEL, YOS 

and CHA, and other sites that are close to the above-mentioned sites, i.e., Attwater Prairie, TX 

(TX10: prairie, rolling terrain), Indiana Dunes National Lakeshore, IN (IN34: near Lake 

Michigan), Chassahowitzka National Wildlife Refuge, FL (FL05: coastal, marshland, flat 
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terrain), Georgia Station, GA (GA41: agriculture, rolling terrain), and Belville, GA (GA20: 

agriculture, rolling terrain). The sites for NADP are usually located away from urban areas and 

possible point sources of pollution (http://nadp.sws.uiuc.edu/ntn/). The sounding data are used 

to evaluate vertical profiles at Birmingham, GA (BIR), Corpus Christi, TX (CRP), 

Jacksonville, FL (JSV), Oakland, CA (OAK), Pittsburgh, PA (PIT), and Tucson, AZ (TUC).  

Temporal O3 concentrations are evaluated at 10 sites including 3 sites from CASTNET, 

5 sites from AIRS-AQS, and 2 sites from SEARCH. The 3 CASTNET sites (PSU, BBE, YEL), 

2 AQS sites (YOS, CHA), and 2 SEARCH sites (YRK, JST) are co-located with the 

aforementioned meteorological variables. Additional 3 AQS sites are Valrico, FL (VAL), 

Galveston Island, TX (GAL), and Grove Street, IL (GRO). Temporal PM2.5 concentrations are 

evaluated at 10 sites including 3 sites from STN, 5 sites from IMPROVE, and 2 sites from 

SEARCH.  The sites co-located with meteorological variables include PSU, BBE (from STN 

and IMPROVE), YEL, CHA, YOS, YRK and JST, and an additional urban site in Chicago, IL 

(CHI).  

3.1.3. Evaluation of Model Performance 

 

3.1.3.1. Operational Evaluation 

 

A. Meteorological Variables  

Tables 3.1.1 and 3.1.2 summarizes annual performance statistics for meteorological 

variables. Figure 3.1.1 shows seasonal NMB vs. NME plots of several meteorological 

variables. For SWDOWN, evaluation against CASTNET and SURFRAD shows 

overpredictions for all seasons while that against SRB and CERES shows slight 

overpredictions for all seasons except for SON and that against SEARCH shows mostly 

underpredictions except for MAM. This is also supported by the SWDOWN MB spatial 

http://nadp.sws.uiuc.edu/ntn/
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overlay plots in Figure A1 in the supplementary material, where underpredictions occur in the 

southeastern U.S. and overpredictions occur in the other parts of the U.S.  From the time series 

plots of SWDOWN from SURFRAD sites in Figure 3.1.2, the overpredictions are the highest 

around April-August for all sites, where the magnitudes of observed SWDOWN are also the 

highest during this time period. The non-inclusion of the convective cloud fraction and 

condensates would also help to explain the overpredictions. The satellite data covers a large 

spatial domain, whereas for surface networks, there are limited measurements at single points 

compared to grid-average values. Therefore it would be intuitive to expect better agreement 

for SWDOWN against satellite data than surface networks. In addition, uncertainties exist in 

the retrieval algorithm and cloud contamination mask for satellite data (Hongru et al., 2011). 

Overall the model performs relatively well for SWDOWN, with annual NMBs of 21%, 12%, 

16%, 17%, and 14% against CASTNET, SEARCH, SRB, CERES, and SURFRAD, 

respectively. Underpredictions occur for GLW for all seasons against SURFRAD (Tables 

3.1.1, 3.1.2 and Figure 3.1.2) and for OLR for SON and JFD against data from NOAA (Table 

3.1.1 and 3.1.2).  The predictions of SWDOWN, GLW, and OLR also depend on radiative 

gaseous and aerosol concentrations, as well as cloud variables. Underpredictions in the 

concentrations of reflective aerosols, e.g., nitrates and cloud fraction, could result in increased 

SWDOWN. In addition, underpredictions of mixing ratios of gases such as ozone (see Table 

3.1.3), which can trap radiation and emit longwave radiation, could result in underpredictions 

of longwave radiation.  

The underpredictions for downwelling longwave radiation could influence T2 to a 

larger extent compared to shortwave radiation, as T2 is underpredicted for all the seasons. The 

underprediction also increases from summer to winter, with JFD being the most underpredicted 
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with an NMB of -33.7% against CASTNET. The largest underprediction for JFD is partly due 

to the fact that the magnitude of T2 is low for winter seasons, resulting in a larger NMB, 

although the MB of -0.93°C for JFD at CASTNET is comparable to MBs of -1.23°C to -0.75°C 

during other seasons. The underpredictions for all seasons except for JJA at the SEARCH sites 

are less than those at the CASTNET sites (Table 3.1.3 and Figure A1), indicating that larger 

underpredictions in T2 occur in regions other than the southeastern U.S. In the southeastern 

U.S., the underpredictions of SWDOWN could explain the underpredicted T2.  There are 

several sites with positive MBs in T2 along the coastal areas in southeastern U.S. (Figure A1), 

possibly due to the influence from sea surface temperature. Large negative MBs in T2 occur 

in the western U.S. for all seasons, and in the northeastern U.S. in MAM and JFD. Other studies 

using WRF showed similar cold biases when the YSU PBL scheme was used over the U.S. 

(Kim et al., 2006), attributing reasons to errors in cloud cover or soil moisture. The YSU 

scheme is also known to predict higher PBLH compared to other commonly used schemes 

(Coniglio et al., 2013). Temperature predictions also depend on land surface models (LSM) 

and could be improved with a more complex LSM, e.g., Community Land Model (CLM3) 

(http://www.cgd.ucar.edu/tss/clm/distribution/clm3.0/), as compared to the LSM of 

intermediate complexity which is used in this study, i.e., the Noah LSM (Jin et al., 2010). The 

underpredictions of T2 could in turn lead to the underpredictions in OLR. With lower T2, less 

radiation can be emitted back to the atmosphere.  

As shown in Figure 3.1.2, albedo tends to be overpredicted in general during the winter 

and summer months. The poor performance of the predicted albedo can be attributed to the 

fact that the calculation of albedo does not consider the effects of snow cover and only depends 

on vegetation type without any dynamic variations, e.g., in solar zenith angle (Liang et al., 

http://www.cgd.ucar.edu/tss/clm/distribution/clm3.0/
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2005). The model performs generally well for RH2 with very low NMBs and NMEs for all 

seasons (Tables 3.1.1, 3.1.2 and Figure 3.1.1), and the slight overpredictions are related to the 

underpredictions in T2. WRF/Chem overpredicts WS10 for all seasons as shown in Figure 

3.1.1 and Tables 3.1.1 and 3.1.2. WRF tends to overpredict WS10 at low to moderate wind 

speeds in all PBL schemes available in WRF (Mass and Owens, 2010), due in part to 

unresolved topographical features by the default surface drag parameterization and in part to 

the use of coarse horizontal and vertical resolutions of the domain (Cheng and Steenburgh, 

2005). These influence surface drag, friction velocity and therefore WS10 in the PBL scheme. 

Mass and Owens (2010) found that reducing the horizontal resolution to 4-km does not help 

improve wind speeds but further reducing to 1.3-km does. The simulation with a resolution of 

36-km used in this work cannot capture the fine-scale variations of land-surface features, which 

is consistent with other studies. As shown in Figure A1, the MBs of WS10 are both positive 

and negative across the continental U.S., resulting in net domainwide MBs of 0.1 – 0.8 m s-1. 

As shown in Figure 3.1.1, the NMBs for WD10 is close to 0 but the NMEs range from 55 to 

75%, indicating some bias compensation in terms of statistics.  

Figures A2-A5 shows site-specific time series plots for observed and simulated 

SWDOWN, T2, RH2, and WS10. For SWDOWN, the model generally reproduces observed 

peaks and dips at all the sites but with slight-to-moderate overpredictions for peak values at a 

few sites.  For T2, the model performs well at most sites with close agreement between model 

simulation and observational data.  For RH2, slight-to-moderate overpredictions occur at most 

sites. For WS10, simulated WS10 are overpredicted at some sites such as YEL, CHA, JST and 

YOS (except for summer months) and underpredicted at some sites such as PSU, IRL, BVL, 
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and YRK.  More detailed analyses of these time series plots along with likely reasons for model 

biases are provided in the supplementary material.  

As shown in Figure 3.1.1 and Tables 3.1.1 and 3.1.2, precipitation is overpredicted 

against weekly data at the NADP sites and monthly data at the CMAP sites, whereas it is much 

less overpredicted or even underpredicted at the GPCC sites. These results indicate that the 

model represents the seasonal spatial distribution of rainfall from GPCC and CMAP well, 

however, it performs the worst for precipitation against NADP for JFD and JJA. As shown in 

Figure A1, precipitation in JFD is largely overpredicted for almost all parts of the U.S., with a 

maximum MB of 2.8 mm. Precipitation at most sites in eastern U.S. is overpredicted for all 

seasons except for SON, while precipitation in central and western U.S. exhibit under- or over-

predictions at various locations for all seasons. Figure 3.1.3 shows site-specific time series 

plots of simulated precipitation compared with NADP observations. The model is able to 

capture some of the peaks and troughs of precipitation; it however overpredicts precipitation 

to a very large extent at certain sites in certain months, for example, in CA99, FL05, GA41, 

and GA20 in February; PA15 in June, and TX10 in July. The large overpredictions for 

February and July at the aforementioned sites probably contributed to the worst performance 

against NADP for JFD and JJA mentioned earlier. Precipitation calculated for resolved clouds 

from the cloud microphysics scheme contributes to a large percentage (a degree of magnitude 

higher) as compared to the convective precipitation in February. As shown in Figure A3, the 

T2 is at a minimum at the same time when the precipitation peaks occur in February at almost 

all the sites, except for CHA. Excessive precipitation would help to cool down the surface, 

resulting in a decrease in T2. In July, the mean convective precipitation is larger than resolved 

precipitation. The large overpredictions in precipitation in July correlate to the maximums in 
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T2 in Figure A3. The warmer temperatures can result in larger driving forces to form deeper 

convective clouds, resulting in increased precipitation. There could be other contributing 

factors to the positive precipitation bias that are inherent in the model treatments. For example, 

Pohl et al. (2011) showed that using the Morrison microphysics scheme produced the highest 

amount of rainfall as compared to other schemes in WRF. Mooney et al. (2013) showed that 

the NOAH LSM has a greater tendency to show positive bias for precipitation compared to the 

Rapid Update Cycle (RUC) LSM.  

 Figure 3.1.4 shows sounding diagrams in JFD and JJA as close as possible to sites 

mentioned in Figures A3-A5 and 3.1.8. The model overpredicts RH2 from surface to 150 hPa 

at BIR, CRP, JSV, and TUC in both JFD and JJA by largely overpredicting the dew point 

temperatures. On the other hand, the model performs very well for the vertical profile of 

temperature as compared to observations. For JFD, the prevailing wind direction for all sites 

is mainly easterly for levels above 850 hPa, and the model captures this at all sites. The model 

is also able to capture the high wind speeds for pressure levels above 500 hPa where wind 

speeds are greater than 50 knots, except for overpredictions in OAK. For JJA, where the wind 

directions are relatively constant from surface to 100 hPa, e.g., in OAK and PIT, the model 

performs well in predicting both wind speeds and wind directions with close agreement 

between model simulation results and observational data. However, for the other sites, the 

model overpredicts wind speeds aloft, and cannot capture the observed southerly, 

southeasterly, and southwesterly winds.   

B. Chemical Variables 

Table 3.1.3 summarizes annual performance statistics for major gas and aerosol 

variables. Figure 3.1.5 shows predicted maximum 8-h O3 mixing ratios in most of the seasons 
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have seasonal NMBs within ± 15% and NMEs within ± 30%, except for those in JFD and 

MAM evaluated against CASTNET, which have larger NMBs. The large underpredictions for 

JFD and MAM compared to the other seasons could be due to the large underpredictions in the 

northeastern and eastern part of the CONUS, where the NMBs for max 1-hr and 8-hr O3 mixing 

ratios are as large as -40% at some sites. This may be caused in part by the large 

underpredictions in T2 in the northeastern and eastern U.S. for JFD and MAM (See Figure 

A1), underestimates in biogenic VOC emissions (reflected in the large underprediction in 

isoprene mixing ratio, see Table 3.1.3), possible underestimates of wildfire emissions that 

occurred over California during April-Nov., 2006 and in the eastern U.S. during spring, 2006 

recorded by MODIS data, and possible overpredictions in dry deposition of O3 (Im et al., 

2014).  Larger underpredictions occur during nighttime than daytime (figure not shown), likely 

due to the overpredictions of the NOx titration effects on O3 (see overpredictions in the mixing 

ratios of NO2 and NO shown in Table 3.1.3 and those of NO2 shown in Figure A7). As shown 

in Figures 3.1.5 and A6, O3 mixing ratios show large overpredictions in JJA and SON in the 

eastern U.S. The western part of U.S. has large overpredictions for JFD. Overpredictions occur 

along the coast but underpredictions occur at the inland sites. This could be related to the 

overpredicted T2 along the coast mentioned in section 3.1.1. In addition, the MACC BCONs 

used in this study show high O3 mixing ratios near the western boundary of the domain, 

indicating the impact of Asian inflows reported by other studies (e.g., Huang et al., 2010). 

Another possibility for high O3 could be due to chlorine (Cl) reactions with VOCs to form O3 

(Tanaka et al., 2003). In the CB05 gas-phase mechanism, Cl reacts with VOCs to generate HO2 

and the peroxy radical XO2 which contributes to the formation of O3. The sources of Cl radicals 

in the model come from the photolysis of chlorine gas (Cl2) and formyl chloride (FMCl), the 
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reactions of chlorine monoxide (ClO) with itself and with NO, as well as the reaction of FMCl 

with OH. The simulations show high OH mixing ratios (> 0.25 ppt) as well as high Cl mixing 

ratios (> 3×10-10 ppm) off the western coast in JJA (figures not shown). Figure 3.1.6 shows the 

time series plots of O3 mixing ratios at selected sites. The O3 mixing ratios are mainly 

underpredicted for almost all the sites except for VAL and YRK (June to September), YOS 

and GRO during the winter months, and GAL for the whole year. O3 mixing ratios in rural 

sites are underpredicted by the model to a large extent during the warmer months of April to 

September at PSU, BBE, YEL, YOS, and CHA, and this trend is not shown in urban areas. 

This is most likely due to underpredictions in wildfire emissions during those months and also 

biogenic emissions due to underpredictions in T2. As T2 is the highest during the summer 

months, underpredictions in T2 probably lead to lower biogenic emissions, therefore lower O3 

mixing ratios. This trend is not shown in urban areas where biogenic emissions are not 

significant. In addition, as mentioned earlier, the YSU PBL scheme could be partly responsible 

for the low O3 mixing ratios as the YSU scheme tends to consistently overpredict PBLH 

compared to other schemes (Coniglio et al., 2013), which could result in increased mixing. The 

general underprediction in O3 concentrations are also contrary to results found in literature 

from (Appel et al., 2007; Sarwar et al., 2008; Sarwar et al., 2013) which found that the CB05 

gas-phase mechanism using the CMAQ model tend to overpredict O3 concentrations at 

CASTNET and AQS sites. However there are other reasons that could contribute to the low 

O3 concentrations for this case which have been discussed above. In addition, the inclusion of 

aerosol indirect effects which affect cloud properties and radiation in this case, which are not 

usually included in other model applications could also influence O3 concentrations. Another 

reason for low O3 concentrations could be due to the underpredictions of O3 concentrations at 
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the boundaries. Im et al. (2014) showed that the MACC BCONs are underpredicted for O3 at 

all parts of the U.S. except for the southeastern U.S, which could indicate a general 

underprediction of O3 concentrations by MACC.  

As shown in Figure A7, underpredictions of SO2 concentrations occur at the SEARCH  

and AQS sites and overpredictions occur at the CASTNET sites, with higher NMEs against 

AQS and SEARCH than CASTNET. This may indicate possible underestimates in SO2 

emissions or too much conversions of SO2 to SO4
2- at the SEARCH and AQS sites but 

overestimate in SO2 emissions and or too little conversions of SO2 to SO4
2- at the CASTNET 

sites. The differences may also arise based on different measurement methods for different 

networks. For CASTNET, SO2 and HNO3 in g m-3 are collected on a sampler on a weekly 

basis, while for AQS and SEARCH, their mixing ratios are measured in ppb hourly using a 

continuous ambient air monitoring sampler. These results seem to be contrary to results found 

in literature. For example, Yu et al. (2010) and Sarwar et al. (2014) showed that current models 

tend to under-predict SO4
2- and over-predict SO2 compared to observations. A reason for the 

underprediction of SO2 compared to SO4
2- could be the fact that in this study, heterogeneous 

chemistry was included with a gamma value of 3.0 x 10-5, which could have resulted in a 

tendency for the partitioning to shift towards the aerosol phase. NO2 mixing ratios are generally 

overpredicted in all seasons except for JFD against AQS with a slight underprediction. The 

trends between their NMBs and NMEs at both AQS and SEARCH sites for all seasons are 

relatively consistent. Column NO2 against the SCIAMACHY NO2 shown in Wang et al. 

(2014b) has much greater overpredictions compared to surface NO2 due possibly to 

uncertainties in the vertical allocation of NOx emissions and excessive production of NO2 

throughout the atmosphere resulted from overpredicted SWDOWN.  Surface NO and O3 
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mixing ratios are both underpredicted against SEARCH in JFD and MAM, which could mean 

that too much of NO reacts with O3 to form NO2, leading to overpredictions in NO2 mixing 

ratios at the SEARCH sites. Despite a lack of observed NOx at the CASTNET sites, similar 

overpredictions may occur in NO2 mixing ratios, which can be converted to HNO3 by its 

reaction with OH radicals, resulting in overpredictions of HNO3 concentrations at the 

CASTNET sites. As shown in Figure A7, CO mixing ratios are slightly to moderately 

overpredicted against SEARCH but largely underpredicted against AQS for all seasons. As 

shown in Table 3.1.3, mixing ratios of VOCs, e.g., isoprene, toluene, and formaldehyde are 

also underpredicted at the PAMS sites, which can potentially explain some underpredictions 

of CO mixing ratios at AQS sites.  

Figures 3.1.6 and A6 show the domain-average seasonal mean NMBs and NMBs and 

the spatial distribution of NMBs for PM2.5, respectively. The soccer plots in Figure 3.1.7 show 

NME vs. NMB of PM2.5 species. PM2.5 concentrations are underpredicted against SEARCH 

and IMPROVE but overpredicted for STN in MAM, slightly underpredicted at all networks 

for JJA, overpredicted against IMPROVE and STN but underpredicted against SEARCH for 

SON, and overpredicted against SEARCH and IMPROVE but underpredicted for STN in JFD. 

As shown in Figure A6, PM2.5 concentrations tend to be overpredicted for all seasons in the 

northeastern U.S. Unlike O3 mixing ratios, PM2.5 concentrations tend to be either 

underpredicted or overpredicted for the other parts of the U.S. without obvious trends in one 

particular region of the U.S. This could be due to the fact that PM2.5 concentrations are made 

up of individual particulate species with their own biases unlike O3 mixing ratios. As shown 

in Figure 3.1.7, EC concentrations are overpredicted for all seasons for all networks except for 

SON against SEARCH. SO4
2- concentrations are overpredicted for all seasons and for all 
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networks. NH4
+ concentrations are also overpredicted for all seasons and for all networks 

except for JFD against STN. EC concentrations are mainly influenced by emissions, transport, 

mixing, and deposition. Overpredictions in EC could be attributed in part to possible 

overestimates of EC emissions. In addition, the underpredicted T2 could result in an 

underpredicted PBL height which could artificially increase the concentrations of EC and other 

PM species, including NH4
+ and SO4

2- . NH4
+ overpredictions can also be influenced by 

overestimations of NH3 emissions. Overpredictions of NH4
+ can result in overpredictions of 

SO4
2- concentrations, as more SO2 is converted to SO4

2- to form (NH4)2SO4. Overpredictions 

in SO4
2- concentrations could therefore be linked to underpredictions in SO2 concentrations 

against AQS and SEARCH (except for JJA) shown in Table 3.1.3 and Figure A7. Even though 

SO2 concentrations against CASTNET are overpredicted, AQS is more representative of the 

CONUS, because it has about ~1000 sites whereas CASTNET has less than 100 sites.  

The underpredictions in PM2.5 concentrations against SEARCH and IMPROVE in 

MAM are related to the underpredictions in OC and both NO3
- and OC concentrations, 

respectively. The use of a factor of 1.4 to convert SOC to SOA could give rise to uncertainties 

in simulated concentrations of OC as factors up to 2.5 of OA/OC have been reported in 

literature (Aitken et al., 2008).  The overpredictions in PM2.5 concentrations for MAM against 

STN are most likely influenced by large overpredictions of EC. For JJA, PM2.5 concentrations 

are underpredicted but most of the PM2.5 species except for NO3
- at the STN sites show 

overpredictions in JJA, indicating that other PM2.5 species such as dust and sea-salt that are not 

evaluated could be underpredicted. For SON, the underpredictions of PM2.5 concentrations 

against SEARCH are related by underpredictions of EC and OC. The low bias of SEARCH 

PM2.5 concentrations for SON is due to bias compensation between underpredictions of EC 
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and OC concentrations and overpredictions of concentrations of NH4
+, SO4

2-, and NO3
-. These 

bias offsets are more obvious for PM2.5 in JFD. In JFD at all networks, underpredictions occur 

in NO3
- and OC concentrations but overpredictions occur in NH4

+ and EC concentrations, 

leading to low PM2.5 biases. NO3
- concentrations are underpredicted for all networks only for 

JFD, and this could be related in part to the fact that NO2 concentrations are only 

underpredicted for JFD and not for other seasons.  

Figure 3.1.8 shows the time series of domain-average PM2.5 concentrations and major 

PM2.5 species against STN and IMPROVE networks. SO4
2- concentrations are overpredicted 

by up to 2 g m-3 in the rural areas especially in colder months (January to May, and September 

to December) but underpredicted from June to August by up to 1.5 g m-3. Similar trends can 

be found for SO4
2- against STN. From Figure A7, SO2 concentrations are overpredicted in JFD 

and underpredicted in JJA from evaluations against CASTNET data. Overestimations in SO2 

emissions during winter months could help explain SO4
2- overpredictions. During the summer 

months, underestimations in SO2 emissions could result in reduced concentrations of SO4
2-. 

Table 3.1.3 shows that NH4
+ tends to be slightly overpredicted with NMBs of 15.0% to 27.0% 

for other seasons except for JFD with an NMB of -11.0%, and this is also reflected in the time 

series plots in Figure 3.1.8. NO3
- performance is good from April to October but poor in general 

for the other months for both urban and rural areas where NO3
- is greatly underpredicted. EC 

tends to be overpredicted in general in all seasons with NMBs of 31.0% to 90.0% against STN 

and with NMBs of 2.0% to 30.0% against IMPROVE. OC is mainly underpredicted for all 

seasons with the exception of JJA throughout the year for STN and similarly for IMPROVE.  

Figure 3.1.9 shows the time series plots of PM2.5 concentrations at selected sites. The 

model performs relatively well at PSU against STN and at YRK against SEARCH. It generally 
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underpredicts PM2.5 concentrations at BBE against both IMPROVE and SEARCH, and at YOS 

against IMPROVE. The model generally overpredicts at CHI against STN and at JST against 

SEARCH. For the other sites, the model overpredicts or underpredicts PM2.5 concentrations at 

various times. The obvious sharp peaks in February observed in CHAS, CHI, and YRK 

correlate with the minimum T2 mentioned previously. When T2 are low, the PM precursors 

are more likely to condense. In addition, lower temperatures result in a decrease in PBL height, 

increasing PM2.5 concentrations. BBE is a site which falls under both IMPROVE and STN 

networks. Even though the measurements for both networks are different, the model 

underpredicts PM2.5 concentrations at BBE against both networks. The model peaks do not 

correspond to the peaks in observations at some sites for several reasons. For example, errors 

in the emissions of PM2.5 precursors or primary PM2.5 species could lead to inaccurate peaks of 

PM2.5 concentrations; overpredictions in WS10 and precipitation could result in decreased 

PM2.5 concentrations; and biases in WD10 could blow PM2.5 and its precursors out to a different 

direction.  

The biases in the concentrations of the gas and PM species can affect the wet and dry 

deposition in the model. Wet deposition is a function of aerosol concentrations as well as 

precipitation rates. As precipitation is generally overpredicted over CONUS (see Figure 3.1.1), 

and SO4
2- and NH4

+ concentrations tend to be overpredicted (see Figure 3.1.8), the wet 

deposition rates are also overpredicted for SO4
2- except for JJA and NH4

+ as shown in Table 

3.1.3. The wet deposition of NO3
- is underpredicted, because NO3

- concentrations are mostly 

underpredicted, especially against STN. However, the relationship between PM 

concentrations, precipitation and wet deposition are not strongly conclusive as the 

observational stations for PM species are in different locations from the wet deposition and 
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precipitation stations. When compared against the data from the CASTNET Multi-Layer 

Model (MLM), the dry deposition fluxes for all species including SO2, HNO3, SO4
2-, NH4

+, 

and NO3
- are all underpredicted for all seasons possibly due to uncertainties in both simulated 

and MLM-based dry deposition fluxes. In addition, dry deposition fluxes in the model are 

calculated as a function of the dry deposition velocities and the concentrations of gases and 

aerosols. Based on Table 3.1.3, most of the gas mixing ratios and PM species concentrations 

evaluated against CASTNET are overpredicted (except for NO3
-).  This implies that the dry 

deposition velocities may have been underestimated, leading to underpredictions in dry 

deposition fluxes. Wesely and Hicks (2000) reported that model uncertainties in terms of 

deposition velocities could be as large as 30% as the dry deposition models were developed 

based on empirical data at specific locations. Large uncertainties may also exist in the dry 

deposition fluxes calculated by CASTNET MLM, which are not direct observations.  

C. Evaluation of column aerosol and cloud variables 

Table 3.1.2 and Figure 3.1.10 show the statistical performance of several aerosol-cloud 

variables when evaluated with observations from MODIS, MISR, and SRB. The performances 

are good for CF and QVAPOR, moderate for CWP and AOD, and poor for COT and CCN. 

The model shows difficulty in reproducing high CCN concentrations, possibly due to the 

underpredictions in PM2.5 concentrations along the coast (see Figure A6) and over the ocean. 

AOD shows very similar performance statistics for both MODIS and MISR, with 

underpredictions of ~30-60%. Figure A9 also shows that the spatial distribution for MODIS 

AOD is similar to MISR AOD to a certain extent, except for western U.S. MODIS AOD data 

tends to be biased especially over the arid regions, and Drury et al. (2008) has cautioned against 

interpreting MODIS AOD data over the western U.S. COT is also always underpredicted for 
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several possible reasons. For example, COTs from rain, snow and graupel are not taken into 

account in WRF/Chem (Zhang et al., 2012a). The aerosol activation module used in 

WRF/Chem may have underestimated activated aerosols to serve as CCN, leading to lower 

cloud droplet number concentrations as shown in Wang et al. (2014b), thus lower COT and 

CWP.  Another reason for the underpredictions of CWP may be due to the fact that the 

contributions of convective clouds to cloud water and cloud ice are not taken into account 

(Zhang et al., 2012a).  

3.1.3.2.Diagnostic and Mechanistic Evaluation  

 

A. VOCs and SOA Precursors 

As shown in Table 3.1.3, the model generally underpredicts the mixing ratios of 

formaldehyde and SOA precursors such as isoprene and toluene, except for toluene in SON 

and JFD. Toluene and formaldehyde emissions come from the offline NEI emission inventory 

while isoprene is calculated online by MEGAN2. Isoprene is a biogenic VOC (BVOC) 

precursor, its large underpredictions with an NMB of -79.1% are mainly caused by 

underprediction  in T2 (see Table 3.1.2 and Figures 3.1.1 and A1).  Toluene is an anthropogenic 

VOC precursor, it is slightly underpredicted. Formaldehyde could come from both biogenic 

and anthropogenic sources, its large underpredictions with an NMB of -69.7% are mainly 

related to underpredictiond in isoprene. The underpredictions in VOCs could explain the 

underpredictions in SOA and thus in OC concentrations for all seasons except for JJA.  

As shown in Figure 3.1.11, the model performs relatively well for BHM and CTR, but 

significantly overpredicts SOC derived by Kleindienst et al. (2010) at JST and PNS. BHM and 

CTR are considered an urban-rural pair as CTR is located ~35 miles south-southwest of BHM. 

The simulated SOA concentrations for all four sites show similar peaks and troughs throughout 
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June to August. However, this is not the case for the observed concentrations, i.e., BHM and 

CTR have similar observed trends in SOA concentrations but not for JST and PNS. The 

proximity of BHM and CTR could explain why the model performs well for both sites with 

close agreement between simulated and observed data.  JST is located on the east of BHM and 

is located in a highly urbanized area in Atlanta, while PNS is located a few miles away from 

the coast off Florida. Since JST is located in Atlanta, where VOCs emissions come from both 

anthropogenic and biogenic VOCs.  SOC fraction derived from Kleindienst et al. (2010) does 

not include SOA from all SOA precursors, which explains to a large extent why the observed 

SOA concentrations are lower than the simulated values at this site. The emissions of VOCs at 

JST could also possibly be too high, or the assumed constant SOC fraction at JST is too high. 

Simulated wind speeds at JST correspond well to observed wind speeds (see Figure A8), 

therefore wind speeds are not the problem for JST. However, wind speeds for PNS are 

overpredicted, which could explain the sharp decreases in SOA concentrations to zero on 

several days for PNS. The overpredictions in SOA concentrations at PNS may be due to 

reasons similar to JST. There are also a number of significant uncertainties associated with 

simulated SOA concentrations, namely, the assumed constant SOC fraction at each site 

throughout the whole season, and the VBS treatment of SOA in the model, which simulates 

successive oxidation of SOA to lower volatility bins but does not treat fragmentation, (which 

could artificially increase the SOA concentrations). Fragmentation in the VBS framework is 

treated in the 2-D VBS (Murphy et al., 2012), which is not implemented in our model.  

Figure 3.1.12a shows temporal variations of measured vs. simulated concentrations of 

OC, at RTP) in NC. OC concentrations are underpredicted throughout the period of sampling, 

due possibly to underestimation in POC emissions and underpredictions of SOA from 
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additional precursors and processes. Figures 3.1.12b and 3.1.12c show the SOA concentrations 

contributed by isoprene and toluene, estimated by measuring the isoprene and toluene tracers 

in the atmosphere, compared to simulated isoprene and toluene concentrations. Figure 3.1.12b 

shows that the contribution of isoprene to SOA follows closely the diurnal pattern of isoprene 

concentrations; however, toluene does not follow a similar pattern. Possible discrepancies 

between the contributions of toluene to SOA and toluene concentrations include overestimates 

of toluene emissions near RTP, or uncertainties in measurement of SOA induced by toluene, 

and in the mass fraction contribution of toluene to SOA.  

B. Comparison of WRF and WRF/Chem and Chemistry Feedbacks to Meteorology  

As shown in Tables 3.1.1 and 3.1.2, WRF/Chem performs better than WRF only in 

terms of statistics, with higher Corr and lower MBs, NMBs, and NMEs in general for 

SWDOWN, GLW, and WS10 for all seasons. For the other variables, WRF/Chem performs 

better than WRF and vice versa depending on variable and season. Based on the annual 

statistics, WRF/Chem performs better than WRF for WD10 against SEARCH, Precipitation 

against CMAP and NADP; while WRF performs slightly better than WRF/Chem for OLR, 

WD10 against CASTNET, and Precipitation against GPCC and CF against MODIS. For the 

other variables such as T2 and RH2, the performance for WRF and WRF/Chem is comparable. 

The concentrations of gases and aerosols in WRF are prescribed concentrations; therefore, they 

are not as accurate as the concentrations from WRF/Chem. These gases and aerosols that can 

absorb and emit longwave radiation and scatter or absorb shortwave radiation, which will 

impact other meteorological factors including T2, WS10, RH2, precipitation and also cloud 

variables such as CF. Figures 3.1.13 and A10 show the absolute differences between 

WRF/Chem and WRF only simulations for all seasons. The GLW predicted by WRF/Chem is 
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higher than that by WRF up to a maximum of 38 W m-2 (JJA) and a domainwide average of 

11 W m-2, because the gases and aerosols on the surface simulated in WRF/Chem can absorb 

the incoming radiation and re-emit longwave radiation. The maximum difference, however, 

occurs over the ocean. The gases and aerosols simulated in WRF/Chem are transported over 

the oceans. The heat capacity of the ocean is larger than that over land, causing the ocean to 

store more radiation than the land, more so for WRF/Chem compared to WRF. The OLR 

predicted by WRF/Chem is lower than that predicted by WRF over the ocean, but tends to be 

higher over Mexico and eastern U.S. in JJA and in Canada in JFD. Longwave radiation is 

usually emitted by the earth, gaseous species and/or clouds. The high OLR in eastern U.S. and 

Mexico in JJA is probably due to the fact that the ground temperatures in JJA are the highest 

compared to the other seasons, which is further intensified in WRF/Chem due to the modeled 

concentrations of greenhouse gases such as water vapor and O3. While greenhouse gases such 

as methane and carbon dioxide are prescribed in both WRF/Chem and WRF with mixing ratios 

of 1.7 and 370 ppm respectively, water vapor and O3 are simulated in WRF/Chem and could 

be a contributing factor to OLR. O3 mixing ratios predicted from WRF/Chem are the highest 

in JJA.  In JJA, WRF/Chem has higher water vapor mixing ratios over land compared to the 

WRF simulation. In addition, as shown in Figure A9, PWV for JJA is much higher than that 

of JFD. SWDOWN predicted by WRF/Chem is much lower than that predicted by WRF, 

especially over eastern U.S. and over the oceans, likely due to much higher CF predicted by 

WRF/Chem than that predicted by WRF. T2 predicted by WRF/Chem is also lower than WRF 

over eastern U.S. and over the oceans in MAM and JFD, which is expected because SWDOWN 

predicted by WRF/Chem is lower than that predicted by WRF. However, T2 is much higher 

than WRF in Canada in all seasons except JJA. The higher T2 over Canada is related to the 
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GLW trends as shown in Figure A10, where GLW is higher for WRF/Chem over Canada for 

all seasons except JJA. GLW therefore influences T2 to a larger extent compared to SWDOWN 

over colder regions, i.e., Canada and northern U.S. The PBL height is lower for WRF/Chem 

compared to WRF over continental U.S. except for JFD. PBL height over the land is correlated 

to T2, which is lower for WRF/Chem compared to WRF over continental U.S. except for JFD. 

Lower surface temperatures result in a cooling of the ground surface, leading to less convection 

which reduces the PBL height. The PBL height predicted by WRF/Chem is higher over the 

ocean. This is consistent with the trends in GLW which shows higher values over the ocean, 

resulting in heating of the surface above the ground, causing more vigorous convection which 

increases the height of the boundary layer. Radiation is a better indicator for PBL height 

compared to T2 as T2 is an interpolated variable at 2-m based on skin temperature. For 

precipitation, there is no distinct difference in terms of spatial distributions of averaged 

seasonal precipitation between simulated results by WRF/Chem and WRF. However, the mean 

precipitation predicted by WRF/Chem is generally lower than that predicted by WRF for all 

seasons. This could possibly be attributed to the Albrecht effect, where the lifetime of clouds 

are increased due to the formation of smaller droplets attributed to the presence of aerosols, 

which in turn reduces precipitation (Albrecht, 1989). As shown in Figure A10, the predicted 

WS10 predicted by WRF/Chem tends to be lower in general over land in MAM and JJA and 

higher in general over land in SON and JFD than that predicted by WRF. WS10 is also related 

to T2. In MAM and JJA, in general the differences in T2 are lower over continental U.S. 

compared to in SON and JFD. Larger differences in T2 would result in larger differences for 

WS10, due to more vigorous convection.  
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C. Chemistry Feedback to Radiation and Clouds 

Figure A9 shows spatial patterns of aerosol-cloud-radiation variables in summer (JJA) 

and winter (JFD) months. The size, composition, mass and number concentrations of aerosols 

will influence the feedback processes. AOD is generally higher in summer compared to winter, 

consistent with the seasonal variation of surface PM2.5 concentrations shown in Figure A11. 

Table A2 lists Corr between AOD and other variables for all the seasons. The surface PM2.5 

concentrations show good correlations with Corr values of 0.73-0.87. In contrast, Paciorek et 

al. (2008) reported that the correlations between AOD and ground-level PM2.5 concentrations 

are low in the western U.S. in all seasons and are especially poor for winters, possibly due to 

the reason that the retrieval algorithm for AOD cannot capture the reflectance due to the loss 

of vegetation in winter.  In addition, surface PM2.5 concentrations will not necessarily correlate 

to the amount, composition and optical properties of aerosol in the whole atmospheric column, 

which contribute to AOD values. As expected, column PM2.5 concentrations shown in Figure 

A11 have much better Corr values (> 0.90) compared to surface PM2.5 concentrations. An 

experimental study involving the vertical profile and characteristics of aerosol particles in rural 

Oklahoma suggested that the largest particles are observed in winter above 1.5-km, while small 

aerosols dominate in a relatively constant vertical profile in summer (Andrews et al., 2011). 

Small aerosols will scatter light to a larger extent compared to larger aerosols, which could 

explain the larger AOD values in JJA compared to JFD.  

MODIS CCN is only available over the ocean. The hot spots of MODIS CCN generally 

correlate with the hot spots of MODIS/MISR AOD, e.g., along the coastal areas in the 

southeastern U.S. for JJA. In addition, AOD in western U.S. coast is lower than that of eastern 

U.S. coast, and this trend is also reflected in the MODIS and simulated CCN. As shown in 
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Table A2, the correlation between AOD and CCN is also high, with Corr values of 0.78 to 0.89 

for all seasons. AOD is positively correlated to PWV in MAM (0.52) but has poor correlation 

with other seasons (< 0.5). This poor correlation is consistent with the finding of Ten Hoeve et 

al. (2011) who studied the relationship between PWV and AOD over the Amazon and 

concluded that PWV is affected by large scale changes in synoptic-scale conditions and 

seasonal cycles rather than aerosol loading. In the model, CF is calculated as a value of either 

0 or 1, depending on if the cloud water and cloud ice mixing ratios are greater than a threshold 

value at each model level. The column CF is then summed up over all vertical levels and time 

steps and normalized to give a single fraction of between 0 to 1 for each grid cell.  The 

correlation between AOD and CF is poor with Corr values ≤ 0.30, although MODIS/sim AOD 

seem to correlate with MODIS/sim CF over the southeastern U.S. in JJA. Grandey et al. (2013) 

reported strong relationships between AOD and CF based on MODIS data and suggested that 

the seemingly positive correlation between AOD and CF is not necessarily due to cloud-aerosol 

interactions but rather due to cloud-contamination of satellite-retrieved AOD. Mauger and 

Norris (2007) and Myhre et al. (2007) also suggested that historical meteorological forcing 

controls both AOD and CF and that they are not necessarily totally dependent on each other.  

AOD is almost always negatively correlated to OLR at top of atmosphere except for JFD (Corr 

= 0.03), the largest negative correlation occurs in JJA. Higher AOD could mean surface cooling 

due to aerosol forcing (Quaas et al., 2009), resulting in less longwave radiation being radiated 

to the TOA and from the TOA. In the model, CF is used to calculate OLR, the higher the CF, 

the lower the OLR.  

 Simulated AOD is positively correlated to simulated COT with good correlations for 

MAM, JJA, and JFD (> 0.6) but not as well for JJA (0.48). This relationship exists as the 
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concentration of aerosols increases; more light is attenuated, increasing COT. However, 

MODIS COT for JFD is in general higher than that of JJA, whereas MODIS AOD is lower in 

JFD compared to that of JJA. Ten Hoeve et al. (2011) suggested that COT increases with AOD 

until AOD is approximately 0.3 due to the first indirect effect, while at higher values of AOD, 

which corresponds to AOD levels over some areas in JJA, COT decreases with increasing 

AOD possibly due to absorbing aerosols or a retrieval error. Although COT is strongly related 

to CWP with Corr values of 0.77-0.85, AOD seems to be poorly correlated to the CWP for all 

seasons (< 0.5) except for JFD (0.57). The Albrecht effect (Albrecht, 1989) suggests that there 

should be a positive correlation between aerosol number concentration (see Figure A11) and 

CWP. Over the eastern U.S. where the number concentrations are high, model CWP is also 

high especially for JFD, and where number concentrations are lower for JJA, simulated CWP 

is also lower compared to JFD.  Storelvmo et al. (2006) reported very strong positive 

correlation for AOD vs. CWP with strong statistical significance for MODIS data over eastern 

U.S. and Canada, but a positive correlation between AOD vs. CWP with a low statistical 

significance over California. In contrast, Myhre et al. (2007) reported a tendency for a weak 

increase in CWP with AOD and this trend is stronger over land compared to the ocean. 

Constantino and Breon (2013) referenced a range of studies which showed that the response 

of CWP to aerosol concentrations range from positive to negative correlations depending on 

the cloud regime, moisture profiles or local meteorology. The same study also showed that 

COT has low sensitivity to increases in aerosol concentrations. Penner et al. (2006) attributed 

changes in CWP to both aerosols and large-scale dynamics and thermodynamics.  
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3.1.4. Summary and Conclusions 

 

Operational, diagnostic, and mechanistic evaluations have been conducted for model 

outputs as well as processes contributing to aerosol feedbacks to clouds and radiation on a 

seasonal and annual basis. There are differences in model performance when evaluated with 

different observational data for the same variable, due to the differences in measurement 

techniques, sampling frequency, or reanalysis. The model slightly overpredicts domainwide 

SWDOWN for all seasons (especially JJA) against all datasets except for SEARCH.  It slightly 

underpredicts SWDOWN in the southeastern U.S. against SEARCH. T2 is underpredicted 

while RH2 is overpredicted in general for all seasons. The underpredictions of T2 are 

influenced to a larger extent by GLW (which is underpredicted) than by SWDOWN. The 

underpredicted T2 could have resulted in higher surface pressures thus higher RH2. WS10 

tends to be overpredicted possibly due to the fine scale land surface features that are not 

resolved by the model (Cheng and Steenburgh, 2005) at a grid resolution of 36-km used in this 

work. WD10 has very low NMBs but relatively high NMEs, indicating offsets of under- and 

overpredictions. Precipitation shows different results against different networks but is largely 

overpredicted. The model does well in terms of spatial distribution of precipitation but does 

not reproduce well the temporal variations. With regards to aerosol-cloud-radiation variables, 

the performances for CF and PWV are good but larger biases occur for CWP, AOD, COT, and 

CCN over the ocean, in particular, COT and CCN. The poor performances of the cloud 

variables are in part due to missing processes in the model and uncertainties in the aerosol 

activation module used.  For example, the model does not simulate the core-shell structure of 

aerosols which may be more realistic for aerosols containing insoluble components such as 

black carbon and mineral dust, both types of aerosols can serve as CCN.  The version of 
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WRF/Chem used in this work does not simulate cloud water from other hydrometeors besides 

water and ice. In addition, the model does not include the contribution of convective clouds to 

cloud water and cloud ice, which will influence the performance of other meteorological 

performances including SWDOWN, precipitation and wet deposition. As the resolution used 

in this study is coarse (36km), the grid-scale explicit convection scheme is unable to represent 

deep convection as it is very difficult to achieve grid saturation by the model especially during 

JJA.  

Despite annual NMBs of within ±13% for O3 predictions, the model underpredicted O3 

mixing ratios at most sites due to inaccurate meteorological predictions, underestimates of 

wildfire and biogenic emissions, and overestimate in the NOx titration effects. The model 

performs well for PM2.5 concentrations with annual NMBs of ±10%. PM2.5 concentrations tend 

to be underpredicted or overpredicted, depending on the season and the area without any 

obvious trends in one particular region of the U.S., due to the individual species contribution 

to PM2.5.  SO4
2- concentrations are overpredicted for all seasons for all networks and those of 

NH4
+ are overpredicted to a large extent, while the performance of other species varies for 

different seasons. The evaluation of SOA at the SEARCH sites shows that for BHM and CTR, 

the model does a good job in predicting SOA concentrations, but not as well for PNS and JST 

which are a large urban site and a coastal site, respectively. The overpredictions of SOA 

concentrations at PNS and JST are likely due to underestimate of observed SOA 

concentrations, overpredictions of VOC emissions, and uncertainties in SOA modeling (e.g., 

the absence of fragmentation of SOA in the VBS framework and the use of a single SOC 

fraction for each site). The evaluation of OC concentrations at RTP shows underpredictions of 

OC. The evaluation of VOCs shows that the mixing ratios of formaldehyde and isoprene are 
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significantly underpredicted against PAMS data, but those of toluene, are overall well 

reproduced with NMBs within 15%.  The biases in the simulated concentrations of gaseous 

and PM species can affect dry and wet deposition fluxes. In addition, uncertainties in the dry 

and wet deposition parameterizations may also contribute to the biases in dry and wet 

deposition fluxes.   

Predictions of WRF/Chem and WRF are compared to quantify chemistry feedbacks to 

meteorology. Compared to WRF, the gases and aerosols simulated in WRF/Chem result in a 

higher GLW, lower SWDOWN, higher CF, lower T2, and lower precipitation through various 

feedback processes. WRF/Chem also performs better for SWDOWN, GLW, WS10, and Precip 

against CMAP and NADP. Performances for T2, CF, OLR, RH2, and WD10 are overall 

comparable for both WRF/Chem and WRF. AOD is strongly correlated to surface and column 

PM2.5 concentrations, CCN, and COT, but shows weak or anti-correlation to PWV, CWP, CF, 

and OLR. CCN and AOD are directly influenced by PM2.5 concentrations, which explains the 

good correlations between the variables. PWV and CF are poorly correlated with AOD, 

possibly because both PWV and CF are influenced by synoptic scale meteorology rather than 

aerosol concentrations. Based on literature and other model simulation results, COT and CWP 

can either be strongly or poorly correlated to AOD. In this case, COT is strongly related to 

AOD but CWP is poorly related to AOD. The correlations of the COT and CWP depend on 

both aerosol and cloud microphysics and also large scale synoptic processes, which could 

result in either negative or positive correlations depending on location and season. In addition, 

uncertainties also exist in simulated aerosol-cloud-radiation feedbacks due to uncertainties 

from the cloud parameterizations and feedback treatments in the models as well as errors in 

the retrieval algorithms of the MODIS satellite data.   
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3.1.6. Tables 

 

 
Table 3.1.1. Annual performance statistics for meteorological variables predicted by WRF only 

sensitivity simulation 

Variable1 Network2 Mean 

Obs 

Mean 

Sim 

Corr MB NMB 

(%) 

NME 

(%) 

SWDOWN CASTNET 172.46 209.20 0.91 36.57 21.3 36.9 

 SEARCH 202.91 228.16 0.92 25.25 12.4 30.9 

 SRB 186.63 217.21 0.92 30.58 16.4 16.4 

 CERES 185.53 217.21 0.92 31.68 17.1 17.1 

 SURFRAD 185.59 211.23 0.97 25.64 13.8 14.6 

GLW SURFRAD 309.37 282.49 0.39 -26.89 -8.7 8.7 

OLR NOAA 236.05 235.36 0.93 -0.69 -0.3 2.2 

T2 CASTNET 11.72 10.82 0.95 -0.90 -7.7 22.6 

 SEARCH 19.15 18.38 0.93 -0.78 -4.0 12.8 

RH2 CASTNET 66.42 71.83 0.75 5.43 8.1 19.5 

 SEARCH 70.24 74.74 0.76 4.50 6.4 16.0 

WS10 CASTNET 2.32 2.98 0.39 0.65 28.1 74.9 

 SEARCH 2.34 2.77 0.39 0.43 18.5 58.9 

WD10 CASTNET 190.86 187.32 -0.02 -3.54 -1.9 59.0 

 SEARCH 190.92 186.13 -0.05 -4.80 -2.5 66.3 

PRECIP GPCC 2.189 2.197 0.83 0.01 0.3 24.0 

 CMAP 1.945 2.197 0.81 0.25 13.0 30.3 

 NADP 17.71 21.63 0.43 3.92 22.2 75.9 

CF MODIS  57.69 58.27 0.75 0.58 1.0 11.7 

AOD MODIS - - - - - - 

 MISR - - - - - - 

COT MODIS - - - - - - 

CWP MODIS - - - - - - 

QVAPOR MODIS - - - - - - 

CCN MODIS - - - - - - 

 
1 Units are as follows: SWDOWN (Wm-2), GLW (Wm-2), OLR (Wm-2), T2 (deg C), RH2 (%), WS10 (ms-1), WD10 (deg), 

Precip (mm), CWP (gm-2), QVAPOR (cm), and CCN (109 cm-2).  CASTNET - the Clean Air Status and Trends Network; 

SEARCH - the Southeastern Aerosol Research and Characterization; SRB - Surface Radiation Budget; CERES - the Clouds 

and the Earth’s Radiant Energy System; SURFRAD - the Surface Radiation network; NOAA CDC- the National Oceanic 

and Atmospheric Administration Climate Diagnostics Center; GPCC - the Global Precipitation Climatology Centre; the 

Global Precipitation Climatology Centre; CMAP - the Climate Prediction Centre Merged Analysis of Precipitation; NADP - 

the National Atmospheric Deposition Network; MODIS - the Moderate Resolution Imaging Spectroradiometer; MISR - The 

Multi-angle Imaging SpectroRadiometer. 
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Table 3.1.2. Annual performance statistics for meteorological variables predicted by WRF/Chem only 

sensitivity simulation 

Variable1 Network2 Mean 

Obs 

Mean 

Sim 

Corr MB NMB 

(%) 

NME 

(%) 

SWDOWN CASTNET 172.46 186.55 0.92 13.87 8.2 32.2 

 SEARCH 202.91 200.59 0.91 -2.32 -1.1 29.6 

 SRB 186.63 194.25 0.88 7.62 4.1 8.7 

 CERES 185.53 194.25 0.92 8.73 4.7 7.6 

 SURFRAD 185.59 194.12  0.99 8.53 4.6 6.3 

GLW SURFRAD 309.37 302.08  0.99 -7.29 -2.4 2.4 

OLR NOAA 236.05 234.72  0.94 -1.34 -0.5 2.1 

T2 CASTNET 11.72 10.78 0.95 -0.94 -8.0 21.6 

 SEARCH 19.15 18.30 0.93 -0.85 -4.4 12.8 

RH2 CASTNET 66.42 71.83 0.75 5.43 8.1 19.5 

 SEARCH 70.24 74.87 0.75 4.63 6.6 16.1 

WS10 CASTNET 2.69 3.27 0.37 0.6 21.7 60.5 

 SEARCH 2.34 2.75 0.39 0.41 17.4 58.6 

WD10 CASTNET 190.70 186.87 -0.02 -3.84 -2.0 59.2 

 SEARCH 190.92 186.73 -0.05 -4.19 -2.2 66.3 

PRECIP GPCC 2.036 2.519 0.57 -0.05 -2.2 22.9 

 CMAP 1.945 2.141 0.81 0.20 10.1 27.9 

 NADP 17.71 20.81 0.43 3.11 17.6 73.3 

CF MODIS  57.69 56.09 0.81 -1.6 -2.8 10.4 

AOD MODIS 0.14 0.09 -0.09 -0.05 -35.9 47.3 

 MISR 0.14 0.09 0.35 -0.05 -34.4 40.7 

COT MODIS 16.51 5.86 0.67 -10.6 -64.5 64.5 

CWP MODIS 178.23 109.42 0.67 -68.8 -38.6 41.2 

QVAPOR MODIS 1.98 1.95 0.97 -0.03 -1.6 8.6 

CCN MODIS 0.34 0.13 0.62 -0.21 -61.8 61.8 

 

1 Units are as follows: SWDOWN (Wm-2), GLW (Wm-2), OLR (Wm-2), T2 (deg C), RH2 (%), WS10 (ms-1), WD10 (deg), 

Precip (mm), CWP (gm-2), QVAPOR (cm), and CCN (109 cm-2).  CASTNET - the Clean Air Status and Trends Network; 

SEARCH - the Southeastern Aerosol Research and Characterization; SRB - Surface Radiation Budget; CERES - the Clouds 

and the Earth’s Radiant Energy System; SURFRAD - the Surface Radiation network; NOAA CDC- the National Oceanic 

and Atmospheric Administration Climate Diagnostics Center; GPCC - the Global Precipitation Climatology Centre; the 

Global Precipitation Climatology Centre; CMAP - the Climate Prediction Centre Merged Analysis of Precipitation; NADP - 

the National Atmospheric Deposition Network; MODIS - the Moderate Resolution Imaging Spectroradiometer; MISR - The 

Multi-angle Imaging SpectroRadiometer. 
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Table 3.1.3. Performance statistics for chemical concentrations, and dry (DD) and wet (WD) 

depositions 

Variable1 Network2 Mean 

Obs 

Mean 

Sim 

Corr MB NMB 

(%) 

NME 

(%) 

Max CASTNET 47.641 39.053 0.66 -8.59 -18.0 24.4 

1-hr AIRS-AQS 50.343 47.668 0.73 -0.27 -5.3 8.6 

O3 SEARCH 50.466 49.893 0.77 -0.57 -1.1 17.3 

Max CASTNET 43.560 37.975 0.70 -5.58 -12.8 22.1 

8-hr AIRS-AQS 44.457 42.742 0.70 -1.72 -3.8 24.4 

O3 SEARCH 44.587 44.269 0.77 -0.32 -0.7 18.7 

SO2 CASTNET 2.674 3.507 0.78 0.83 31.2 55.3 

 AQS 3.234 2.624 0.29 -0.62 -18.2 86.9 

 SEARCH 2.831 2.390 0.24 -0.44 -15.6 87.3 

NO2 AIRS-AQS 11.613 13.311 0.52 1.70 17.0 73.4 

NO SEARCH 7.919 9.530 0.68 1.62 20.3 71.2 

HNO3 SEARCH 3.958 2.624 0.53 -1.33 -33.7 93.8 

 CASTNET 1.183 1.725 0.48 0.54 45.9 65.8 

CO AIRS-AQS 459.34 312.13 0.18 147.04 -31.1 65.1 

 SEARCH 236.97 261.73 0.53 24.75 10.4 46.7 

Isoprene PAMS 0.708 0.148 0.64 -0.56 -79.1 90.7 

Toluene PAMS 1.217 1.190 0.15 -0.03 -2.2 101.7 

Form PAMS 3.091 0.937 0.08 -2.15 -69.7 75.2 

SO4WD NADP 0.245 0.355 0.42 0.11 45.0 104.6 

NH4WD NADP 0.059 0.166 0.32 0.11 182.7 208.9 

NO3WD NADP 0.194 0.069 0.28 -0.12 -64.5 74.1 

SO2DD CASTNET 0.083 0.023 0.54 -0.06 -72.2 73.8 

HNO3DD CASTNET 0.096 0.027 0.47 -0.07 -71.5 74.2 

SO4DD CASTNET 0.020 0.014 0.46 -0.01 -30.2 59.4 

NH4DD CASTNET 0.007 0.004 0.67 -0.00 -43.2 52.7 

NO3DD CASTNET 0.004 0.002 0.29 -0.00 -59.6 80.0 
 

2 Units are as follows: O3 (ppb); SO2, HNO3 – CASTNET (g m-3); SO2, SEARCH (ppb); CO, NO2, NO, HNO3, 

Isoprene, Toluene, Form (ppb); SO4WD, NH4WD, NO3WD, SO2DD, HNO3DD, SO4DD, NH4DD, NO3DD (kg ha-1), 

PM concentrations are in g m-3. AIRS-AQS - the Aerometric Information Retrieval System (AIRS) – Air Quality 

System; PAMS - the Photochemical Assessment Monitoring Stations ; IMPROVE - the Interagency Monitoring of 

Protected Visual Environments; and STN - the Speciated Trends Network also known as Chemical Speciation 

Network (CSN).  See other acronyms in the footnote of Table 3.1. 
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Table 3.1.3.(cont.) Performance statistics for chemical concentrations, and dry (DD) and wet 

(WD) depositions 

Variable1 Network2 Mean Obs Mean Sim Corr MB NMB 

(%) 

NME 

(%) 

PM2.5 IMPROVE 5.365 5.482 0.68 0.12 2.2 45.3 

 STN 12.205 12.250 0.50 0.04 0.4 44.9 

 SEARCH 16.455 14.941 0.32 -1.51 -9.2 33.9 

SO4
2- IMPROVE 1.310 1.763 0.71 0.45 34.6 65.5 

 STN 2.964 3.904 0.68 0.94 31.7 59.1 

 SEARCH 4.078 5.642 0.61 1.56 38.4 58.6 

 CASTNET 2.76 3.69 0.70 0.93 33.9 54.5 

NH4
+ STN 1.338 1.468 0.59 0.13 9.7 52.7 

 SEARCH 1.437 1.821 0.73 0.38 26.7 46.0 

 CASTNET 0.96 1.24 0.74 0.29 30.2 50.4 

NO3
- IMPROVE 0.499 0.430 0.48 -0.07 -13.8 84.8 

 STN 1.578 0.972 0.30 -0.61 -38.4 74.6 

 SEARCH 0.602 0.660 0.46 0.06 9.7 83.1 

 CASTNET 0.793 0.671 0.41 -0.12 -15.4 82.8 

EC IMPROVE 0.255 0.293 0.44 0.04 15.2 67.4 

 STN 0.661 1.016 0.40 0.36 53.7 89.7 

 SEARCH 1.136 1.224 0.53 0.09 7.7 60.8 

TOC IMPROVE 1.088 1.097 0.51 0.01 0.8 58.7 

 SEARCH 3.295 2.829 0.58 -0.47 -14.1 39.7 

TC IMPROVE 1.342 1.389 0.50 0.05 3.6 57.8 

 STN 4.526 3.297 0.34 -1.23 -27.1 54.9 

 SEARCH 4.755 4.056 0.60 -0.70 -14.7 39.6 

2 Units are as follows: O3 (ppb); SO2, HNO3 – CASTNET (g m-3); SO2, SEARCH (ppb); CO, NO2, NO, HNO3, 
Isoprene, Toluene, Form (ppb); SO4WD, NH4WD, NO3WD, SO2DD, HNO3DD, SO4DD, NH4DD, NO3DD (kg ha-1), PM 

concentrations are in g m-3. AIRS-AQS - the Aerometric Information Retrieval System (AIRS) – Air Quality 
System; PAMS - the Photochemical Assessment Monitoring Stations ; IMPROVE - the Interagency Monitoring of 
Protected Visual Environments; and STN - the Speciated Trends Network also known as Chemical Speciation 
Network (CSN).  See other acronyms in the footnote of Table 3.1.1. 
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3.1.7. Figures 

 

 

 

  

  

 
 

 

 

Figure 3.1.3. Plots of NMB (%) and NME (%) of meteorological variables, where red markers refer 

to evaluation against SEARCH, blue against CASTNET, purple against CMAP, black against GPCC, 

green against NADP, yellow against SRB, orange against CERES and pink against SURFRAD.   
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Figure 3.1.4. Temporal variations of monthly observed vs. simulated SWDOWN, GLW, and 

Albedo at SURFRAD sites. 
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Penn State (PA15), PA (40.79,-77.95) 

 

Big Bend National Park (TX04), TX (29.30, -103.77) 

 

Yellowstone National Park (WY08), WY (44.92,-110.42) 

 

Chassahowitzka National Wildlife Refuge (FL05), FL (28.75,-
82.55) 

 
Yosemite National Park (CA99), CA (37.80,-111.86) 

 

Attwater Prairie (TX10), TX (29.66,-96.26) 

 

Indiana Dunes National (IN34), IN (41.63,-87.09) 

 

Chiricahua (AZ98), AZ (32.01,-109.39) 

 

Georgia Station (GA41), GA (33.18,-84.41) 

 

Belville (GA20), GA (32.13,-81.97) 

 

Figure 3.1.5. Weekly accumulated precipitation at 10 NADP sites. The solid red line represents 

simulated values while the dotted blue lines represent observed data.
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Figure 3.1.6. Seasonal mean observed and simulated skew-T plots of temperature (red solid and black solid lines, respectively), dew point 

temperature (red dash and black dash lines, respectively), and wind speed and direction (red and black staffs and attached barbs, respectively, 

with a triangle, long barb and a short barb perpendicular to the overall staff representing 50, 10 and 5 knots respectively) at three stations for 

JFD (top) and JJA (bottom) 2006. 
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Figure 3.1.7. Plots of NMBs (%) and NMEs (%) of max 8-hr O3 and 24-hr average PM2.5 

concentrations. For O3, red markers refer to evaluation against AQS, blue against CASTNET, 

green against SEARCH for O3. For PM2.5, red markers refer to evaluation against STN, blue 

against IMPROVE, and green against SEARCH. 
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Penn State (PSU), PA (40.72,-77.93),  
CASTNET 

 

Big Bend National Park (BBE), TX (29.31,-103.10), CASTNET 
 

 
Yellowstone National Park (YEL), WY (44.56,-110.40), 

CASTNET 

 

Valrico (VAL), FL (27.97,-82.23), AQS 
 

 
Yosemite National Park (YOS), CA (37.71,-119.70), AQS 

 

Galveston Island (GAL), TX (29.26,-94.86), AQS 

 
Grove Street (GRO), IL (40.12,-88.23), AQS 

 

Chiricahua (CHA), AZ (32.12,-109.47), AQS 

 
Yorkville (YRK), GA (33.93,-85.05), SEARCH 

 

Jefferson Street (JST), GA (33.78,-84.41), SEARCH 

 
 

Figure 3.1.8. Maximum 8-hr ozone concentrations at 10 sites, 3 from CASTNET, 5 from AIRS-AQS 

and 2 from SEARCH. The solid red line represents simulated values while the dotted blue lines 

represent observed data. BBE and YEL are also co-located at AIRS-AQS. 
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Figure 3.1.9. Soccer plots of major PM2.5 species with NMB (%) and NME (%) in MAM, JJA, SON and JFD. The dashed lines show the 

performance criteria with the values of NMB/NME within 25% (good), 50% (acceptable), and 100% (poor), respectively. 
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Figure 3.1.10. Temporal variations of PM2.5 and major PM2.5 species for STN and IMPROVE 

networks (black) against simulated data (red). Data for NH4 from IMPROVE not available for 2006. 
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Penn State (PSU), PA (40.81,-77.88), STN 

 

Big Bend National Park (BBE), TX (29.31,-103.18), STN 

 
Big Bend National Park (BBE401), TX (29.31,-103.178), 

IMPROVE 

 

Yellowstone National Park (YEL), WY (44.56,-110.40), 
IMPROVE 

 
Chassahowitzka (CHAS), FL (27.85,-82.55),  

IMPROVE 

 

Yosemite National Park (YOS404), CA (37.71,-119.70), 
IMPROVE 

 

Chicago (CHI), IL (41.75,-87.71), STN 

 

Chiricahua (CHA467), AZ (32.01,-109.39), IMPROVE 

 

Yorkville (YRK), GA (33.93,-85.05), SEARCH 

 

Jefferson Street (JST), GA (33.78,-84.41), SEARCH 

 

Figure 3.1.11. 24-hour average PM2.5 concentrations at 10 sites, 3 from STN, 5 from IMPROVE and 2 

from SEARCH. The solid red line represents simulated values while the dotted blue lines represent 

observed data. 
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Figure 3.1.12. Seasonal mean NMBs vs. NMEs of various aerosol-cloud variables based on the evaluation of WRF/Chem using satellite data. 

The values of markers < 25%, < 50%, and < 100% indicate good, acceptable, and poor performance, respectively. 
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Figure 3.1.13. Temporal variations of SOA concentrations at 4 SEARCH sites in JJA. 
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Figure 3.1.14. Temporal variations of (a) observed vs. simulated OC; (b) obs SOA concentration 

contributed by the oxidation of isoprene vs. simulated isoprene concentration; (c) obs SOA 

concentration contributed by the oxidation of toluene vs. simulated toluene concentrations at the RTP 

site in 2006. 

 



 

93 

 

 

 MAM JJA SON JFD 

SWDOWN 

    

T2 

    

PBLH 

    

Precipitation 

    

CF 

    
Figure 3.1.15. Absolute differences between predictions of meteorological variables by WRF/Chem and WRF (WRF/Chem – WRF) 

simulations. 
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3.2.Application of WRF/Chem over North America under the AQMEII Phase 2 –  

Part 2. Evaluation of 2010 Simulation and Responses of Air Quality and Meteorology-

Chemistry Interactions to Changes in Emissions and Meteorology from 2006 to 2010.  

 

Khairunnisa Yahya1, Kai Wang1, Yang Zhang1, and T. E. Kleindienst 

1Department of Marine, Earth, and Atmospheric Sciences, North Carolina State University, 

Raleigh, NC 27695, U.S.A. 

2National Exposure Research Laboratory, U.S. EPA, Research Triangle Park, NC 27711, 

U.S.A. 

Note: This section has been published under the journal Geoscientific Model Development, 

8, pages 2095 – 2117, doi:10.5194/gmd-8-2095-2015, 2015.  

 

Abstract 

The Weather Research and Forecasting model with Chemistry (WRF/Chem) 

simulation with the 2005 Carbon Bond gas-phase mechanism coupled to the Modal for Aerosol 

Dynamics for Europe and the Volatility Basis Set approach for Secondary Organic Aerosol 

(SOA) are conducted over a domain in North America for 2006 and 2010 as part of the Air 

Quality Model Evaluation International Initiative (AQMEII) Phase 2 project. This paper 

focuses on comparison of model performance in 2006 and 2010 as well as analysis of the 

responses of air quality and meteorology-chemistry interactions to changes in emissions and 

meteorology from 2006 to 2010. In general, emissions for gaseous and aerosol species decrease 

from 2006 to 2010, leading to a reduction in gaseous and aerosol concentrations and associated 

changes in radiation and cloud variables due to various feedback mechanisms. WRF/Chem is 

able to reproduce most observations and the observed variation trends from 2006 to 2010, 

despite its slightly worse performance than WRF that is likely due to inaccurate chemistry 

feedbacks resulted from less accurate emissions and chemical boundary conditions (BCONs) 
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in 2010. Compared to 2006, the performance for most meteorological variables in 2010 gives 

lower normalized mean biases but higher normalized mean errors and lower correlation 

coefficients.  The model also shows worse performance for most chemical variables in 2010.  

This could be attributed to underestimations in emissions of some species such as primary 

organic aerosol in some areas of the U.S. in 2010, and inaccurate chemical BCONs and 

meteorological predictions. The inclusion of chemical feedbacks in WRF/Chem reduces biases 

in meteorological predictions in 2010; however, it increases errors and weakens correlations 

comparing to WRF simulation.  Sensitivity simulations show that the net changes in 

meteorological variables from 2006 to 2010 are mostly influenced by changes in meteorology 

and those of ozone and fine particulate matter are influenced to a large extent by emissions 

and/or chemical BCONs and to a lesser extent by changes in meteorology. These results 

indicate a need to further improve the accuracy of emissions and chemical BCONs, the 

representations of SOA and chemistry-meteorology feedbacks in the online-coupled models.  

Keywords: AQMEII, Emission variation, WRF/Chem, Meteorology-chemistry Interactions, 

SOA, Air Quality Trends 

 

3.2.1. Introduction 

 

Changes in meteorology, climate, and emissions affect air quality (e.g., Hogrefe et al., 

2004; Leung and Gustafson, 2005; Zhang et al., 2008; Dawson et al., 2009; Gao et al., 2013; 

Penrod et al., 2014). As federal, state, and local environmental protection agencies enforce the 

anthropogenic emission control programs, ambient air quality is expected to be continuously 

improved. However, such an improvement may be compensated by adverse changes in 

climatic or meteorological conditions (e.g., increases in near surface temperature, solar 
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radiation, and atmospheric stability, or reductions in precipitation) that are directly conducive 

to the formation and accumulation of air pollutants and that may result in higher biogenic 

emissions. It is therefore important to examine changes in both meteorology/climate and 

emissions as well as their combined impacts on air quality. The Air Quality Model Evaluation 

International Initiative (AQMEII) Phase 2 was launched in 2011 to intercompare online-

coupled air quality models (AQMs) in their capabilities in reproducing atmospheric 

observations and simulating air quality and climate interactions in North America (NA) and 

Europe (EU) (Alapaty et al., 2012). The simulations over NA and EU with multi-models by a 

number of participants have been performed for two years (2006 and 2010) that have distinct 

meteorological conditions.  Compared with 2006, 2010 is characterized by warmer summer 

conditions in eastern U.S. and less precipitation over NA (Stoeckenius et al., 2014; Pouliot et 

al., 2014).  In addition, the emissions of key pollutants are reduced in 2010 relative to 2006, 

e.g., emissions of oxides of nitrogen (NOx) and sulfur dioxide (SO2) are reduced by 10-30% 

and 40-80% for many regions in NA (Pouliot et al., 2014). Comparison of 2010 and 2006 

simulations will thus provide an opportunity to examine the success of the emission control 

programs and the impacts of meteorological/climatic variables on air quality.  Compared to 

model intercomparison during AQMEII Phase 1 (Rao et al., 2012) in which offline-coupled 

models were used, the use of online-coupled AQMs models during AQMEII Phase 2 allows 

for study of the interactions between meteorology and chemistry through various direct and 

indirect feedbacks among aerosols, radiation, clouds, and chemistry (Zhang, 2008; Baklanov 

et al., 2014).  The two year simulations further enable an examination of the responses of air 

quality and meteorology-chemistry interactions to changes in emissions and meteorology from 

2006 to 2010 that was not possible with offline-coupled models.  
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Similar to offline AQMs, large uncertainties exist in online-coupled AQMs, which will 

affect the model predictions and implications.  Such uncertainties lie in the meteorological and 

chemical inputs such as emissions, initial and boundary conditions (ICONs and BCONs), 

model representations of atmospheric processes, and model configurations for applications 

such as horizontal/vertical grid resolutions and nesting techniques. Several studies examined 

the uncertainties in emissions (e.g., Reid et al., 2005; Zhang et al., 2014) and BCONs (e.g., 

Hogrefe et al., 2004; Schere et al., 2012). There are also uncertainties in various chemical 

mechanisms and physical parameterizations used in AQMs such as gas-phase mechanisms 

(Zhang et al., 2012), aerosol chemistry and microphysical treatments (Zhang et al., 2010), 

microphysical parameterizations (van Lier-Walqui et al., 2014), convective parameterizations 

(Yang et al., 2013), boundary layer schemes (Edwards et al., 2006), and land surface models 

(Jin et al., 2010). Due to the complex relationships in online-coupled AQMs among the 

emissions, ICONs and BCONs, and model processes that may be subject to inherent 

limitations, it is difficult to isolate the contributions of model inputs or the representations of 

atmospheric processes to the model biases.  In mechanistic evaluation (also referred to as 

dynamic evaluation), sensitivity simulations are performed by changing one or a few model 

inputs or process treatments, while holding others constant.  This approach can help diagnose 

the likely sources of biases in the model predictions.   

The Weather Research and Forecasting model with Chemistry (WRF/Chem) version 

3.4.1 with the 2005 Carbon Bond (CB05) gas-phase mechanism coupled with the Modal for 

Aerosol Dynamics for Europe (MADE) and the Volatility Basis Set (VBS) approach for 

secondary organic aerosol (SOA) (hereafter WRF/Chem-CB05-MADE/VBS) has been 

recently developed by Wang et al. (2014). The applications of WRF/Chem-CB05-MADE/VBS 
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to 2006 and 2010 in this work use the same model physical and chemical parameterizations as 

those of Yahya et al. (2014) but with different emissions, meteorological ICONs and BCONs, 

and chemical ICONs and BCONs. The mechanistic evaluation by comparing WRF/Chem-

CB05-MADE/VBS predictions for the two years would help understand the sensitivity of the 

model predictions and performance to different model inputs, and that by comparing 

WRF/Chem-CB05-MADE/VBS and WRF only predictions would quantify the impacts of 

chemistry-meteorology feedbacks on the meteorological predictions. A comprehensive 

evaluation of the 2006 simulation has been presented in Yahya et al. (2014). In this paper, the 

differences in emissions, meteorological and chemical ICONs/BCONs, and meteorology 

between 2010 and 2006 are first examined briefly. The model performance in 2010 is then 

evaluated and compared with that in 2006. Finally, the responses of air quality and 

meteorology-chemistry interactions to changes in emissions, chemical ICONs/BCONs, and 

meteorology individually and collectively from 2006 to 2010 are analyzed. The main 

objectives of this paper are to examine whether the model has the ability to consistently 

reproduce observations for two separate years, as well as to examine whether the trends in air 

quality and meteorology-chemistry interactions are consistent for both years. Stoeckenius et 

al. (2014) carried out an extensive analysis of the trends in emissions and observations of 

meteorological variables, O3, SO2, and PM2.5 concentrations between 2006 and 2010. This 

paper complements the work of Stoeckenius et al. (2014) by examining the changes in 

WRF/Chem predictions and chemistry-meteorology feedbacks in 2010 relative to 2006. 

Similar evaluations of 2010 and 2006 are performed for the coupled Weather Research and 

Forecasting – Community Multiscale Air Quality (WRF-CMAQ) system (Hogrefe et al., 

2014).  Unlike the coupled WRF-CMAQ system used in AQMEII Phase 2 that only simulates 
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aerosol direct effects, WRF/Chem used in this work simulates both aerosol direct and indirect 

effects. In addition, the work by Hogrefe et al. (2014) involves nudging of temperature, wind 

speed, water vapor mixing ratio, soil temperature and soil moisture, while the model used for 

this study did not include any nudging.  

3.2.2. Differences in Emissions and ICONs/BCONs between 2006 and 2010 

 

3.2.2.1 Emission Trends 

The emission variation trends are examined for major precursors for ozone (O3) and 

secondary particulate matters (PM) (i.e., sulfur dioxide (SO2), oxides of nitrogen (NOx), 

ammonia (NH3), volatile organic compounds (VOCs) including both anthropogenic and 

biogenic VOCs) and primary PM species (elemental carbon (EC) and primary organic aerosol 

or carbon (POA or POC)).  Comparing to emissions in 2006, the annual emissions of SO2 and 

NOx decrease significantly in 2010, especially at the point sources (Figure B1), with similar 

variation patterns in all seasons (Figure not shown). The annual emissions of NH3 decrease 

over most areas but increase in some areas in California (CA) and Midwest.  Unlike the 

changes in the emissions of SO2 and NOx, NH3 and VOCs emissions exhibit strong seasonal 

variations in the emission trends, as shown in Figure B2. Although anthropogenic VOC 

emissions decrease over continental U.S. (CONUS) for all seasons (Figure not shown), the 

VOC emissions increase in the southeast, which is dominated by enhanced biogenic emissions 

from vegetation as a response to temperature increases (Stoeckenius et al., 2014). The total 

annual emissions of EC and POA also decrease but to a smaller extent over most areas of the 

continental U.S.  The changes in annual and seasonal emissions of those species between 2010 

and 2006 will affect simulated air quality and meteorology-chemistry interactions.  
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3.2.2.2.Differences in Chemical and Meteorological ICONs/BCONs 

 

Large differences exist in the chemical and meteorological ICONs/BCONs used in the 

simulations.  For example, Stoeckenius et al. (2014) reported that the mid-tropospheric 

seasonal mean O3 mixing ratios are generally lower by several ppbs in 2010 as compared to 

2006, especially during spring and summer. Less Asian mid-tropospheric fine dust was also 

transported over to the U.S. in the spring of 2010 and less African dust reached the U.S. in the 

summer of 2010 (Stoeckenius et al., 2014). As shown in Figure B3, significant differences 

exist for January, February, and December (JFD) and June, July, August (JJA)  2010 – 2006 

in averaged meteorological ICONs and BCONs of skin temperature and soil moisture fraction 

100 to 200 cm below ground extracted from the National Center of Environmental Prediction’s 

(NCEP).  

 

3.2.3. Model Performance in 2010 and Its Comparison with 2006 

 

  Model predictions in 2010 respond to changes in emissions, BCONs, and meteorology.  

The model performance for both meteorological and chemical predictions in 2010 is evaluated 

and compared with that in 2006.  The surface observational networks used to evaluate 2010 

results include the Clean Air Status and Trends Network - CASTNET (rural sites), the 

Southeastern Aerosol Research and Characterization - SEARCH (southeastern U.S. only, rural 

and urban sites), the Speciated Trends Network - STN (urban sites), the Interagency 

Monitoring for Protected Visual Environments - IMPROVE (rural sites), the Air Quality 

System - AQS (rural and urban sites) and the National Atmospheric Deposition Program - 

NADP (rural and urban sites). The satellite data used include the Moderate Resolution Imaging 

Spectroradiometer (MODIS) and TERRA. The Global Precipitation Climatology Center 
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(GPCC) for precipitation is a blend of rain gauge data, satellite data and reanalysis data. Major 

differences in model performance between the two years and their associations with changes 

in emissions, BCONs, and meteorology are discussed below.   

3.2.3.1.Differences in Meteorological Predictions for 2006 and 2010 

 

Table 3.2.1 shows the annual mean observed and simulated values as well as correlation 

coefficients (Corr) between the observed and simulated meteorological variables from the 2010 

WRF/Chem and WRF simulations. Similar statistics from the 2006 WRF/Chem and WRF 

simulations can be found in Table 1 in Yahya et al. (2014).  Figure 3.2.1 shows normalized 

mean bias (NMB) vs. normalized mean error (NME) plots for several meteorological variables 

by seasons against several observational networks for 2006 and 2010. In general, the 

correlation coefficients (Corr) for 2006 are better than those of 2010, as the correlations 

between mean observed and simulated values for all meteorological variables are higher for 

2006 compared to 2010. However, the biases are smaller for temperature at 2-m (T2) (against 

CASTNET), downward shortwave radiation (SWDOWN), wind speed at 10-m (WS10), 

precipitation (Precip) (against NADP), cloud fraction (CF), and cloud droplet number 

concentrations (CDNC) for 2010 compared to 2006. T2 is underpredicted against CASTNET 

and SEARCH for both 2006 and 2010. The seasonal mean NMBs for both 2006 and 2010 

(except for JFD 2006) are < 15%, with annual mean NMBs of -7.7% and -4.9%, respectively.  

With the exception of JFD 2006 against CASTNET, T2 predictions in the other seasons in 

2006 for both CASTNET and SEARCH have lower NMEs (< 25%) for 2006. All the seasons 

in 2010 have an NME of > 25% for T2 predictions. For SWDOWN, for both 2006 and 2010, 

seasonal NMBs range from -10% to 20% with annual mean NMBs of 21.3% and 7.4%, 

respectively, against CASTNET and 3.0% and 12.4%, respectively, against SEARCH; 
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however the seasonal and annual mean NMEs in 2006 are < 40% while those in 2010 range 

from 40% to 65%. Although SWDOWN is overpredicted on an annual basis, T2 is 

underpredicted in all seasons in 2006 and all seasons except for JJA in 2010, as T2 is diagnosed 

from the skin temperature, which depends on not only SWDOWN but also other variables such 

as soil properties. The NCEP, Oregon State University, Air Force, National Weather Service 

Office of Hydrology (NOAH) land surface model used in this case calculates the heat fluxes 

and skin temperatures based on SWDOWN, the land-use type, and soil properties including 

soil texture, soil moisture, soil conductivity and thermal diffusivity which vary for different 

soil types (Chen, 2007). Annual mean WS10 is overpredicted for both 2006 and 2010. Seasonal 

WS10 is overpredicted for 2006 but underpredicted for 2010 with better performance in 2010 

(i.e., smaller NMBs in 2010 and comparable NMEs between the two years). In this study, the 

Mass and Owens (2010) surface roughness parameterization is used in WRF and WRF/Chem, 

which helps reduce typical overpredictions in WS10 overall in both years. However, Mass and 

Owens (2010) also noted that by using this parameterization, the high wind speeds are affected 

and suggested switching off this drag parameterization at higher wind speeds. For 

Precipitation, the model performs consistently well against GPCC for both years with seasonal 

NMBs within -11% and -12%, and annual NMBs of 0.3% and 1.3%, respectively, for 2006 

and 2010. The evaluation against NADP shows larger differences with NMBs of 22.2% and 

2.5% and Corr values of 0.43 and 0.1 for 2006 and 2010, respectively. CF is the only 

meteorological variable with a better performance in terms of all three measures including 

Corr, NMB, and NME in 2010 than in 2006 against MODIS. The better performance in CF in 

2010 may help reduce annual mean NMBs in CDNC, SWDOWN, and T2 in 2010, although 

their annual mean NMEs increase and annual mean Corr values decrease.  
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Yahya et al. (2014) compared and evaluated the full-year WRF and WRF/Chem 2006 

simulations with the same physical configurations to analyze the effects of feedbacks from 

chemistry to meteorology. The results for 2006 show that for the evaluation of SWDOWN, 

T2, and WS10 against CASTNET and SEARCH, the Corr is almost identical for both 

WRF/Chem and WRF simulations. For evaluation of precipitation against NADP, WRF has a 

higher Corr compared to WRF/Chem. Unlike 2006, the 2010 WRF only simulation has higher 

Corr for all meteorological variables compared to the 2010 WRF/Chem simulation except for 

Precip against GPCC and CF against MODIS.  This means that the emissions and chemistry-

meteorological feedbacks play an important role in influencing model performance. Section 

4.4 will explore this in further detail. Another obvious difference is that the NMBs for the 

meteorological variables for 2010 are smaller compared to 2006 for all the variables except for 

Precip against GPCC, while the NMEs are larger for 2010 compared to 2006 for all variables 

except for Precip against GPCC. A smaller overall averaged NMB but a larger NME may 

indicate compensation of over- and under-predictions leading to a small bias, but the 

magnitude of the differences are reflected in the NME values.  

The same model physics and dynamics options are used for both years. In addition to 

different emissions, there are characteristic climate differences between the two years that lead 

to lower Corr and larger NMEs for most meteorological fields in 2010 compared to 2006 for 

both WRF and WRF/Chem simulations. 2010 is reported to be the warmest year globally since 

1895 according the National Climactic Data Center (NCDC) (http://www.ncdc.noaa.gov/cag/). 

Even though 2010 has high temperatures compared to previous years, a trend analysis of 

extreme heat events (EHE) from 1930 to 2010 showed that in 2010, there were more than 35 

extreme minimum heat events (where temperatures are extremely low) over southeastern U.S. 

http://www.ncdc.noaa.gov/cag/
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compared to about ~10 events in 2006. In fact, the number of extreme minimum heat events is 

the highest overall for CONUS in 2010 compared to all the other years from 1930 onwards 

(Oswald and Rood, 2014). The Intergovernmental Panel for Climate Change (IPCC) reported 

that since 1950, weather events have become more extreme likely due to climate change (IPCC, 

2012). Grundstein and Dowd (2011) stated that on average, by 2010 there would be 12 more 

days with extreme apparent temperatures than those in 1949. These studies imply that 

increased temperatures change the weather in unexpected ways with uncertainties in the state 

of science (Huber and Gulledge, 2011), including models. These high and low temperatures 

could contribute to the compensation of over- and under-predictions leading to smaller NMBs 

in general for 2010. To better simulate model extreme heat events, Meir et al. (2013) suggested 

using a higher spatial resolution with a grid size of 12-km or smaller, better sea surface 

temperature estimates, and enhanced urbanization parameterization. Gao et al. (2012) reported 

better results in reproducing extreme weather events with WRF over eastern U.S. at a 4-km × 

4-km resolution. In this study, although the urban canopy model is used for both WRF and 

WRF/Chem simulations, a 36-km × 36-km grid resolution might not be sufficient to reproduce 

the extreme temperature events (highs and lows) in 2010.  

As shown in Figure B4, the spatial distribution of MB values for T2 for JFD 2010 by 

WRF/Chem show very large negative MBs over southeastern U.S. compared to JFD 2006. T2 

is also generally underpredicted over southeastern U.S. in both years, but with larger negative 

biases in 2010 than those in 2006. T2 biases also seem to be more extreme for JFD 2010 

compared to JFD 2006, with dark red and dark blue colors for the MB markers, indicating large 

positive and large negative biases, respectively. This could explain the poorer correlation for 

T2 in 2010 compared to 2006 as shown in Table 3.2.1. On the other hand, the performances of 
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T2 for JJA 2010 and 2006 are very similar, with MBs ~ -0.1 to 0.1 ºC in eastern U.S., large 

negative MBs at the sites in Montana and Colorado, and a large positive MB at the site in 

Wyoming.  

3.2.3.2.Differences in Chemical Predictions for 2006 and 2010 

 

 The lower Corr for 2010 compared to 2006 for meteorological variables has a large 

influence on the model performance for 2010. As shown in Table 3.2.1, all the chemical 

variables for all networks have lower Corr in 2010 compared to 2006. As shown in Figures 

3.2.2 and 16, maximum 8-hr O3 concentrations are underpredicted to a larger extent in 2010 

compared to 2006, dominating the O3 annual performance in 2010. These results are consistent 

with the results of Hogrefe et al. (2014). The large underpredictions of maximum 8-hr O3 in 

JFD 2010 over southeastern U.S. are attributed to larger cold biases in T2 shown in Figure B4 

and reduced NOx and VOC emissions in 2010 relative to their levels in 2006. While reduced 

NOx levels can result in an increase in nighttime O3 concentrations due to reduced NOx titration 

of O3, the impact of reduced NOx titration on the maximum 8-hr O3 is small.  As shown in 

Figure B4, the temperature biases for both years are relatively similar. Over northeastern U.S., 

the T2 bias is generally less than -0.1 ºC for JJA in both years. However, as shown in Figure 

3.2.2, O3 concentrations over northeastern U.S. in JJA 2010 have negative biases whereas those 

over northeastern U.S. in JJA 2006 have positive biases. In this case, emissions might play a 

significant role in the underprediction of O3 concentrations over northeastern U.S. in JJA 2010. 

Hourly average surface NOx emissions decrease significantly over northeastern U.S. in JJA 

from 2006 to 2010. As shown in Figure 3.2.3, 2006 model performance for O3 is generally 

good for all seasons and all networks.  
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According to Table 3.2.1 and Figure 3.2.1, WRF/Chem predicts SWDOWN to a lower 

extent in 2010 compared to 2006 against CASTNET. Khiem et al. (2010) reported that during 

the summer, a large percentage of the variations in peak O3 concentrations during the summer 

can be attributed to changes in seasonally averaged daily maximum temperature and seasonally 

averaged WS10. Simulated WS10 is lower for 2010 compared to 2006 in general; therefore, 

WS10 does not seem to contribute to reduced O3 concentrations (through dispersion, increased 

dry deposition) in 2010. Figure 3.2.4 shows diurnal variations of observed and simulated 

WRF/Chem T2 and O3 concentrations from CASTNET in JJA 2006 and 2010. The diurnally 

averaged observed temperatures show a similar trend in JJA 2006 to 2010 against T2 

measurements from CASTNET. This shows that the model is able to reproduce T2 for different 

years. The temperature trends also correlate strongly with the O3 trends. At night, where the 

model has cold bias, O3 concentrations are underpredicted to a larger extent. The O3 

concentrations show a larger underprediction for JJA 2010 compared to JJA 2006. The 

underpredictions in O3 in both 2006 and 2010 can be explained by several reasons.  For 

example, Im et al. (2014) showed that MACC underpredicts O3 mixing ratios, particularly in 

winter and spring during both day and night and in summer and fall during nighttime. As 

indicated by Wang et al. (2014) and Makar et al. (2014), the inclusion of aerosol indirect effects 

also tends to reduce O3 mixing ratios, comparing to the models that simulate aerosol direct 

effect only or do not simulate aerosol direct and indirect effects (i.e., offline-coupled models).   

 Figure 3.2.5 shows spatial distribution of NMBs for PM2.5 concentrations for JFD and 

JJA 2006 and 2010 against IMPROVE, STN, and SEARCH. Overall, JJA 2006 and JJA 2010 

have similar spatial distribution patterns of NMBs for all sites over CONUS except for several 

sites in northwestern U.S. where PM2.5 concentrations are underpredicted for JJA 2010 but 
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overpredicted for JJA 2006. However, many sites have positive NMBs over eastern and central 

U.S. for JFD 2006, whereas more sites have negative NMBs over eastern and central U.S. for 

JFD 2010. Statistics from Yahya et al. (2014) and Table 3.2.1 show that in general, the 

simulated concentrations of PM2.5 and all PM2.5 species decrease from 2006 to 2010, however, 

the Corr values for PM2.5 and PM2.5 species become worse in 2010 compared to 2006. As 

shown in Figure 3.2.5, PM2.5 concentrations for 2006 can be overpredicted or underpredicted, 

depending on seasons and networks, with an equal distribution of positive and negative NMBs. 

However for 2010, PM2.5 concentrations tend to be underpredicted for all seasons and for all 

networks except for JFD against SEARCH. As shown in Figure 3.2.5, NMBs for PM2.5 species 

for 2006 at individual monitoring sites range from -40% to 60%, while those for 2010 range 

from -80% to 80%. The markers are more spread out covering a wider range of NMBs and 

NMEs for 2010 with more extremes as compared to the markers for 2006 clustered around the 

zero NMB line. NMEs for PM2.5 species in 2006 remain below 100%. NO3
- concentrations are 

slightly underpredicted in 2006 against all networks; however, NO3
- levels in 2010 are largely 

underpredicted, likely due to the large decrease in NOx emissions from 2006 to 2010 and the 

increase in T2. The NMBs for IMPROVE and SEARCH OC remain low from 2006 to 2010, 

however, the NMEs increase significantly. For TC against IMPROVE, the NMB and NME in 

2010 are larger in magnitudes in 2010 than those in 2006. SO4
2- has lower NMBs but higher 

NMEs for all networks in 2010 compared to 2006.  EC concentrations are generally 

overpredicted in 2006 for all networks but underpredicted against SEARCH and largely 

overpredicted against IMPROVE in 2010. NH4
+ also has higher NMEs in 2010 compared to 

2006. Overall, the evaluation in 2010 shows large NMEs and poor correlations for all PM2.5 

species compared to 2006.  
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Figure 3.2.6 shows the time series plots for 24-hr average concentrations of PM2.5, 

SO4
2- and NO3

- against STN for 2006 and 2010. In 2006, the daily-average PM data were 

collected on a daily basis in 2006 but every 3 days in 2010. The model is able to predict most 

of the observed peaks and troughs for 2006 even though the observed and simulated 

magnitudes are significantly different for several days. For 2010, the model does not show 

large spikes and can reproduce the magnitudes well, although it does not predict the peaks and 

troughs as well as 2006 for some months (e.g., Jan-March and July-Sept. for PM2.5). This could 

be attributed in part to the poor correlations of meteorological variables in 2010 compared to 

2006. For example, poor predictions of WS10 can influence the transport and dry deposition 

of aerosols. Poor predictions of precipitation can impact the wet deposition of aerosols. Poor 

predictions of T2 can influence the planetary boundary layer height (PBLH) and both can also 

affect the distribution of aerosol concentrations. NO3
- concentrations for the winter months are 

moderately underpredicted in 2006 but largely underpredicted in 2010, likely due to 

underpredictions in nitrogen dioxide (NO2) concentrations (Yahya et al., 2014).  

3.2.3.3.SOA Evaluation for 2006 and 2010 

 

The VBS framework in WRF/Chem of Ahmadov et al. (2012) provides a more realistic 

treatment of SOA compared to previous SOA treatments such as the 2-product model by Odum 

et al. (1996) used in the Secondary Organic Aerosol Model (SORGAM) of Schell et al. (2001).  

Wang et al. (2014) evaluated SOA and OC concentrations simulated from WRF/Chem-CB05-

MADE/VBS and WRF/Chem-CB05-MADE/SORGAM over NA for July 2006 against field 

campaign data from Offenberg et al. (2011) at the Research Triangle Park (RTP), NC for July 

2006. They showed significant improvement in simulating SOA and total organic aerosol 

(TOA) by VBS than by SORGAM. In this study, SOA and OC predictions are evaluated 
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against available field campaign data at RTP, NC in eastern U.S. from Offenberg et al. (2011) 

for 2006 only, and Pasadena, CA and Bakersfield, CA in western U.S. from Klendienst et al. 

(2012) and Lewandowski et al. (2013) for 2010 only (note that no observations are available 

at the same sites for both years). The RTP site is located in a semi-rural area. Pasadena, CA is 

located about 11 miles from downtown Los Angeles (LA), and Bakersfield, CA is located 

about ~100 miles from downtown LA. Both sites are classified as urban/industrial sites. OC 

concentrations were measured using an automated, semicontinuous elemental carbon-organic 

carbon  (EC-OC) instrument.  The observed SOA masses were determined from organic tracers 

extracted from filter samples (Lewandowski et al., 2013).  Simulated OC concentration is 

calculated by summing up SOA and POA, and dividing the total OA by 1.4 (Aitken et al., 

2008).   

As shown in Figures 3.2.7 and B5, the model overpredicts SOA but underpredicts OC 

at RTP in 2006, because (1) the SOA formed from alkanes and alkenes is excluded in the 

observations from RTP but simulated in WRF/Chem, and (2) WRF/Chem may have 

overestimated the aging rate coefficient for both anthropogenic and biogenic surrogate VOC 

precursors (Wang et al. (2014)).  The SOA overprediction due to those reasons compensates 

the underprediction in SOA due to omission of SOA from POA, leading to a net SOA 

overprediction at RTP in 2006. By contrast, the VBS underpredicts SOA in 2010 with NMBs 

of -55.3% and -75.3% at Bakersfield and Pasadena, respectively, which is mainly due to the 

omission of SOA formation from POA in the current VBS-SOA module in this version of 

WRF/Chem. As shown in Figure B6, SOA to OC ratios at RTP in 2006 are in the range of 50-

80%, whereas they are < 20% at Bakersfield, CA and  < 40% Pasadena, CA in 2010.  This 

indicates that neglecting SOA formation from POA would have much larger impact on SOA 
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predictions at the two CA sites in 2010 than at RTP in 2006, due to the dominancy of POA in 

TOA at the two CA sites.   As shown in Figure 3.2.7, the model underpredicts OC at RTP in 

2006 and significantly underpredicts OC at the two sites in CA in 2010. The differences in OC 

performance in both years are caused by different locations (i.e., RTP in 2006 and the two CA 

sites in 2010) that have different ratios of POC to OC as mentioned previously.  OC 

performance thus largely depends on SOA performance at RTP but on POA performance at 

the two sites in CA. This is why the OC performance remains poor despite a relatively good 

performance in SOA at the two sites in CA. Worse OC performance over the two CA sites in 

2010 may also indicate potentially large underestimation of POA emissions over the western 

U.S.  

3.2.3.4.Differences in Aerosol-Cloud Predictions for 2006 and 2010 

 

 Figure 3.2.8 shows NMBs vs. NMEs of several aerosol and cloud variables for JFD 

and JJA in 2006 and 2010 against satellite data. Table 3.2.1 lists the corresponding annual 

performance statistics for 2010. The trends of NMBs and NMEs are quite similar for both 

seasons in both years. For JJA 2006 and 2010, all cloud variables are underpredicted. For JJA, 

the model performs better for 2010 for CF, aerosol optical depth (AOD), and cloud optical 

thickness (COT) in terms of seasonal mean spatial distribution. For JFD, the model performs 

better for CF and cloud water path (CWP) in 2010. In terms of annual statistics, compared to 

2006, 2010 has lower NMBs for CF and COT but larger biases in AOD, CWP, and cloud 

condensation nuclei (CCN), leading to large differences in aerosol-radiation and cloud –

radiation feedbacks, which in turn affect the performance of meteorological and chemical 

predictions. Despite the general worse performance of meteorological and chemical variables 

in 2010 compared to 2006, performance of cloud variables do not vary significantly. One 
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possible reason is because the evaluation of aerosol-cloud variables is based on monthly values 

that are averaged out on a seasonal basis. The meteorological and chemical variables shown 

earlier are evaluated based on site-specific, and hourly, daily, or weekly data.    

3.2.3.5.Differences in Observed and Simulated Trends between 2010 and 2006 

 

Table 3.2.2 shows the percentage changes in observed and WRF only and WRF/Chem 

simulated variables between 2010 and 2006. The trends in simulated T2, SWDOWN, and 

SEARCH WS10 are generally consistent with the observed trends from 2006 to 2010. Both 

observed and simulated temperatures at 2-m (T2) at the CASTNET sites increase by ~4 ºC or 

~35 to 40% from 2006 to 2010. For downward shortwave radiation (SWDOWN), both 

observed and simulated values at the CASTNET and SEARCH sites increase by ~1 to 3% and 

by ~5 to 7%, respectively, from 2006 to 2010. The observed WS10 remains relatively constant 

at CASTNET in both years. The simulated WS10 by WRF also shows no change but that by 

WRF/Chem shows a small decrease (by -8.3%) for the CASTNET sites.  Comparing to 

SEARCH observed change of ~-4% in WS10, WRF and WRF/Chem predict a larger decrease 

from 2006 to 2010 (~-12 to -13%). The trends for Precip and CF for simulated variables are 

not consistent with observed trends from 2006 to 2010. Observed NADP Precip increased 

slightly from 2006 to 2010 by ~7%, however both simulated WRF and WRF/Chem show a 

small decrease from 2006 to 2010. Observed mean GPCC Precip remained relatively constant 

from 2006 to 2010, however, WRF only shows a slight increase (~4%) while WRF/Chem 

shows a larger decrease (-12%) from 2006 to 2010. MODIS CF decreased by -0.2% from 2006 

to 2010 whereas both WRF and WRF/Chem show small increases ~3-4% from 2006 to 2010.  

The simulated decreasing trends between 2006 and 2010 are overall consistent with the 

observed decreasing trend between 2006 and 2010 for all species except for maximum 8-hr O3 
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concentrations from CASTNET and EC from IMPROVE. CASTNET maximum 1-hr and 8-hr 

O3 concentrations change very little from 2006 to 2010 whereas WRF/Chem shows a moderate 

decrease of 14-15%.  The IMPROVE observed EC concentrations decreased by ~22% from 

2006 to 2010, however, WRF/Chem shows a small increase (by ~2%). For PM2.5 

concentrations, the simulated decrease from 2006 to 2010 by WRF/Chem is larger than the 

observed decrease for both STN and IMPROVE. Similar steeper decreases by WRF/Chem also 

occur for SO4
2- against STN, NO3

- against IMPROVE, TC against STN, and OC against 

IMPROVE. 

3.2.4. Responses of 2010 Predictions to Changes in Emissions and Meteorology  

 

The changes in emissions, boundary conditions, and meteorology between 2010 and 

2006 lead to changes in simulated air quality and the chemistry-meteorology feedbacks, which 

in turn change meteorological and air quality predictions during the next time step. 

3.2.4.1.Air Quality Predictions 

 

Simulated air quality responds nonlinearly to the changes in emissions. Figures 3.2.9, 

B7- B9 show the seasonal changes between 2010 and 2006 in ambient mixing ratios of gases 

(SO2, NO2, NH3, O3, and hydroxyl - OH) and concentrations of PM species (SO4
2-, NO3

-, NH4
+, 

organic matter or OM, EC, POA, anthropogenic SOA or ASOA, biogenic SOA or BSOA, and 

PM2.5). SO2 and NO2 concentrations tend to decrease for all seasons at most locations over 

CONUS due to the decrease in their emissions. The increases in NO2 concentrations over urban 

areas in eastern U.S. in March, April, May (MAM) in 2010 relative to 2006 could be due to a 

few reasons including decreased photolytic conversion from NO2 to NO due to a decrease in 

SWDOWN and less NO2 conversion to nitric acid (HNO3) due to decreased OH 

concentrations. The NO2 hot spots also correlate to the decrease in hourly O3 concentrations in 
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urban areas. This could indicate an increased titration of nighttime O3 by NO. This is an 

important result for policy implications, as reducing NOx emissions may reduce NO2 

concentrations overall for CONUS, but may not reduce NO2 concentrations in several areas, 

especially in urban areas due to a combination of titration and complex interplay with local 

meteorology. NH3 mixing ratios generally decrease in the U.S., except over eastern U.S. in 

MAM and September, October, and November (SON), where there are increases. NH3 

emissions decrease, however, over eastern U.S. in all seasons. The increase in NH3 

concentrations in MAM and SON could be attributed to a number of reasons including less 

NH3 conversion to NH4
+ to neutralize SO4

2- and NO3
- and less dispersion of NH3 

concentrations due to decreased wind speeds over eastern and southeastern U.S. in MAM and 

SON, respectively, in 2010 compared to 2006.  In JJA and SON, high OM concentrations in 

Canada are attributed to the enhanced impacts of BCONs by increasingly convergent flow in 

this region. OM is made up of both POA and SOA. An increase in VOC emissions in eastern 

U.S. in MAM and SON leads to increases in OM concentrations. Decreases in VOC emissions 

in western U.S. for all seasons lead to decreases in OM concentrations.  The OM concentrations 

in some areas, however, do not follow a linear relationship with VOC emissions, such as 

southeastern U.S. in JJA, where VOC emissions increase from 2006 to 2010 but OM 

concentrations decrease. A decrease in POA concentrations must dominate the overall decrease 

in OM concentrations, even under increased temperatures and biogenic VOC emissions in this 

area. PM2.5 concentrations decrease for all seasons and most regions of the CONUS, which is 

attributed mainly to decreases in precursor gases, especially the inorganic precursors SO2 and 

NOx in eastern U.S. Increased PM2.5 concentrations in JFD and MAM in the Midwest are due 
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to surface temperature decreases, dominating in this region (Stoeckenius et al., 2014).  This in 

turn leads to increased particle nitrate concentrations (Campbell et al., 2014).    

3.2.4.2.Meteorological Predictions 

 

Figure B10 compares the seasonal changes between 2010 and 2006 in several 

meteorological variables that affect air pollution including SWDOWN, T2, WS10, PBLH, and 

Precip simulated by WRF only simulations without considering chemistry feedbacks. Large 

changes occur in those variables between the two years, e.g., 10-50 W m-2 increases in 

SWDOWN in western and Midwest in JJA, generally warmer in JJA and SON over most areas 

but cooler by 3-10 ºC in eastern U.S. in JFD, and with reduced Precip in eastern or southeastern 

U.S. in JJA and SON but increased Precip in northwestern U.S. in MAM and JJA and in 

western U.S. in JFD. ICONs and BCONs for skin temperatures shown in Figure B3 greatly 

influence T2 shown in Figure B10 for JFD and JJA.    

Figures 3.2.10 and B11 show the seasonal changes between 2010 and 2006 in several 

meteorological and cloud variables SWDOWN, T2, WS10, Precip, PBLH, AOD, COT, CF, 

CWP, and CDNC) for WRF/Chem that accounts for meteorology-chemistry feedbacks.  The 

relationships between various meteorological variables have been discussed in Yahya et al. 

(2014). Comparing to the differences in predictions of SWDOWN, T2, WS10, Precip, and 

PBLH between 2010 and 2006 WRF only simulation shown in Figure A10 and WRF/Chem 

simulations shown in Figures 3.2.10 and B11, the differences in those meteorological variables 

except for SWDOWN do not vary significantly between 2010 and 2006 WRF simulations and 

between 2010 and 2006 WRF/Chem simulations. As shown in Figure 3.2.10, the decrease in 

SWDOWN from 2006 to 2010 is larger over north-central and north-western U.S. and the 

increase in SWDOWN is smaller over north-eastern and southwestern U.S. for MAM 
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(WRF/Chem) compared to MAM (WRF). For SON, the increase in SWDOWN from 2006 to 

2010 simulated by WRF/Chem is larger over eastern U.S. than that by WRF. The differences 

between WRF and WRF/Chem are the largest for SWDOWN over northeastern U.S. in JFD 

with an increase in SWDOWN simulated by WRF but a decrease simulated by WRF/Chem 

from 2006 to 2010. The differences in SWDOWN are likely due to the differences in CF 

between the two sets of simulation pairs, as the spatial distribution for CF is consistent with 

that of SWDOWN.  

The increase in SWDOWN from 2006 to 2010 does not necessarily translate to an 

increase in T2. However, in general, increases in SWDOWN lead to increase in T2, as shown 

in SON in Figure 3.2.10, where SWDOWN generally increases over most of the continental 

U.S., T2 also increases over most of CONUS. In general, the largest differences in T2 between 

2006 and 2010 occur in SON (increase) and JFD (decrease). The decrease in T2 in JFD in 

north-central U.S. and parts of Canada is significant as it results in a decrease in WS10 and 

PBLH. For JJA, there is an obvious pattern between SWDOWN and Precip, with an increase 

in SWDOWN corresponding to a decrease in Precip and vice versa. According to IPCC (2007), 

in the warm seasons over land, strong negative correlations dominate as increased sunshine 

results in less evaporative cooling. Figure B12 compares wind vectors superposed with T2 in 

2006 and 2010 from WRF/Chem and shows the largest differences are in JJA.  

As expected, the spatial pattern of SWDOWN changes is anti-correlated with CF 

changes for all seasons between 2006 and 2010, however, the changes in the spatial pattern of 

CF do not correlate with changes in CDNC. CF in each grid cell is set to either 0 (no clouds), 

or to 1 (cloudy) if total cloud water + ice mixing ratio > 1×10-6 kg kg-1 (Wu and Zhang, 2005). 

In this study, the monthly CF is then normalized over the total number of time steps and vertical 
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layers, giving a value of CF between 0 and 1 in each grid cell. In contrast, the calculations of 

CDNC in the model depend on the supersaturation, aerosol concentrations, aerosol 

hygroscopicity and updraft velocity (Abdul-Razzak and Ghan, 2004). The changes in CF are 

controlled by large scale state variables including temperature and relative humidity, while 

CDNC depends on more complex changes in microphysical variables. The dominant CDNC 

decrease in MAM, JJA, and SON, is due to lower PM2.5 concentrations, which in turn lower 

the effective number of cloud condensation nuclei.  However, exception occurs in southeast 

U.S. where PM2.5 decreases but CDNC increases. This is because CDNC also depends on other 

variables including the amount of liquid water in the atmosphere. The cloud liquid water path 

over southeastern U.S. increases, which may explain the increase in CDNC.  The spatial pattern 

for precipitation correlates to that of CF.  The spatial pattern of CWP also corresponds to a 

certain extent with CF. PBLH increases when the ground warms up during the day and 

decreases when the ground cools so PBLH might be intuitively related to SWDOWN and T2. 

However, this consistent trend is now obvious in the plots, because the simulated growth of 

the planetary boundary later (PBL) also depends on the surface sensible latent and heat fluxes 

and the entrainment of warmer air from the free troposphere (Chen, 2007).  

3.2.4.3. Meteorology-Chemistry Feedback Predictions 

 

As shown in Table 3.2.1, similar to 2006, comparison of the performance of most 

meteorological variables between WRF/Chem and WRF for 2010 is improved in terms of 

NMBs when chemistry-meteorology feedbacks are included. This indicates the importance and 

benefits of inclusion of such feedbacks in online-coupled models. However, unlike 2006 for 

which both WRF only and WRF/Chem simulations show similar values of Corrs and NMEs, 

the 2010 WRF simulations give higher Corr and lower NMEs than the 2010 WRF/Chem 
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simulations.  This indicates the impact of worse chemical predictions on chemistry-

meteorology feedbacks that can in turn affect meteorological predictions. These results 

indicate the needs of further improvement of the online-coupled models in their representations 

of chemistry-meteorology feedbacks. Yahya et al. (2014) analyzed differences in 

meteorological performance between WRF/Chem and WRF for 2006. Figure B13 shows 

absolute differences between the meteorological predictions from WRF/Chem and WRF for 

2010. The differences between WRF/Chem and WRF are consistent for both 2006 and 2010. 

SWDOWN in general is higher for WRF/Chem compared to WRF for all seasons, with larger 

differences over the eastern portion of the domain compared to the western portion. Other 

obvious similarities between 2006 and 2010 include the increase in T2 over the northern 

portion of the domain for MAM, SON and JFD; increase in PBLH over the ocean in the eastern 

part of the domain for all seasons; and increases over the ocean for CF for all seasons. The 

reasons for the differences between WRF/Chem and WRF in terms of meteorological variables 

have been discussed in Yahya et al. (2014). 

3.2.4.4.Sensitivity Simulations  

 

The aforementioned differences in WRF/Chem predictions between 2006 and 2010 are 

caused by changes in emissions, meteorology, and meteorological and chemical 

ICONs/BCONs. Additional sensitivity simulations for the months of January and July 2010 

are carried out to estimate the individual contributions of each of those changes to the total net 

changes in model predictions. The 2006 baseline simulations are designated as Run 1, the 2010 

baseline simulations are designated as Run 2, and the two sensitivity simulations are designated 

as Runs 3 and 4. Run 3 is the sensitivity simulation using 2006 emissions but keeping all other 

inputs (e.g., meteorology and chemical ICONs/BCONs) and model set-up the same as Run 2. 
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Run 4 is the sensitivity simulation using 2006 emissions and chemical ICONs/BCONs keeping 

all other inputs and model set-up the same as Run 2. Figures 3.2.11 and 3.2.12 show the 

changes due to combined effects of emissions, meteorological and chemical ICONs/BCONs 

(column 1, Run 2- Run 1), changes due to the changes in emissions (column 2, Run 2- Run 3), 

changes due to the changes in chemical ICONs/BCONs (column 3, Run 3- Run 4), and changes 

due to the changes in meteorology including  ICONs/BCONs (column 4, Run 4 – Run 1) for 

January and July, respectively. Since the impact of ICONs is only important at the beginning 

of the simulations whereas the impact of BCONs persists throughout the simulations, the 

changes due to changes in chemical BCONs will dominate over those due to changes chemical 

ICONs/BCONs. Both figures show that the differences in the meteorology including 

ICONs/BCONs generated by WRF/Chem contribute to most of the differences in T2 and 

SWDOWN for both months. Changes in O3 can be caused by increases in precursor emissions 

(e.g., BVOCs) in eastern U.S., decreases in chemical ICONs/BCONs in western U.S., and 

changes in meteorology in the entire U.S., leading to the dipole pattern in the differences of 

the spatial distribution of O3 concentrations from 2006 to 2010 (Figure 3.2.12, column 1). The 

net differences in PM2.5 concentrations in January from 2006 and 2010 are mainly due to 

decreases in emissions (column 2) and changes in meteorology (column 4). For O3 in July, the 

net changes from 2006 and 2010 are mainly due to decreases in chemical BCONs that 

compensate the increases resulted from small increases in precursor emissions (e.g., VOCs) 

and changes in meteorology. For PM2.5 in July, the net changes from 2006 and 2010 are 

dominated entirely by changes in emissions that increase in the southeastern and central U.S. 

but decrease in the remaining domain.  
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Table B1 in the supplementary material shows the statistics NMB, NME, and Corr for 

a number of variables for the sensitivity simulations for January and July. The WRF/Chem 

performance against CASTNET T2 improves to a large extent in terms of NME and Corr for 

Runs 3 and 4 which use 2006 emissions, especially for January when Run 2 performs poorly. 

This indicates that at least for January, the inaccuracy of emissions may have contributed to 

the poor performance of T2 against CASTNET. For SWDOWN, Runs 3 and 4 improve the 

performance against CASTNET for January (with lower NMB, NME and higher Corr).  The 

cloud-aerosol variables are affected to a smaller extent by changes in emissions and chemical 

ICONs/BCONs compared to the meteorological variables. The performance for CF remains 

relatively the same for January and July. The performance for COT and AOD improves slightly 

for January with a lower NMB and NME but becomes worse in July with a higher NMB and 

NME. However, as the performance of meteorological variables is significantly different, a 

small change in cloud-aerosol variable can lead to a large change in meteorological variables. 

The performances for O3 and PM2.5 concentrations in January and July improve to a large 

extent when using 2006 emissions and especially when using 2006 chemical ICONs/BCONs. 

This indicates that inaccuracies in emissions and chemical ICONs/BCONs in 2010, especially 

in January could contribute to the poor performance of WRF/Chem in 2010. These will, in turn 

affect the meteorological performance to a large extent.  

3.2.5. Summary and Conclusions 

 

This study compares model performance in 2010 and 2006 and examines the changes 

in emissions, boundary conditions, and meteorology, as well as the responses of meteorology, 

air quality and chemistry-meteorology feedbacks to those changes collectively and 

individually between 2010 and 2006. In general, the emissions of most gaseous and aerosol 
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species over CONUS decrease from 2006 to 2010 with the exception of NH3 emissions over 

several areas in JFD and biogenic VOCs mainly over eastern U.S. in JJA and SON. The 

increases in biogenic VOCs are caused by increases in temperatures in 2010 in eastern U.S. 

during these seasons. Overall, T2 increases from 2006 to 2010, however, the changes of T2 

and other meteorological variables including SWDOWN, WS10, PBLH, and Precip vary 

spatially over CONUS with the largest differences for SWDOWN. The reduced emissions and 

changed meteorology result in decreased concentrations in general for gaseous and aerosol 

species except for species influenced by high BCONs, e.g., for OM concentrations over Canada 

in MAM and JJA. Due to increases in biogenic emissions, OM concentrations increase over 

eastern U.S. CDNC generally decreases over the U.S. due to the decreases in PM2.5 

concentrations and CCN from 2006 to 2010. The spatial distributions of other meteorological 

and cloud variables are consistent with known processes, e.g., SWDOWN is high and 

precipitation is low where CF is low. There is no clear spatial correlation between CF and 

CDNC due to the differences in their inherent prognostic treatments.  COT corresponds 

relatively well to AOD, especially for JJA in both years. CWP also corresponds well to COT. 

Sensitivity simulations show that the net changes in meteorological predictions in 2010 relative 

to 2006 are influenced mostly by changes in meteorology. Those of O3 and PM2.5 

concentrations are influenced to a large extent by emissions and/or chemical ICONs/BCON, 

but meteorology may also influence them to some degrees, particularly in winter. 

In general, the model performs well in terms of Corr and NMEs for almost all 

meteorological and chemical variables in 2006 but not as well in 2010 despite lower NMBs 

for most variables in 2010, due mainly to inaccuracies in emission estimates and chemical 

BCONs and ICONs used for 2010 simulations. OC concentrations are significantly 



 

121 

 

underpredicted against field data for 2010 in Bakersfield and Pasadena, CA, due mainly to 

underestimations in emissions of POA that contributes to most OC and also in part to 

underestimations in emissions of gaseous precursors of SOA and inaccurate meteorological 

predictions in 2010. The variation trends for most meteorological and chemical variables 

simulated by WRF and WRF/Chem are overall consistent with the observed trends from 2006 

to 2010 but for 2010, WRF/Chem performs slightly worse than WRF. Similar to 2006, the 

inclusion of chemistry-meteorology feedbacks reduces NMBs for most meteorological 

variables in 2010, although WRF gives higher Corr and lower NMEs than WRF/Chem. These 

results indicate a need to further improve the accuracy of emissions and chemical BCONs, and 

the representations of organic aerosols and chemistry-meteorology feedbacks in the online-

coupled models. 

The developments in the WRF/Chem code used in this work have been incorporated 

into WRF/Chem version 3.6.1 to be released in version 3.7 of WRF-Chem (available for 

download from http://www.mmm.ucar.edu/wrf/users/). 
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3.2.8. Tables 
 

Table 3.2.1. Annual performance statistics for 2010 predictions of WRF and WRF/Chem 

  WRF   WRF/Chem   

Network 

or Site 

name 

Variable Mean 

Obs 

Mean 

Sim 

Corr NMB 

(%) 

NME 

(%) 

Mean 

Obs 

Mean 

Sim 

Corr NMB 

(%) 

NME 

(%) 

CASTNET T2 15.9 15.0 0.93 -5.0 15.8 15.9 15.1 0.64 -4.9 32.9 

SEARCH T2 19.4 18.4 0.94 -4.3 12.3 19.4 18.4 0.65 -5.1 27.6 

CASTNET SWDOWN 176.1 214.7 0.91 21.8 36.2 176.1 189.2 0.80 7.4 50.4 

SEARCH SWDOWN 217.7 245.0 0.91 11.5 31.6 217.7 211.0 0.78 -3.0 47.2 

CASTNET WS10 2.3 3.0 0.44 28.1 66.4 2.3 3.0 0.17 27.5 80.7 

SEARCH WS10 2.2 2.4 0.47 9.6 50.9 2.2 2.4 0.23 8.0 62.3 

NADP Precip 18.9 20.7 0.54 10.2 71.2 18.9 20.5 0.55 9.7 70.6 

GPCC Precip 2.2 2.3 0.83 1.1 22.6 2.2 2.2 0.83 -1.3 22.0 

MODIS CF 57.6 60.4 0.82 6.2 12.7 57.6 57.8 0.87 0.3 8.9 

MODIS AOD - - - - - 0.10 0.05 -0.09 -46.6 54.4 

MODIS COT - - - - - 17.2 6.3 0.45 -63.5 63.6 

MODIS CWP - - - - - 160.1 97.3 0.54 -39.2 54.9 

MODIS QVAPOR - - - - - 1.04 1.13 0.96 9.0 27.7 

MODIS CCN - - - - - 0.33 0.09 0.60 -73.2 73.2 

TERRA CDNC - - - - - 155.0 123.5 0.10 -20.0 59.2 

CASTNET Max 1-h O3 - - - - - 47.4 33.2 0.40 -30.0 34.8 

CASTNET Max 8-h O3  - - - - - 43.8 32.7 0.40 -25.3 32.0 

AQS Max 1-h O3  - - - - - 48.4 40.7 0.34 -15.8 28.0 

AQS Max 8-h O3  - - - - - 42.3 35.3 0.20 -17.0 29.2 

STN 24-h PM2.5 - - - - - 11.0 9.7 0.17 -11.5 54.6 

IMPROVE 24-h PM2.5 - - - - - 4.5 4.0 0.44 -11.5 56.0 

STN 24-h SO4 - - - - - 2.2 2.6 0.33 19.0 68.5 

IMPROVE 24-h SO4 - - - - - 1.0 1.3 0.50 21.1 72.3 

STN 24-h NO3 - - - - - 1.4 0.7 0.10 -45.6 89.1 

IMPROVE 24-h NO3 - - - - - 0.4 0.2 0.30 -43.3 95.5 

STN 24-h NH4 - - - - - 1.0 1.0 0.21 1.5 72.5 

STN 24-h EC - - - - - 0.4 1.0 0.14 147.1 179.5 

IMPROVE 24-h EC - - - - - 0.2 0.3 0.29 78.5 123.8 

STN 24-h TC - - - - - 2.8 2.5 0.10 -11.9 62.0 

IMPROVE 24-h OC - - - - - 0.9 0.6 0.18 -29.6 74.2 

IMPROVE 24-h TC - - - - - 1.0 0.9 0.21 -11.8 72.8 

Pasadena, 

CA2 

SOA - - - - - 0.63 0.16 0.1 -75.3 78.3 

Bakersfield, 

CA2 

SOA - - - - - 0.51 0.23 0.3 -55.3 65.9 

1 Units are as follows: SWDOWN (W m-2), GLW (W m-2), OLR (W m-2), T2 (ºC), RH2 (%), WS10 (m s-1), 

WD10 (), Precip (mm), CWP (g m-2), QVAPOR (cm), CCN (109 cm-2), CDNC (cm-2), O3 (ppb), PM and PM 

species (g m-3). CASTNET - the Clean Air Status and Trends Network; AQS – the Aerometric Information 

Retrieval System Air Quality System; SEARCH - the Southeastern Aerosol Research and Characterization; 

GPCC - the Global Precipitation Climatology Centre; MODIS - the Moderate Resolution Imaging 

Spectroradiometer; IMPROVE – the Interagency Monitoring for Protected Visual Environmental; STN – the 

Speciated Trends Network. Note that IMPROVE did not contain NH4+ data for 2010. “-“ indicates that the 

results of those variables not available from the WRF only simulation. 
2 The observed SOA data are taken from Lewandowski et al. (2013). 
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Table 3.2.2. Percentage changes in observed and simulated variables between 2010 and 2006 

Network 

or Site name 

Variable Obs WRF  WRF/Chem 

CASTNET T2 35.7 38.6 40.1 

SEARCH T2 1.3 0.0 0.5 

CASTNET SWDOWN 2.1 2.6 1.4 

SEARCH SWDOWN 7.3 7.4 5.2 

CASTNET WS10 0.0 0.0 -8.3 

SEARCH WS10 -4.3 -13.4 -12.4 

NADP Precip 6.7 -4.3 -1.5 

GPCC Precip 0.0 4.5 -12.0 

MODIS CF -0.2 3.7 3.0 

MODIS AOD -28.6 - -44.4 

MODIS COT 4.2 - 6.8 

MODIS CWP -10.2 - -11.1 

MODIS QVAPOR -47.5 - -42.1 

MODIS CCN -2.9 - -30.8 

CASTNET Max 1-h O3 -0.5 - -15.0 

CASTNET Max 8-h O3  0.6 - -13.9 

AQS Max 1-h O3  -3.9 - -14.6 

AQS Max 8-h O3  -4.9 - -17.4 

STN 24-h PM2.5 -9.9 - -20.8 

IMPROVE 24-h PM2.5 -16.1 - -27.0 

STN 24-h SO4 -25.8 - -33.3 

IMPROVE 24-h SO4 -23.7 - -26.3 

STN 24-h NO3 -11.3 - -27.8 

IMPROVE 24-h NO3 -20.0 - -53.5 

STN 24-h NH4 -25.3 - -31.9 

STN 24-h EC -39.5 - -1.6 

IMPROVE 24-h EC -21.6 - 2.4 

STN 24-h TC -38.1 - -24.2 

IMPROVE 24-h OC -17.3 - -45.5 

IMPROVE 24-h TC -25.5 - -35.7 
 

1 The percentages are calculated according to this formula: [(2010 value – 2006 value) /2006 value] * 

100%. CASTNET - the Clean Air Status and Trends Network; AQS – the Aerometric Information 

Retrieval System Air Quality System; SEARCH - the Southeastern Aerosol Research and 

Characterization; GPCC - the Global Precipitation Climatology Centre; MODIS - the Moderate 

Resolution Imaging Spectroradiometer; IMPROVE – the Interagency Monitoring for Protected Visual 

Environmental; STN – the Speciated Trends Network. Note that IMPROVE did not contain NH4+ data 

for 2010. “-“ indicates that the results of those variables not available from the WRF only simulation. 
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Table 3.2.3. Summary of set-up of sensitivity simulations 

 Run 1 Run 2 Run 3 Run 4 

Emissions 2006 2010 2006 2006 

Meteorological 

ICONs/BCONs 
2006 2010 2010 2010 

Chemical 

ICONs/BCONs 
2006 2010 2010 2006 
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Table 3.2.4. Absolute and percentage differences between monthly mean of observed / satellite-

retrieved data and sensitivity simulations 

  
Obs 2010 – 
Obs 2006 

Run 2 – 
Run 1 

Run 3 – 
Run 1 

Run 4 – 
Run 1 

Jan 

CASTNET T2 
(K/%) 

-3.5/ -1.3 -2.0/ -0.7 -1.9/ -0.7 -1.8/ -0.7 

CASTNET SWDOWN 
(Wm-2/%) 

-6.2/ -7.0 27.6/ 29.1 -0.8/ -0.9 -0.6/ -0.6 

MODIS CF 
(%/%) 

2.7/ 4.2 1.5/ 2.3 1.4/ 2.1 1.4/ 2.1 

MODIS COT 
(   /%) 

-0.2/ -1.2 0.2/ 2.9 0.3/ 5.2 0.3/ 5.5 

MODIS AOD 
(   /%) 

-0.008/ -7.9 -0.002/ -3.9 0.008/ 15.3 0.01/ 28.0 

CASTNET Max 8-hr O3  

(ppb/%) 
4.2/ 12.5 -2.9/ -9.8 -6.1/ -20.8 0.7/ 2.4 

STN PM2.5 

(g m-3/%) 
-0.2/ -1.9 1.6/ 19.1 1.4/ 16.5 1.5/ 17.7 

Jul 

CASTNET T2 
(K/%) 

0.03/ 0.0 0.5/ 0.2 0.5/ 0.2 0.5/ 0.2 

CASTNET SWDOWN 
(Wm-2/%) 

-2.8/ -1.1 -7.4/ -2.6 -8.9/ -3.1 -5.5/ -1.9 

MODIS CF 
(%/%) 

1.1/ 2.0 -1.8/ -3.4 -1.8/ -3.3 -1.5/ -2.8 

MODIS COT 
(   /%) 

-0.4/ -2.7 -0.6/ -11.1 -1.0/ -17.8 -0.9/ -16.5 

MODIS AOD 
(   /%) 

-0.06/ -31.0 0.04/ 58.3 0.06/ 79.4 0.04/ 50.9 

CASTNET Max 8-hr O3 

(ppb/%) 
-4.8/ -9.2 -7.6/ -15.2 -5.0/ -10.1 8.6/ 17.2 

STN PM2.5 

(g m-3/%) 
-0.5/ -3.7 -0.5/ -4.5 1.5/ 14.4 1.0/ 9.8 
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3.2.9. Figures 

 

 

2006 

 

2010 

 

  

 
 

  
Figure 3.2.1. Comparison of seasonal plots of NMB vs NME of various meteorological variables for 

2006 (left column) and 2010 (right column) – T2 (temperature at 2m), SWDOWN (downward 

shortwave radiation), WS10 (wind speed at 10m) and Precipitation where the shapes represent 

different seasons (diamond – MAM, circle – JJA, triangle – SON and square – JFD) and the different 

colors represent different observational data (red – SEARCH, blue – CASTNET, green – NADP, 

black – GPCC). 
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2010 

  

2006 

(b) 

 

 

 

2010 

  
Figure 3.2.2. Spatial distribution of NMB plots for JFD and JJA 2006 and 2010 for (a) maximum 8-hr 

O3 concentrations based on evaluation against CASTNET, AQS and SEARCH, and (b) average 24-hr 

PM2.5 concentrations based on evaluation against the IMPROVE, STN and SEARCH sites. 
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(a)                         2006 

 
Max 8-hr O3 

2010 

 
Max 8-hr O3 

       (b) 

 
Average 24-hr PM2.5 

 

 
Average 24-hr PM2.5 

 

Figure 3.2.3. Comparison of seasonal plots of NMB vs NME for (a) maximum 8-hr O3 concentrations 

where the different shapes represent different seasons (diamond – MAM, circle – JJA, triangle – SON 

and square – JFD) and the different colors represent different observational data (purple – CASTNET, 

black – AQS and green - SEARCH); and (b) for average 24-hr PM2.5 concentrations where the 

different shapes represent different seasons (diamond – MAM, circle – JJA, triangle – SON and 

square – JFD) and the different colors represent different observational data (purple – IMPROVE, 

black – STN and green - SEARCH). 
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JJA 2006 

 

JJA 2010 

 

  
 

Figure 3.2.4. Diurnal variation of T2 (top row) and hourly O3 concentrations (bottom row) against CASTNET for JJA 2006 and 2010. 

 



 

136 

 

 

 

 

 

 

 

2006 

 

2010 

 

 
 

Figure 3.2.5. Plots of annual statistics (NMB vs NME) for average 24-hr PM2.5 concentrations and PM2.5 

species against different observational networks. 
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Figure 3.2.6. Time series of obs vs. sim PM2.5, SO4 and NO3 concentrations against STN for 2006 and 2010. 

 

 

 



 

138 

 

 

Research Triangle Park, NC, Apr – Dec 2006  

  
Pasadena, CA, May – June 2010 (this study) 

  
Bakersfield, CA, May – June 2010 (this study) 

  
 

Figure 3.2.7. Scatter plots of SOA (left column) and OC (right column) concentrations at 

various sites 
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2006 JFD 

 

2010 JFD 

 
Figure 3.2.8. Comparison of soccer plots for JFD and JJA 2006 and 2010 evaluation of aerosol and cloud variables. MISR AOD, and SRB CF 

obs data was not available for 2010. 
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Figure 3.2.9. Changes in hourly average surface concentrations of O3 and PM species from 2010 to 2006 (2010 – 2006). 
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Figure 3.2.10. Changes in hourly average predictions of aerosol-cloud variables at surface from WRF/Chem simulations from 2010 to 2006 

(2010 – 2006). 
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 Run 2 – Run 1 Run 2 – Run 3  Run 3 – Run 4 Run 4 – Run 1  
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Figure 3.2.11. Spatial difference plots for January where Run 1: 2006 baseline simulations; Run 2: 2010 baseline simulations; Run 3: 2010 

simulations with 2006 emissions and 2010 meteorology and chemical ICONs/BCONs; Run 4: 2010 simulations with 2006 emissions and 2006 

chemical ICONs/BCONs and 2010 meteorology. 
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 Run 2 – Run 1 Run 2 – Run 3 Run 3 – Run 4 Run 4 – Run 1 
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Figure 3.2.12. Spatial difference plots for July where Run 1: 2006 baseline simulations; Run 2: 2010 baseline simulations; Run 3: 2010 

simulations with 2006 emissions and 2010 meteorology and chemical ICONs/BCONs; Run 4: 2010 simulations with 2006 emissions and 2006 

chemical ICONs/BCONs and 2010 meteorology.
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3.3. Multiyear Applications of WRF/Chem over continental U.S.: Model Evaluation, 

Variation trend, and Impacts of Boundary Conditions.  

 

Khairunnisa Yahya, Jian He, and Yang Zhang 

Department of Marine, Earth, and Atmospheric Sciences, North Carolina State University, 

Raleigh, NC 27695, U.S.A. 

 

Note: This section has been published under the journal Journal of Geophysical Research 

Atmospheres, 120, pages 12748 – 127777, doi:10.1002/2015JD023819, 2015. 

 

ABSTRACT 

 

Multi-year applications of an online-coupled meteorology-chemistry model allow an 

assessment of the variation trends in simulated meteorology, air quality, and their interactions 

to changes in emissions and meteorology, as well as the impacts of initial and boundary 

conditions (ICONs/BCONs) on simulated aerosol-cloud-radiation interactions over a period of 

time. In this work, the Weather Research and Forecasting model with Chemistry version 3.4.1 

(WRF/Chem v. 3.4.1) with the 2005 Carbon Bond mechanism coupled with the Volatility 

Basis Set module for secondary organic aerosol formation (WRF/Chem-CB05-VBS) is applied 

for the first time for multi-year (2001, 2006, and 2010) over continental U.S. to examine the 

changes in simulated air quality and meteorology due to changes in emissions and meteorology 

and the model’s capability in reproducing the observed variation trends in species 

concentrations from 2001 to 2010, as well as the impacts of the chemical ICONs/BCONs on 

model predictions. ICONs/BCONs are downscaled from two global models, the modified 

Community Earth System Model/Community Atmosphere model version 5.1 (CESM/CAM) 
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v5.1 and the Monitoring Atmospheric Composition and Climate model (MACC). The 

evaluation of WRF/Chem-CB05-VBS simulations with the CESM ICONs/BCONs for 2001, 

2006, and 2010 shows that temperature at 2-m (T2) is underpredicted for all three years likely 

due to inaccuracies in soil moisture and soil temperature, resulting in biases in surface relative 

humidity, wind speed, and precipitation. With the exception of cloud fraction, other aerosol-

cloud variables including aerosol optical depth, cloud droplet number concentration, and cloud 

optical thickness are underpredicted for all three years, resulting in overpredictions of radiation 

variables. The model performs well for O3 and PM2.5 for all three years comparable to other 

studies from literature. The model is able to reproduce observed annual average trends in O3 

and PM2.5 concentrations from 2001 to 2006 and from 2006 to 2010, but is less skillful in 

simulating their observed seasonal trends. The 2006 and 2010 results using CESM and MACC 

ICONs/BCONs are compared to analyze the impact of ICONs/BCONs on model performance 

and their feedbacks to aerosol, clouds, and radiation. Comparing to the simulations with 

MACC ICONs/BCONs, the simulations with the CESM ICONs/BCONs improve the 

performance of O3 mixing ratios (e.g., the normalized mean bias for maximum 8-hr O3 is 

reduced from -17% to -1% in 2010), PM2.5 in 2010, and sulfate in 2006 (despite a slightly larger 

NMB for PM2.5 in 2006). The impacts of different ICONs/BCONs on simulated aerosol-cloud-

radiation variables are not negligible, with larger impacts in 2006 compared to 2010.  

 

Key Points:  

First multi-year application and evaluation of fully-coupled WRF/Chem in U.S. 

WRF/Chem can reproduce observed annual average trends of O3 and PM2.5  

Boundary conditions from CESM can improve predictions of O3 and PM2.5 
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KEYWORDS: WRF/Chem, CESM, model evaluation, trend analyses, chemistry-climate 

interactions and feedbacks, impact of boundary conditions 

 

3.3.1. Background and Motivation 

 

The United States Environmental Protection Agency (U.S. EPA) has introduced a 

number of emission reduction programs in the past decades to control the emissions of primary 

pollutants.  For example, the cap and trade Acid Rain Program (ARP) has reduced the 

emissions of sulfur dioxide (SO2) from power plants by 10 million tons since 1990 and the 

emissions of nitrogen oxides (NOx) during ozone (O3) seasons (defined as the 5-month period 

during May 1-September 30 for most states) by 43% from 2003 to 2008. The NOx Budget 

Trading Program under the NOx State Implementation plan has reduced the emissions of NOx 

from power plants and other large combustion sources in the eastern U.S. The Clean Air 

Interstate Rule (CAIR) issued in 2005 also ensures that states meet the required emission 

reductions to alleviate the transport of power plant pollution to another state 

(http://www.epa.gov/captrade/). In addition, the U.S. EPA introduced emission standards for 

new engines including the use of diesel particulate filters and ultra-low sulfur diesel fuel, as 

well as introduced regulations to limit the emissions of particles including black carbon (BC) 

from more than 40 categories of industrial sources 

(http://www.epa.gov/blackcarbon/mitigation.html). With all these emission reduction 

programs, the emissions of most major species are expected to decline over time, leading to 

improved air quality.  Simulating ambient air quality over a period of time with declined 

emissions allows an assessment of the effectiveness of the emission control programs in 

improving air quality.  

http://www.epa.gov/captrade/
http://www.epa.gov/blackcarbon/mitigation.html
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In addition to emissions, ambient air quality is affected by background concentrations, 

which are reflected by chemical initial and boundary conditions (ICONs/BCONs), used in 3-

D air quality model simulations. A number of studies reported the impacts of ICONs/BCONs 

on air quality simulations. These studies mainly focused on ICONs/BCONs of O3 (e.g., Tang 

et al., 2007; Makar et al., 2010; Akritidis et al., 2013; Schere et al., 2012; Ritter et al., 2013) 

and particulate matter with diameters less than or equal to 2.5 and 10 m (PM2.5 and PM10, 

respectively) (e.g., Samaali et al., 2009; Pour-Biazar et al., 2011; Ritter et al., 2013), and their 

impacts on air quality. They concluded that spatial and time-varying BCONs perform better 

compared to static or idealized BCONs (Tang et al., 2007; Samaali et al., 2009; Akritidis et al., 

2013; Ritter et al., 2013). It is also important to choose appropriate spatial and time-varying 

BCONs derived from global models to drive regional simulations because different global 

models have varying skills in simulating background concentrations. Further, most of these 

studies used offline-coupled meteorology-chemistry models, which cannot provide the impacts 

of different ICONs/BCONs on simulated meteorology-chemistry interactions such as aerosol 

direct and indirect effects.  

In this study, the multi-year (2001, 2006, and 2010) simulations using the online-

coupled Weather, Research and Forecasting model with Chemistry (WRF/Chem) and the U.S. 

EPA National Emissions Inventory (NEI) emissions over continental U.S. (CONUS) and 

evaluation is performed for the first time to simulate air quality and meteorology in the three 

years and assess the variation trends as emissions and meteorology change from one year to 

another. The model performance in the three years is evaluated to assess the model’s capability 

in reproducing meteorological and chemical variables in each year and their observed variation 

trends between 2010 and 2001. The differences in simulated air quality due to changes in 
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emissions and meteorology from 2001 to 2010 are examined.  The chemical BCONs from two 

global models, the Monitoring Atmospheric Composition and Climate (MACC) model 

(http://join.iek.fz-juelich.de/macc) and the Community Earth System Model (CESM) are used 

to drive WRF/Chem simulations over CONUS. The MACC ICONs/BCONs are derived from 

the Air Quality International Initiative (AQMEII) Project (Giordano et al., 2014). The CESM 

ICONs/BCONs are derived from the CESM simulations of He at al. (2015). The 

meteorological ICONs/BCONs for the WRF/Chem simulations come from the National Center 

for Environmental Protection (NCEP) Final Reanalysis (FNL) data. Despite the fact that the 

period of 2001 – 2010 is the hottest decade on record (WMO, 2013), a slight cooling is 

observed over the southern and central U.S. over the second half of the 20th century known as 

the warming hole (Pan et al., 2004; Kunkel et al., 2006; Meehl et al., 2012; Yu et al., 2014). 

Yu et al. (2014) attributed the cooling trend in summertime daily maximum temperature to 

shortwave cloud forcing (SWCF) due to aerosols that offsets the greenhouse effect of 

precipitable water vapor (PWV).  

The objectives of this work are to (1) evaluate model performance for individual years 

(2001, 2006, and 2010) to identify likely causes for large model biases and areas of 

improvement; (2) examine the model’s capability in reproducing the observed variation trends 

of meteorology and air quality from 2001 to 2006 and to 2010 and in simulating responses of 

air quality to changes in emissions and meteorology; and (3) quantify the impacts of the 

chemical ICONs/BCONs derived from two global models on predicted air quality and its 

feedbacks into meteorology.  

 

 

http://join.iek.fz-juelich.de/macc
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3.3.2. Model Set-up and Evaluation Protocol 

 

3.3.2.1.Model Configurations and Simulation Design 

 

The regional model used is the modified WRF/Chem v3.4.1 with similar updates 

implemented into WRF/Chem v3.4.1 as documented in Wang et al. (2014a). The main features 

include an implementation of an extended Carbon Bond 2005 (CB05) (Yarwood et al., 2005) 

with chlorine chemistry (Sarwar et al., 2007) coupled with the existing Modal for Aerosol 

Dynamics in Europe / Volatility Basis Set (MADE/VBS) (Ahmadov et al., 2012). MADE/VBS 

uses a modal aerosol size representation and an advanced secondary organic aerosol (SOA) 

module based on the VBS approach. The CB05-MADE/VBS option has also been coupled to 

existing model treatments for various feedback processes such as the aerosol semi-direct 

effects on photolysis rates of major gases, aerosol indirect effects on cloud droplet number 

concentration (CDNC), and cloud effects on shortwave radiation. The main physics and 

chemistry options used in this study as well as their corresponding references can be found in 

Table 3.3.1.  

The simulations are performed at a horizontal resolution of 36-km with 148 × 112 

horizontal grid cells over the CONUS domain and parts of Canada and Mexico, and a vertical 

resolution of 34 layers from the surface to 100-mb. The anthropogenic emissions used are 

based on the NEI for different years. The 2001 simulations are based on the NEI2002; the 2006 

and 2010 simulations are based on NEI2008 as documented in Pouliot et al. (2014). Emissions 

of several species including carbon monoxide (CO), non-methane hydrocarbons (NMHC), and 

sulfur dioxide (SO2) are reduced from 2006 to 2010 but those of nitrogen oxides (NOx) 

increased slightly by 4% (Pouliot et al., 2014). Biogenic emissions are calculated online from 

the Model of Emissions of Gases and Aerosols from Nature version 2 (MEGAN2) (Guenther 
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et al., 2006). Dust emissions are generated based on the online Atmospheric and Environmental 

Research Inc. and Air Force Weather Agency (AER/AFWA) scheme. Sea salt emissions are 

generated based on the Gong et al. (1997) scheme. The chemical ICONs/BCONs for the 

simulation years 2001, 2006, and 2010 are derived from the simulations of He et al. (2015) 

using a modified CESM/CAM5 version 1.0.5 with updates from He and Zhang (2014) and 

Gantt et al. (2014). The years 2006 and 2010 are also simulated with chemical ICONs/BCONs 

from the MACC model. The meteorological ICONs/BCONs are obtained from the National 

Center for Environmental Protection Final Reanalyses (NCEP FNL) data (every 6 hours). The 

WRF/Chem simulations are reinitialized every two days to allow the simulation of 

meteorology-chemistry feedbacks.  

3.3.2.2.Model Evaluation Protocol 

 

The model evaluation is performed to evaluate the model’s capability and to explain 

the trends between simulation results using different ICONs/BCONs and different emissions 

on important chemical variables including O3 and PM2.5; as well as major meteorological 

variables such as temperature, wind speeds, and precipitation. The performance statistics such 

as mean bias (MB), correlation coefficients (Corr), normalized mean bias (NMB), and 

normalized mean error (NME) of major chemical and meteorological variables are calculated 

to analyze the model’s ability to reproduce year-specific observations and the observed 

variation trends among simulation years. The spatial and temporal analyses include spatial 

plots for MB and NMB over CONUS, diurnal plots and seasonal bar charts for major 

meteorological variables and chemical species, and spatial distributions of observed vs. 

simulated aerosol, cloud, and radiation variables. The chemical species and surface datasets 

include O3 against the Clean Air Status and Trends Network (CASTNET) and Air Quality 
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System (AQS), PM2.5 and PM2.5 species (e.g., sulfate (SO4
2-), ammonium (NH4

+), nitrate (NO3
-

), elemental carbon (EC), and organic carbon (OC)) against the Interagency for Monitoring 

Protected Visual Environments (IMPROVE), the Speciated Trends Network (STN) and 

CASTNET. The column mass abundances and satellite datasets include the column O3 against 

the Ozone Monitoring Instrument (OMI), column nitrogen dioxide (NO2) against the Scanning 

Imaging Absorption Spectrometer for Atmospheric Chartography (SCIAMACHY), column 

CO against the instrument Measurements of Pollution in the Troposphere (MOPITT), and 

column formaldehyde (HCHO) against Global Ozone Monitoring Experiment (GOME) and 

SCIAMACHY.  The meteorological, radiative, and cloud variables and datasets include 2-m 

temperature (T2), 2-m relative humidity (RH), and 10-m wind speed (WS10) and wind 

direction (WD10) against the National Climatic Data Center (NCDC), precipitation against the 

National Atmospheric Deposition Program (NADP), aerosol optical depth (AOD), cloud 

fraction (CF), cloud optical thickness (COT), cloud droplet number concentration (CDNC), 

cloud condensation nuclei (CCN), cloud water path (CWP), downward shortwave radiation 

(SWDOWN), shortwave and longwave cloud forcing (SWCF and LWCF) against the 

Moderate Resolution Imaging Spectroradiometer (MODIS) satellite retrievals, and net 

shortwave radiation (GSW), downward longwave radiation (GLW) at the surface, and 

outgoing longwave radiation (OLR) at the top of atmosphere against the Clouds and the Earth’s 

Radiant Energy System (CERES).   

3.3.3. Multi-Year Evaluation of WRF/Chem Simulations with CESM ICONs/BCONs 

 

3.3.3.1.Meteorological Performance 

 

Table 3.3.2 summarizes annual meteorological performance statistics for 2001, 2006, 

and 2010. For all three years, T2 is underpredicted against NCDC data even though the Corr 
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for all three years are close to 1.0. Figure 3.3.1 shows the spatial distributions of MB against 

NCDC data for T2, RH2, and WS10. For T2, the spatial distributions of MB show similar 

trends across CONUS for 2001, 2006, and 2010. T2 tends to be underpredicted in most areas 

in U.S. except for the coastlines over eastern U.S., to a smaller extent the coastlines over 

western U.S., as well as over a few states in the northern-central U.S. including North Dakota, 

South Dakota, Nebraska, Kansas, and portions of Montana, Wyoming, and Colorado. Figure 

3.3.2 shows the diurnal variations of T2 over three portions of the U.S., divided into Eastern 

(E), Central (C) and Western (W) U.S for 2010. Underpredictions mainly occur in eastern and 

western U.S. with systematic underpredictions throughout the day from 00z to 23z.  This is 

consistent with the findings of Brunner et al. (2014) in which a multi-model evaluation is 

performed by comparing a number of online-coupled meteorology and air quality models 

including WRF/Chem. They showed that most models underpredict surface temperatures over 

the full year 2010 over North America with the largest biases of more than 1.5oC occurring 

during the warmer months from April to August due to the biases in cloudiness and radiation. 

The MB of -0.9oC for 2010 in this study is comparable to the surface temperature biases from 

the models in Brunner et al. (2014). Wyszogrodzki et al. (2013) also reported that a 4-km WRF 

forecasting simulation over contiguous U.S. showed systematic cold biases at all stations 

during the daytime and at stations below 600 m above sea level. Wyszogrodszki et al. (2013) 

and Brunner et al. (2014) attributed the cold surface temperature biases to deficiencies in the 

radiation schemes; however, this study shows that the radiation variables are overpredicted for 

all years (Table 3.3.2). A more likely explanation for the cold bias in this study can be attributed 

to errors in soil temperature and soil moisture. Pleim and Gilliam (2009) reported that a soil 

nudging scheme reduced the WRF model’s cold bias, especially in winter, and also in summer 
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in less vegetated and more arid regions. Byun et al. (2011) showed that soil nudging reduced 

a persistent night time cold bias present in WRF during the summer season over eastern and 

central Texas. Another possible source of cold bias would be errors in the green vegetation 

fraction in the Noah land surface model (LSM). Refslund et al. (2013) showed that improving 

the green vegetation fraction in Noah LSM in WRF using satellite retrievals reduced the model 

mean temperature bias of 10% over Europe. The diurnal pattern over central U.S. shows an 

overall good agreement between observed and simulated T2 throughout the day, even though 

slight overpredictions occur at night and in the early morning. Figure C1 shows the spatial 

distributions of seasonal mean MBs for 2010. Similar patterns of underpredictions and 

overpredictions are found for all seasons. In addition, the large overpredictions occur over the 

eastern coastlines during JFD and September to November (SON), while overpredictions over 

the western coastlines occur during June to August (JJA) and SON. Caldwell et al. (2009) 

conducted a 40-year WRF simulation over California and off the coast of California and also 

found warm biases in coastal temperatures which can be attributed to biases in the BCONs of 

coastal sea surface temperatures (SST) simulated by the global model. Ngan et al. (2013) 

reported a warm bias in surface temperature in the coastal regions of southeastern Texas due 

to the overpredictions of the nighttime downward sensible heat flux. Simulations over the 

Pacific Northwest using WRF showed warm biases over the Oregon and Washington 

coastlines and cold biases in the interior during winter and fall even with nudging (Zhang et 

al., 2009a). Wilczak et al. (2009) also showed cold biases for inland temperatures but warm 

biases near the coast from their WRF/Chem simulations over Texas. They attributed the inland 

cold biases to planetary boundary layer (PBL) depths that were too shallow. In this study, the 

warm biases occurred directly on the coastline may be caused by the use of a coarse spatial 
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resolution of 36-km, which is too coarse to resolve the land and oceanic fractions in the grid 

cell on the coastline. As a result, the simulated T2 values in the grid cell on coastlines may 

come from SSTs (rather than the temperatures over the land), which was compared against the 

observational T2 over land near the coast, leading to warm biases along the coast during the 

colder months of JFD and SON.  

Table 3.3.2 show consistent overpredictions of RH2 against NCDC for 2001, 2006, and 

2010; with NMBs ranging from 3.1 to 7.2%, and MBs ranging from 2.1 to 4.7%. The model is 

able to reproduce observed RH2 relatively well with low NMBs and a Corr of 0.8. The spatial 

pattern for RH2 shown in Figure 3.3.2 is similar to that for T2. RH2 is inversely correlated to 

T2 in this case, in areas where T2 is overpredicted, RH2 is underpredicted and vice versa. In 

addition, smaller biases in T2 also lead to smaller biases in RH2 in 2001 as compared to 2006 

and 2010. WS10 tends to be underpredicted for all three years with MBs ranging from -0.6 to 

-0.1 m s-1. The model performance for WS10 shown in Figure 3.3.2 is directly correlated to 

the spatial distribution of T2 except for a few regions in 2006 and 2010 where there are 

opposite trends in WS10 and T2 (e.g., the areas near the lakes in the northern U.S.). For 

example, underpredictions occur in both T2 and WS10 for most locations over the U.S., 

overpredictions occur in both T2 and WS10 over the coastlines. The underpredictions in WS10 

are inconsistent with previous studies with the WRF model, which usually has a positive wind 

bias (Mass and Ovens, 2011; Wyszogrodzki et al, 2013; Brunner et al., 2014; Mashayekhi and 

Sloan, 2014; Zhang et al., 2014). Out of these studies, Mass and Ovens (2011), Wyszogrodzki 

et al. (2013) and Mashayekhi and Sloan (2014) used the YSU PBL scheme in their studies. 

Mashayekhi and Sloan (2014) reported monthly WS10 biases over north-eastern U.S. in 2009 

ranging from 0.4 to 0.7 m s-1. Brunner et al. (2014) reported annual 2010 WS10 biases ranging 
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from 0 to 1.2 m s-1 over a portion of the eastern U.S., -0.7 m s-1 to 0.8 m s-1 over a portion of 

the southern-central U.S., and 0 to 1.0 m s-1 over a portion of the western U.S. This study’s 

WS10 bias of -0.6 m s-1 for 2010 is within the magnitude of the biases reported in Brunner et 

al. (2014). The underpredicted WS10 in this study can be attributed to the use of the Jimenez 

and Dudhia (2012) option in this work which has a topographic correction for surface winds 

for more realistic representation of extra drag. The topographic correction option is not 

mentioned in any of the other studies cited above. For WD10, the model tends to predict overall 

more southeasterly winds while the observed WD10 are more southwesterly. On average, the 

simulated WD10 deviates by about 30o compared to the observed WD10, which will influence 

the direction of pollution transport.  

Precipitation is overpredicted against the NADP data with NMBs ranging from 5.7 to 

23.3%. Precipitation for 2006 is overpredicted to a larger extent in 2006 (NMB of 23.3%) 

compared to 2010 (9.7%). This could be attributed to the larger overprediction of SWDOWN 

(MB of 22.3 W m-2) in 2006 compared to 2010 (14.9 W m-2) which would result in increased 

convection during the summer of 2006. Brunner et al. (2014) reported overpredictions in 

precipitation over continental U.S. for 2010 of 4.5% with the largest wet biases occurring in 

winter and summer. Sensitivity simulations using WRF over Europe with different 

microphysics, convection and radiation configurations showed overpredictions in precipitation 

in summer (25 to 55%) associated with deep convection by all model configurations as 

compared to winter (15 to 30%) (Katragkou et al., 2015). The configuration with the Grell-

Devenyi cumulus parameterization scheme (Grell and Devenyi, 2002) showed the lowest 

summer precipitation bias of 25 to 30% (Katragkou et al., 2015). The overprediction of 
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precipitation can be attributed to positive biases in shortwave radiation (Table 3.3.2). Such 

biases in turn cause increased surface forcing for convection during the summer. 

Figure 3.3.3 shows the differences between simulated and observed T2 from the Global 

Historical Climatology Network version 2 and the Climate Anomaly Monitoring System 

(GHCN CAMS) (Fan and van den Dool, 2008) between 2001, 2006, and 2010. Between 2010 

and 2001, cooling was observed for GHCN CAMS T2 especially over central and southern 

U.S., similar to the warming hole mentioned in the introduction. However for simulated T2, 

the cooling was more spread out over the whole continental U.S. and not as drastic as for 

GHCN CAMS T2. The differences between simulated and observed 2006 and 2001 are very 

close, with both predicting warming over the central U.S. and cooling over the western U.S. 

Comparing the results for 2006 – 2001 and 2010 – 2006, it seems that the simulated T2 for 

2010 is too low, resulting in too much cooling between 2006 and 2010.  

Figure 3.3.4 shows the hourly time series of the differences between simulated and 

observed PBLH for 2001, 2006, and 2010. The observational data was obtained from the 

Department of Energy’s Atmospheric Radiation Measurement (DOE ARM) program at the 

Southern Great Plains site in Oklahoma based on three different calculations of PBLH. All 

three different calculations of PBLH show similar results. Similar trends are also found for 

2001, 2006, and 2010. PBLH is generally underpredicted at night and early morning hours (9 

pm – 6 am) throughout the year. For the morning, afternoon and early evening hours (7 am to 

8 pm), PBLH tends to be overpredicted during most hours during the summer months, and 

either overpredicted or underpredicted during the colder months. The overall underprediction 

for PBLH throughout the year is likely due to the underpredicted T2.   
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3.3.3.2.Chemical Performance 

 

The chemical performance of the model is influenced by its meteorological 

performances of T2, RH2, WS10, WD10 and precipitation, which affects photochemistry, 

transport, and deposition of the chemical species. Table 3.3.3 shows the annual performance 

statistics of major gaseous and aerosol species against observational data. Maximum 8-hr and 

1-hr O3 mixing ratios against CASTNET and AQS are all underpredicted for all three years. 

This is likely due in part to underpredictions of T2.  The NMBs for maximum 1-hr O3 mixing 

ratios (ranging from -18.6% to -7.4% against CASTNET and from -2.3% to -1.7% against 

AQS) are greater than those for maximum 8-hr O3 mixing ratios (ranging from -13.0% to -

4.8% against CASTNET and from -1.2% to -0.3% against AQS), indicating that the model 

performs better for lower mixing ratios of daytime O3 than those of very high peak O3. The O3 

performance in this study tends to be better at the AQS sites but worse at the CASTNET sites 

when compared to the O3 performance of the Community Multiscale Air Quality (CMAQ) 

model (Byun and Schere, 2006). Based on evaluation of CMAQ v4.4, Zhang et al. (2009b) 

showed annual NMBs of -11.6% and -4.6%  for maximum 1-hr and 8-hr O3 mixing ratio s 

against CASTNET, and -7.4% and 1.4% for maximum 1-hr and 8-hr O3 mixing ratios against 

AQS for the year 2001 over continental U.S.. Based on the evaluation of an updated version 

of CMAQ v5.0, Penrod et al. (2014) reported 5-year mean (2001 to 2005) NMB values of -1.5 

to -7.5% for maximum 1-hr O3 against CASTNET and 14.9 to 16.9% against AQS; and 1.2 to 

7.7% for maximum 8-hr O3 against CASTNET and 19.0 to 24.4% against AQS. Figure 3.3.5 

shows the simulated annual mean maximum 1-hr and 8-hr O3 mixing ratios overlaid with 

observations from CASTNET and AQS. The model is able to capture the spatial variability of 

O3 mixing ratios but underpredicts its magnitudes. For example, the model is not able to 
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capture the observed extremely high maximum 1-hr O3 mixing ratios over Los Angeles, CA, 

with an annual average mixing ratio of > 60 ppb for 2006 and 2010. The model is also unable 

to reproduce the high levels of O3 mixing ratios over major urban cities in several states in the 

eastern U.S. This can be partly attributed to the use of a coarse grid resolution of 36-km, which 

cannot capture the site-specific high O3 mixing ratios located in densely populated urban areas.  

Figure 3.3.6 shows the diurnal plots of observed and simulated O3 mixing ratios at the 

AQS sites for four regions (i.e., Northwest, Southwest, Southern States and the Northeast, as 

defined in Figure C2) for 2001, 2006, and 2010. In the Pacific Northwest region, O3 mixing 

ratios are largely overpredicted during the night time and early morning hours. In the 

Southwest region, O3 mixing ratios tend to be underpredicted during the nighttime and 

overpredicted in the early morning hours. In the Southern states region, O3 mixing ratios are 

slightly overpredicted during the day and slightly underpredicted at night. However, in the 

Northeast region, O3 mixing ratios are largely underpredicted during the nighttime and early 

morning hours. The model slightly overpredicts O3 mixing ratios during peak O3 time, but 

underpredicts O3 mixing ratios at night in the Southern States region. Overall, the model 

performs relatively well during the daytime in all four regions, however, has larger biases in 

O3 mixing ratios at night and in the early morning hours. The level of NOx can influence O3 

mixing ratios through photochemistry during daytime and titration reactions during nighttime 

and early morning hours. As shown in Figure C3, the largest biases for NOx mixing ratios 

occur around the same time when the largest biases for O3 mixing ratios occur, which is at 

night and in the early morning hours. The large overpredictions in O3 mixing ratios during 

nighttime and early morning hours are clearly related to the large underpredictions of NOx over 

Northwest Pacific and Southwest, indicating insufficient titration of O3 by NOx.  By contrast, 
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the underpredictions in O3 mixing ratios during nighttime and early morning hours are clearly 

related to the large overpredictions of NOx over Northeast and southern states, indicating 

excessive titration of O3 by NOx. However, even though the biases for NOx mixing ratios are 

high, the model performs relatively well for O3. The biases in NOx mixing ratios could be due 

to a number of reasons, in addition to inaccurate meteorological performance which affects its 

transport, mixing, and dilution in the atmosphere. The underprediction in T2 would result in 

an underpredicted PBL height, resulting in the positive NOx bias. Underpredicted WS10 would 

also result in high mixing ratios of NOx. Other possibilities include inaccuracies in emissions, 

and inaccuracies in reaction rates for conversions to nitric acid (HNO3) or particulate nitrate. 

For example, Zhang et al (2009b) reported that reaction rate constants for the reaction NO2 + 

OH + M  HNO3 is 2.9 times higher for CB05 compared to the Carbon Bond Mechanism Z 

(CBMZ) mechanism of Zaveri and Peters (1999), indicating a high uncertainty of this reaction 

rate constant. As shown in Table 3.3.3, the evaluation against all networks showed 

underpredictions of particulate NO3
-, which indicates insufficient conversion of NOx to NO3

-.  

As shown in Table 3.3.3, the model largely overpredicts the tropospheric O3 residual 

(TOR) with NMBs of 46.6 to 53.3% for the three years. The NMBs of 52.9% in 2006 and 

53.3% in 2010 are slightly higher than 38% in 2006 and 19% in 2010 with MACC chemical 

ICONs/BCONs reported by Wang et al. (2014b). Wang et al. (2014b) also reported 

overpredictions of TOR by all other models as compared to OMI data. Table 3.3.5 shows the 

annual performance statistics of column variables from CESM over North America. The 

overpredictions of TOR in this work can be attributed to the O3 profiles provided by CESM as 

the simulation results for both 2006 and 2010 show overpredictions of TOR compared to OMI 

data with NMBs of 18.8% and 8.3%, respectively. In addition, they can also be due to 
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meteorological factors such as radiation which is overpredicted. According to Liu et al. (2010), 

the accuracy of the TOR from OMI is high, with biases of mostly within 5% validated with the 

Microwave Limb Sounder (MLS). The overpredicted TOR can also be attributed to 

overpredictions in the NO2 column, with NMBs of between 118 to 190%. This is much higher 

than the NMBs of NO2 column reported by Wang et al. (2014b). The NO2 column from CESM 

is also overpredicted with an NMB of ~47%. According to Lambert et al. (2004), the validation 

of SCIAMACHY NO2 against measurements from ground stations showed that SCIAMACHY 

tends to give larger NO2 values on an average of (0.5 - 2.5) ×1015 molecules cm-2 over areas 

with tropospheric pollution. In addition, the same study reported differences of -5% to 10% 

between SCIAMACHY and GOME derived column NO2. Therefore the large overpredictions 

can also be partially attributed to less accurate satellite retrievals over polluted areas as 

compared to less polluted areas in the U.S. However, the Corr for the evaluation against 

SCIAMACHY NO2 is high at 0.9 for all three years. Overpredictions in the CO column as 

evaluated against MOPITT with NMBs of 28 - 62% can also contribute to the overpredictions 

of TOR. The overpredictions in the CO column are the opposite of underpredictions reported 

by Wang et al. (2014b) for 2006 and 2010 WRF/Chem simulations using MACC 

ICONs/BCONs. As shown in Table 3.3.5, overpredictions of CO column are found against 

CESM with NMBs of 62.9% for 2006 and 28.4% for 2010. Emmons et al. (2004) validated 

MOPITT CO retrievals against aircraft measurements and in situ profiles and showed that the 

agreements between the retrievals and the measurements are very good with biases ranging 

from -0.2% to 7% in the troposphere. The same study also reported larger biases in the 

MOPITT CO retrievals cleaner environments such as over the ocean. The column HCHO 

against GOME and SCIAMACHY is also underpredicted for all years, consistent with the 
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results of Wang et al. (2014b). However in Wang et al. (2014b), the NMB is smaller than that 

of this study for the evaluation year 2010. The NMBs for column HCHO for WRF/Chem using 

CESM ICONs/BCONs versus the NMBs for column HCHO for CESM are almost identical 

with NMBs of ~-30% and -40% in 2006 and 2010 respectively. Unlike the other column 

satellite retrievals, the validation of HCHO is more difficult as ground-based HCHO 

measurements are lacking. In addition, there exist uncertainties and sources of biases in the 

HCHO column retrievals including the polarization anomaly affecting the SCIAMACHY 

spectra at around 350nm and a major absorption band of the O2-O2 collision complex near 360 

nm, which could result in low or negative columns over deserts. At high latitudes, there exists 

a systematic error due to interference from O3. At lower latitudes, the error in the HCHO 

column retrievals is generally due to uncertainties in the formaldehyde absorption cross 

sections as well as uncertainties of the impact of clouds, aerosols and vertical profile shapes 

provided by a global model (De Smedt et al., 2008). Figure 3.3.7 shows the ratio of simulated 

column HCHO over column NO2 versus satellite-retrieved column HCHO over column NO2, 

which is a comparison of O3 indicators based on Martin et al. (2004). As a result of 

underpredictions of column HCHO and overpredictions of column NO2, simulated 

HCHO/NO2 is underpredicted compared to satellite-derived HCHO/NO2 consistently for all 

three years. The satellite-derived HCHO/NO2 is more NOx-limited (based on a transition value 

of 1.0 as recommended by Zhang et al., 2009b) compared to the simulated HCHO/NO2. The 

satellite-derived HCHO/NO2 shows a largely NOx-limited area over the western U.S. but the 

simulated HCHO/NO2 shows a largely VOC-limited area. In addition, the northeastern U.S. 

shows a shift from being VOC-limited in 2001 to NOx-limited in 2010 based on the satellite 
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retrievals. The model shows a shift towards a NOx-limited regime by 2010, however, it is still 

VOC-limited.  

As shown in Table 3.3.3, PM2.5 concentrations are underpredicted for all years against 

IMPROVE and STN except for 2001 against STN. The NMBs range from -9.7 to -8.8% against 

IMPROVE and from -8.8% to 7.8% against STN. The results are comparable or better than the 

results from Penrod et al. (2014) which showed that the statistical seasonal mean NMBs of 

CMAQ for the five-year  period of 2001 to 2005 range from -17.6% to 4% against IMPROVE 

and from -19.1 to -23.3% against STN. The NMBs are, however, slightly worse compared to 

the CMAQ results from Zhang et al. (2009b) which reported an NMB of 5.8% against 

IMPROVE and 4.2% against STN for the year 2001. The concentrations of SO4
2- are 

overpredicted for all years against STN with MBs ranging from 0.1 to 0.4 g m-3 for STN. The 

MBs of the concentrations of SO4
2- range from 0 to 0.7 g m-3 against CASTNET and from -

0.1 to 0 g m-3 against IMPROVE, and are the smallest for 2006 compared to 2001 and 2010. 

The concentrations of SO4
2- tend to be more overpredicted for 2001 and 2010 compared to 

2006. The statistics for NH4
+ against CASTNET show underpredictions for all years, but 

overpredictions against STN in 2001 and 2010. The statistics for NO3
- against CASTNET, 

IMPROVE, and STN show underpredictions for all years, with larger underpredictions for 

2001 and 2010 compared to 2006. The more the concentration of SO4
2- is overpredicted, the 

more the concentrations of NO3
- is underpredicted as more NH4

+ will be used up to neutralize 

SO4
2- instead of NO3

-. As a result, the model performs better for SO4
2- and NO3

- in 2006, but 

not as well for 2001 and 2010.  The concentrations of NO3
- are underpredicted possibly due to 

the exclusion of crustal species such as Al, Ca, and Fe found in dust (which exist as nitrates 

(Ansari and Pandis, 1999) primarily in coarse particles but can make up a significant portion 
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of PM2.5), , inaccuracy in ammonia emissions (Mebust et al., 2003), and insufficient conversion 

of NOx to NO3
-. For example, CB05 in WRF/Chem does not include reactions involving the 

loss of NOx through the formation of organic nitrates (Browne and Cohen, 2012). In addition, 

NO3
- heterogeneous chemistry is not included in the model. The inclusion of NO3

- 

heterogeneous chemistry in WRF-CMAQ (Zheng et al., 2015) improved the magnitude and 

temporal variations of NO3
- predictions in China. EC is overpredicted against IMPROVE 

except for 2001 and largely overpredicted against STN for all years. The concentration of TOC 

is slightly overpredicted against IMPROVE for all years. The MBs for TC against IMPROVE 

is also very small. The concentration of TC is underpredicted against STN for 2001 and 2006.  

Since the concentration of EC is overpredicted, TOC must be underpredicted at the STN sites. 

The underpredicted T2 would result in less biogenic emissions being emitted from MEGAN2, 

which would result in less secondary organic aerosols (SOA) formed. In addition, with 

underpredictions of O3 for all years, the oxidation capacity of SOA precursors to SOA is also 

reduced. With the exception of NO3
-, the PM2.5 species against different networks and for 

different years do not follow a clear trend. Unlike O3 mixing ratios, the concentrations of PM2.5 

and PM2.5 species can vary significantly from location to location and from year to year. The 

concentrations of PM2.5 and PM2.5 species also depend greatly on the accuracy of emissions 

and meteorological parameters such as temperature (Megaritis et al., 2013). As shown in 

Figure 3.3.5, the model is able to capture the high PM2.5 concentrations over the eastern U.S. 

However for 2001 and 2006, the model is unable to capture the high PM2.5 concentrations in 

California due to a coarse (36-km) grid resolution used in the simulations. The high PM2.5 

concentrations are localized, evident from the large differences of more than 10 g m-3 in 

observed PM2.5 concentrations between monitoring sites that are next to each other in 
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California. Simulated annual average PM2.5 concentrations significantly decrease over 

continental U.S. from 2001 to 2010. The trend analysis for chemical species will be discussed 

in Section 4.  

3.3.3.3.Radiation and Cloud 

 

Table 3.3.2 shows the annual statistics for major radiation, aerosol, and cloud variables. 

Against CERES, all radiation variables including SWDOWN, GSW, GLW, and OLR are 

overpredicted for all years. Considering that the major uncertainties of the standard CERES 

product for top-of-atmosphere (TOA) radiation variables come from instrument calibration 

(4.2 W m-2) and the assumed value for total solar irradiance of 1 W m-2 (Loeb et al., 2009), the 

MBs of 11.7 to 14.8 W m-2 for OLR exceed the uncertainty range. The overpredictions of the 

radiation variables are consistent with the statistics for the aerosol-cloud optical variables, 

which are generally underpredicted for all years, with the exception of cloud fraction (CF) for 

2010 against MODIS. For AOD, WRF/Chem simulates the AOD at the four different 

wavelengths – 300 nm, 400 nm, 600 nm, and 1000 nm. The simulated AOD extracted 

corresponds to the AOD at a wavelength of 600 nm. However, the MODIS product extracted 

refers to the AOD at a wavelength of 550 nm. In addition, there are uncertainties with the 

satellite retrieval products used for comparison. Ruiz-Arias et al. (2013) evaluated the Level-

3 MODIS daily AOD product against empirical measurements from the ground - the Aerosol 

Robotic Network (AERONET) from February 2000 to December 2011 and found that MODIS 

overestimates the AOD over southwestern U.S. by up to 100%. In the same study, AOD was 

also evaluated across the whole globe and the poorest performance was reported to be from 

western North America, with a mean bias error (MBE) of 76%, a root mean square error 

(RMSE) of 151% and a squared Pearson correlation coefficient (R2) value of only 22%. This 
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large overestimation is due to the fact that the measured AOD in this region is very small (0.10 

– 0.15), and that it could also be due to poor representation of MODIS’s surface reflectance 

parameterization (Levy et al., 2010). Levy et al. (2010) also reported that MODIS performs 

poorly over urban areas and over brighter and elevated targets when compared to AERONET 

measurements. Underpredictions of AOD may also be due to underpredictions of PM10. 

However the trends in PM10 concentrations do not directly correlate to the trends in AOD. For 

example, PM10 simulated concentrations for JFD decrease from 2001 to 2010; however 

simulated AOD for JFD remains relatively constant for all three years. This is partly due to the 

fact that these PM10 concentrations are surface concentrations rather than column PM10 

concentrations even though techniques exist to estimate surface PM2.5 and PM10 concentrations 

from MODIS AOD data (Choi et al., 2009). Underpredictions of PM10 can also influence CCN 

and CDNC and both show underpredictions for all three years.  

Figure 3.3.8 shows that the model performs relatively well for aerosol-cloud variables 

CDNC and CF with simulated spatial distributions similar to MODIS, but not as well for COT 

and CWP. As shown in Figure 3.3.9, the simulated radiation variables perform significantly 

better compared to aerosol-cloud variables and shows very close spatial distributions to 

CERES. In addition to the underprediction of PM10 concentrations, the underpredictions of 

CDNC can be attributed to uncertainties in the aerosol microphysics schemes including 

inaccuracies in the updraft velocity such as the inability of the model to resolve small scale 

turbulent updrafts (Kravitz et al., 2014). CDNC is also influenced to a larger extent aerosol 

composition as compared to updraft velocity (Karydis et al., 2012). There are also uncertainties 

in the aerosol activation parameterization scheme of Abdul Razzak and Ghan (2000) used in 

this study. For example, Gantt et al. (2014) showed that using an alternative aerosol 
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parameterization scheme from Fountoukis and Nenes (2005) and including the effects of other 

processes or factors such as insoluble aerosol adsorption and giant cloud condensation nuclei 

leads to better agreement between simulated CDNC in a number of regions (NMB of 28.0% 

compared to an NMB of -44% with Abdul-Razzak and Ghan (2000)). As shown in Figure 

3.3.8, the simulated spatial distributions of CDNC tend to be clustered over the eastern U.S., 

similar to spatial distributions of PM concentrations, however, the spatial distributions of 

CDNC from MODIS tend to be more spread out over a larger portion of the eastern U.S. 

Marchand (2013) compared total CF derived from the Multi-angle Imaging Spectro 

Radiometer (MISR) and MODIS Terra results and reported strong correspondence between 

both satellite retrievals from all previous years up to 2009. The study also attributed noticeable 

differences between MODIS Terra and MISR results starting in 2009 due to a calibration 

problem with the MODIS Terra. The aerosol-cloud evaluations in this work, however, involve 

a number of significant assumptions and are subject to some uncertainties. The model performs 

relatively well for CF when compared against MODIS, with Corr values of 0.7 - 0.9 and NMBs 

of -6.1% to 0.6%. A validation of MODIS-retrieved CF compared to the Whole Sky Imager 

(WSI) retrievals for 2002 found reasonable agreement between MODIS and WSI CF; however, 

there is a tendency for MODIS to overestimate the CF under partially to mostly cloudy sky 

conditions for all seasons at three Atmospheric Radiation Measurement (ARM) sites (Li et al., 

2004). Figure 3.3.8 shows that the MODIS versus the simulated CF is very similar, especially 

over land. The only large difference is over the ocean off the coast of western U.S., where the 

model largely underpredicts the CF as compared to MODIS. In the model, CDNC affects the 

calculation of the effective cloud radius and COT. Marchand (2013) reported that the errors in 

the COT product from MODIS are not likely to be due to errors in sensor calibration or changes 
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in three-dimensional cloud structure, when clouds are assumed to be single layered and 

horizontally homogeneous in the satellite retrievals, as similar errors are also found in MISR 

sensors which are calibrated differently. The uncertainties in the MODIS COT product are 

mainly due to possible errors in the simultaneous retrieval of cloud effective radius especially 

for small clouds or large cloud edges (Marchand, 2013). The MODIS CWP parameterization 

is indirectly estimated from MODIS COT at the 0.86 mm visible band and droplet effective 

radius and assumes no vertical variation in cloud droplet size (Seethala and Horvath, 2010). In 

this case, as COT is underpredicted, CWP is also underpredicted. The spatial pattern for CWP 

is also very similar compared to COT as shown in Figure 3.3.8. Other studies evaluated liquid 

water path (LWP) instead of cloud water path (CWP). CWP is calculated based on cloud water 

from rain, cloud, graupel, ice and snow, while LWP is only calculated based on cloud water. 

The aerosol activation scheme used also influences the underpredictions in CWP. Gantt et al. 

(2014) showed large NMB underpredictions of LWP of -76% for a global 2001 simulation 

case against MODIS, using the Abdul-Razzak and Ghan (2000) aerosol activation scheme. He 

at al. (2015) showed a lower underprediction of LWP of -31% for a 10-year simulation from 

2001 to 2010, but in this case, the LWP was evaluated against derived LWP from Bennartz 

(2007) and the aerosol activation scheme used is the Fountoukis and Nenes (2005) scheme 

with other updates. Zhang et al. (2012) attributed the underprediction for CWP with an NMB 

of -64% using WRF/Chem with CB05 and the Abdul-Razzak and Ghan aerosol activation 

scheme over CONUS for July 2001 to the lack of a reliable parameterization for contribution 

of convective clouds to cloud water content. Similar to MODIS COT and CWP, the model at 

least is able to capture larger values of COT and CWP over eastern U.S. compared to western 

U.S. The underpredictions of COT are attributed in part to the fact that the model only takes 
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into account contributions of cloud and ice, and not snow, rain and graupel to COT (Zhang et 

al., 2013). Column CCN against MODIS at S = 0.5% over the ocean is underpredicted, possibly 

due to underpredictions of PM over the ocean, even though in this study PM2.5 and PM10 are 

only evaluated against surface networks over land. The results for radiation and cloud variables 

are consistent with the statistics for SWCF which is underpredicted, with the exception of 

2010. A smaller cloud forcing is simulated by the model due to underpredicted cloud variables 

and overpredicted SW radiation variables. For 2010, the overprediction in SWCF could be 

related to the overprediction in CF. As shown in Figure 3.3.9, the model predicts a more 

negative SWCF over eastern U.S. but a less negative SWCF over western U.S. compared to 

CERES for all three years. LWCF is underpredicted for 2001, and overpredicted for 2006 and 

2010. Due to the underpredictions of cloud variables and overpredictions of radiation variables, 

LWCF is expected to be underpredicted in 2001, due to a smaller cloud amount to reduce 

radiation. It is uncertain why LWCF is overpredicted in 2006 and 2010. Figure 3.3.9 shows 

that similar to the trend for SWCF; the model predicts a higher LWCF over eastern U.S. and a 

lower LWCF over western U.S. as compared to CERES. However the net cloud radiative 

forcing (a sum of SWCF and LWCF) shows a net negative cloud forcing for all three years, 

with MB values ranging from -3.5 to 0.1 W m-2.  

3.3.3.4.Variation Trends in Air Quality and Meteorology from 2001 to 2010 

 

Figure 3.3.10 compares observed and simulated seasonal mean maximum 8-hr O3 

mixing ratios for 2001, 2006, and 2010. The annual average maximum 8-h O3 mixing ratios 

only decrease slightly from 2001 to 2006 to 2010. The largest decreases in average observed 

AQS O3 mixing ratios occur during JJA from 2001 to 2006 to 2010, whereas the average O3 

mixing ratios for other seasons remain relatively constant. Maximum 8-h O3 mixing ratios are 
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also consistently underpredicted in general for all seasons. The largest underpredictions occur 

during JFD and JJA. As shown in Figure C4, mean hourly NOx emissions decrease from 2.7 

mol km-2 h-1 in 2001 to 2.0 mol km-2 h-1 in 2010. Surface anthropogenic VOC emissions 

decrease significantly from 2001 to 2006 and slightly from 2006 to 2010. Since the O3 

formation in most large urban centers in the U.S. are VOC-limited (Campbell et al., 2014), the 

decrease in NOx emissions is probably too small to cause an impact on O3 mixing ratios. As 

shown in Figure 3.3.10, both simulated and observed PM2.5 concentrations decrease from 2001 

to 2010 when compared against STN, IMPROVE, and CASTNET. This is mainly due to 

reductions in SO4
2- and TC that make up the largest percentage of PM2.5 concentrations. As 

shown in Figure C4, SO2 inland emissions decrease significantly from 2001 to 2006 and from 

2006 to 2010. The NEI 2001 emissions include emissions around the port area but do not 

include the shipping emissions over the open ocean, which is different from the emissions for 

the other years (Huang et al., 2011). Emissions of SO4
2-, POA, and EC also show a decrease 

from 2001 to 2006 and from 2006 to 2010. The decreases in POA emissions in turn lead to a 

decrease in TC concentrations. Emissions of biogenic VOCs decrease slightly due to the slight 

decrease in surface temperatures; however, such a decrease is smaller than the decrease in 

anthropogenic VOC emissions. Wind speeds remain relatively consistent on average and 

precipitation increases slightly from 2001 to 2010 (Figures not shown). Even with changes in 

PM2.5 concentrations from 2001 to 2010, the domainwide mean values of meteorological 

variables including surface temperature, relative humidity, wind and precipitation do not 

change much.  

As shown in Figure 3.3.10, observed PM2.5 concentrations from STN show a consistent 

decrease from 2001 to 2006 and from 2006 to 2010 in JFD and MAM but not in JJA and SON. 
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For JFD and SON, the observed PM2.5 levels from STN in 2006 are higher than those in 2001 

and 2010.  The observed PM2.5 concentrations from IMPROVE decrease consistently from 

2001 to 2006 and from 2006 to 2010 in MAM and JJA. For JFD and SON, the observed PM2.5 

levels from IMPROVE in 2006 are higher than those in 2001 and 2010. However, the annual 

trends show decreasing simulated PM2.5 concentrations and observed concentrations from 

IMPROVE and STN from 2001 to 2006 and from 2006 to 2010. Figure 3.3.10 also shows the 

evolution of PM2.5 species against IMPROVE and STN with respect to season and year. The 

total concentrations of major PM2.5 species (i.e., SO4
2-, NH4

+, NO3
-, EC, and TC) from STN do 

not follow exactly the trend in observed PM2.5 concentrations from STN in JJA and SON. The 

total simulated concentrations of major PM2.5 species do not follow exactly the trends in the 

simulated PM2.5 concentrations in MAM, JJA, and SON. One of the important reasons would 

be that TOA (which is calculated by subtracting EC from TC and then multiplying by a factor 

of 1.4) is added to other PM species including SO4
2-, NH4

+, NO3
-, and EC. The instruments do 

not measure organic aerosol, but organic carbon. The accuracy of the model performance for 

TC is important as it makes up the bulk of PM2.5 concentrations as shown in Figure 3.3.10 for 

STN. In addition, for some of the seasons (e.g., JJA and SON), the total observed and simulated 

PM2.5 species are missing a significant portion of mass, which could come in the form of 

oxygen from TOA, or from other sources of PM2.5 such as crustal material. On the other hand, 

the performance of PM2.5 and PM2.5 species is better for IMPROVE compared to STN, as the 

trends in simulated PM2.5 follow the observed trends from IMPROVE more closely than those 

from STN across seasons and years. The observed total concentrations of PM2.5 species from 

IMPROVE also follow more closely the trend in the observed PM2.5 concentrations from 

IMPROVE. At the IMPROVE sites, both SO4
2- and TC play equally significant roles in 
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contributing to total PM2.5 concentrations. At STN sites, TC plays a more important role 

followed by SO4
2- in contributing to total PM2.5 concentrations. The difference in trends of 

model performances between IMPROVE and STN is due to the nature of the site locations at 

each network. The IMPROVE sites are mainly located in protected visual environments, or at 

rural locations in nature and state parks (http://vista.cira.colostate.edu/improve/), whereas the 

STN sites are mostly located in a wide range of areas including urban, sub-urban, and rural 

sites (http://www.epa.gov/ttn/naaqs/pm/data/awma-pm25-v2.pdf). This means that the 

observed PM2.5 concentrations at the IMPROVE locations are more homogeneous compared 

to those at STN locations, which are less homogeneous due to the presence of point sources of 

PM emissions including industrial and mobile sources.  

As shown in Figure 3.3.11, observed and simulated annual average PM10 

concentrations decrease from 2001 to 2010. Simulated seasonal mean PM10 concentrations 

decrease gradually only in SON, as compared to the observational data which shows a gradual 

decrease for all seasons. Simulated PM10 concentrations for other seasons increase from 2001 

to 2006 and then decrease from 2006 to 2010. PM10 seasonal concentrations for 2010 are the 

lowest compared to 2001 and 2006. Simulated PM10 concentrations during MAM and SON 

decrease slightly or remain relatively constant from 2001 to 2010. With the exception of JFD, 

the trends for observed PM10 concentrations correspond to the trends for satellite-derived 

CDNC. Peak simulated PM2.5 concentrations occur for 2006 seasons but this trend does not 

occur for simulated CDNC, which tend to decrease gradually from 2001 to 2010 except for 

JFD. Annual average MODIS and simulated CDNC also decrease from 2001 to 2010. 

However, SWCF does not show a similar pattern. As shown in Figure 3.3.8, MODIS CDNC, 

CWP, and COT also decrease from 2001 to 2006 and from 2006 to 2010. The radiation 

http://vista.cira.colostate.edu/improve/
http://www.epa.gov/ttn/naaqs/pm/data/awma-pm25-v2.pdf
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variables, however, are not significantly affected by the decrease in total cloud amount. Annual 

average SWDOWN, GSW, GLW and OLR from CERES remain relatively constant or increase 

slightly from 2001 to 2010. It is likely that radiation variables depend more on total CF, which 

remains relatively the same from 2001 to 2010, as compared to AOD or COT.  

3.3.4. Comparison of WRF/Chem Simulations with CESM and MACC ICONs/BCONs  

 

Table 3.3.4 summarizes the annual mean statistics for major meteorological, aerosol, 

cloud, radiation, and chemical variables against surface observations and satellite retrieval 

products for the 2006 and 2010 simulations with MACC ICONs/BCONs. Table 3.3.5 

summarizes the annual mean statistics for column variables predicted by CESM/CAM5 over 

the North American domain. The statistics for MACC for column variables are not calculated 

due to unavailable geopotential height data. Figures C5 to C8 compare the spatial distributions 

of several major chemical variables (O3, SO2, SO4
2-, and TC) from CESM/CAM5 and MACC 

models, which are used to generate the ICONs/BCONs for the WRF/Chem simulations. O3 

mixing ratios from CESM/CAM5 are much higher compared to those from MACC, especially 

for JFD, MAM, and SON for 2006 and 2010 (Figure C5). SO2 mixing ratios from 

CESM/CAM5 are also higher than those from MACC for all seasons (Figure C6). On the other 

hand, SO4
2- concentrations from MACC are higher compared to those from CESM/CAM5 over 

the ocean and over the land except for the eastern U.S. in JJA and SON in both years (Figure 

C7). Average TC concentrations from CESM/CAM5 are also lower than those from MACC 

for all seasons (Figure C8). Overall, the concentrations of gas-phase species from MACC seem 

to be lower compared to CESM/CAM5; and the opposite trend seem to be the case for aerosol-

phase species. The MACC simulations employed data assimilation for a number of gas-phase 

species including O3, CO, and NOx based on satellite data (Inness et al., 2013), whereas the 
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CESM/CAM5 simulations did not use data assimilation. In addition, MACC is driven by the 

Model for Ozone and Related Chemical Tracers (MOZART-3; Kinnison et al., 2007; Stein, 

2009) chemistry as compared to CESM which uses CB05_GE (Karamchandani et al., 2012).   

As shown in Figure 3.3.12, over land with the exception of northwestern U.S. for 2006, 

hourly O3 mixing ratios are higher for simulations with CESM ICONs/BCONs compared to 

MACC ICONs/BCONs. This is partially due to the higher SWDOWN and GLW for 

simulations with CESM ICONs/BCONs compared to MACC ICONs/BCONs for 2006. For 

2010, Figure 3.3.12 shows that O3 mixing ratios for CESM are much larger than those of 

MACC as compared to 2006. Simulated O3 mixing ratios ICONs/BCONs from CESM are 

much higher than those of MACC as shown in Figure C5, which also contribute to higher 

simulated O3 mixing ratios from the simulations with CESM ICONs/BCONs. For 2010, CESM 

SWDOWN is lower but GLW is higher than that of AQMEII. The dominant factor for the 

higher O3 mixing ratios from WRF/Chem simulations with CESM ICONs/BCONs is therefore 

attributed to higher chemical ICONs/BCONs from CESM rather than radiation. Figure 3.3.12 

also shows that CO, VOCs, OH, and HO2 mixing ratios are much higher from WRF/Chem 

simulations with the ICONs/BCONs from CESM than from MACC for the whole CONUS 

domain. The higher mixing ratios of CO and VOCs from CESM contribute to increased radical 

formation and hence higher O3 formation. As mentioned earlier, as the O3 formation in most 

large urban centers in the U.S. are VOC-limited (Campbell et al., 2014), the lower NO2 mixing 

ratios from WRF/Chem simulations with ICONs/BCONs from CESM compared to those from 

MACC in the large urban centers over U.S. for both 2006 and 2010 do not affect O3 mixing 

ratios significantly. For chemical variables, maximum 8-hr and 1-hr O3 mixing ratios against 

AQS for the simulations with CESM ICONs/BCONs are much higher compared to those from 
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the simulations with MACC ICONs/BCONs. As shown in Tables 3.3.3 and 3.3.4, the 

differences in simulated maximum 8-hr and 1-hr O3 mixing ratios between the two sets of 

simulations are 0.5 ppb and 0.4 ppb, respectively, for 2006, and 6.5 ppb and 6.6 ppb, 

respectively, for 2010. The extremely large differences in O3 mixing ratios between the 

WRF/Chem simulations with ICONs/BCONs from CESM and MACC for 2010 supports that 

the cause of the higher O3 mixing ratios is due to the higher O3 mixing ratios from CESM 

ICONs/BCONs as the radiation will not affect O3 mixing ratios to such a large extent. The 

simulations with the CESM ICONs/BCONs improve the performance of O3 mixing ratios in 

2010 (e.g., the NMB for maximum 8-hr O3 is reduced from -17% to -1%).  

As shown in Figure 3.3.12, PM2.5 concentrations for 2006 are larger for WRF/Chem 

simulations with MACC ICONs/BCONs compared to those with CESM ICONs/BCONs in 

almost everywhere in the U.S. except for small areas in Texas and Florida. For 2010, PM2.5 

concentrations are larger with CESM over eastern U.S. but larger with MACC over western 

U.S. As shown in Tables 3.3.3 and 3.3.4, PM2.5 concentrations from WRF/Chem simulations 

with CESM ICONs/BCONs are lower than those from MACC ICONs/BCONs at all sites from 

IMPROVE and STN for 2006. For 2010, WRF/Chem simulations with CESM ICONs/BCONs 

give higher PM2.5 concentrations compared to MACC. Based on Table 3.3.3, the differences 

in PM2.5 concentrations between WRF/Chem simulations with ICONs/BCONs from CESM 

and MACC for 2006 are 0.6 g m-3 and 1.1 g m-3 against IMPROVE and STN, respectively. 

However for 2010, the differences in simulated PM2.5 concentrations against STN are 0.6 g 

m-3 while the PM2.5 concentrations against IMPROVE are comparable for both simulations. 

Figure 3.3.12 shows that for 2006, both TC and SO4
2- are lower in general for the WRF/Chem 

simulation with ICONs/BCONs from CESM compared to that with ICONs/BCONs from 
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MACC. This is not surprising as shown by Figures C7 and C8, the differences in SO4
2- 

concentrations are larger than those in TC between the two WRF/Chem simulations for 2006. 

Figure C7 also shows that SO4
2- concentrations are lower for the WRF/Chem simulation with 

ICONs/BCONs from CESM compared to that with ICONs/BCONs from MACC for 2010, but 

not to the same extent as in 2006. Figure C8 shows that over land, especially in eastern U.S. 

for 2010, TC concentrations for the WRF/Chem simulation with ICONs/BCONs from CESM 

are higher than that or comparable to that with ICONs/BCONs from MACC, which is why in 

Figure 3.3.12, TC concentrations especially over eastern U.S. are higher for the WRF/Chem 

simulation with ICONs/BCONs from CESM compared to that with ICONs/BCONs from 

MACC for 2010.  

 The surface meteorological statistics for 2006 and 2010 WRF/Chem simulations with 

MACC ICONs/BCONs are very similar to those with CESM ICONs/BCONs. This is probably 

because for both sets of WRF/Chem simulations, NCEP analysis data are used as 

meteorological ICONs/BCONs. Therefore any changes in meteorology can be attributed to 

feedbacks from the perturbations in aerosol, cloud, radiation, and chemical components in 

WRF/Chem as well as impacts of different chemical ICONs/BCONs from CESM and MACC. 

Figure 3.3.13 shows the differences between the main aerosol-cloud-radiation variables 

between WRF/Chem simulations with ICONs/BCONs from CESM and MACC for 2010 and 

2006. The differences in PM2.5 concentrations (Figure 3.3.12) affect AOD, as shown in Figure 

3.3.13. The spatial patterns between surface PM2.5 concentration differences and AOD are 

somewhat similar. For 2006, the largest differences between the two simulations for PM2.5 

concentrations occur over the eastern U.S., and this is also the case for AOD. For 2010, the 

PM2.5 concentrations for CESM is slightly higher compared to the WRF/Chem simulation with 
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ICONs/BCONs from MACC over the eastern U.S., and even though AOD is lower for the 

WRF/Chem simulation with ICONs/BCONs from CESM compared to that with 

ICONs/BCONs from MACC, the spatial pattern corresponds to PM2.5 concentrations. PM2.5 

concentrations also affect available CCN, which in turn affect CDNC, COT, CF, and other 

cloud variables; all of those cloud variables in turn affect radiation. For 2006, CDNC is lower 

on a domainwide average for CESM compared to MACC even though CESM gives higher 

CDNC over southeastern U.S. As a result, domainwide CESM gives lower COT and CF 

compared to MACC. The differences in other cloud and radiation variables are also larger for 

2006 compared to 2010 (as shown in Figure 3.3.13) due to larger differences in PM2.5. For 

example, as shown in Tables 3.3.3 and 3.3.4 the differences in annual average COT is 0.2 (or 

by 1%) in 2006 between the two sets of WRF/Chem simulations, while for 2010 there are 

negligible differences in the absolute COT. The differences in CF are 1.9% in 2006 and 0.2% 

in 2010. However, the spatial plots in Figure 3.3.13 show that for 2006, the differences in COT 

can be more than 1.0 (more than 10%) in some locations including the southeastern U.S. The 

differences in CF can be as high as 5% over California. For 2006 simulations, lower COT and 

CF from the WRF/Chem simulation with ICONs/BCONs from CESM result in a higher GSW 

and GLW over land. Figure 3.3.13 shows that in some areas over southeastern U.S., the 

differences in GSW can range up to 15 Wm-2. The lower COT and CF also result in lower 

GLW over the ocean and OLR due to less LW radiation being radiated back to the ground and 

into the top of the atmosphere. As shown in Figure 3.3.13, based on a spatial average, OLR for 

simulations with CESM is about 0.3% smaller than simulations with MACC. For 2010, the 

WRF/Chem simulation with ICONs/BCONs from CESM gives higher CDNC compared to 

that with ICONs/BCONs from MACC, resulting in higher COT and CF. The WRF/Chem 
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simulation with ICONs/BCONs from CESM also gives higher GSW and lower GLW 

compared to that with ICONs/BCONs from MACC for 2010, even though the differences are 

very small (less than an average of 2 W m-2 for GSW and 1 W m-2 for GLW). Due to larger 

differences in radiation, differences in precipitation are higher for 2006 compared to 2010. 

Even though the overall differences in meteorology and aerosol-cloud-radiation variables are 

minor, there are still non-negligible impacts of differences due to chemical ICONs/BCONs. 

3.3.5. Summary and Conclusions 

 

In this work, WRF/Chem simulations for 2001, 2006, and 2010 using U.S. EPA NEI 

emissions, NCEP meteorological ICONs/BCONs and chemical ICONs/BCONs from CESM 

are evaluated. The simulations for 2006 and 2010 are compared with those using the same 

emissions and meteorological ICONs/BCONs but different chemical ICONs/BCONs from 

MACC. The evaluation includes meteorological variables, chemical species, and aerosol-

cloud-radiation variables against observations from surface networks and satellites. The 

meteorological evaluation shows that T2 is underpredicted against NCDC for all three years in 

most areas over the U.S. except for the coastlines over eastern U.S. and a few states in the 

northern-central U.S. systematically throughout the day, which is consistent with other studies 

from literature using WRF. The underpredictions in T2 are likely due to biases in the radiation 

scheme and the inaccuracies of soil moisture and soil temperature in the model. Soil data 

assimilation should help improve T2 model predictions inland. Including soil data assimilation 

in the future will help improve not only T2, but also other meteorological and chemical 

variables that depend on surface temperatures. The underprediction in T2 also affects other 

meteorological variables including RH2, WS10, precipitation, and PBL height. The model 

performs relatively well for RH2 but produces a negative wind bias.  This is in contrast with 
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other studies using WRF, which tend to produce a positive wind bias. The lower wind speeds 

in this study can be attributed to the underpredicted T2 as well as the use of the Jimenez and 

Dudhia (2012) topographic wind correction factor for surface winds, which was not likely used 

by the other studies with the positive wind bias. Precipitation is also overpredicted against 

NADP for all three years, consistent with other studies involving WRF due to biases in 

radiation and also uncertainties in the microphysics and convective parameterization schemes.  

For air quality applications, good meteorological predictions are important for large 

urban centers and non-localized areas as air pollution can be transported between states and 

continents, for surface meteorological variables, and for typical convective or stagnant 

atmosphere. Improving surface temperatures in the model is essential in improving predictions 

of other meteorological variables that will impact chemical predictions. In this study, as T2 is 

underpredicted, O3 mixing ratios are also underpredicted for all three years. The biases for the 

O3 mixing ratios when evaluated against CASTNET and AQS are, however, comparable to 

other studies in literature using CMAQ including those from Zhang et al. (2009b) and Penrod 

et al. (2014). In addition, WRF/Chem is able to capture the spatial variability of O3 mixing 

ratios over CONUS. The biases in O3 mixing ratios are related to the biases in NOx mixing 

ratios, possibly due to inaccuracies in NOx emissions, reaction rates for the conversion of NOx 

to HNO3 or NO3
-, and the underestimation of O3 transport from upper levels to the surface, as 

TOR is overpredicted compared to OMI data. The biases in column variables TOR, NO2, CO, 

and HCHO are due to inherent biases in the chemical ICONs/BCONs from CESM. In addition, 

there exist uncertainties in the satellite retrievals of the column variables.  PM2.5 concentrations 

are also slightly underpredicted against all networks against IMPROVE and STN except for 

2001 against STN and are comparable to the statistics from other literature using WRF/Chem 
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or the CMAQ model. SO4
2- and TC are the largest contributors to PM2.5 concentrations. The 

model also tends to perform better for SO4
2- compared to NO3

-. Large underpredictions exist 

for NO3
- possibly due to several reasons including the insufficient conversion of NOx to NO3

- 

due to missing chemical reactions such as the formation of organic nitrates and heterogeneous 

chemistry of NO3
- formation. The model performs well for TC against IMPROVE but not as 

well against STN, partly due to biases in EC emissions and more likely due to inaccuracies in 

the predictions of TOC. TOC is underpredicted due to several factors including the 

underpredictions of biogenic emissions resulted from the underpredicted T2, and 

underpredicted O3 which reduces the oxidation of VOCs to SOA. The model is less skillful in 

predicting localized peak PM2.5 concentrations due to the large 36-km spatial resolution of the 

model. Although the evaluation of column PM cannot be performed in this study due to 

unavailability of column PM observations, it is likely that biases in column PM2.5 and PM10 

concentrations exist, which influence the aerosol-cloud-radiation variables. The radiation 

variables evaluated in this study including SWDOWN, GSW, GLW, and OLR are 

overpredicted for all years against CERES. The overpredictions of radiation are consistent with 

the statistics of the aerosol-cloud variables, which tend to be underpredicted; with the 

exception of CF. The biases are likely due to the uncertainties in the satellite retrievals of 

aerosol-cloud variables from MODIS, uncertainties in the predictions of other variables 

influencing aerosol-cloud predictions including updraft velocity and aerosol composition, and 

uncertainties in the aerosol-cloud parameterizations such as the aerosol activation scheme.  

From 2001 to 2006 and from 2006 to 2010, annual maximum 8-hr O3 mixing ratios 

only decrease slightly, a trend occuring in both the observed AQS and the simulated values. 

On a seasonal basis, the model is able to reproduce some trends in the observed data and not 
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others. For example, the model is able to predict the relatively constant maximum 8-hr O3 

mixing ratios in MAM from 2001 to 2010 but is unable to predict a peak maximum 8-hr O3 

mixing ratio for JFD 2006 compared to 2001 and 2010. The model is also able to simulate the 

decrease in PM2.5 concentrations from 2001 to 2006 to 2010 due to reductions in SO4
2- and TC, 

which make up a significant portion of PM2.5 concentrations. The decrease in simulated PM2.5 

concentrations is largely due to the decrease in the emissions of primary SO4
2-, POA, and EC. 

Domainwide averages of surface meteorological variables, however, do not vary much from 

2001 to 2010. Similar to O3, the model does not predict correctly all the seasonal observed 

trends of PM2.5 and PM2.5 species concentrations. With the exception of JFD, the decreasing 

trend for observed PM10 concentrations corresponds to the decreasing trend for satellite-

derived CDNC from 2001 to 2010. The radiation variables including SWCF, however, do not 

vary significantly by the decrease of the total cloud amount, as they are possibly more 

dependent on CF instead, which remains relatively constant from 2001 to 2010.  

While accurate emissions are important for good performance of O3 and PM2.5 in the 

model, this study shows that chemical ICONs/BCONs can affect simulated O3 and PM2.5 

concentrations significantly and have a non-negligible impact on aerosol-cloud-radiation 

variables. O3 mixing ratios from the WRF/Chem simulation with CESM ICONs/BCONs are 

higher than those with MACC ICONs/BCONs for 2006 and 2010, and the differences between 

maximum 8-hr O3 mixing ratios are large (up to ~6 ppb), especially for 2010.  For 2010, the 

dominant factor for the higher O3 mixing ratios from the WRF/Chem simulation with CESM 

ICONs/BCONs compared to that with MACC ICONs/BCONs is the chemical ICONs/BCONs, 

as differences in radiation would not have produced such large differences in O3 mixing ratios 

between the two simulations. Radiation could have possibly played a role in 2006 due to higher 
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SWDOWN and GLW for the WRF/Chem simulation with CESM ICONs/BCONs compared 

to that with MACC ICONs/BCONs. PM2.5 concentration differences between the two 

simulations vary spatially, and temporally unlike O3 trends which has clear differences 

between simulations using CESM and MACC ICONs/BCONs. The trends of PM2.5 species 

SO4
2- and TC depend on their corresponding chemical ICONs/BCONs from the two 

simulations. Surface meteorological fields for both MACC and CESM do not differ by much 

due to the influence of NCEP meteorological ICONs/BCONs used for both sets of simulations. 

However the influence of differences in chemical species influence the predictions of aerosol-

cloud-radiation variables, leading to differences in their performance between the two 

simulations especially for 2006, even though the differences are not as drastic as changes in 

O3 mixing ratios. The differences in aerosol-cloud variables including CDNC, COT, and CF 

result in differences in radiation that could be significant depending on the location in CONUS 

– for example, in some areas over southeastern U.S., the differences in GSW can range up to 

15 W m-2.  
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3.3.8. Tables 

 

Table 3.3.1. Physics and chemical options used for WRF/Chem simulations with CESM 

ICONs/BCONs. 

 Option Reference 

Radiation Rapid and accurate 

Radiative Transfer Model 

for Global Climate Model 

(GCM) (RRTMG) 

shortwave (SW) and 

longwave (LW) 

Iacono et al. (2008) 

Boundary Layer Yonsei University (YSU)  Hong et al. (2006) 

Land Surface National Center for 

Environmental 

Prediction, Oregon State 

University, Air Force and 

Hydrologic Research Lab 

(NOAH)  

Chen and Dudhia (2001) 

Cloud Microphysics Morrison two-moment 

module 

Morrison et al. (2009) 

Cumulus 

Parameterization 

Grell 3D Ensemble Grell and Freitas. (2014) 

Gas-Phase Chemistry Modified CB05 with 

updated chlorine 

chemistry 

Yarwood et al. (2005) 

Sarwar et al. (2007) 

Photolysis Fast Troposphere 

Ultraviolet Visible 

(FTUV) 

Tie et al. (2003) 

Aqueous-Phase 

Chemistry 

AQ chemistry module 

(AQChem) for both 

resolved and convective 

clouds 

Based on AQChem in 

CMAQv4.7 of Sarwar et 

al. (2011)  

Heterogeneous Chemistry Heterogeneous chemistry 

for SO2 

Jacob (2000) 

Aerosol Module MADE/VBS 

 

Ahmadov et al. (2012) 

Aerosol Activation Abdul-Razzak and Ghan  

 

Abdul-Razzak and Ghan 

(2000) 
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Table 3.3.2. Annual performance statistics of major meteorological, aerosol, cloud, and radiation variables from WRF/Chem simulations with 

CESM ICONs/BCONs against surface observational networks and satellite retrieval products. 

Annual 2001 2006 

Network/Species/ Units 
Mean 

Obs 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

Mean 

Obs 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

GHCN CAMS T2 (oC) 10.7 10.0 1.0 -0.7 -6.6 9.9 11.1 10.5 1.0 -0.8 -5.6 9.3 

NCDC T2 (oC) 13.1 12.5 1.0 -0.6 -4.6 8.6 13.3 12.6 0.9 -0.7 -5.1 9.1 

NCDC RH2 (%) 69.1 71.2 0.8 2.1 3.1 6.6 65.8 70.5 0.8 4.7 7.2 9.6 

NCDC WS10 (m s-1) 3.37 3.13 0.1 -0.2 -7.2 17.9 3.37 3.23 0.0 -0.1 -4.2 16.2 

NCDC WD10 (deg) 157.4 190.7 0.0 33.3 21.2 24.5 160.1 187.9 -0.1 27.8 17.4 21.7 

NADP Precip (mm day-1) 16.2 17.2 0.2 0.9 5.7 111.6 17.7 21.9 0.2 4.1 23.3 110.7 

CERES SWDOWN  

(W m-2) 
177.3 196.8 0.9 19.5 11.0 12.5 177.0 199.3 0.9 22.3 12.6 12.7 

CERES GSW  (W m-2) 150.8 159.4 0.9 8.6 5.7 9.2 152.2 162.5 0.9 10.3 6.8 8.5 

CERES GLW (W m-2) 299.7 318.6 1.0 19.0 6.3 6.4 300.5 320.0 1.0 19.4 6.4 6.5 

CERES OLR  (W m-2) 220.9 235.6 1.0 14.8 6.7 6.7 221.6 233.9 0.9 12.3 5.6 5.6 

MODIS AOD  0.16 0.09 0.0 -0.1 -44.1 47.0 0.14 0.08 -0.0 -0.1 -46.4 50.0 

MODIS Cloud Fraction 

(%) 
58.3 54.8 0.7 -3.6 -6.1 13.4 57.7 54.2 0.8 -3.4 -6.0 10.0 

MODIS CWP  185.1 106.8 0.6 -78.3 -42.3 46.8 176.7 124.8 0.5 -51.9 -29.3 42.9 

MODIS COT  14.3 5.8 0.6 -8.5 -59.2 59.2 16.5 5.7 0.7 -9.4 -65.5 65.5 

MODIS CCN5 (ocean) 

(cm -3) 
0.38 0.15 0.6 -0.2 -60.4 60.6 0.34 0.16 0.6 -0.2 -54.2 54.3 

TERRA CDNC (cm -3) 178.2 145.0 0.4 -33.2 -18.6 44.9 166.3 120.3 0.3 -46.0 -27.6 44.7 

CERES SWCF (W m-2) -39.8 -39.5 0.6 -0.3 -0.1 25.8 -39.0 -37.6 0.6 -1.4 -3.7 19.8 

CERES LWCF (W m-2) 23.5 22.5 0.7 -1.1 -4.5 19.2 23.1 25.0 0.7 1.9 8.2 17.9 

CERES Net_CF (W m-2) -16.3 -17.0 0.6 0.7 4.6 46.8 -15.9 -12.6 0.8 -3.5 -21.0 38.2 
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Table 3.3.2. (cont). Annual performance statistics of major meteorological, aerosol, cloud, and radiation variables from WRF/Chem 

simulations with CESM ICONs/BCONs against surface observational networks and satellite retrieval products. 

Annual 2010 

Network/Species/ Units 
Mean 

Obs 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

GHCN CAMS T2 (oC) 10.7 9.8 1.0 -0.9 -8.4 11.4 

NCDC T2 (oC) 12.8 11.9 1.0 -0.9 -6.9 9.2 

NCDC RH2 (%) 69.8 72.2 0.8 2.4 3.3 6.9 

NCDC WS10 (m s-1) 3.68 3.11 0.4 -0.6 -15.7 27.9 

NCDC WD10 (deg) 156.3 189.3 0.1 33.0 21.1 24.4 

NADP Precip (mm day-1) 18.9 20.5 0.5 1.8 9.7 70.6 

CERES SWDOWN (W m-2) 178.7 193.6 0.9 14.9 8.4 10.3 

CERES GSW  (W m-2) 153.1 157.5 0.9 4.4 2.9 7.3 

CERES GLW (W m-2) 300.0 320.5 1.0 20.7 6.9 6.9 

CERES OLR  (W m-2) 223.4 235.0 1.0 11.7 5.2 5.2 

MODIS AOD  0.10 0.05 -0.1 -0.1 -50.0 50.0 

MODIS Cloud Fraction (%) 57.6 58.0 0.9 0.4 0.6 8.9 

MODIS CWP  168.0 109.5 0.6 -58.5 -34.8 38.0 

MODIS COT  17.2 6.3 0.7 -10.1 -63.6 63.6 

MODIS CCN5 (ocean) (cm -3) 0.33 0.19 0.4 -0.1 -43.5 53.5 

TERRA CDNC (cm -3) 155.0 111.0 0.3 -44.0 -28.4 45.9 

CERES SWCF (W m-2) -40.0 -42.3 0.7 2.3 5.8 21.1 

CERES LWCF (W m-2) 21.8 24.0 0.8 2.2 9.9 16.3 

CERES Net_CF (W m-2) -18.2 -18.3 0.7 0.1 1.0 38.2 
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Table 3.3.3. Annual performance statistics of major gaseous and aerosol species from WRF/Chem simulations with CESM ICONs/BCONs 

against surface and column observational data. 

Annual 2001 2006 

Network/Species/ Units 
Mean 

Obs 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

Mean 

Obs 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

CASTNET Max 8-hr O3 (ppb) 43.8 39.0 0.5 -4.8 -11.0 28.2 43.6 38.4 0.5 -5.2 -11.8 27.1 

CASTNET Max 1-hr O3  (ppb) 46.2 38.3 0.5 -7.9 -17.2 30.1 47.6 39.3 0.5 -8.3 -17.4 28.7 

AQS Max 8-hr O3 (ppb) 44.9 44.6 0.4 -0.3 -0.7 29.9 44.4 43.2 0.4 -1.2 -2.8 27.5 

AQS Max 1-hr O3 (ppb) 51.1 49.4 0.4 -1.7 -3.3 28.5 50.3 48.1 0.4 -2.2 -4.5 26.3 

IMPROVE PM2.5 (g m-3) 5.77 5.25 0.4 -0.5 -9.1 59.6 5.36 4.89 0.4 -0.5 -8.8 59.4 

STN PM2.5 (g m-3) 12.9 13.9 0.2 1.0 7.8 62.9 12.2 11.2 0.2 -1.0 -8.0 56.2 

CASTNET SO4
2- (g m-3) 3.14 3.42 0.7 0.3 8.6 48.4 2.73 2.70 0.7 0.0 -0.8 44.3 

IMPROVE SO4
2-  (g m-3) 1.69 1.63 0.6 -0.1 -3.3 69.2 1.31 1.28 0.5 0.0 -2.4 73.2 

STN SO4
2- (g m-3) 3.41 3.85 0.4 0.4 13.1 75.2 2.95 3.03 0.4 0.1 2.6 69.1 

CASTNET NH4
+

 (g m-3) 1.16 0.95 0.7 -0.2 -18.5 42.1 0.93 0.86 0.7 -0.1 -7.3 43.2 

IMPROVE NH4
+

 (g m-3) 1.39 1.40 0.3 0.0 1.0 60.0 N.A.1 N.A.1 N.A.1 N.A.1 N.A.1 N.A.1 

STN NH4
+ (g m-3) 1.27 1.37 0.3 0.1 7.6 82.0 1.33 1.10 0.3 -0.24 -17.9 65.5 

CASTNET NO3
-
 (g m-3) 1.04 0.63 0.4 -0.4 -39.9 78.8 0.75 0.66 0.4 -0.1 -12.8 85.1 

IMPROVE NO3
-
 (g m-3) 0.49 0.31 0.2 -0.2 -37.4 93.7 0.50 0.43 0.4 -0.1 -15.1 97.6 

STN NO3
-
 (g m-3) 1.78 1.02 0.1 -0.8 -42.6 89.3 1.58 1.00 0.1 -0.6 -36.6 85.7 
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Table 3.3.3 (cont). Annual performance statistics of major gaseous and aerosol species from WRF/Chem simulations with CESM 

ICONs/BCONs against surface and column observational data. 

Annual 2010 

Network/Species/ Units 
Mean 
Obs 

Mean 
Sim 

Corr MB 
NMB 
(%) 

NME 
(%) 

CASTNET Max 8-hr O3 (ppb) 43.8 38.2 0.4 -5.7 -13.0 26.9 

CASTNET Max 1-hr O3  (ppb) 47.4 38.6 0.4 -8.8 -18.6 28.7 

AQS Max 8-hr O3 (ppb) 42.3 41.8 0.4 -0.4 -1.1 26.1 

AQS Max 1-hr O3 (ppb) 48.4 47.3 0.3 -1.1 -2.3 25.3 

IMPROVE PM2.5 (g m-3) 4.49 4.05 0.5 -0.4 -9.7 57.5 

STN PM2.5 (g m-3) 11.0 10.3 0.2 -0.7 -6.6 55.6 

CASTNET SO4
2- (g m-3) 1.98 2.07 0.7 0.1 4.6 41.8 

IMPROVE SO4
2-  (g m-3) 1.03 1.04 0.5 0.0 1.2 71.0 

STN SO4
2- (g m-3) 2.20 2.60 0.3 0.4 18.1 70.8 

CASTNET NH4
+

 (g m-3) 0.76 0.69 0.6 -0.1 -9.3 44.5 

IMPROVE NH4
+

 (g m-3) N.A.1 N.A.1 N.A.1 N.A.1 N.A.1 N.A.1 

STN NH4
+ (g m-3) 0.98 1.00 0.2 0.0 3.0 74.1 

CASTNET NO3
-
 (g m-3) 0.77 0.53 0.3 -0.2 -32.0 84.0 

IMPROVE NO3
-
 (g m-3) 0.42 0.32 0.3 -0.1 -26.0 100.0 

STN NO3
-
 (g m-3) 1.35 0.91 0.1 -0.4 -32.7 91.3 

 

 

 

 



 

195 

 

Table 3.3.4. Annual performance statistics of major meteorological, aerosol, cloud, radiation variables and chemical species from WRF/Chem 

simulations with MACC ICONs/BCONs against surface observational networks and satellite retrieval products as part of AQMEII simulations 

(Yahya et al., 2015a, b). 

Annual 2006 2010 

Species/Network/Units 
Mean 
Obs 

Mean 
Sim 

Corr MB 
NMB 
(%) 

NME 
(%) 

Mean 
Obs 

Mean 
Sim 

Corr MB 
NMB 
(%) 

NME 
(%) 

T2 NCDC1 (oC) 13.3 12.5 0.9 -0.8 -5.8 9.4 12.8 11.9 1.0 -0.9 -7.1 9.3 

RH NCDC1 (%) 65.8 70.5 0.8 4.7 7.2 9.6 69.8 72.3 0.8 2.4 3.5 7.0 

WS10 NCDC1 (m s-1) 3.4 3.2 0.0 -0.1 -3.9 16.1 3.6 3.1 0.2 -0.5 -14.4 19.7 

WD10 NCDC1 (deg) 160.1 189.2 -0.1 29.0 18.1 22.4 156.3 186.4 0.0 30.1 19.3 23.0 

Precip NADP2 (mm day-1) 17.7 20.8 0.4 3.1 17.6 73.3 18.9 19.4 0.1 0.5 2.5 112.7 

CERES SWDOWN2 (W m-2) 177.0 194.3 0.9 17.2 9.7 10.7 178.7 194.3 0.9 15.6 8.7 10.1 

CERES GSW2 (W m-2) 152.2 158.0 0.9 5.9 3.8 7.5 153.1 155.4 0.9 2.3 1.5 6.8 

CERES GLW2 (W m-2) 300.6 321.1 1.0 20.5 6.8 6.9 300.0 320.4 1.0 20.6 6.9 6.9 

CERES OLR2 (W m-2) 221.6 234.7 0.9 13.2 5.9 6.0 223.4 235.0 1.0 11.6 5.2 5.2 

AOD MODIS2 0.14 0.09 -0.1 -0.05 -35.9 47.3 0.10 0.05 -0.1 -0.05 -46.6 54.4 

Cloud Fraction MODIS2 (%) 57.7 56.1 0.8 -1.6 -2.8 10.4 57.6 57.8 0.9 0.2 0.3 8.9 

COT MODIS2 16.5 5.9 0.7 -10.6 -64.5 64.5 17.2 6.3 0.5 -10.9 -63.5 63.6 

CCN MODIS2 (ocean) (cm -3) 0.34 0.13 0.6 -0.21 -61.8 61.8 0.33 0.09 0.6 -0.24 -73.2 73.2 

Max 8-hr O3 CASTNET2 (ppb) 43.6 38.0 0.7 -5.6 -12.8 22.1 43.8 32.7 0.4 -11.1 -25.3 32.0 

Max 1-hr O3 CASTNET2 (ppb) 47.6 39.1 0.7 -8.6 -18.0 24.4 47.4 33.2 0.4 -14.2 -30.0 34.8 

Max 8-hr O3 AQS2 (ppb) 44.4 42.7 0.7 -1.7 -3.8 24.4 42.3 35.3 0.2 -7.0 -17.0 29.2 

Max 1-hr O3 AQS2 (ppb) 50.3 47.7 0.7 -2.7 -5.3 8.6 48.4 40.7 0.3 -7.7 -15.8 28.0 

PM2.5 IMPROVE2 (g m-3) 5.36 5.5 0.7 0.12 2.2 45.3 4.5 4.0 0.4 -0.5 -11.5 56.0 

PM2.5 STN2 (g m-3) 12.2 12.3 0.5 0.04 0.4 44.9 11.0 9.7 0.2 -1.3 -11.5 54.6 

SO4 IMPROVE2 (g m-3) 1.31 1.8 0.7 0.45 34.6 65.5 1.0 1.3 0.5 0.3 21.1 72.3 

SO4 STN2 (g m-3) 2.95 3.9 0.7 0.94 31.7 59.1 2.2 2.6 0.3 0.4 19.0 68.5 

EC IMPROVE2 (g m-3) 0.26 0.29 0.4 0.04 15.2 67.4 0.2 0.3 0.3 0.1 78.5 123.8 

EC STN2 (g m-3) 0.66 1.0 0.4 0.36 53.7 89.7 0.4 1.0 0.1 0.6 147.1 179.5 

TC IMPROVE2 (g m-3) 1.34 1.39 0.5 0.04 3.6 57.8 1.03 0.91 0.2 -0.1 -11.8 72.8 

TC STN2 (g m-3) 4.53 3.30 0.3 -1.2 -27.1 54.9 2.85 2.51 0.1 -0.3 -11.9 62.0 
1 Statistics were calculated as part of this work.  
2 Statistics were taken from Yahya et al. (2014) and Yahya et al. (2015).  



 

196 

 

Table 3.3.5. Annual performance statistics of column variables from CESM over the North American domain. 

Annual 2006 CESM 2010 CESM 

Species/Network/Units 
Mean 
Obs 

Mean 
Sim 

Corr MB 
NMB 
(%) 

NME 
(%) 

Mean 
Obs 

Mean 
Sim 

Corr MB 
NMB 
(%) 

NME 
(%) 

OMI TOR  
(DU) 

29.5 35.0 0.6 5.6 18.8 21.8 30.1 32.6 0.7 2.5 8.3 16.6 

SCIAMACHY NO2  
(1015 mol cm-2) 

0.87 1.28 0.9 0.4 47.2 53.2 0.78 1.14 0.9 0.4 47.1 51.8 

MOPITT CO  
(1018 mol cm-2) 

1.86 3.02 -0.1 1.2 62.9 62.9 1.90 2.44 0.0 0.5 28.4 28.4 

GOME/SCIAMACHY HCHO  
(1015 mol cm-2) 

4.34 3.00 0.8 -1.3 -30.1 33.1 4.81 2.85 0.7 -2.0 -40.9 41.5 
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3.3.9. Figures 

 

 2001 2006 2010 

T2 

   

RH2 

   

WS10 

   
 

Figure 3.3.1. Spatial distributions of Mean Biases (MB) against NCDC observations for 2-m temperature (T2), 2-m relative humidity (RH2) 

and 10-m wind speed (WS10) for the 2001, 2006, and 2010 WRF/Chem simulations with CESM ICONs/BCONs. 
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Figure 3.3.2. Diurnal profiles of observed T2 from NCDC vs. simulated T2 from the 2010 WRF/Chem simulations with CESM 

ICONs/BCONs in three different regions over continental U.S. 
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Figure 3.3.3. Differences in simulated and observed T2 between the 2001, 2006, and 2010 WRF/Chem simulations with CESM 

ICONs/BCONs. 
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Figure 3.3.4. Differences between simulated and observed PBLH at the Southern Great Plains site in Lamont, OK for 2001, 2006 and 2010.  

The simulation results are based on the WRF/Chem simulations with CESM ICONs/BCONs in 2001, 2006, and 2010. 
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Figure 3.3.5. Overlay of the observed concentrations with the simulated maximum 1-hr and 8-hr O3 mixing ratios at the CASTNET and AQS 

sites and with the simulated 24-hr PM2.5 concentrations at STN and IMPROVE sites. 
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Figure 3.3.6. Diurnal profiles of observed vs. simulated O3 mixing ratios at the AQS sites in the four regions defined in Figure C2. The 

simulation results are based on the WRF/Chem simulations with CESM ICONs/BCONs in 2001, 2006, and 2010. 
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Figure 3.3.7. Spatial plots of simulated vs. satellite-retrieved Column HCHO/Column NO2. A value of the 

ratio of ≥1.0 and <1.0 indicates NOx-limited and VOC-limited chemical regimes for O3 

formation, respectively. 

 



 

204 

 

 2001 2006 2010 

MODIS 
CDNC 

   

Simulated 
CDNC 

   

MODIS CWP 

   

Simulated 
CWP 

   

MODIS COT 

   

Simulated 
COT 

   

MODIS CF 

   

Simulated 
CF 

   
 

Figure 3.3.8. Simulated vs. satellite-derived spatial distributions of CDNC, CWP, COT, and CF from 

MODIS in 2001, 2006, and 2010.  The simulation results are based on the WRF/Chem 

simulations with CESM ICONs/BCONs in 2001, 2006, and 2010. 
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Figure 3.3.9. Simulated vs. satellite-derived spatial distribution of radiation variables GSW, GLW 

SWCF and LWCF from CERES in 2001, 2006, and 2010. The simulation results are based 

on the WRF/Chem simulations with CESM ICONs/BCONs in 2001, 2006, and 2010. 
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Figure 3.3.10. Bar charts of the simulated maximum 8-h O3 mixing ratios against AQS, and the 

simulated concentrations of PM2.5 and PM2.5 species against STN and IMPROVE for four seasons: 

JFD, MAM, JJA, and SON in 2001, 2006, and 2010.  The simulation results are based on the 

WRF/Chem simulations with CESM ICONs/BCONs in 2001, 2006, and 2010. 
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Figure 3.3.11. Bar charts of simulated PM10 concentrations against AIRS, AOD and SWCF against 

MODIS satellite data, and CDNC against MODIS-derived satellite data for four seasons: JFD, MAM, 

JJA, and SON in 2001, 2006, and 2010. The simulation results are based on the WRF/Chem 

simulations with CESM ICONs/BCONs in 2001, 2006, and 2010. 
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Figure 3.3.12. Spatial differences of simulated gaseous and PM2.5 concentrations due to the impact of 

MACC and CESM ICONs/BCONs in 2006 and 2010. 
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Figure 3.3.13. Spatial differences of simulated aerosol-cloud-radiation variables due to the impact of 

MACC and CESM ICONs/BCONs in 2006 and 2010. 
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4. CHAPTER 4: DECADAL APPLICATION OF WRF/CHEM OVER CONUS UNDER 

CURRENT AND FUTURE CLIMATE/ EMISSION SCENARIOS 

 

Preface: This section involves the model application and evaluation of the WRF/Chem 

model over decadal scenarios – namely involving emissions from the Representative 

Concentration Pathways (RCP) scenarios and downscaling from the in-house global 

Community Earth System Model (CESM). A climatological model evaluation is carried out in 

Section 4.1, while Section 4.2 is more of a climate study focusing on the differences between 

current and future RCP4.5 and RCP8.5 scenarios using WRF/Chem over continental U.S. In 

section 4.2, the results from the WRF/Chem simulations are also compared to those from the 

WRF only simulations to assess the impacts of feedbacks from climate to chemistry and vice 

versa for different climate scenarios. The co-benefits of the improvement of air quality and the 

mitigation of greenhouse gases (GHGs) are also discussed in section 4.2. The model 

performance from WRF/Chem is also compared to the model performance from CESM to 

assess the benefits of downscaling to a regional model with higher horizontal resolution. The 

differences between the predictions of future climate from using the global model CESM and 

the regional model WRF/Chem, as well as comparisons between the predictions of climate 

parameters including temperature and precipitation with other climate simulations from 

literature are also discussed.  
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4.1. Decadal Evaluation of Regional Climate, Air Quality, and their Interactions over the 

Continental U.S. using WRF/Chem version 3.6.1 

 

Khairunnisa Yahya, Kai Wang, Patrick Campbell, Timothy Glotfelty, Jian He, and Yang 

Zhang 

Department of Marine, Earth, and Atmospheric Sciences, North Carolina State University, 

Raleigh, NC 27695, U.S.A. 

 

Note: This section has been published under the journal Geoscientific Model Development, 

9, pages 671 – 695, doi:10.5194/gmd-9-671-2016, 2016. 

 

ABSTRACT 

The Weather Research and Forecasting model with Chemistry (WRF/Chem) v3.6.1 

with the Carbon Bond 2005 (CB05) gas-phase mechanism is evaluated for its first decadal 

application during 2001 - 2010 using the Representative Concentration Pathway (RCP 8.5) 

emissions to assess its capability and appropriateness for long-term climatological simulations. 

The initial and boundary conditions are downscaled from the modified Community Earth 

System Model/Community Atmosphere Model (CESM/CAM5) v1.2.2. The meteorological 

initial and boundary conditions are bias-corrected using the National Center for Environmental 

Protection’s Final (FNL) Operational Global Analysis data. Climatological evaluations are 

carried out for meteorological, chemical, and aerosol-cloud-radiation variables against data 

from surface networks and satellite retrievals. The model performs very well for the 2-m 

temperature (T2) for the 10-year period with only a small cold bias of -0.3 °C. Biases in other 

meteorological variables including relative humidity at 2-m, wind speed at 10-m, and 
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precipitation tend to be site- and season-specific; however, with the exception of T2, consistent 

annual biases exist for most of the years from 2001 to 2010. Ozone mixing ratios are slightly 

overpredicted at both urban and rural locations with a normalized mean bias (NMB) of 9.7% 

but underpredicted at rural locations with an NMB of -8.8%. PM2.5 concentrations are 

moderately overpredicted with an NMB of 23.3% at rural sites, but slightly underpredicted 

with an NMB of -10.8% at urban/suburban sites. In general, the model performs relatively well 

for chemical and meteorological variables, and not as well for aerosol-cloud-radiation 

variables. Cloud-aerosol variables including aerosol optical depth, cloud water path, cloud 

optical thickness, and cloud droplet number concentration are generally underpredicted on 

average across the continental U.S. Overpredictions of several cloud variables over eastern 

U.S. result in underpredictions of radiation variables (such as GSW with an MB of -5.7 W m-

2) and overpredictions of shortwave and longwave cloud forcing (MBs of ~7 to 8 W m-2) which 

are important climate variables. While the current performance is deemed to be acceptable, 

improvements to the bias-correction method for CESM downscaling and the model 

parameterizations of cloud dynamics and thermodynamics, as well as aerosol-cloud 

interactions can potentially improve model performance for long-term climate simulations.  

KEYWORDS: Online-Coupled WRF/Chem; Climate, Air Quality, the Representative 

Concentration Pathway Scenarios, Climatological Evaluation; Chemistry-Climate 

Interactions 

4.1.1. Introduction 

 

Regional atmospheric models have been developed and applied for high resolution 

climate, meteorology, and air quality modeling in the past few decades. Comparing to global 

models with a coarser domain resolution (Leung et al., 2003) those regional models have 
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advantages over global models because they can more accurately represent mesoscale 

variability (Feser et al., 2011), and also better predict the local variability of concentrations of 

specific species such as black carbon and sulfate (Petikainen et al., 2012). General circulation 

models (GCMs) and global chemical transport models (GCTMs) are usually downscaled to 

regional meteorological models such as the Weather Research and Forecasting model (WRF) 

(Caldwell et al., 2009; Gao et al., 2012), regional climate models such as REMO-HAM 

(Petikainen et al., 2012), the regional modeling system known as Providing Regional Climates 

for Impacts Studies (PRECIS) (Jones et al., 2004; Fan et al., 2014), and a number of European 

models described in Jacob et al. (2007), as well as regional CTMs such as the Community 

Multiscale Air Quality Model (CMAQ) (Penrod et al., 2014; Xing et al., 2015). These regional 

models are used for climate/meteorology or air quality simulations. Some are applied for more 

than ten years (Caldwell et al., 2009; Warrach-Sagi et al., 2013; Xing et al., 2015). However 

these regional models either lack the detailed treatment of chemistry (e.g., in WRF), or use 

prescribed chemical concentrations (e.g., REMO-HAM uses monthly mean oxidant fields for 

several chemical species), or do not have online-coupled meteorology and chemistry (e.g., in 

CMAQ). In addition, the past regional model simulations and analyses have mainly focused 

on meteorological parameters such as surface temperature and precipitation, cloud variables 

such as net radiative cloud forcing, and chemical constituents such as ozone. Regional climate 

model simulations tend to focus on significant climatic events such as extreme temperatures 

(very cold or very hot) (Dasari et al., 2014), heat waves, heavy precipitation, drought, and 

storms (Beniston et al., 2007), rather than the important air quality and climate interactions. In 

addition, the impacts of complex chemistry-aerosol-cloud-radiation-climate feedbacks on 

future climate change remain uncertain, and these feedbacks are most accurately represented 
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using online-coupled meteorology and chemistry models (Zhang, 2010; IPCC, 2013). An 

online-coupled meteorology and chemistry model, however, is more computationally 

expensive compared to an offline-coupled model (Grell et al., 2004), and thus requires 

significant computing resources for their long-term (a decade or longer) applications. With 

rapid increases in the availability of high performance computing resources on the petaflop 

scale, however, long term simulations using online-coupled models have become possible in 

recent years.  For example, recently, the WRF model has been coupled online to the CMAQ 

model with the inclusion of aerosol indirect effects to study chemistry and climate interactions 

(Yu et al., 2014). 

The online-coupled WRF model with Chemistry (WRF/Chem) has been updated with 

a suite of physical parameterizations from the Community Atmosphere Model version 5 

(CAM5) (Neale et al., 2010) so that the physics in the global CAM5 model is consistent with 

the regional model for downscaling purposes (Ma et al., 2014). There are also limited 

applications of dynamical downscaling (Gao et al., 2013) under the new Intergovernmental 

Panel on Climate Change (IPCC) Fifth Assessment Report’s Representative Concentration 

Pathway (RCP) scenarios (van Vuuren et al., 2011). Gao et al. (2013) applied dynamic 

downscaling to link the global-climate-chemistry model CAM-Chem with WRF and CMAQ 

using RCP 8.5 and RCP 4.5 emissions to study the impacts of climate change and emissions 

on ozone (O3). Molders et al. (2014) downscaled the Community Earth System Model (CESM) 

(Hurrell et al., 2013) to drive the online-coupled WRF/Chem model over Southeast Alaska 

using RCP 4.5 emissions; however, their study did not address the feedback processes between 

chemistry and meteorology. This study evaluates the online-coupled regional WRF/Chem 

model, which takes into account gas and aerosol-phase chemistry, as well as aerosol direct and 
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indirect effects. WRF/Chem is used to simulate the “current” climate scenario for 10 years, 

from 2001 to 2010 using the RCP 8.5 emissions and boundary conditions from an updated 

version of CESM with advanced chemistry and aerosol treatments over continental U.S. 

(CONUS) (He at al., 2015; Glotfelty et al., 2015) with a focus on air-quality and climate 

interactions. Both CESM and WRF/Chem include similar gas-phase chemistry and aerosol 

treatments. To our best knowledge, this study is the first to report the WRF/Chem simulation, 

evaluation, and analyses over a period of 10 years (i.e., 2001-2010) to assess if the model is 

able to accurately simulate decadal long air quality and climatology by taking into account 

feedback processes between chemistry and meteorology. This study also assesses whether the 

RCP8.5 emissions for the 10-year period are robust enough to produce satisfactory 

performance against observations with WRF/Chem.  

4.1.2. Model Set-up and Evaluation Protocol 

 

4.1.2.1.Model Configurations and Simulation Design 

 

The model used is the modified WRF/Chem v3.6.1 with updates similar to those 

implemented into WRF/Chem v3.4.1 as documented in Wang et al. (2014). The main updates 

include the implementation of an extended version of Carbon Bond 2005 (CB05) (Yarwood et 

al., 2005) gas-phase mechanism with the chlorine chemistry (Sarwar et al., 2007) and its 

coupling with the Modal for Aerosol Dynamics in Europe/Volatility Basis Set (MADE/VBS) 

(Ahmadov et al., 2012).  MADE/VBS incorporates a modal aerosol size distribution, and 

includes an advanced secondary organic aerosol (SOA) treatment based on gas-particle 

partitioning and gas-phase oxidation in volatility bins. The CB05-MADE/VBS option has also 

been coupled to existing model treatments of various feedback processes such as the aerosol 

semi-direct effect on photolysis rates of major gases, and the aerosol indirect effect on cloud 
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droplet number concentration (CDNC) and resulting impacts on shortwave radiation. The main 

physics and chemistry options used in this study as well as their corresponding references can 

be found in Table 4.1.1. The simulations are performed at a horizontal resolution of 36-km 

with 148 × 112 horizontal grid cells over the CONUS domain and parts of Canada and Mexico, 

and a vertical resolution of 34 layers from the surface to 100-hPa. Considering the decadal 

applications of WRF/Chem in this work which is much longer than many past WRF/Chem 

applications, the simulations are reinitialized monthly (rather than 1-4 days used in most past 

WRF/Chem applications to short-term episodes that are on an order of months up to 1-year, 

e.g., Zhang et al., 2012a, b; Yahya et al., 2014, 2015b) to constrain meteorological fields 

toward National Centers for Environmental Prediction (NCEP) reanalysis data while allowing 

chemistry-meteorology feedbacks within the system. As discussed in Sections 3.1 and 3.3, the 

reinitialization frequency of 1-month may be too large to constrain some of the meteorological 

fields such as moistures, which in turn affect other parameters, and a more frequent 

reinitialization may be needed to improve the model performance. The impact of the frequency 

of the reinitialization on simulated meteorological and cloud parameters will be further 

discussed in Sections 3.1 and 3.2. A list of acronyms used in this paper can be found in Table 

D1.  

4.1.2.1.Processing of Emissions and Initial Conditions (ICs)/Boundary Conditions (BCONs) 

 

Global RCP emissions are available as monthly-average emissions for 2000, 2005, and 

for every 10 years between 2010 and 2100, at a grid resolution of 0.5°×0.5° (Moss et al., 2010; 

van Vuuren et al., 2011). The RCP emissions in 2000, 2005, and 2010 are used to cover the 

10-year emissions needed for WRF/Chem simulations, i.e., the periods of 2001 – 2003, 2004 

– 2006, and 2007 – 2010, respectively. Processing global RCP emissions in 2000, 2005, and 

http://www.ncep.noaa.gov/
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2010 into regional, hourly emissions needed for the 10-year WRF/Chem simulations requires 

essentially three main tasks. These include 1) mapping the RCP species to CB05 speciation 

used in WRF/Chem; 2) re-gridding the RCP emissions from 0.5 × 0.5° grid resolution to the 

36 × 36 km grid resolution used for regional simulation over North America; and 3) applying 

species and location dependent temporal allocations (i.e., emissions variation over time) to the 

re-gridded RCP emissions.  Table D2 shows the species mapping between RCP species and 

CB05 species. To map the RCP species to CB05 speciation, some assumptions are made due 

the relatively detailed speciation required by CB05.  Some of the CB05 species are directly 

available in RCP; however, others are lumped into RCP groups, for example, the “other 

alkanals” and “hexanes and higher alkanes” in the RCP groups can be considered to 

approximately represent the acetaldehyde and higher aldehydes emissions required by CB05, 

respectively (Table D2). For the CB05 species such as ethanol, methanol, internal and terminal 

olefin carbon bonds in the gas-phase, and elemental and organic carbon in the accumulation 

mode of the aerosol particles, other RCP groups are used to approximate these emissions 

(Table D2). For the remaining CB05 species that are not available in RCP (i.e. chlorine, HCl, 

HONO, NH4
+, NO3

-, PAR, unspeciated PM2.5, H2SO4, and SO4
2-), their 2000 emissions are 

based on the 2002 National Emission Inventory (NEI) (version 3, 

http://www.epa.gov/ttn/chief/emch/), while their 2005 and 2010 emissions are based on the 

2008 NEI-derived emissions (version 2) from the Air Quality Modelling Evaluation 

International Initiative (AQMEII) project as described in Pouliot et al. (2015), which include 

year-specific updates for on/off road transport, wildfires and prescribed fires, and Continuous 

Emission Monitoring-equipped point sources. To re-grid the RCP emissions, the RCP 

rectilinear grid is first interpolated to a WRF/Chem curvilinear grid using a simple inverse 
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distance weighting (NCAR Command Language Function – rgrid2rcm), and a subset of the 

RCP grid that covers the WRF/Chem CONUS domain is then extracted. To derive a temporal 

allocation for monthly-averaged RCP emissions, hourly emission profiles are taken from those 

used in-house WRF/Chem simulations over CONUS during 2001 (Yahya et al., 2015a), and 

2006 and 2010 as part of the AQMEII project (Yahya et al., 2014, 2015b).   The emissions for 

those existing in-house simulations were generated based on the 2002 NEI, the emissions were 

generated with the Sparse Matrix Operator Kernel Emissions (SMOKE) model version 2.3. 

The emissions for the existing in-house 2006 and 2010 simulations were generated based on 

the pre-merged emissions provided by the U.S. EPA, which were derived from the 2008 NEI 

with year-specific section emissions for 2006 and 2010 as part of the AQMEII. SMOKE 

version 3.4 was used to prepare the spatially, temporally, and chemically speciated “model-

ready” emissions for the existing in-house 2006 and 2010 WRF/Chem simulations.  Since NEI 

is updated and released every three years, the temporal profiles of emissions used in SMOKE 

for 2002, 2006 and 2010 are assumed to be valid for 3-4 years around the NEI years, i.e., 2001-

2003, 2004-2006, and 2007-2010, respectively.  The temporal allocations applied to the RCP 

emissions are therefore based on the SMOKE model’s profiles for each species and source 

location, and include non-steady-state emissions rates (i.e.,   seasonal, weekday or weekend, 

and diurnal variability) that are valid for the entire simulation periods of 2001-2010.  

Specifically, the hourly re-gridded RCP emission rates for each species E, or 
RCP

hrE are 

calculated by 

( , , lat, lon)
( , , lat, lon) E ( , , )*

( , lat, lon)

WRF
RCP RCP hr
hr mon WRF

mon

E t z
E t z z lat lon

E z

 
  

 
 (1) 
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where , ,and RCP WRF WRF

mon mon hrE E E represent the original monthly-averaged RCP emissions rates, the 

monthly-averaged WRF/Chem emissions rates, and the hourly WRF/Chem emission rates, 

respectively, which are valid at each model time t, layer z, and lat and lon grid points.  The 

RCP elevated source emissions for sulfur dioxide (SO2), sulfate (SO4
2-), elemental carbon (EC) 

and organic carbon (OC) were also incorporated into the model-ready emissions for 

WRF/Chem using steps 1) – 3) and Eq. (1) above. Lastly, RCP aircraft source emissions for 

EC, nitric oxide (NO), and nitrogen dioxide (NO2) are directly injected into the closest model 

layers.  No temporal allocations are applied to the RCP aircraft source emissions. 

Biogenic emissions are calculated online using the Model of Emissions of Gases and 

Aerosols from Nature version 2 (MEGAN2) (Guenther et al., 2006). Emissions from dust are 

based on the online Atmospheric and Environmental Research Inc. and Air Force Weather 

Agency (AER/AFWA) scheme (Jones and Creighton, 2011). Emissions from sea salt are 

generated based on the scheme of Gong et al. (1997).  

The chemical and meteorological ICONs/BCONs come from the modified 

CESM/CAM5 version 1.2.2 with updates by He et al. (2014) and Glotfelty et al. (2015) 

developed at the North Carolina State University (CESM_NCSU). WRF/Chem and CESM 

both use the CB05 gas-phase mechanism (Yarwood et al., 2005), however, WRF/Chem 

includes additional chlorine chemistry from Sarwar et al. (2007), whereas CESM_NCSU uses 

a modified version of CB05, the CB05 Global Extension (CB05GE) by Karamchandani et al. 

(2012). In addition to original reactions in CB05 and chlorine chemistry of Sarwar et al. (2007), 

CB05GE includes chemistry on the lower stratosphere, reactions involving mercury species, 

and additional heterogeneous reactions on aerosol particles, cloud droplets and on polar 

stratospheric clouds (PSCs). Both WRF/Chem and CESM_NCSU use a modal aerosol size 
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representation, rather than a sectional size representation.  While WRF/Chem includes 

MADE/VBS with 3 prognostic modes (Ahmadov et al., 2012),CESM_NCSU includes the 

Modal Aerosol Model with 7 prognostic modes (Liu et al., 2012) is used in CESM_NCSU. In 

addition to similar gas-phase chemistry and aerosol treatments, CESM_NCSU and 

WRF/Chem use the same shortwave and longwave radiation schemes (i.e., the Rapid and 

accurate Radiative Transfer Model for GCM (RRTMG)), though they use different cloud 

microphysics parameterizations, PBL, and convection schemes. As GCMs generally contain 

systematic biases which can influence the downscaled simulation, the meteorological 

ICONs/BCONs predicted by CESM_NCSU are bias corrected before they are used by 

WRF/Chem using the simple bias correction technique based on Xu and Yang (2012). 

Temperature, water vapor, geopotential height, wind, and soil moisture variables available 

every 6 hours from the NCEP Final Reanalyses (NCEP FNL) dataset are used to correct the 

ICONs and BCONs derived based on results from CESM_NCSU for WRF/Chem simulations. 

In this bias-correction approach, monthly climatological averages for ICONs and BCONs are 

first derived from both NCEP and CESM_NCSU cases. The differences between the ICONs 

and BCONs from the NCEP and CESM_NCSU climatological averages are then added onto 

the CESM_NCSU ICONs and BCONs to generate bias-corrected CESM_NCSU 

ICONs/BCONs. Assuming that the causes for the biases remain the same in future, this bias 

correction technique can also be applied to future year simulations for which NCEP FNL data 

is not available.  

4.1.2.2.Model Evaluation Protocol 

 

The focus of the model evaluation is mainly to assess whether the model is able to 

adequately reproduce the spatial and temporal distributions of key meteorological and 
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chemical variables as compared to observations on a climatological time scale. A scientific 

question to be addressed in this work is, is WRF/Chem sufficiently good for regional climate 

and air quality simulations on a decadal scale?  A climatological month refers to the average 

of the month for all the 10 years. For example, January refers to the average for all the months 

of January from 2001 to 2010. Statistical evaluations such as mean bias (MB), Pearson’s 

correlation coefficient (R), normalized mean bias (NMB), normalized mean error (NME) (The 

definition of those measures can be found in Yu et al. (2006) and Zhang et al. (2006)) and 

Index of Agreement (IOA) ranging from 0 to 1 (Willmott et al., 1981) for major chemical and 

meteorological variables are included. IOA can be calculated as, 
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where  and i iO S denote time-dependent observations and predictions at time and location i, 

respectively, N is the number of samples (by time and/or location),O denotes mean 

observation and S denotes mean predictions over all time and locations, they can be calculated 

as: 
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  IOA values range from 0-1, with a value of 1 indicating a perfect agreement.  

For surface networks with hourly data, e.g., National Climatic Data Center (NCDC), 

the observational data are paired up with the simulated data on an hourly basis for each site. 

The observational data and simulated data are averaged out for each site. The statistics are then 

calculated based on the site-specific data pairs. The satellite-derived data are usually available 

on a monthly basis, and the simulated data are also averaged out on a monthly basis. The 

satellite-derived data are regridded to the same domain and number of grid cells similar to the 

simulated data. The time dimension is removed for the climatological evaluation, the statistics 
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are based on a site-specific average or a grid cell average. The statistics are then calculated 

based on the paired satellite-derived vs. simulated grid cell values. The spatial and temporal 

analyses include spatial plots of MB over CONUS, spatial overlay plots of averaged simulated 

and observational data, monthly climatologically-averaged time series of major meteorological 

and chemical variables, annual average time series; probability distributions of major 

meteorological and chemical variables, and  spatial plots of major aerosol and cloud variables 

compared with satellite data. A summary of the observational data from surface networks and 

satellite retrievals can be found in Table D3. The variables that are analyzed in this study 

include O3, particulate matter with diameter less than and equal to 2.5 and 10 m (PM2.5 and 

PM10, respectively), and PM2.5 species including sulfate (SO4
2-), ammonium (NH4

+), nitrate 

(NO3
-), EC, OC, and total carbon (TC = EC + OC), temperature at 2-m (T2), relative humidity 

at 2-m (RH2), and wind speed at 10-m (WS10), wind direction at 10-m (WD10), precipitation, 

aerosol optical depth (AOD), cloud fraction (CLDFRA), cloud water path (CWP), cloud 

optical thickness (COT), CDNC, cloud condensation nuclei (CCN), downward shortwave 

radiation (SWDOWN), net shortwave radiation (GSW), downward longwave radiation 

(GLW), outgoing longwave radiation at the top of atmosphere (OLR), and shortwave and 

longwave cloud forcing (SWCF and LWCF). While uncertainties exit in all the observational 

data used, systematic uncertainty analysis/quantification is beyond the scope of this work. In 

this work, all observational data are considered to be the true values in calculating the 

performance statistics. The information on the accuracy of most data used in the model 

evaluation has been provided in Table 2 of Zhang et al. (2012a). Uncertainties associated with 

some of the observational data are discussed in Section 3.   
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4.1.3. Model Performance Evaluation 

 

4.1.3.1.Meteorological Predictions  

 

Table 4.1.2 summarizes the statistics for T2, RH2, WS10, WD10, and precipitation. 

The model performs very well for a 10-year average T2 with a slight underprediction (an MB 

of -0.3 C).  This is better or consistent with other studies which tend to report underpredictions 

in simulated T2. Brunner et al. (2014) reported a range of monthly MBs for T2 of -2 to 1 C 

for simulations using a number of CTMs over individual years for 2006 and 2010 with 

reanalysis meteorological ICONs/BCONs. Seasonal temperature biases of -1.8 to -2.3 C were 

reported from an ensemble of regional climate models (RCMs) for a simulation period of 1971 

to 2000 over northeastern U.S. (Rawlins et al., 2012). He et al. (2015) also showed biases of -

3 to 0C over CONUS when compared against NCEP reanalysis data. Kim et al. (2013) 

compared the results of a number of RCMs over CONUS over a climatological period of 1980 

to 2003 against Climatic Research Unit (CRU) surface analysis data at a 0.5o resolution and 

reported T2 biases of -5 to 5 C. Figure 9.2 from Flato et al. (2013) shows that the Coupled 

Model Intercomparison Project Phase 5 (CMIP5) models tend to underpredict T2 for the period 

of 1980 to 2005 over western U.S. by up to -3 C. The slight bias in T2 can be attributed to 

errors in soil temperature and soil moisture (Pleim and Gilliam, 2009) or errors in the green 

vegetation fraction in the National Center for Environmental Prediction, Oregon State 

University, Air Force and Hydrologic Research Lab (NOAH) Land Surface Model (LSM) 

(Refslund et al., 2013). RH2 and WS10 are slightly overpredicted. Precipitation is largely 

overpredicted, consistent with overpredictions in precipitation from WRF and WRF/Chem 

simulations reported in literatures. For example, Caldwell et al. (2009) attributed the 

overprediction in precipitation to overprediction in precipitation intensity but underprediction 
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in precipitation frequency. Otte et al. (2012) also reported that the precipitation predicted by 

WRF is too high compared to the North American Regional Reanalyses (NARR) data 

throughout the whole CONUS domain over a period of 1988 – 2007. Nudging and 

reinitialization have been most commonly used methods to control such errors. . Three 

sensitivity simulations are conducted for a summer month (July 2005) to pinpoint likely causes 

of the precipitation biases. The baseline simulation (Base) uses a monthly reinitialization 

frequency, CESM_NCSU ICONs/BCONs, and the Grell 3D cumulus parameterization. The 

sensitivity simulations include (1) Sen1, which is similar to the Base case except with a 5-day 

reinitialization period; (2) Sen2, which is similar to Base except using NCEP for the 

meteorological ICONs/BCONs; and (3) Sen3, which is similar to Base except using 

WRF/Chem v3.7 with the Multi-Scale Kain Fritsch (MSKF)  cumulus parameterization, 

instead of Grell 3D. The differences in configuration setup in those sensitivity simulations are 

given in Table D4. The evaluation and comparison of the baseline and sensitivity results in 

July 2005 are summarized in Tables D5 and D6, and Figure D1 in the supplementary material. 

As shown in Tables D5-D6 and Figure D1, the precipitation bias can be attributed to several 

factors including the use of Grell 3D cumulus parameterization scheme, the use of bias-

corrected CESM_NCSU data (instead of NCEP reanalysis data), and the use of an 

reinitialization frequency of 1-month, among which the first factor dominates the biases in 

precipitation predictions.  The simulated precipitation is very sensitivity to different cumulus 

parameterizations. Compared to scale-aware parameterizations such as the multi-scale Kain-

Fritsch (MSKF) cumulus scheme, the Grell 3D parameterization has a tendency to overpredict 

precipitation, particularly over ocean.   
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Figure 4.1.1 shows the spatial distributions of MB for 10-year average predictions of 

T2, RH2, WS10, and precipitation. Figure 4.1.2 shows the time series of 10-year average 

monthly and annual average T2, WS10, RH2, precipitation, O3, and PM2.5 against 

observational data and IOA statistics. T2 (Figure 4.1.1a) tends to be underpredicted over 

eastern and western U.S. and overpredicted over the central U.S. The bias correction method 

itself may also contribute to the slight biases in T2. A single temporally averaged (2001 – 

2010) NCEP reanalysis file is applied to the 6-hourly BCONs for each individual year, which 

would in some cases contribute to the biases in the climatological 10-year evaluation. T2 also 

tends to be overpredicted during the cooler months but underpredicted during the warmer 

months (Figure 4.1.2a). While the bar charts in Figure 4.1.2 show domain- average mean 

observed and mean simulated T2, IOA performance takes into account the proportion of 

differences between mean observed and mean simulated values at different sites.  

The model performance in terms of IOA for T2 is slightly worse during the warmer 

months as compared to the cooler months; however, IOA values for all months are ≥ 0.9. The 

poorer IOA statistics for the warmer months are possibly influenced to a certain extent by the 

fact that the IOA tends to be more sensitive towards extreme values (when temperatures are 

maximum) due to the squared differences used in calculating IOA (Legates and McCabe, 

1999). As shown in Figures 4.1.1b and 4.1.2b, the spatial distributions of MBs for RH2 follow 

closely the spatial distributions of MBs for T2, where T2 is underpredicted, RH2 is 

overpredicted and vice versa. Unlike T2, the IOA for RH2 is the highest during the warmer 

months and the lowest during the winter months, but IOA for RH2 is generally high (> 0.7) for 

all months. WS10 is also generally overpredicted along the coast, over eastern U.S. and some 

portions over the western U.S. (Figure 4.1.1c), consistent with overpredictions of T2 over the 
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coast, and partially due to unresolved topographical features. In this case the topographic 

correction for surface winds used to represent extra drag from sub-grid topography (Jimenez 

and Dudhia, 2012) is used as an option in the 10-yr WRF/Chem simulations; however, WS10 

is still overpredicted except for the areas of flat undulating land in the central U.S. Jimenez 

and Dudhia (2012) also suggested that the grid points nearest to the observational data might 

not be the most appropriate or most representative, and that the selection of nearby grid points 

can help to reduce errors in surface wind speed estimations. In this study, as the evaluation is 

conducted over the whole CONUS, the nearest grid points are used for evaluation, which could 

also result in errors in wind speed evaluation. The positive T2 and WS10 bias along the coast 

could be due to the fact that the model grids for temperatures and wind speeds are located over 

the ocean, however, the observation points are located slightly inland. As shown in Figure 

4.1.2, WS10 performs well on average for the months of April, May, and June, and is 

overpredicted for the other months. Nonetheless the climatological NMB for WS10 overall is 

low at 7.7% (Table 4.1.2). WS10 has higher IOA values during the spring months and the 

lowest IOA during the summer months and in November. The model performs relatively well 

in predicting WD10 variability with a Corr of 0.6, indicating overall a more southerly direction 

domain-wide predicted by the model compared to observations. Precipitation is overpredicted 

for all months except for June, especially during the summer months of July to August. Even 

with the inclusion of radiative feedback effects from the subgrid-scale clouds in the radiation 

calculations, precipitation is still overpredicted with the Grell 3D scheme, which is consistent 

with the results shown by Alapaty et al. (2012).   Precipitation mainly has lower IOAs during 

the summer compared to other months, except in June which actually exhibits the largest IOA 

of all months.  Even though June is considered a summer month, it does not show 
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overprediction in precipitation compared to the other summer months. It is possible that in 

June, the overall atmospheric moisture content is low. This is consistent with simulated RH2 

as June is the only month where RH2 is underpredicted compared to observations.  

In general the model is able to reproduce the monthly trends in meteorological 

variables; for example, the predicted trend in T2 closely follows the observed trends by NCDC. 

The observed RH2 decreases from January to a minimum in April, and then increases from 

April to December. Although the model predicts a similar pattern in RH2, there is a lag in the 

RH2 minimum occurring two months later in June (Figure 4.1.2b). For WS10, the observation 

peaks in April, as compared to the simulated peak in March. The model correctly predicts the 

observed WS10 minimum occurring in August. The model trend in precipitation is similar to 

observations, except during the summer months of July through September, where a large 

overprediction leads to a sharp increase in July, followed by a gradual decrease through 

December.   

Figures 4.1.2e – 4.1.2h show the annual time series trends for T2, RH2, WS10, and 

precipitation. The model performs relatively well in predicting the annual mean T2 for most 

years (with MBs of < 0.5 C; Figure 4.1.2e). T2 also does not show an obvious decreasing or 

increasing T2 trend between 2001 and 2010.  The IOA for annual T2 for all years are > 0.95. 

However for 2002, mean simulated T2 is ~0.7 C higher than the observational data. IOA is 

still high for 2002 which indicates probably good performance of T2 at most sites, however 

with large overpredictions at a few sites which could skew the mean observed and mean 

simulated value but not influence IOA significantly. RH2 is consistently overpredicted by the 

model with the largest overprediction in 2009. With the exception of 2009, observed RH2 is 

rather steady (65 – 70 %) from 2001 to 2010. IOA is also steady for RH2, except for 2009. As 
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mentioned earlier, WRF tends to overpredict WS10 in general. Figure 4.1.2g shows that 

observations indicate weaker wind speeds from 2001 to 2007. Model performance is better 

from 2007 to 2010 with higher IOAs compared to previous years. WRF has worse performance 

especially at weaker wind speeds as is the case from 2001 to 2007. Model performance for 

precipitation is more variable year-to-year, with IOAs ranging from 0.4 to 0.7; however, there 

is a systematic positive bias during the 10 year period.   

Figure 4.1.3 shows the probability distributions of T2, RH2, WS10, and precipitation 

against NCDC and NADP for 10 years. The observed and simulated variables are averaged at 

each site for the 10-year period, and the pairs are then distributed into a probability distribution 

over 30 bins of observed and simulated values of T2. For T2, the simulated and observed 

probability distributions are very similar (Figure 4.1.3a), consistent with the statistics for T2 

which shows only a small cold bias. The model overpredicts T2 at sites where temperatures 

are very low. The probability distribution curve for simulated RH2 is also shifted to the right 

of the observed RH2 (Figure 4.1.3b), with an observed and modeled peak 74% and 78% 

respectively. The probability distribution of simulated WS10 is narrower (between 2 and 6 m 

s-1) compared to that of observed WS10 (between 1 and 7 m s-1). The model thus overpredicts 

when near-surface wind speeds are low, but underpredicts when wind speeds are very high. 

This suggests that the surface drag parameterization is still insufficient to help predict low wind 

speeds; however, it might have contributed to the reduction in the simulated high wind speeds 

(Mass, 2012). The probability distribution for simulated precipitation against NADP also 

shows a shift to the right, consistent with the statistics for overpredicted precipitation and also 

with the probability curve of RH2. Nasrollahi et al. (2012) examined 20 combinations of 

microphysics and cumulus parameterization schemes available in WRF and found that most 
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parameterization schemes overestimate the amount of rainfall and the extent of high rainfall 

values. In this study, while Grell 3D Ensemble cumulus parameterization contributes in part to 

the overpredictions of precipitation, most overpredictions occur at high thresholds as shown in 

Figure 4.1.3 (d) and they are attributed to possible errors in the Morrison two moment scheme 

because the overpredictions of non-convective precipitation dominate the overpredictions of 

total precipitation. 

4.1.3.2.Chemical Predictions 

 

A. Ozone 

Table 4.1.2 summarizes the statistics for major chemical species. The model 

overpredicts hourly O3 mixing ratios on average against the Aerometric Information Retrieval 

System (AIRS) – Air Quality System (AQS) with an NMB of 9.7% and an NME of 22.4%, 

but underpredicts O3 mixing ratios against the Clean Air Status and Trends Network 

(CASTNET) with an NMB of -8.8% and an NME of 19.8%. The O3 mixing ratios are 

overpredicted at AIRS-AQS sites for all climatological months except for April and May 

(Figure 4.1.4a) but underpredicted at CASTNET sites for all months except for October with 

the largest underpredictions occurring in April and May where IOA statistics are the lowest 

(Figure 4.1.4b). IOA statistics for all climatological months range from 0.5 to 0.6 for AIRS-

AQS and from 0.4 to 0.9 for CASTNET. In general, IOA values tend to be higher for 

CASTNET compared to AIRS-AQS during the fall and winter months of October to March. 

The IOA values for AIRS-AQS are rather steady on average over the 12 months compared to 

CASTNET. This can be attributed to the larger dataset of AIRS-AQS (> 1000 stations) 

compared to CASTNET (< 100 stations), the high and low undulations in O3 averages at the 

CASTNET sites tend to be smoothed or averaged out in O3 averages at the AIRS-AQS sites 
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given larger AIRS-AQS dataset. The observed data from AIRS-AQS and CASTNET also show 

the highest monthly O3 mixing ratios over April and May. This result is consistent with the 

findings of Cooper et al. (2014), who reported the highest mass of tropospheric O3 for the 

northern hemisphere in April and May based on the Ozone Monitoring Instrument (OMI) 

measurements in 2004, which suggested that the column mass of O3 is not necessarily 

proportional to nitrogen oxide (NOx) emissions that peak during the summer. In addition, 

Cooper et al. (2014) attributed a shift in the seasonal O3 cycle observed at many rural mid-

latitude monitoring sites to emissions reductions in the U.S.  The same study also reported that 

the summertime O3 mixing ratios were lower in eastern U.S. between 2005 and 2010 when 

compared to previous years, while remaining relatively constant in spring. Thus the summer 

O3 maximum during 2001- 2004 was replaced by a broad spring/summer peak in 2005 - 2010. 

Both the observed and simulated O3 mixing ratios do not decrease for AIRS-AQS and 

CASTNET from 2001 to 2010 (Figures 4.1.4e and 4.1.4f). This is somewhat consistent with 

Cooper et al. (2014) which showed that surface and lower tropospheric O3 has a decreasing 

trend over eastern U.S. but an increasing trend over the western U.S. from 1990-1999 to 2010. 

The predicted annual average O3 mixing ratios are consistent from 2001 to 2010, with 

overpredictions and IOAs of ~0.6 at the AIRS-AQS sites, and underpredictions and IOAs of 

~0.6 to 0.8 at the CASTNET sites.  

Figure 4.1.5 shows the probability distributions of maximum 1-hour and 8-hour O3 

mixing ratios against CASTNET and AIRS-AQS. The probability distributions of the observed 

and simulated O3 mixing ratios are very similar. The model is able to simulate the range and 

probabilities of O3 mixing ratios relatively well at both CASTNET and AIRS-AQS sites. At 

the CASTNET sites as shown in Figures 4.1.5a and b, the model accurately predicts the peak 
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maximum 1-hour O3 mixing ratio centered at ~60 ppb, however, slightly underpredicts the 

peak maximum 8-hour O3 mixing ratio by a few ppb. At the AIRS-AQS sites as shown in 

Figures 4.1.5c and d, the predicted probability distribution curve is slightly shifted to the right 

of the observations for both maximum 1-hour and 8-hour O3 mixing ratios. It is also interesting 

to note that the probability distributions for CASTNET and AIRS-AQS are quite different. O3 

at the AIRS-AQS sites has a unimodal normal distribution, while O3 at the CASTNET sites 

has a bi-modal distribution, with a tail of the distribution extending toward lower O3 mixing 

ratios (0 – 20 ppb). The peak distribution occurs at around 10 ppb, because the O3 mixing 

rations are low at most CASTNET sites. The second peak at ~60 ppb for CASTNET occurs 

mainly around the summer months during which O3 is produced through photochemistry 

involving its precursors. These distributions are attributed to the nature of the sites’ locations, 

where the AIRS-AQS network includes a mixture of urban, suburban and rural sites, leading 

to a normal distribution of O3 mixing ratios centered at relatively higher O3 mixing ratios, 

while the CASTNET network includes mostly rural sites that exhibit a low maximum 1-hour 

and 8-hour O3 mixing ratios, thus leading to a distribution with a tail skewed towards the lower 

O3 mixing ratios.  

Figure 4.1.6 shows the diurnal variation of O3 concentrations and IOA statistics for the 

four climatological seasons against CASTNET (Figures a to d) and AIRS-AQS (Figures e to 

h) (Winter - January, February and December (JFD); Spring - March, April, and May (MAM); 

Summer - June, July, and August (JJA); Fall - September, October, and November (SON). 

Figure 4.1.6a shows that in more rural sites (CASTNET) in winter O3 tends to be 

underpredicted during the morning (01:00 – 09:00 local standard time (LST)) and evening 

hours (18:00 – 24:00 LST). However, Figure 4.1.6b shows that in general for all AIRS-AQS 
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sites including urban sites, O3 is systematically overpredicted for all hours of the day. The 

diurnal trends for CASTNET and AIRS-AQS are completely opposite for winter. As 

CASTNET sites are located in areas where urban influences are minimal, most of these sites 

are likely to be NOx-limited sites (Campbell et al., 2014). Underpredicted NOx emissions in 

rural areas can lead to underpredictions in O3 concentrations in NOx-limited areas. As shown 

in Figure 4.1.2a), T2 is generally overpredicted during the winter months, which explains the 

overpredictions in O3 for most sites against AIRS-AQS. As shown in Figures 4.1.6a, b and c, 

for CASTNET, the diurnal variations of O3 in MAM and JJA are similar to that in JFD. As 

shown in Figure 4.1.6d, slight overpredictions during the daylight hours of 10:00 to 17:00 LST 

occur in SON at the CASTNET sites, however the trends are similar for morning and evening 

hours as compared to the other seasons. Similar to SON at the CASTNET sites, for AIRS-AQS 

sites, overpredictions during daylight hours occur in JJA and SON (Figures 4.1.6 g and h), and 

also to a much lesser extent in MAM (Figure 4.1.6f). This is probably due to the 

overpredictions of T2, which are the smallest during MAM compared to other months as shown 

in Figure 4.1.2a.  

Figure 4.1.7 compares the spatial distributions of 10-year average of the predicted and 

observed hourly O3 mixing ratios. The O3 mixing ratios tend to be underpredicted in eastern 

and northeastern U.S., where most of the CASTNET sites are located (Figure 4.1.7a). This is 

consistent with the diurnal trends from Figures 44a to d which also show underpredictions for 

CASTNET sites. From Figure 4.1.1a, T2 is underpredicted on average over northeastern U.S., 

which results in underpredictions in biogenic emissions in the rural areas from MEGAN2. This 

would in turn reduce O3 mixing ratios in VOC-limited areas. O3 photochemical reactivities 

would also be reduced due to reduced T2. O3 mixing ratios are, however, overpredicted over 
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northwestern U.S., and also near the coastline of western U.S. The overprediction of O3 mixing 

ratios in northwestern U.S. can be attributed to an overprediction in the chemical BCONs from 

CESM, as indicated by the high O3 mixing ratios near the northwestern region of the domain 

boundary.  

B.  Particulate Matter 

The 10-year average PM2.5 concentrations are overpredicted with an NMB of 23.3 % 

against IMPROVE, and underpredicted with an NMB of -10.8 % against the Speciated Trends 

Network (STN) (Table 4.1.2). In addition, the IOA trend in Figure 4.1.4c shows very good 

performance for PM2.5 against the Interagency Monitoring of Protected Visual Environments 

(IMPROVE) with IOA values > 0.8. IOA values for PM2.5 against STN are high (~ 0.6 – 0.8) 

during the spring and summer months, but lower (~ 0.4) during the winter months (Figure 

4.1.4d). The IMPROVE surface network covers generally rural areas and national parks while 

the STN surface network covers urban sites. The horizontal resolution of 36×36 km2 used in 

this study may be too coarse to resolve the locally high PM2.5 concentrations at urban sites in 

STN which are in proximity of significant point sources, especially during the fall and winter. 

During these colder seasons, PM2.5 concentrations over the U.S. in general tend to be higher 

due to an extensive use of woodstove and cold temperature inversions, which trap particulates 

near the ground (EPA, 2011). As shown in Table 4.1.2, the concentrations of PM2.5 species 

such as SO4
2-, OC, and TC are overpredicted at the IMPROVE sites, while the concentrations 

of the other main PM2.5 species NO3
-, NH4

+, and EC are underpredicted at both IMPROVE and 

STN sites. TC concentrations, which are the sum of OC and EC, are overpredicted due to larger 

overpredictions of OC compared to the underpredictions of EC. The model also simulates both 

primary organic aerosol (POA) and secondary organic aerosol (SOA). OC is calculated as the 
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sum of POA and SOA divided by the ratio of OA/OC, which is assumed to be a constant of 

1.4 (Aitken et al., 2008). This calculation of OC using a constant of 1.4 is an approximation, 

which is subject to uncertainties when comparing simulated OC against observational data, as 

the ratio of OA/OC can be different in different environments (Aitken et al., 2008).  

As shown in Table 4.1.2, at the STN sites, the model slightly overpredicts the 

concentrations of SO4
2-, while underpredicting those of NO3

-, NH4
+, and EC. The 

overpredictions of SO4
2- are likely due to the uncertainties that arise from processing of the 

RCP SO2 emissions. The RCP SO2 emissions are only available as a total emission flux, and 

they are not vertically distributed to the important point sources such as furnaces and stacks. 

In this work, two steps are taken to resolve the RCP elevated SO2 emissions in each emission 

layer.  First, a set of factors are derived from the fraction of the elevated emissions in each 

layer to the vertical sum of emissions for NEI used by default in the SMOKE model with the 

NEI data. Second, these factors are applied to the total RCP emissions to obtain SO2 emissions 

in each emission layer. The total RCP SO2 emissions were higher than the total NEI emissions, 

resulting in higher surface and elevated SO2 emissions. Figures 4.1.4g and 4.1.4h compare the 

modeled annual average time series for PM2.5 against IMPROVE and STN observations, 

respectively. In general, the model performs well for PM2.5 at the IMPROVE (IOA > 0.8) and 

STN (IOA ~ 0.5 – 0.7) sites. A declining trend in PM2.5 observed and simulated concentrations 

are also observed over the years. For the later years (2007 to 2010), the model performs 

significantly better against IMPROVE compared to STN. As 2010 NEI emissions are used for 

the years 2007 to 2010, there are not many variations in the simulated PM2.5 concentrations 

over these 4 years.  
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Figures 4.1.7 and 4.1.8 show the spatial plots of 10-yr average of simulated 24-hour 

average , PM10, PM2.5, and PM2.5 species concentrations, overlaid with observations from both 

STN and IMPROVE. The underpredictions of PM10 are dominated by an underprediction in 

the wind-blown dust emissions, especially in western U.S. (Figure 4.1.7b).  This is confirmed 

in Table 4.1.2, which shows an MB of -11.5 g m-3 and an NMB of -51.2% against PM10 

observations at AIRS-AQS sites.  The observational data indicate the elevated concentrations 

of dust over portions of Arizona and California (> 50 g m-3), which are not reproduced by the 

simulations (the simulated concentrations are much lower, < 20 g m-3). The AER/AFWA dust 

module (Table 4.1.1) does not produce sufficient dust in this case, even though WS10 is 

overpredicted and is proportional to the dust emissions. The sea-salt emission module by Gong 

et al. (1997), however, seems to produce a reasonable amount of sea-salt as shown by the 

similar concentrations between simulated and observational data for PM10 near the coastlines. 

In addition, the MADE/VBS module in WRF/Chem does not explicitly simulate the 

formation/volatilization of coarse inorganic species. The coarse inorganic species are 

available, however, in the emissions and are transported and deposited in a manner that is 

similar to non-reactive tracers.  

The model performs well for PM2.5 over eastern U.S. (Figure 4.1.7c), where modeled 

concentrations are close to the observations; however, over the western U.S. there are 

underpredictions in PM2.5, especially in central to southern California. Even though Table 4.1.2 

shows in general an overprediction of SO4
2- against STN sites, the model underpredicts SO4

2- 

in regions of elevated SO4
2- concentrations, in particular, where concentrations are above 10 

g m-3 in the vicinity of significant point sources of SO2 and SO4
2- over eastern U.S. (Figure 

4.1.7d). This is likely due to the coarse resolution (0.5o × 0.5o) of RCP emissions, which 
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probably results in a general overprediction of SO2 emissions over a grid but cannot resolve 

point sources smaller than the grid resolution. A similar pattern is found for NH4
+ over eastern 

U.S. due to underpredictions of high concentrations of SO4
2- (Figure 4.1.8a). There are also 

large underpredictions in NH4
+ over the western U.S. The underpredictions in NH4

+ are likely 

due to underpredictions of NH3 emissions from RCP. The NH3 emissions from RCP are much 

lower than those of NEI emissions over western U.S., by more than a factor of 5, especially 

over portions of California. Large underpredictions occur over both eastern and western U.S. 

for NO3
-, EC, and TC (Figures 4.1.8b, c, and d). The underpredictions in NO3

- are more likely 

influenced by the underpredictions of NH4
+ rather than NOx emissions. NOx emissions for NEI 

are higher than those of RCP for a number of point sources, however, in general RCP has 

higher NOx emissions. Other possible reasons for the underpredictions of NO3
- concentrations 

include both prediction and measurement errors associated with SO4
2- and TNH4 that can 

greatly affect the performance of NO3
-, inaccuracies in the assumptions used in the 

thermodynamic model (e.g., the assumption that inorganic ions are internally mixed and the 

equilibrium assumption might not be representative, especially for particles with larger 

diameters), as well as inaccuracies in T2 and RH predictions (Yu et al., 2005). The statistics 

for IMPROVE TC indicate overpredictions; however the statistics for STN TC indicate larger 

underpredictions with an MB of -2.0 g m-3, which would explain the large underpredictions 

in PM2.5 concentrations over western U.S. The large underpredictions are in part impacted by 

uncertainties in emissions as well as due to uncertainties in the precursor gas emissions for 

these species, especially for TC. The RCP emissions of EC and POA are lower when compared 

to those of NEI. NEI emissions have a higher spatial resolution, and thus more adequately 

represent the emissions from point sources compared to RCP. The underpredictions of TC are 
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also more likely due to underpredictions in EC as compared to OC, as shown in 

underpredictions of EC by Figure 4.1.8c. As T2 is slightly underpredicted, these could have 

resulted in underpredictions in isoprene and terpene, which are major gas precursors of 

biogenic SOA, resulting in lower SOA and OC concentrations. In addition, the emissions of 

anthropogenic VOC species from RCP which are also of a lower spatial resolution compared 

to their emissions in the NEI tend to also be lower than NEI levels especially at point sources. 

The underpredictions for these particulate species, especially for water-soluble species 

including NH4
+ and NO3

- are also likely impacted by overpredictions in precipitation (Figure 

4.1.2d), which leads to an overprediction in their wet deposition rates and thus a reduction of 

their ambient concentrations. The overpredictions in WS10 also help contribute to the 

deposition of PM2.5 and PM2.5 species onto the ground (Sievering et al., 1987).  

C. Aerosol, Cloud, and Radiation Predictions 

There are uncertainties in the satellite retrievals of various aerosol-cloud-radiation 

variables from the Clouds and the Earth’s Radiant Energy System (CERES) and the Moderate 

Resolution Imaging Spectroradiometer (MODIS). Loeb et al. (2009) reported that the major 

uncertainties of the top of atmosphere radiative fluxes from CERES are derived from 

instrument calibration (with a net error of 4.2 W m-2), and the assumed value of 1 W m-2 for 

total solar irradiance. However, there is good correlation (R > 0.8) between the model and 

CERES for the radiation variables SWDOWN, GSW, and GLW, which are all measured at the 

surface (Table 4.1.2). Modeled OLR at the top of the atmosphere also has relatively good 

correlation (R ~ 0.6). SWDOWN and GLW are both slightly overpredicted due to influences 

from biases in PM concentrations and clouds, but GSW and OLR are slightly underpredicted.   
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The overpredictions of the surface radiation variables are also impacted by the 

underpredictions in AOD and COT. AOD is underpredicted with an NMB of -24.0%, and COT 

is underpredicted with an NMB of -44.3%.  These underpredictions indicate that less radiation 

is attenuated (i.e., absorbed or scattered) or reflected while traversing through the atmospheric 

column and clouds, thus allowing more radiation to reach the ground. Using the CESM model, 

He et al. (2015) also showed underpredictions in AOD and COT over CONUS against MODIS 

satellite retrievals. Figure 4.1.9 compares the spatial distributions of the 10-year average 

predictions of AOD (a and b) against the satellite retrieval data from MODIS.  The simulated 

AODs show relatively large values over eastern U.S., due to the relatively higher PM 

concentrations in this region of the U.S. The MODIS AOD, however, shows slightly elevated 

values over eastern U.S., but the magnitudes are not as high as the simulated AOD over eastern 

U.S. MODIS-derived AOD is also higher over western U.S. compared to eastern U.S., and this 

trend is not found in the simulated AOD. The differences between the MODIS AOD and the 

simulated AOD are likely due to the differences in the algorithms used to retrieve AOD based 

on MODIS measurements and calculate AOD in WRF/Chem. For MODIS, AOD is calculated 

by matching the spectral reflectance observations with a lookup table based on a set of aerosol 

parameters including the aerosol size distributions from a variety of aerosol models, which 

differ based on seasons and locations (Levy et al., 2007). There are also different algorithms 

for dark land, bright land, and over oceans (Levy et al., 2013). The MODIS data are aggregated 

into a global 1o gridded (Level-3) dataset with monthly (MOD08_M3) temporal resolution 

(https://www.earthsystemcog.org/site_media/projects/obs4mips/TechNote_MODIS_L3_C5_

Aerosols.pdf). The inaccuracies for the calculation of AOD in WRF/Chem include biases in 

aerosol size distribution, aerosol composition, aerosol water content, and reflectances.  They 

https://www.earthsystemcog.org/site_media/projects/obs4mips/TechNote_MODIS_L3_C5_Aerosols.pdf
https://www.earthsystemcog.org/site_media/projects/obs4mips/TechNote_MODIS_L3_C5_Aerosols.pdf


 

239 

 

can also arise from parameterizations in the calculations including the assumption of an 

internally-mixed aerosol composition. Therefore, caution should also be taken when 

comparing simulated AOD with the satellite-derived AOD products. Toth et al. (2013) 

compared Aqua MODIS AOD products over the mid to high latitude Southern Ocean where a 

band of enhanced AOD is observed, to cloud and aerosol products produced by the Cloud-

Aerosol Lidar with Orthogonal Polarization (CALIOP) project; and AOD data from the 

Aerosol Robotic Network (AERONET) and the Maritime Aerosol Network (MAN).  They 

concluded that the band of enhanced AOD is not detected in the CALIOP, AERONET, or 

MAN products. The enhanced AOD band is attributed to stratocumulus and low broken 

cumulus cloud contamination, as well as the misidentification of relatively warm cloud tops 

compared with surrounding open seas.   

Figure 4.1.9 also shows spatial distributions of the 10-year average predictions of 

CDNC (c and d), CWP (e and f), and COT (g and h), compared against the satellite retrieval 

data from MODIS. The cloud variables CDNC, CWP, and COT tend to be underpredicted for 

most of the regions over the U.S. However, CWP is largely overpredicted over the Atlantic 

ocean. This is also likely due to the build-up of moisture over the Atlantic ocean, also 

influencing precipitation as mentioned previously. CDNC is overpredicted over some regions 

in eastern U.S., but there are also relatively large areas of underpredictions over both the land 

and ocean.  This leads to an average domain-wide underprediction for CDNC (Table 4.1.2). 

This is likely due to the differences in deriving CDNC in the model and in the satellite 

retrievals. CDNC in the model is calculated based on the activation parameterization by Abdul 

Razzak and Ghan (2000) based on the aerosol size distribution, aerosol composition, and the 

updraft velocity. The MODIS-derived CDNC from Bennartz (2007) is calculated based on 
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cloud effective radius and COT, which would explain the differences in spatial patterns 

between model and observed data. As indicated by Bennartz (2007), the errors in CDNC can 

be up to 260%, especially for regions with low CF (< 0.1). The model and MODIS spatial 

patterns are similar for CWP and COT over land, although the model values are 

underpredicted. King et al. (2013) reported that the MODIS retrieval of cloud effective radius 

when compared to in-situ observations is overestimated by 13% on average. Combined with 

overestimations in COT, this leads to overestimation of liquid water path. In addition, there 

can also be differences in satellite-derived cloud products from different satellites. For 

example, Shan et al. (2011) showed that the derived CLDFRA from MODIS and another 

satellite, the Polarization and Directionality of Earth Reflectances (POLDER) can differ with 

a global average of 10%.       

Figure 4.1.10 shows similar spatial plots for modeled versus CERES derived 

SWDOWN, OLR, SWCF, and LWCF.  We note that modeled SWCF is calculated based on 

the differences between the net cloudy sky and net clear sky shortwave radiation at the top of 

atmosphere, which in turn are dependent on cloud properties including the CLDFRA, COT, 

cloud asymmetry parameter, and cloud albedo. It is possible that due to the overprediction of 

CLDFRA, the magnitudes of the simulated SWCF are greater than those from CERES (Figures 

48c and 10g), even though the other cloud variables are underpredicted. LWCF is calculated 

based on the differences in clear-sky OLR and cloudy-sky OLR, which in turn are dependent 

on CLDFRA, COT, and absorbance and radiance due to atmospheric gases. The 

underprediction of total-sky OLR (Table 4.1.2 and Figures 4.1.10b and 4.1.10f) leads to an 

overprediction in LWCF. SWCF is largely overpredicted over eastern U.S. and especially over 

the Atlantic ocean (Figures 4.1.10c and 4.1.10g). LWCF is also overpredicted by the model in 
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similar locations as SWCF, such as in southeastern U.S., and over the ocean in the eastern 

portion of the domain (Figures 4.1.10d and 4.1.10h). This is further confirmed by the 

underpredictions in SWDOWN over the Atlantic ocean and in general over the eastern portion 

of the domain, as increased clouds (as a consequence of overpredicted AOD, CWP and COT) 

and SWCF lead to less SWDOWN reaching the ground (Figures 4.1.10a and 4.1.10e) which 

also eventually leads to a reduction in the OLR also over the eastern portion of the domain. 

The larger negative SWCF and positive LWCF in the model compared to CERES, however, 

lead to an overall good agreement with CERES for the net cloud forcing (SWCF + LWCF; not 

shown).  The mean bias for SWCF against CERES of 7.8 W m-2 and that for LWCF against 

CERES of 6.9 W m-2 are comparable to the results from the CMIP5 models of -10 to 10 W m-

2 over CONUS region (Figure 9.5 in Flato et al., 2013). The evaluation of 10-year averaged 

predictions of aerosol-cloud-radiation variables is similar to the results from the WRF/Chem 

simulations in 2006 and 2010 by Yahya et al. (2014 and 2015). For example WRF/Chem 

generally performs well for cloud fraction but AOD, CDNC, CWP and COT are 

underpredicted in both studies, which possibly indicate consistent biases for every year 

contributing to climatological biases.  

4.1.4. Summary and Conclusions 

 

Overall, the model slightly underpredicts T2 with a mean bias of ~-0.3 C, which is 

consistent or better than other studies based on chemical transport models and regional climate 

models. The underpredictions in T2 correlate to the overpredictions in RH2. WS10 biases are 

likely due to issues with unresolved topography or due to inaccuracies in the selection of 

representative grid points. There are seasonal biases in precipitation, where overpredictions 

tend to occur largely over the summer months; however, precipitation is overpredicted every 
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year between 2001 and 2010 likely due mainly to uncertainties in WRF cumulus and 

microphysics parameterizations. in particular, the use of a different cumulus parameterization 

scheme, e.g., based on the MSKF available in WRF/Chem version 3.7 or newer has been shown 

in the sensitivity study to significantly reduce precipitation biases.  Other factors contributing 

to the precipitation bias include the use of bias-corrected CESM_NCSU data (instead of NCEP 

reanalysis data), and the use of an reinitialization frequency of 1-month.  A satisfactory model 

performance for meteorological variables is important and necessary when simulating future 

years, as data evaluation is not possible. Meteorological variables such as temperature, 

humidity, wind speed and direction, PBL height, and radiation have a strong impact on 

chemical predictions, and thus are critical to the satisfactory model performance when 

predicting chemical variables such as O3 and PM2.5. Biases in O3 and PM2.5 concentrations can 

be attributed to biases in any of the meteorological and chemical variables. The model performs 

generally well for radiation variables, as well as for the main chemical species such as O3 and 

PM2.5, which indicates that the processed RCP 8.5 emissions are reasonably accurate to 

produce acceptable results for the concentrations of chemical species.  

Modeled O3 mixing ratios at the CASTNET sites are slightly underpredicted, but are 

slightly overpredicted at AIRS-AQS sites, in part due to the fact that the CASTNET sites are 

classified as rural, while the AIRS-AQS sites are classified as both urban and rural. O3 mixing 

ratios at the AIRS-AQS sites tend to be overpredicted during the colder fall and winter seasons, 

and annually, O3 mixing ratios are overpredicted every year from 2001 to 2010. O3 mixing 

ratios at the CASTNET sites are underpredicted for all climatological months, while the largest 

underpredictions are observed from January to May. However, on a decadal time scale, 

WRF/Chem adequately represents the different O3 probability distributions at the AIRS-AQS 
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and CASTNET sites. This study also showed that peak O3 mixing ratios are observed over 

April and May rather than June to August, which is consistent with Cooper et al. (2014) who 

attributed this to emission reductions and opposite trends in O3 mixing ratios over eastern and 

western U.S. over the last 20 years. Modeled PM2.5 concentrations tend to be overpredicted at 

the IMPROVE sites but underpredicted at the STN sites. PM2.5 at the IMPROVE sites tend to 

be underpredicted in spring and summer but overpredicted in fall and winter, while PM2.5 

concentrations against STN are persistently underpredicted for all climatological months. The 

IMPROVE and STN sites are classified as rural and urban, respectively.  Due to the relatively 

coarse horizontal resolution of the model (36 × 36 km), the model is unable to capture the 

locally higher PM2.5 concentrations at the STN sites. In general, however, the model performs 

relatively well for total PM2.5 concentrations at the IMPROVE and STN sites with NMBs of 

within ±25%, although larger biases exist for PM2.5 species. Model performance for PM10 

should be improved, as PM10 also has important impacts on climate through influencing the 

radiative budget both directly and indirectly due to its larger size and higher concentrations. 

The choice of observational networks for model evaluation are therefore important as both 

networks can show positive and negative biases depending on the type and location of the sites 

(e.g., O3 against AIRS-AQS and CASTNET, and PM2.5 against STN and IMPROVE). The 

major uncertainties lie in the predictions of cloud-aerosol variables. As demonstrated in this 

study, large biases and error in simulating cloud variables even in the most advanced models 

such as WRF/Chem, indicating a need for future improvement in relevant model treatments 

such as cloud dynamics and thermodynamics, as well as aerosol-cloud interactions. In addition, 

there are large uncertainties in satellite retrievals of cloud variables for evaluation. In this study, 

most of the cloud-aerosol variables including AOD, COT, CWP, and CDNC are on average 
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underpredicted across the domain; however, the overpredictions of cloud variables including 

COT and CWP over the Atlantic ocean and eastern U.S. lead to underpredictions in radiation 

and overpredictions in cloud forcing, which are important parameters when simulating future 

climate change.  

In summary, the model is able to predict O3 mixing ratios and PM2.5 concentrations 

relatively well with regards to decadal scale air quality and climate applications. The model is 

able to predict meteorological variables satisfactorily and with results comparable to RCM and 

GCM applications from literatures. Possible reasons behind the chemical and meteorological 

biases identified through this work should be taken into account when simulating longer 

climatological periods and/or future years. Aerosol-cloud-radiation variables are important for 

climate simulations, the performance of these variables are not as good as that of the chemical 

and meteorological variables. They contain consistent biases in single-year evaluations of 

WRF/Chem. However, magnitudes of biases for SWCF and LWCF are comparable to those 

from literature, which suggests that model improvements should be made in terms of bias 

correction of downscaled ICONs/BCONs as well as aerosol-cloud-radiation parameterizations 

in the model. In addition, having consistent physical and chemical mechanisms between the 

GCM and RCMs could help to reduce uncertainties in the results (Ma et al., 2014).  Although 

CESM and WRF/Chem use similar chemistry and aerosol treatments in this work, they use 

somewhat different physics schemes which may contribute to such uncertainties.  The 

development of scale-aware parameterizations that can be applied at both global and regional 

scales would help reduce uncertainties associated with the use of different schemes for global 

simulations and downscaled regional simulations.     
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4.1.5. Code and Data Availability 

 

The WRF/Chem v3.6.1 code used in this paper will be available upon request. 

However, we highly encourage users to download the latest available version of the 

WRF/Chem code from NOAA’s web site at 

http://www2.mmm.ucar.edu/wrf/users/download/get_source.html. The updates in our in-

house version of WRF/Chem v3.6.1 has been implemented into WRF/Chem v3.7 and 

WRF/Chem v3.7.1 for scientific community release.  The WRF/Chem v3.7 and WRF/Chem 

v3.7.1 codes are now publicly available at 

http://www2.mmm.ucar.edu/wrf/users/download/get_source.html. These latest versions of the 

source codes contain all major changes in the standard version of WRF/Chem v3.6.1 used in 

for this study. In addition, they have been rigorously tested for compatibility and compiling 

issues on various platforms. The inputs including the meteorological files, meteorological 

initial and boundary conditions, chemical initial and boundary conditions, model set-up and 

configuration, and the namelist set-up, and instructions on how to run the simulations for a 1-

day test case, as well as a sample output for 1-day test can be provided upon request.  
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4.1.8. Tables 

 
Table 4.1.1. Model configurations and set-up 

Model Attribute Configuration  Reference 

Domain and 
Resolutions 

36km × 36km, 148 × 112 horizontal resolution 
over continental U.S., with 34 layers vertically 
from surface to 100 hPa 

- 

Simulation Period January 2001 to December 2010 - 

Chemical and 
Meteorological 
ICONs/BCONs 

Downscaled from the modified Community 
Earth System Model/Community Atmosphere 
Model (CESM/CAM5) v1.2.2;  
Meteorological ICONs/BCONs bias-corrected 
with National Center for Environmental 
Protection’s Final (FNL) Operational Global 
Analysis data 

He et al. (2014) 
Glotfelty et al. (2015) 

Biogenic Emissions Model of Emissions of Gases and Aerosols 
from Nature (MEGAN2) 

Guenther et al. (2006) 

Dust Emissions Atmospheric and Environmental Research Inc. 
and Air Force Weather Agency (AER/AFWA) 

Jones and Creighton 
(2011) 

Sea-Salt Emissions Gong et al. parameterization Gong et al. (1997) 

Radiation Rapid and accurate Radiative Transfer Model 
for GCM (RRTMG) SW and LW 

Clough et al. (2005) 
Iacono et al. (2008) 

Boundary Layer Yonsei University (YSU)  Hong et al. (2006) 
Hong (2010)  

Land Surface National Center for Environmental Prediction, 
Oregon State University, Air Force and 
Hydrologic Research Lab (NOAH)  

Chen and Dudhia (2001) 
Ek at al. (2003) 
Tewari et al. (2004) 

Microphysics Morrison double moment scheme Morrison et al. (2009) 

Cumulus 
Parameterization 

Grell 3D Ensemble Grell and Freitas (2014) 

Gas-phase chemistry Modified CB05 with updated chlorine 
chemistry 

Yarwood et al. (2005) 
Sarwar et al. (2006) 
Sarwar et al. (2007) 

Photolysis Fast Troposphere Ultraviolet Visible (FTUV) Tie et al. (2003) 

Aqueous-phase 
chemistry 

AQ chemistry module (AQCHEM) for both 
resolved and convective clouds 

Based on AQCHEM in 
CMAQv4.7 of (Sarwar et 
al. 2011)  

Aerosol module MADE/VBS 

 

Ahmadov et al. (2012) 

Aerosol Activation Abdul-Razzak and Ghan  
 

Abdul-Razzak and Ghan 
(2000) 
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Table 4.1.2. The 10-year (2001 – 2010) average performance statistics for the simulated 

meteorological, aerosol, cloud, radiation variables, and chemical species against surface observational 

networks and satellite retrieval products. 

Database and Variable  Mean 

Obs 

Mean 

Sim 

R MB NMB 

(%) 

NME 

(%) 

NCDC T2 (oC) 12.5 12.2 1.0 -0.3 -2.6 7.9 

NCDC RH2 (%) 68.4 70.8 0.8 2.4 3.5 6.8 

NCDC WS10 (m s-1) 3.54 3.84 0.3 0.3 8.6 28.4 

NCDC WD10 (deg) 151.4 180.0 0.2 28.6 18.9 22.0 

NADP Precip (mm day-1) 18.0 26.3 0.5 8.3 45.9 65.1 

CERES SWDOWN (W m-2) 184.1 184.6 0.8 0.5 0.3 8.4 

CERES GSW (W m-2) 157.5 151.8 0.8 -5.7 -3.6 9.6 

CERES GLW (W m-2) 323.3 325.7 1.0 2.4 0.7 1.8 

CERES OLR (W m-2) 240.0 224.8 0.6 -15.0 -6.3 6.3 

MODIS AOD  0.14 0.10 0.1 -0.03 -24.0 38.5 

MODIS CLDFRA  58.3 62.0 0.7 3.7 6.4 11.9 

MODIS-derived CDNC (cm -3) 169.8 130.0 0.4 -39.9 -23.5 38.0 

MODIS CWP (g m-2) 179.5 170.0 0.3 -9.6 -5.3 61.2 

MODIS COT  16.5 9.2 0.2 -7.3 -44.3 54.0 

CERES SWCF (W m-2) -41.8 -49.6 0.5 7.8 18.6 31.4 

CERES LWCF (W m-2) 24.8 31.8 0.6 6.9 28.0 34.7 

AQS Hourly O3 (ppb) 29.3 32.1 0.6 2.8 9.7 22.4 

AQS Max 1-hr O3 (ppb) 48.9 49.7 0.6 0.8 1.7 7.9 

AQS Max 8-hr O3 (ppb) 43.7 45.9 0.6 2.2 5.0 9.3 

CASTNET Hourly O3 (ppb) 35.0 31.9 0.7 -3.1 -8.8 19.8 

CASTNET Max-1hr O3 (ppb) 47.4 38.5 0.4 -8.9 -18.8 31.4 

CASTNET Max 8-hr O3 (ppb) 43.3 37.9 0.5 -5.4 -12.5 29.6 

AQS 24-hr PM10 (g m-3) 22.5 11.0 0.1 -11.5 -51.2 57.1 

IMPROVE PM2.5 (g m-3) 5.33 6.57 0.4 1.2 23.3 53.4 

STN PM2.5 (g m-3) 12.0 10.7 0.2 -1.3 -10.8 38.3 

IMPROVE SO4
2- (g m-3) 1.45 1.86 0.8 0.4 28.0 41.8 

STN SO4
2- (g m-3) 3.10 3.74 0.7 0.6 20.7 36.8 

IMPROVE1 NO3
- (g m-3) 0.54 0.44 0.7 -0.1 -17.9 64.6 

STN NO3
-  (g m-3) 1.62 0.70 0.4 -0.9 -56.9 65.3 

IMPROVE NH4
+  (g m-3) 1.02 0.72 0.4 -0.3 -29.6 45.5 

STN NH4
+ (g m-3) 1.34 1.05 0.5 -0.3 -21.5 38.7 

IMPROVE EC (g m-3) 0.23 0.16 0.6 -0.1 -30.7 48.3 

STN EC (g m-3) 0.65 0.38 0.2 -0.3 -42.0 52.8 

IMPROVE OC (g m-3) 1.10 1.88 0.2 0.8 71.7 134.6 

IMPROVE TC (g m-3) 1.33 2.05 0.2 0.7 53.9 116.3 

STN TC (g m-3) 4.42 2.42 0.1 -2.0 -45.3 69.7 

1 NH4
+ IMPROVE data only available up to 2005.  
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4.1.9. Figures 
 

a)

 

c) 

 
b) 

 

d)

 
Figure 4.1.1. Spatial distributions of MBs for: a) 2-m temperature (T2), b) 2-m relative humidity (RH2), c) 10-m wind speed (WS10) from 

NCDC, and d) weekly precipitation from NADP. Each marker represents the MB of each variable at each observational site.
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a) 

 
b) 

 

e) 

 
f) 

 
c)  

 
d) 

 

g) 

 
h) 

 

 
 

Figure 4.1.2. Time series of 10-year averaged monthly-mean observations (blue) versus simulations 

(red) for: a) T2, b) RH2, and c) WS10 against NCDC data, and d) precipitation against NADP data, 

and annual averages for e) T2, f) RH2, and g) WS10 against NCDC data, and h) precipitation against 

NADP. IOA statistics (black diamonds) are also provided on the secondary y-axes in panels a) – h). 
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a) 
NCDC T2 

 

c) 
NCDC WS10 

 
 
b)  

NCDC RH2 

 

 
d) 

NADP Precip 

 
 

Figure 4.1.3. Probability distribution functions (PDFs) of a) T2, b) RH2, c) WS10 against NCDC, and 

d) precipitation against NADP for 2001 to 2010 over 30 bins in the respective ranges for all variables. 
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a) 

  

e) 

  
b) 

 

f) 

 
c) 

 

g) 

 
d) 

 

h) 

 
 

 

Figure 4.1.4. Time series of 10-year averaged monthly-mean observations (blue) versus simulations  

(red) for: a) O3 against AIRS-AQS data, b) O3 against CASTNET data, c) PM2.5 against IMPROVE, 

and d) PM2.5 against STN, and annual averages for e) O3 against AIRS-AQS data, f) O3 against 

CASTNET data, g) PM2.5 against IMPROVE, and h) PM2.5 against STN. IOA statistics (black 

diamonds) are also provided on the secondary y-axes in panels a) – h). 
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a) 
CASTNET Maximum 1-hr O3 

 
ppb 

 

c) 
AIRS-AQS Maximum 1-hr O3 
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b) 
CASTNET Maximum 8-hr O3 
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d) 
AIRS-AQS Maximum 8-hr O3 
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Figure 4.1.5. Probability distribution functions (PDFs) of a) maximum 1-hr O3 against CASTNET, b) 

maximum 8-hr O3 against CASTNET, c) maximum 1-hr O3 against AIRS-AQS, and d) maximum 8-

hr O3 against AIRS-AQS for 2001 to 2010 over 30 bins in the respective ranges for all variables. 
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 Against CASTNET Against AIRS-AQS 

JFD 

a) 

 

e) 

 

MAM 

b) 

 

f) 

 

JJA 

c) 

 

g) 

 

SON 

d) 

 

h) 

 
 

Figure 4.1.6. Diurnal variation of observed vs. simulated hourly O3 concentrations against CASTNET 

(left column from a) to d)) and AIRS-AQS (right column from e) to h)) for all climatological seasons. 

The x-axes refer to hours in local standard time. 
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a) 

 

c) 

 
b) 

 

d) 

 
 

Figure 4.1.7. Spatial distributions of 10-year averaged hourly observed vs. simulated a) O3 for CASTNET and AIRS-AQS, b) PM10 from 

AIRS-AQS, c) PM2.5, and d) PM2.5  sulfate from STN and IMPROVE. The background plots represent the simulated data while observations 

are represented by the markers. 
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a) 

 

c) 

 
b) 

 

d) 

 
 

Figure 4.1.8. Spatial distributions of 10-year averaged hourly observed vs. simulated a) Ammonium, b) Nitrate, c) EC, and d) TC from STN 

and IMPROVE. The background plots represent the simulated data while observations are represented by the markers. 
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MODIS Simulated 

AOD 

a) 

 

b) 

 

CDNC 

(MODIS-

derived) 

c) 

 

d) 

 

CWP 

e) 

 

f) 

 

COT 

g) 

 

h) 

 
 

Figure 4.1.9. 10-year averaged MODIS (left) vs. simulated (right) AOD (a and b), CDNC (c and d), 

CWP (e and f), and COT (f and g). 
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 CERES Simulated 

SWDOWN 

a) 

 

b) 

 

OLR 

c) 

 

d) 

 

SWCF 

e) 

 

f) 

 

LWCF 

g) 

 

h) 

 
 

Figure 4.1.10. 10-year averaged CERES (left) vs. simulated (right) SWDOWN (a and b), OLR (c and 

d), SWCF (e and f), and LWCF (f and g). 
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4.2. Downscaling CESM using WRF/Chem: Decadal Application for Regional Air 

Quality and Climate Modeling over the U.S. under the Representative Concentration 

Pathways Scenarios 
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ABSTRACT 

This study analyzes the differences in the Weather, Research and Forecasting model with 

Chemistry (WRF/Chem) simulations between RCP4.5 and RCP8.5 simulations for current 

(2001 to 2010) and future (2046 to 2055) year scenarios due to differences in emissions and 

feedbacks from air quality to meteorology. It discusses the impacts of both scenarios on air 

quality and climate. Comprehensive model evaluations are carried out for both RCP4.5 and 

RCP8.5 current year simulations to compare the model performances. There are slight 

differences between current year surface meteorological and air quality variables between 

current year RCP4.5 and RCP8.5 simulations, especially for precipitation, O3 mixing ratios 

and PM2.5 concentrations. Therefore the focus of this paper is mainly on comparing future and 

current RCP4.5 and RCP8.5 scenarios independently. In general, both WRF/Chem RCP4.5 

and RCP8.5 simulations predict ~ 2oC increase on average for 2-m temperature (T2) with 

slightly higher T2 for RCP4.5 as compared to RCP8.5. Differences also exist in the spatial 
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patterns of the differences in T2, 2-m relative humidity (RH2), 10-m wind speed (WS10), 

precipitation and planetary boundary layer height (PBLH) between current and future year 

scenarios between RCP4.5 and RCP8.5, due to the differences in the spatial distributions of 

emissions, and as a result of feedback processes between aerosols and climate variables. 

However, overall, the increases in temperature and moisture in the future scenarios are 

consistent with literature. O3 mixing ratios decrease for most parts of the U.S. for RCP4.5 with 

the exception of several urban areas mainly over the northeastern U.S. and California, but 

increases for all areas for RCP8.5 due to differences in greenhouse gas concentrations, 

influence of boundary conditions, complex factors involving the reduction of nitric oxide (NO) 

titration due to significant reduction of oxides of nitrogen (NOx) emissions, the shift in O3 

indicators for current and future year scenarios over several areas, the decrease in 

anthropogenic volatile organic compounds (VOC) emissions and the increase in biogenic VOC 

emissions over several areas from current to future year scenarios.  

Overall, PM2.5 concentrations decrease for both RCP4.5 and RCP8.5 scenarios, 

however, there are different trends in the changes of individual PM species – the decrease of 

total secondary organic aerosols (TSOA) and elemental carbon (EC) concentrations is larger 

for RCP8.5 as compared to RCP4.5, but the decrease of inorganic species sulfate, nitrate and 

ammonium are larger for RCP4.5 as compared to RCP8.5. Total cloud amounts also decrease 

for both RCP4.5 and RCP8.5 cases in the future due to decreases in PM and therefore cloud 

droplet number concentration (CDNC), resulting in mainly increases in radiation.  

In addition, the differences in current and future year simulations for WRF/Chem 

(which simulates dynamic gas/aerosol concentrations) are compared against simulations from 

WRF (which has prescribed gas/aerosol concentrations) for the RCP8.5 scenario. The 
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WRF/Chem cases show different spatial patterns for T2 differences between current and future 

year scenarios as compared to the WRF RCP8.5 cases as well as other studies from literature 

which mostly use the WRF model as a regional climate model. In addition, WRF/Chem 

performs much better than WRF for a number of surface meteorological variables, as well as 

radiation variables downward shortwave radiation (SWDOWN) and net longwave radiation 

(GLW) due to the effects of direct feedbacks from dynamic gases and aerosols.  

The benefits of downscaling the North Carolina State University’s (NCSU) version of 

CESM (CESM_NCSU) to WRF/Chem are also assessed by evaluating several important 

surface meteorological and air quality variables against observational data for both 

CESM_NCSU and WRF/Chem. WRF/Chem performs much better than CESM_NCSU for 

most surface meteorological variables as well as for O3 hourly mixing ratios. In addition, 

WRF/Chem has better temporal and spatial resolution as compared to CESM_NCSU. 

CESM_NCSU performance is comparable to or better than WRF/Chem performance for 

radiation variables likely due to model tuning in CESM_NCSU.  

 

KEYWORDS: WRF/Chem; WRF; CESM; online-coupled model; the representative 

concentration pathways (RCP) scenarios; Continental U.S.; model evaluation; air quality; air 

quality-climate interactions 
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4.2.1. Introduction 

 

The Representative Concentration Pathways (RCPs) are a set of four pathways that lead 

to radiative forcing levels of 2.6, 4.5, 6.0 and 8.5 W m-2 by 2100. They contain current and 

future concentrations and emissions of greenhouse gases (GHGs) and air pollutants, as well as 

land-use trajectories developed for the climate modeling community for near-term and long-

term modeling experiments (van Vuuren et al., 2011). The technical summary expert meeting 

report on the RCP scenarios (Moss et al., 2008) stated that a major motivation for the near-

term RCP scenarios is to understand the effects of emissions on air quality and its trends while 

the motivation for the long-term RCP scenarios is to understand risks from climate change 

impacts. The global and regional climate model simulations for the Intergovernmental Panel 

on Climate Change (IPCC) fifth assessment report (AR5) are based on the RCP scenarios.  

Regional Climate Models (RCMs) are typically models covering a smaller land area compared 

to Global Climate Models (GCMs) with representations of climate processes comparable to 

those from the GCMs, and are usually used to dynamically downscale global model 

simulations to provide more detailed information (Rummukainen, 2010). An advantage of 

RCMs is that it is can be applied at a higher resolution (36 km) compared to traditional GCMs 

at resolutions of 1 to 2 degrees (Flato et al., 2013). Feser et al. (2011) concluded that regional 

models are able to account for more detailed vegetation and terrain features as well as smaller-

scale atmospheric processes, which lead to the formation of mesoscale weather phenomena; 

they produce model outputs that relate more closely to observations compared to coarser global 

model predictions. Unlike the GCMs, RCMs described in Flato et al. (2013) can simulate at 

very high resolutions of a few kilometers. However, in the abovementioned IPCC study, all 

the RCMs are applied over Japan or Europe (Kanada et al., 2008; Christensen et al., 2010; 
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Kusaka et al., 2010; van Roosmalen et al., 2010; Kendon et al, 2012); or evaluated in terms of 

temperature or precipitation on a climactic scale (Kanada et al, 2008; Kusaka et al, 2010; van 

Roosmalen et al., 2010; Kendon et al., 2012). Studies involving RCP scenarios over North 

America are few. Table 4.2.1 shows a summary from a literature review of several studies 

involving RCMs downscaled from GCMs using RCP emissions over North America. Three 

out of the four studies use the WRF model, hence focusing on the impact of the RCP emissions 

on solely climate change and meteorology without considering changes in air quality. The 

results from Table 4.2.1 will also be used to compare with the results from this study in Section 

5 later. Trail et al. (2013) conducted WRF simulations to analyze the changes in meteorological 

fields which might affect air quality, however, they did not perform air quality modeling 

explicitly. Most of the studies therefore are not able to satisfy the motivation for the near-term 

RCP scenarios, which as mentioned earlier is to understand the effects of emissions on air 

quality and its trends. Only the study by Gao et al. (2013) used the downscaled WRF model to 

drive the Community Multiscale Air Quality (CMAQ) model to understand the projected 

climate changes on ozone.  The WRF/CMAQ model used in that study, however, is an offline-

coupled model, which does not take into account feedbacks between meteorology and 

chemistry. In addition, only 4 years were simulated for current and future cases using the 

CMAQ model. Table 4.2.2 shows several studies based on the previous IPCC scenarios, mainly 

A1B and A2 scenarios. These studies, unlike those in Table 4.2.1, focused more on the future 

climate impacts on O3 and particulate matter (PM) concentrations, however similarly, offline-

coupled models are used for both the GCMs and RCMs.   

In this study, the North Carolina State university’s modified Community Earth System 

Model (CESM_NCSU) is downscaled using the modified online-coupled Weather Research 



 

272 

 

and Forecasting Model with Chemistry (WRF/Chem) model, which is used to simulate the 

decadal current and future year air quality and climate over continental U.S. using RCP 

scenarios. The WRF/Chem model is able to simulate tropospheric chemistry and dynamic gas 

and aerosol concentrations. The tropospheric gas and aerosol-phase chemistry are simulated 

together with meteorology at each model time step. The changes in aerosol-concentrations 

influence radiation and clouds through direct and indirect feedback mechanisms. As far as we 

know, this is the first study to use the Weather Research and Forecasting model with Chemistry 

(WRF/Chem) v3.6.1 model in decadal current and future climate simulations over the 

continental U.S., as these simulations are very computational resource-intensive. The only 

other similar study we found is by Molders et al. (2014) which downscales CESM data using 

WRF/Chem over Southeast Alaska from 2006 to 2012. However, the study by Molders et al. 

(2014) did not use the RCP emission scenarios for current and future climate change, nor 

analyze the air quality impacts from downscaling. There are several additional features of this 

work. Firstly, CESM_NCSU is downscaled using WRF/Chem with similar chemistry and 

aerosol treatments. Secondly, the use of online-coupled models are used on both global and 

regional scales in this work as compared to other future Air Quality or Climate models that use 

offline-coupled models, or use modeling systems that do not treat chemistry and aerosols or 

use highly simplified chemistry and aerosols. Thirdly, the downscaling at a 36 km × 36 km 

resolution with hourly output allows for evaluation for a suite of variables against observations 

that are not possible using CESM or other RCMs at coarser spatial and temporal resolutions. 

The two emission scenarios used in this study will give a realistic and comparatively high GHG 

predictions of future air quality and climate, respectively, in the U.S., i.e. using the RCP4.5 

scenario – in which radiative forcing is stabilized at 4.5 Wm-2 after 2100, and in the RCP8.5 
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scenario – in which radiative forcing reaches >8.5 Wm-2 by 2100 and continues to rise after 

some time (Moss et al., 2008).  

In this study, the differences in emissions over continental U.S. from RCP4.5 and 

RCP8.5 will be first discussed in Section 3. In Section 4, the decadal WRF/Chem performance 

will be evaluated for both the RCP4.5 and RCP8.5 current-year scenarios, possible differences 

between both current year scenarios will be identified, if any. In Section 5, the differences 

between using prescribed and dynamic gas and aerosol concentrations on current and future 

RCP8.5 predictions will be discussed. In Section 6, the changes between the current and future 

year emission scenarios for both RCP4.5 and RCP8.5 will be quantified in terms of climate, 

air quality and aerosol-cloud-radiation feedbacks to understand the impacts of different climate 

policy scenarios on future climate and air quality. Lastly, in Section 7, the predictions from 

both CESM_NCSU and WRF/Chem over continental U.S. will be compared for current and 

future year simulations to assess the benefits gained and differences exhibited with the 

downscaling using WRF/Chem.  

 

4.2.2. Model Set-up and Evaluation Protocol 

 

4.2.2.1.Model Configurations and Simulation Design 

 

The model used in this study is the WRF/Chem v3.6.1 with updates in Wang et al. 

(2014). The extended Carbon Bond 2005 (CB05) of Yarwood et al. (2005) gas-phase 

mechanism with chlorine chemistry of Sarwar et al. (2007) is coupled with the Modal for 

Aerosol Dynamics in Europe / Volatility Basis Set (MADE/VBS) (Ahmadov et al., 2012).  The 

CB05-MADE/VBS option has also been coupled to existing model treatments including the 

aerosol direct effect, the aerosol semi-direct effect on photolysis rates of major gases, and the 

aerosol indirect effect on cloud droplet number concentration (CDNC) and resulting impacts 
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on shortwave radiation. The physics options used in WRF/Chem include the Rapid and 

accurate Radiative Transfer Model for GCM (RRTMG) for both shortwave and longwave 

radiation, the Yonsei University (YSU) planetary boundary layer (PBL) scheme (Hong et al., 

2006; Hong, 2010), the Morrison et al. (2009) double moment microphysics scheme, as well 

as the Grell 3D Ensemble cumulus parameterization scheme (Grell and Freitas, 2014). 

Aqueous-phase chemistry is based on the AQ chemistry module (AQCHEM) for both resolved 

and convective clouds based on a similar AQCHEM module in CMAQv4.7 of Sarwar et al. 

(2011). The RCP emissions are first downloaded from the website at 

(http://tntcat.iiasa.ac.at:8787/RcpDb/dsd?Action=htmlpage&page=welcome). They are then 

processed by (i) mapping the RCP species to CB05 species in WRF/Chem, (ii) re-gridding the 

RCP emissions from the 0.5 × 0.5° grid resolution to the 36 × 36 km grid resolution used for 

regional simulations over continental U.S., and (iii) applying species and location-dependent 

temporal profiles to the regridded RCP emissions. More details regarding the model 

configurations as well as the preparation of anthropogenic emissions from RCP has been 

discussed in Yahya et al. (2016). Biogenic emissions are calculated online using the Model of 

Emissions of Gases and Aerosols from Nature version 2 (Guenther et al., 2006). Dust emissions 

are based on the Atmospheric and Environmental Research Inc. and Air Force Weather Agency 

(AER/AFWA) scheme (Jones and Creighton, 2011). Emissions from sea salt are generated 

based on the scheme of Gong et al. (1997).  

The chemical and meteorological initial and boundary conditions (ICONs/BCONs) 

come from the modified CESM/CAM version 5.3 with updates by Gantt et al. (2014), He and 

Zhang (2014), and Glotfelty et al. (2016a) (CESM_NCSU). The gas-phase mechanism in 

CESM_NCSU is based on the 2005 Carbon Bond Mechanism for Global Extension 

http://tntcat.iiasa.ac.at:8787/RcpDb/dsd?Action=htmlpage&page=welcome
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(CB05_GE) from Karamchandani et al. (2012) while the aerosol-phase mechanism is based on 

the 7-mode modal aerosol module (MAM7). The CESM_NCSU simulations are conducted at 

a horizontal resolution of 0.9o × 1.25o and a vertical resolution of 30 layers. The meteorological 

ICONs/BCONs for current and future year simulations are bias-corrected using the simple bias 

correction technique based on Xu and Yang (2012) with the National Center for Environmental 

Protection Final Reanalyses (NCEP FNL) data. The mozbc preprocessor developed by the 

National Center for Atmospheric Research (NCAR) is modified slightly and is used to process 

the 6-hourly CESM_NCSU output into WRF/Chem meteorological and chemical 

ICONs/BCONs. Temperature, water vapor, geopotential height, wind, and soil moisture 

variables from the National Center for Environmental Protection Final Reanalyses (NCEP 

FNL) dataset, which is available every 6 hours, are used to correct the ICONs and BCONs for 

WRF/Chem simulations generated by CESM_NCSU. The CESM_NCSU ICONs and BCONs 

are averaged for each 10-year climatological month from 2001 to 2010. There are two sets of 

NCEP FNL data - averages of each climatological month from (i) 1995 to 2010, and from (ii) 

2001 to 2014. The differences between the first set of the NCEP FNL data and the 

CESM_NCSU are used to correct CESM_NCSU meteorological ICONs/BCONs for each 

month from 2001 to 2005; the second set is used to correct CESM_NCSU ICONs/BCONs 

from 2005 to 2010. The simulations are performed at a horizontal resolution of 36-km with 

148 × 112 horizontal grid cells over the continental U.S. domain and parts of Canada and 

Mexico, and a vertical resolution of 34 layers from the surface to 100-mb. The simulations are 

spin-up for 1 month to allow the chemical fields to stabilize. The chemical fields are also 

allowed to run continuously while the meteorology is reinitialized every month to constrain 

the meteorological fields so that they remain close to the bias-corrected CESM_NCSU fields.  
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In Section 6, RCP 8.5 simulation results with WRF v3.6.1 (without chemistry) are 

compared with those of WRF/Chem v3.6.1 to assess the effects of prescribed gas and aerosol 

concentrations used in WRF v3.6.1 vs. emissions and dynamic gas and aerosol concentrations 

in WRF/Chem v3.6.1 on current and future climate, similar to the studies in Table 4.2.1 which 

use the WRF model to downscale a global climate model. The physics and dynamics options 

in the WRF namelist are exactly the same as those for WRF/Chem v3.6.1. The ICONs/BCONs 

as well as the reinitialization method are also exactly the same as the set-up for WRF/Chem 

v3.6.1. The only difference between WRF and WRF/Chem simulations is that the only input 

for WRF only simulations are the meteorological ICONs/BCONs from CESM_NCSU for 

RCP4.5 and RCP8.5. The WRF v3.6.1 simulations without chemistry do not have emissions 

or chemical ICONs/BCONs as inputs.  

 

4.2.2.2.Model Evaluation Protocol and Analysis Methodology 

 

The focus of the model evaluation is to evaluate the climatological model performance 

between the different emission scenarios in terms of climate, air quality (chemistry) and 

aerosol-cloud variables. This section will include model evaluation with statistics such as mean 

bias (MB), correlation coefficients (Corr), normalized mean bias (NMB) and normalized mean 

error (NME) of major chemical and meteorological variables to analyze the model’s ability to 

reproduce observations on a climatological time scale of 10 years. The definitions of the 

statistical metrics can be found in Yu et al. (2006). For surface observational networks where 

data are available on an hourly or daily basis, the observations and simulations are firstly paired 

up according to the time and site location. The observation and simulation pairs are then 

averaged out to remove the temporal dimension, such that the observation and simulation pairs 
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are listed according to the site location. The statistics are calculated based on the observation 

and simulation paired averaged data at different sites, to provide the climatological evaluation. 

Since the satellite-derived data are usually available on a monthly basis, the simulated data are 

also averaged out on a monthly basis to compare with the satellite data. The satellite-derived 

data is regridded to the same domain, number of horizontal and vertical grid cells according to 

the simulated data. The statistics are then calculated based on the paired data from each 

satellite-derived and simulated grid cell. Spatial and temporal analyses with the support of 

spatial plots, spatial difference plots, time series plots, scatter plots, and overlay plots will also 

be conducted. 

The variables that are analyzed in this study include maximum 1-hour and 8-hour O3 

against the Clean Air Status and Trends Network (CASTNET) and Air Quality System (AQS), 

PM10 against AQS, PM2.5 and PM2.5 species including sulfate (SO4
2-), ammonium (NH4

+), 

nitrate (NO3
-), elemental carbon (EC), organic carbon (OC) and total carbon (TC) against the 

Interagency for Monitoring Protected Visual Environments (IMPROVE) and the Speciated 

Trends Network (STN), dry deposition from CASTNET for sulfur dioxide (SO2), nitric acid 

(HNO3), SO4
2-, NH4

+ and NO3
-, wet deposition from the National Atmospheric Deposition 

Program (NADP) for SO4
2-, NH4

+ and NO3
-, column evaluations of carbon monoxide (CO) 

against Measurements of Pollution in the Troposphere (MOPITT), tropospheric ozone residual 

(TOR) from the Ozone Monitoring Experiment (OMI) (Fishman et al., 2003), formaldehyde 

(HCHO) from SCIAMACHY (De Smedt et al., 2008; 2012), nitrogen dioxide (NO2) against 

SCIAMACHY (Boersma et al., 2004), 2-m temperature (T2), 2-m relative humidity (RH2), 

10-m wind speed (WS10), wind direction (WD10) against National Climatic Data Center 

(NCDC) Quality Controlled Local Climatological Data (QCLCD), precipitation against 
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NCDC, NADP, the Global Precipitation Climatology Project (GPCP) and the Parameter-

elevation Regressions on Independent Slopes Model (PRISM) data, aerosol optical depth 

(AOD), albedo, cloud fraction (CF), cloud optical thickness (COT), cloud droplet number 

concentration (CDNC), cloud water path (CWP) from MODIS, as well as downward 

shortwave radiation (SWDOWN), net shortwave radiation (GSW), downward longwave 

radiation (GLW), outgoing longwave radiation (OLR), as well as shortwave and longwave 

cloud forcing (SWCF and LWCF) against the surface-based Surface Radiation Budget 

Network (SURFRAD), and the Clouds and the Earth’s Radiant Energy System (CERES).     

 

4.2.3. Differences in RCP4.5 and RCP8.5 emissions over the continental U.S. 

 

Glotfelty et al. (2016b) compared changes between RCP4.5 and RCP8.5 global 

emissions for current and future years. For the current year simulations, RCP emissions are 

available for the years 2000, 2005 and 2010. As shown in Figures E1, E2 and E3, there are 

negligible differences between RCP4.5 and RCP8.5 emissions for the year 2000 over 

continental U.S.; however there are relatively significant differences for the current years 2005 

and 2010. For the year 2000, with the exception of SO2, the relative percentage differences 

between the RCP4.5 and RCP8.5 species are less than 1% average domainwide. However for 

2005, the percentage differences between carbon monoxide (CO) and volatile organic 

compounds (VOCs) between RCP4.5 and RCP8.5 are >50% for a domainwide average.  For 

2010, the differences are even larger – with differences in CO having a domainwide average 

difference of -63.5%, SO2 with -30.3%, VOCs with -97.8%, EC with -31.6% and SO4
2- with -

22.8% with higher emissions for RCP4.5 compared to RCP8.5. These differences will 

influence the evaluation and therefore model performance for the current year simulations. In 
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addition, the differences for the current year emissions will have to be taken into account when 

comparing the differences between RCP4.5 and RCP8.5 for future year simulations.  

RCP4.5 and RCP8.5 emissions are only available for the year 2050 for the future year 

simulations. Figures E4 and E5 show the absolute and relative differences for future and 

current RCP4.5 and RCP8.5 emissions. The current year emissions are calculated as a weighted 

average from the three sets of emissions over 10 years. Overall, for most gas-phase species in 

general, the reductions of emissions from current to future scenarios are larger for RCP4.5 

compared to RCP8.5. There are some species where the RCP8.5 scenario shows increases in 

emissions in parts of the U.S. in the future scenario while the RCP4.5 scenario shows decreases 

in the whole continental U.S., such as nitrous acid (HONO); and there are some species where 

the RCP4.5 scenario shows increases the southeastern U.S., such as for aldehydes, ethane, 

ethanol, formaldehyde, and methanol. Oxides of nitrogen (NOx) emissions and volatile organic 

compounds (VOC) emissions are reduced to a larger extent in RCP4.5 compared to RCP8.5. 

NH3 emissions, however, increase for both RCP4.5 and RCP8.5 scenarios, with larger 

increases for RCP8.5 compared to RCP4.5. However, as mentioned previously, caution should 

be exercised when analyzing the difference plots between future and current RCP4.5 and 

RCP8.5 emission scenarios due to the differences that exist between the current set of 

emissions between RCP4.5 and RCP8.5. The other obvious difference between the RCP4.5 

and RCP8.5 scenarios is the increase in emissions over Canada for the future RCP4.5 scenario, 

but a slight decrease over Canada for RCP8.5. This is likely due to the fact that for RCP4.5, 

there are significant increases in forest burning from deforestation and forest fires from current 

years to 2050 (Van der werf et al., 2006; Clarke et al., 2007; Smith et al., 2006; Wise et al, 

2009; Riahi et al., 2007). This is not seen for the RCP8.5 scenario. This is also seen for several 
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PM species. For PM emissions, even though the reduction of emissions for the inorganic 

species such as SO4
2- emissions are larger for RCP4.5 compared to RCP8.5, other species such 

as EC and unspeciated primary PM2.5 has a larger reduction of emissions for RCP8.5 compared 

to RCP4.5. RCP8.5 emissions also have a larger percentage reduction of SO4
2- emissions over 

the ocean compared to RCP4.5. NH4
+ increases in the future RCP4.5 and RCP8.5 scenarios 

with larger increases for RCP8.5. For overall PM emissions, RCP8.5 has a larger reduction of 

emissions compared to RCP4.5, which will have impacts on PM2.5 concentrations, clouds, and 

radiation. Overall PM2.5 emissions also increase for RCP4.5 over Canada.  

 

4.2.4. Evaluation for Current Climate Simulations 

 

4.2.4.1.Surface Meteorological Predictions 

 

Yahya et al. (2016) has conducted a comprehensive evaluation for decadal climate 

simulations using RCP8.5 emissions. This section will serve to complement the study by 

Yahya et al. (2016) by including the model performance for RCP4.5 simulations. It will focus 

on the overall general model performance, which will serve as a basis to understand the impact 

of model performance on future climate and air quality predictions. There are also slight 

differences in the model performance for RCP4.5 and RCP8.5 simulations for the current 

climate due to the differences in RCP emissions as described in Section 3. Table 4.2.3 shows 

the summary of the statistics from the climatological evaluation from both RCP4.5 and RCP8.5 

current year simulations for surface meteorological variables, aerosol-cloud-radiation 

variables, dry and wet deposition, as well as surface and column chemical variables. From the 

statistics, the surface meteorological variables perform very similarly for RCP4.5 and RCP8.5 

simulations, with only a difference of 0.1oC for T2 on a climatological timescale. The model 
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in general performs well for T2, with a slight underprediction and with MBs of -0.3 and -0.4oC. 

The model also tends to slightly overpredict RH2 and WS10, and largely overpredict 

precipitation. WD10 is predicted to be more southerly compared to observational data. Figure 

4.2.1 shows the scatter plots for T2, RH2, WS10 for all NCDC sites; and precipitation for all 

NADP sites. While there are very slight differences in the magnitude of the model predictions 

for the meteorological surface variables, overall the model performance and trends are similar 

and consistent for RCP4.5 and RCP8.5 current year simulations. The model performs very well 

for the range of T2 values. The model also tends to overpredict RH2 across the range of RH2 

values from 30 to 90% RH. The model almost always overpredicts RH2 for the lower RH2 

values of 30% to 50% RH. For WS10, the model significantly overpredicts WS10 at certain 

sites. As shown in Yahya et al. (2016), these large overpredictions come from sites that are 

located along the coastlines in the eastern portion of the domain, as well as portions in the 

northern portion of the domain. Precipitation is also consistently overpredicted from the whole 

range of values for precipitation. However, as shown in Figure 4.2.1, the model predicts 

slightly better precipitation (closer to the 1:1) line for RCP4.5 compared to RCP8.5. The model 

also performs better when evaluated against PRISM and NADP as compared to GPCP and 

NCDC. The PRISM dataset is only over the land, while a significant portion of the ocean 

domain over the eastern side is overpredicted, which is reflected in the precipitation statistics 

against GPCP. NADP is also weekly precipitation, as compared to NCDC which is hourly 

precipitation. As WRF/Chem tends to overpredict precipitation intensity (Wang and 

Kotamarthi, 2015), this helps to explain the larger overpredictions in hourly precipitation as 

compared to weekly precipitation. In addition, NCDC sites are more intensive (>1000) 

compared to NADP sites (~250 sites). According to Yahya et al. (2016), the large 
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overpredictions in hourly precipitation are attributed to the choice of cumulus parameterization 

scheme. In this case, the use of Grell 3D scheme contributes to the large overpredictions over 

the Atlantic. In the supplementary material of Yahya et al. (2016), the use of a different 

cumulus parameterization scheme, e.g., the Multi-scale Kain Fritsch (MSKF) scheme (Zheng 

et al., 2015) available in WRF/Chem v3.7 onwards is shown to help in improving the 

predictions for precipitation.  

4.2.4.2.Air Quality Predictions 

 

There are more significant differences between RCP4.5 and RCP8.5 when comparing 

the chemical species due to the differences in emissions as described in Section 3. For hourly, 

maximum 1-hr and maximum 8-hr O3 mixing ratios evaluated against CASTNET and AQS, 

model performances for RCP4.5 are better compared to RCP8.5 for evaluation against 

CASTNET, but not against AQS. For example, NMB for maximum 8-hr O3 mixing ratio 

against CASTNET is -4.3% for RCP4.5 and -11.0% for RCP8.5; NMB for maximum 8-hr O3 

mixing ratio against AQS is 4.9% against RCP4.5 and 3.5% against RCP8.5. The model also 

tends to underpredict against CASTNET but overpredict against AQS. As mentioned in Yahya 

et al. (2016), the differences in the model performance trends between CASTNET and AQS 

evaluation are possibly due to the nature of the sites for each network – the AQS network 

includes urban, suburban and rural sites (>1000 sites) while the CASTNET network is mainly 

made up of rural sites (< 100 sites). Figure 4.2.2 shows scatter plots of maximum 1-hr and 8-

hr O3 mixing ratios against AQS. The performance for both RCP4.5 and RCP8.5 are very close, 

however RCP4.5 seems to be generally very slightly overpredicted across all sites compared 

to RCP8.5 (markers for RCP4.5 are slightly shifted to the right of the markers for RCP8.5) 

likely due to higher emissions of CO and VOCs (see Figures E1, E2 and E3). Figure 4.2.3 
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shows the climatological time series of maximum 8-hr O3 mixing ratios at various sites from 

CASTNET and AQS. There are noticeable variations between RCP4.5 and RCP8.5 maximum 

8-hr O3 mixing ratios on a climatological hourly basis, however, on average, the trends are 

similar. The model tends to underpredict O3 mixing ratios for both RCP4.5 and RCP8.5 in 

Yellowstone National Park (YEL), a rural CASTNET site during the warmer months. 

However, AQS sites including the suburban site Port Allen in Texas (PAT) as well as urban 

sites Huntsville in Tennessee (HUN), Los Angeles in California (LAC) and Clearmont in 

Florida (CLE), tend to overpredict or slightly overpredict maximum 8-hr O3 mixing ratios 

during the summer. The model performs relatively well for both RCP4.5 and RCP8.5 for 

Chicago, Illinois (CHI) on average throughout the year. The slight overpredictions of RCP4.5 

compared to RCP8.5 occur more obviously in the suburban sites PAT, HUN and CLE from 

August to November. However, overall, on average, the statistics, scatter plots and the 

timeseries plots show in general that the differences between RCP4.5 and RCP8.5 are minor, 

and the underpredictions and overpredictions for each site are similar for both RCP4.5 and 

RCP8.5. This indicates consistency in errors, if any, in input emissions and ICONs/BCONs for 

both RCP4.5 and RCP8.5, or could also be due to inherent model limitations including the 

tendency of the model to overpredict precipitation and very low or very high surface wind 

speeds, as well as biases in temperature and radiation (Yahya et al., 2016).  

Table 4.2.3 shows that PM10 is largely underpredicted for both RCP4.5 and RCP8.5, 

likely due to the treatment of coarse inorganic and organic aerosols as non-reactive tracers in 

the MADE/VBS module. PM2.5 concentrations are slightly overpredicted against IMPROVE 

but underpredicted against STN for both RCP4.5 and RCP8.5. However as shown in Figure 

4.2.2, the differences between PM2.5 performance against IMPROVE and STN for RCP4.5 and 
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RCP8.5 do not follow a consistent trend, nor are there any clear indications as to whether 

RCP4.5 or RCP8.5 performs better. Model simulations for RCP8.5 compared to RCP4.5 

produce higher PM2.5 and SO4
2- against IMPROVE and higher SO4

2- against STN, due to 

influence from SO2 and SO4
2- emissions which are higher for RCP8.5 compared to RCP4.5 in 

2000 and 2005 (Figures E1 and E2). For the other species, RCP4.5 produces higher 

concentrations compared to RCP8.5 due to influence of emissions. Overall, the model tends to 

overpredict SO4
2- against both IMPROVE and TC. The underpredictions of PM10 and many 

PM2.5 species can also be attributed to overpredictions of WS10 and precipitation. Figure 4.2.4 

shows the climatological time series of PM2.5 concentrations against a number of IMPROVE 

and STN sites for both RCP4.5 and RCP8.5. Similar to the trends of maximum 8-hr O3 mixing 

ratios, there are variations in the PM2.5 simulated concentrations from RCP4.5 and RCP8.5, 

however, on average the trends are similar for IMPROVE sites Yosemite National Park in 

California (YOSE1) and James River Face Wilderness in Virginia (JARI), as well as for STN 

sites Corpus Christi in Texas (CCT), in Birmingham in Alabama (BAL), and Sacramento in 

California (SAC). In New Brunswick in New Jersey (NBR) however, the variations especially 

in the peak PM2.5 concentrations are more obvious compared to the other sites. The model tends 

to underpredict peak PM2.5 concentrations for both RCP4.5 and RCP8.5 in YOSE1 in June-

July, JARI in August-September, with particularly large underpredictions during the winter 

months for SAC. Such large underpredictions at SAC are likely due to underpredicted 

emissions, as errors in meteorology or ICONs/BCONs are not likely to cause underpredictions 

of PM2.5 concentrations by > 20 g m-3. Similar to O3, the differences between model 

performances for RCP4.5 and RCP8.5 are minor and any significant underpredictions or 

overpredictions are consistent for both RCP4.5 and RCP8.5.  
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The model also largely underpredicts dry deposition when compared against the 

CASTNET MLM model for SO2, HNO3, SO4
2-, NH4

+ and NO3
-, at times by more than one 

order of magnitude. However, the magnitudes for dry deposition are much lower than those 

from wet deposition; therefore the underpredictions in dry deposition should not affect the PM 

or gas species to a large extent. Wet deposition for SO4
2- is overpredicted against NADP while 

NO3
- is largely underpredicted, possibly related to overpredictions in SO4

2- and NO3
- 

concentrations which are overpredicted and underpredicted respectively. The model performs 

relatively well in predicting wet deposition for NH4
+ for both RCP4.5 and RCP8.5 with low 

NMBs. For column variables, the model has a correlation coefficient of 0.9 for evaluation 

against MOPITT CO, SCIAMACHY NO2 and SCIAMACHY HCHO. Column CO tends to 

be underpredicted while NO2 and HCHO are overpredicted. The model does not perform well 

for column tropospheric O3, with a negative correlation. RCP8.5 also predicts a much higher 

tropospheric NO2 due to higher NO2 emissions compared to RCP4.5.  

 

4.2.4.3.Radiation and Cloud Predictions 

 

For radiation variables evaluated against CERES, the performances for both RCP4.5 

and RCP8.5 are very similar, with similar correlation coefficients and NMB differences of < 

0.5% for SWDOWN, GSW, GLW, OLR and SWCF. However, for LWCF, RCP8.5 has a 

higher bias (MB of 7.5 Wm-2 compared to MB of 6.9 Wm-2) for RCP4.5. This is likely due to 

the influence from higher mixing ratios of gaseous species in the troposphere for RCP8.5 

compared to RCP4.5. For example as shown in the previous section, tropospheric NO2 

predicted by RCP8.5 simulations is higher compared to RCP4.5. The model does not perform 

too well for aerosol and cloud variables, with the exception of CF with NMBs of 2.6% and 

2.7% for RCP4.5 and RCP8.5 simulations respectively. Correlation coefficients for AOD, 
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CWP and COT are low. According to Yahya et al. (2016), the biases in aerosol-cloud variables 

for WRF/Chem RCP4.5 and RCP8.5 simulations are likely due to uncertainties in satellite 

retrievals from MODIS, biases in aerosol size distribution, aerosol composition, aerosol water 

content and reflectances for the calculation of AOD in WRF/Chem, as well as differences in 

calculations of cloud variables such as CDNC between the satellite retrievals and WRF/Chem. 

For example, satellite retrievals for AOD from MODIS and other satellites are subject to 

uncertainties due to different calibration methods of radiation sensors, differences in cloud 

screening algorithms to derive clear sky pixels (Li et al., 2009), the use of standard reference 

models of aerosol size distributions, and the treatment of the surface effect (e.g. for bright 

surfaces such as deserts). Model performances for aerosol-cloud variables are similar for both 

RCP4.5 and RCP8.5, as aerosol-cloud variables are less sensitive to small differences in 

aerosol concentrations between RCP4.5 and RCP8.5.  

 

4.2.5. Effects of dynamic vs. prescribed gas and aerosol concentrations 

 

Table 4.2.4 shows the statistical evaluation for WRF v3.6.1 simulations without 

chemistry, using the exact physics and dynamics set-up, meteorological conditions and 

monthly reinitialization similar to the WRF/Chem v3.6.1 simulations for RCP4.5 and RCP8.5. 

The statistics include surface meteorological variables, radiation variables, CWP and CF. 

WRF/Chem v3.6.1 simulates dynamic gas and aerosol concentrations, while the WRF v3.6.1 

uses a prescribed aerosol concentration over land and the ocean. For example, the Morrison 

scheme in WRF v3.6.1 uses a constant CDNC value of 250 cm-3 if there is no coupling with 

chemistry. The only differences between the input for the WRF only RCP4.5 and RCP8.5 

simulations are the meteorological ICONs/BCONs based on the CESM_NCSU RCP4.5 and 
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RCP8.5 simulations, while the differences between the input for the WRF/Chem RCP4.5 and 

RCP8.5 simulations include the meteorological and chemical ICONs/BCONs from 

CESM_NCSU as well as the emissions. In addition to gas and aerosol-phase chemistry 

simulated explicitly in WRF/Chem, the WRF/Chem simulations have additional complex 

feedbacks from the dynamic aerosols, gases and chemistry onto clouds, radiation and climate.  

WRF simulations overpredict T2 by 0.2oC and 0.3oC, while WRF/Chem simulations 

underpredict T2 by 0.3oC and 0.4oC for RCP4.5 and RCP8.5 scenarios respectively. This trend 

is consistent with the performance for radiation variables. For example, the SWDOWN for 

WRF is ~30 W m-2 higher than WRF/Chem; and GSW for WRF is ~25 W m-2 higher than 

WRF/Chem, which will contribute to the larger T2 for WRF. As T2 predicted by WRF is 

higher than WRF/Chem, RH2 for WRF RCP8.5 simulations is also higher than WRF/Chem 

RCP8.5 by ~5% due to increased evaporation. However, this is not the case for WRF RCP4.5. 

Figure 4.2.5 shows the spatial distributions of MBs for T2 and RH2 for both WRF RCP4.5 and 

RCP8.5 simulations based on the climatological 10-year averages. The spatial distributions for 

T2 for both WRF RCP4.5 and RCP8.5 are similar, however for RH2, RCP8.5 gives much 

higher RH2 compared to RCP4.5, especially over the eastern U.S. The trend for RCP4.5 and 

RCP8.5 WRF RH2 is similar to the trend for CWP against MODIS. RCP8.5 predicts an 

average of ~11 g m-2 of CWP higher than RCP4.5, which means that for RCP8.5 there is a 

larger amount of moisture in the atmosphere. The higher T2 for both RCP4.5 and RCP8.5 also 

result in slightly higher predicted WS10 for WRF compared to WRF/Chem, however both 

WRF and WRF/Chem overpredict WS10 by ~0.5 m s-1.  

The WRF only simulations in Figure 4.2.6 show similar large overpredictions for 

precipitation against GPCP, NCDC and PRISM compared to the WRF/Chem simulations, 
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which indicates that the overpredictions are not due to the presence of dynamic aerosols in 

WRF/Chem which might have increased convection. The overpredictions are also relatively 

on the same order of magnitude as those from WRF/Chem simulations. As shown in Figure 

4.2.6, the band of overpredicted precipitation is seen over the eastern portion of the domain for 

both WRF and WRF/Chem simulations. Wang and Kotamarthi (2015) conducted 12-km WRF 

simulations under RCP4.5 and RCP8.5 scenarios for current year 1995-2004 and also showed 

wet biases overall in general for WRF and CCSM4 over continental U.S. with the exception 

of southeastern U.S., which showed a dry bias, which is in contrast to the results from this 

study. There are a number of additional measures taken by Wang and Kotamarthi (2015) to 

reduce precipitation bias which are not used in this study. They include (i) correcting the bias 

in sea surface temperature (SST) and (ii) weak interior nudging applied above 850 hPa to 

wavelengths around 1200km with a nudging coefficient of 3 x 10-5 s-1. In addition, Wang and 

Kotamarthi (2015) also used the Grell-Devenyi convective parameterization. However, the 

Grell 3D scheme we are using is an improved version of the Grell-Devenyi scheme (Grell and 

Freitas, 2014). With the exception of the evaluation against NCDC for RCP4.5, all other 

precipitation evaluations show that WRF predicts much more precipitation compared to 

WRF/Chem. As WRF/Chem predicts more aerosols and also a more accurate spatial pattern of 

aerosols compared to WRF, this is consistent with the idea that enhanced aerosol 

concentrations suppress warm-rain processes by reducing the size of cloud droplets, narrowing 

the size distribution and increasing the depth of the mixed-phase region (Tao et al., 2012). The 

differences in the trend for evaluation against NCDC RCP4.5 can arise due to the type of 

observational data. The NCDC dataset is made up of a number of surface sites, and is available 

on an hourly basis, while GPCP and PRISM are monthly averaged regridded global datasets. 
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However, the differences between RCP4.5 and RCP8.5 even though seem to be large according 

to the statistics in Table 4.2.4, the spatial distribution of MBs for precipitation as shown in 

Figure 4.2.5 show that there are negligible differences between the precipitation spatial 

distributions for both RCP4.5 and RCP8.5. In general, precipitation predictions for WRF 

RCP4.5 and RCP8.5 are very similar over continental U.S.  

As shown in the statistics in Tables 4.2.3 and 4.2.4 and in Figure 4.2.7, WRF/Chem 

performs much better compared to the WRF simulations for most radiation variables, with the 

exception of OLR. WRF/Chem performances for RCP4.5 and RCP8.5 are also closer in terms 

of statistics as compared against WRF simulations. Similarly, the differences between WRF 

RCP4.5 and RCP8.5 statistics for radiation are small as compared to the differences between 

WRF and WRF/Chem results in general. When evaluated against CERES, the NMB for 

WRF/Chem for SWDOWN is close to 0%, whereas for WRF the NMB is ~17%. Figure 4.2.6 

shows that the SWDOWN for WRF tends to be overpredicted especially over the southwestern 

portion of the domain and in general over land. This is likely due to the non-simulation of 

aerosols such as sulfate and sea salt over the ocean in WRF, which helps to reflect and scatter 

shortwave radiation away from the surface. Figure 4.2.7 shows the scatter plots for WRF and 

WRF/Chem RCP8.5 simulations against SURFRAD surface sites for climatologically 

averaged monthly radiation variables. The findings are consistent with those from CERES, 

namely, WRF shows a clear overprediction for SWDOWN compared to WRF/Chem for almost 

all sites. The NMBs for GLW for WRF/Chem are 0.4% and 0.7%, while for WRF the NMBs 

are -3.3% and -2.9%. The GLW for WRF tends to be underpredicted, likely due to the absence 

of absorbing aerosols such as black carbon and radiative gases such as O3, which results in less 

longwave radiation reaching the surface. A similar clear pattern is also seen for the GLW 
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comparison in Figure 4.2.7. WRF/Chem model performs better for GLW for almost all sites 

as compared to WRF. The O3 profile near the surface from WRF/Chem is likely to be more 

accurate as compared to the default O3 profile for WRF from the RRTMG scheme. However 

for OLR at the top of the atmosphere, both WRF and WRF/Chem performances show 

underpredictions; WRF performance is slightly better compared to WRF/Chem, with an NMB 

of -5.8% compared to -6.3%. The OLR is likely to be more affected by stratospheric O3 which 

uses the default profile in both WRF and WRF/Chem. In addition, Montornes et al. (2015) 

showed that the O3 profiles provided in the WRF model including the RRTMG scheme has 

significant limitations due to the simplified representation of spatial and temporal variability 

of O3 concentrations – for example, RRTMG uses a single O3 profile for all latitudes and 

seasons. Both WRF and WRF/Chem perform similarly for LWCF, however, for SWCF; 

WRF/Chem overpredicts the magnitude of the SWCF, while WRF underpredicts the 

magnitude of SWCF. The spatial pattern for SWCF is influenced by CWP more than CF. The 

statistics for WRF CF is similar to WRF/Chem CF; however, as shown by the spatial pattern 

for CWP in Figure 4.2.6, over the western portion of the domain, WRF is underpredicting 

CWP as compared to MODIS. WRF/Chem is also underpredicting CWP over the western 

portion of the domain, although not as significantly as WRF. As shown in Figure 4.2.6, 

WRF/Chem overpredictions come mainly from the eastern portion of the domain over the 

ocean. WRF simulations also overpredict SWCF over the same region; however, WRF 

simulations significantly underpredict SWCF over the western portion of the domain, likely 

due to underpredictions of aerosols and therefore clouds over U.S., as shown by CWP. As 

shown in Figure 4.2.7, for albedo, the worst performances for WRF and WRF/Chem are for 

the winter seasons due to errors in snow cover. The differences between WRF and WRF/Chem 
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albedo are not too significant, with WRF/Chem performing slightly better compared to WRF 

for the site at Bondville, IL during the winter months. The surface albedo is likely to affect 

GSW, with WRF/Chem performing significantly better (lower NMEs by ~4.0%) compared to 

WRF as shown in Tables 4.2.3 and 4.2.4 for both RCP4.5 and RCP8.5.  

4.2.6. Comparison between current and future simulations 

 

Figures 4.2.8 to 4.2.11 show the absolute differences between current and future year 

simulations for major surface meteorological, chemical and aerosol-cloud-radiation variables 

for RCP4.5 and RCP8.5 WRF/Chem simulations. The absolute differences between current 

and future year simulations for surface meteorological variables are also shown for WRF only 

simulations. The figures are averaged over the 10-year period for each current and future year 

simulation. 

4.2.6.1.Comparison for current vs. future for WRF/Chem simulations under the RCP4.5 

scenario 

 

For the RCP4.5 simulations for WRF/Chem, as shown in Figure 4.2.8, domainwide 

average T2 increases by ~2 oC, while hourly maximum T2 increases by 3.1oC, mainly over the 

north-central U.S. The largest relative increases are however in the colder areas over Canada. 

Trail et al. (2013) conducted 5-year RCP4.5 current and future year simulations with WRFv3.4 

without chemistry and showed a 1 oC warming in the future; however, the warming mainly 

occurs in the western U.S. and over Canada. However, based on this study, for RCP4.5, the 

largest warming occurs over north-central U.S., even though there are also significant warming 

over western U.S. and Canada. Other studies based on the RCP4.5 scenarios have shown 

similar warming patterns over continental U.S., including studies using the global model GISS 

ModelE2 (Nazarenko et al., 2015), which shows warmer areas in Canada and the central U.S. 

comparing the late 21st century (2081-2100) and 1986-2005 as well as warmer areas in Canada, 
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the north-central U.S. and the western U.S. from the fifth-generation Canadian regional climate 

model (CRCM5) comparing 2071-2100 and 1981-2010 (Separovic et al., 2013). The changes 

in water vapor (Q2) mixing ratio at 2m between future and current climate follow closely the 

pattern for changes in T2. In general, average water vapor mixing ratios increase in the future 

climate. The largest increases in Q2 occur where the T2 changes are the smallest, near the 

coastal areas, gradually decreasing inland. A similar trend in seen for precipitation, the largest 

increases in precipitation occur over the ocean and near the coastal areas, while for the central 

U.S. there is a decrease in precipitation. There are also differences in the precipitation 

projections from different studies - Trail et al. (2013) showed a decrease in precipitation over 

northwestern U.S. and increases in precipitation over all other parts of the U.S.; Separovic et 

al. (2013) showed different precipitation trends for December to February – increases over 

most parts of the U.S. but decrease over Mexico and for June to August – decreases in the 

north central U.S. and Canada and increases over other parts of the U.S.; Wang and Kotamarthi 

(2015) showed decreases in precipitation over southwestern and south-central U.S. and 

increases in all other parts of the U.S. and Canada with both WRF and CCSM4 and Nazarenko 

et al. (2015) showed the largest increases in precipitation over eastern U.S. and Canada. WS10 

in general increased over most parts of the U.S. due to the increase in T2, with larger increases 

in Canada and Mexico. Planetary boundary layer heights (PBLH) also increase over most parts 

of the U.S. due to the increase in T2, and the combination of the increase in WS10 and PBLH 

will help to increase dispersion of pollutants, reducing their concentrations.  

The radiation variables also in general increase over land. From Figure 4.2.9, 

SWDOWN and OLR are seen to increase over land and the ocean in the eastern portion of the 

domain but decrease over the ocean in the western portion of the domain. GLW is seen to 
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increase over land and ocean due to increases in greenhouse gases in the future scenario by ~ 

10 W m-2. The domainwide increase for SWDOWN in this study is ~3 W m-2 which is 

consistent with the SWDOWN results from Trail et al. (2013), which showed increases in 

SWDOWN of between 0 to 6 W m-2 over the North American domain. The increases and 

decreases in SWDOWN are linked to the cloud variables, which will be discussed later in 

section 4.2.7. The trend for OLR is similar to that of the WRF simulations, with a general 

increase over land by ~0.6 W m-2.  

O3 mixing ratios decrease over most parts of the U.S. with a domainwide average 

decrease of ~ -2 ppb with the exception of major urban cities in California and over the 

northeastern U.S. with a maximum increase of ~10 ppb. This pattern is also found from the 

CAM-Chem simulations from Gao et al. (2013), especially during the fall and spring seasons. 

According to Gao et al. (2013), the increases in O3 mixing ratios in the major urban cities in 

California and over the northeastern U.S. are due to decreased NO titration due to the reduction 

of significant NOx emissions. NOx spatial plots are not shown as NOx concentrations decrease 

in general over the whole continental U.S. for both RCP4.5 and RCP8.5 scenarios. This is 

possible as both VOCs (Figure 4.2.10) and NOx concentrations decrease over the northeastern 

U.S. in this study, yet O3 mixing ratios increase over the northeastern U.S. Figure 4.2.12 shows 

the spatial plots for RCP4.5 and RCP8.5 total reactive nitrogen (NOy) and concentrations of 

ozone to total reactive nitrogen (O3/NOy) O3 indicators. The indicators NOy and O3/NOy were 

chosen based on the findings of Campbell et al. (2015), which showed that these indicators 

were the most robust, as compared to other O3 surface indicators including concentration ratios 

of hydrogen peroxide to nitric acid (H2O2/HNO3), formaldehyde to total reactive nitrogen 

(HCHO/NOy) and formaldehyde to nitrogen dioxide (HCHO/NO2). Based on Zhang et al. 
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(2009), the NOx-limited transition values for NOy and O3/NOy are ≤5 ppb and ≥15 respectively. 

Based on these indicators, the current-year RCP4.5 and RCP8.5 plots show mainly NOx-

limited regions over the western U.S.; and VOC-limited regions over the eastern U.S. and over 

major cities and urban areas in the western U.S. However, the future-year RCP4.5 plots show 

more NOx-limited regions as compared to the future-year RCP8.5 plots which have more 

VOC-limited regions especially over the entire continental U.S., but especially over the eastern 

U.S. It is possible that the significant decrease in NOx emissions results in the decrease in O3 

mixing ratios for RCP4.5 over most parts of the U.S.  

The decrease in O3 mixing ratios as well as the increase in surface water vapor results 

in a decrease in OH mixing ratios (Fiore, 2014). The concentrations of other major gases 

including CO, SO2, NO, NO2, and peroxy acetyl nitrate (PAN) are also reduced due to 

decreases in emissions (Figures not shown). NH3 concentrations increase due to increase in 

NH3 emissions. Concentrations of biogenic emissions and therefore biogenic VOCs including 

formaldehyde, isoprene, and terpene also increase due to the increase in T2 and radiation. Due 

to increases in biogenic VOCs (Figure not shown), TSOA in general increases over the U.S., 

with the exception of California and Nevada, due to increases in biogenic SOA (BSOA) from 

biogenic VOCs over this area. The anthropogenic emissions also show an increase in VOCs 

over Canada (Figure E5), which leads to an increase in TSOA over Canada for RCP4.5. PM2.5 

also decreases over continental U.S. with a domainwide average decrease of ~ 1.5 g m-3 (~ -

30%) with the exception of portions of Canada due to decreases in most PM2.5 species including 

NH4
+, SO4

2-, NO3
-, EC and anthropogenic SOA. Primary OA (POA) and BSOA show mainly 

increases over continental U.S. (Figure not shown).  
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Due to the decreases in PM2.5 concentrations, CDNC also show decreases over almost 

the whole domain (Figure 4.2.11). The spatial distribution of the decrease in CDNC 

concentrations are also similar to decreases in PM2.5 concentrations, with the largest decreases 

in both CDNC and PM2.5 concentrations occurring over the northeastern U.S. Due to decreases 

in CDNC, COT also decreases over most parts of the domain except for the western portion of 

the U.S. CWP also decreases over most parts of the land area. However, CWP shows increase 

over the ocean and over a portion of southeastern U.S. The plots for CWP are very similar to 

the difference plots for precipitation. Generally there is an increase in moisture over the ocean, 

increasing CWP even though CDNC decreases. SWCF also generally decreases over the whole 

domain except for over the ocean in the western portion of the domain, similar to COT. Over 

the ocean in the western part of the domain, COT, CWP and SWCF plots show increases in 

cloud amounts, which results in a decrease in SWDOWN. Correspondingly, over land, COT, 

CWP and SWCF plots show decreases in cloud amounts, which results in an increase in 

SWDOWN.  

4.2.6.2.Comparison for current vs. future for WRF/Chem simulations under the RCP8.5 

scenario 

 

For the RCP8.5 simulations, domainwide average T2 also increases by ~2 oC, while 

hourly maximum T2 increases by 2.9 oC, mainly over the western and central U.S. The spatial 

pattern for T2 for RCP8.5 is different compared to RCP4.5. However, it is more similar to 

Trail et al. (2013), as well as the summer spatial plots for T2 from Leung and Gustafson (2005) 

for the differences in the period 2045-2055 and 1995-2005 based on IPCC A1B scenario. Gao 

et al. (2012) also showed that the largest increases in heat wave duration and frequency based 

on the daily maximum temperature are as simulated by WRFv3.2.1 are seen mainly over the 

western U.S. Similar to RCP4.5, the changes in water vapor (Q2) mixing ratio at 2m between 
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future and current climate follow closely the pattern for changes in T2. However, there are 

smaller changes for Q2 for RCP8.5 compared to RCP4.5 due to the smaller changes in T2. 

Larger changes for RCP8.5 compared to RCP4.5 are observed for precipitation instead. 

Precipitation in general increases over the whole domain with the largest increases over the 

southeastern U.S. This trend is similar to the results from Wang and Kotamarthi (2015) based 

on the RCP8.5 scenario using the WRF RCM, which also show the largest increases from 

1995-2004 to 2045-2054 over the southeastern U.S. However, Wang and Kotamarthi (2015) 

also show decreases in precipitation over south-central U.S., while for this study there are small 

decreases in precipitation over south-central U.S. as well as north-central U.S. Nolte et al. 

(2008) also showed  a very similar precipitation pattern with simulations carried out with the 

MM5 model based on the A1B scenario comparing differences between summer 2048-2052 

and 1999-2003, with the largest increases in precipitation over the southeastern U.S. and very 

small differences in precipitation over other parts of the U.S. At least for the RCP8.5 scenario, 

the common findings for this study and other studies from literature show increases in 

precipitation over southeastern U.S. The largest increases in WS10 occur in central U.S. and 

central Canada with very small decreases in WS10 in eastern and western Canada. PBLH 

height also in general increases over most parts of the U.S.  

The mean average domainwide increase in shortwave radiation is ~3.2 W m-2 with 

larger increases over the central and eastern U.S. compared to the western U.S. and Canada. 

SWDOWN, on a domainwide average has a slightly higher increase for WRF/Chem RCP8.5 

compared to WRF/Chem RCP4.5 at ~3 W m-2. The larger increase in precipitation for RCP8.5 

is likely due to the larger increase in SWDOWN for RCP8.5. GLW also increases with a 

domainwide average of ~11.0 W m-2. OLR also increases over the whole domain with the 
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exception of some parts of the ocean with a domainwide average increase of ~1.0 W m-2. The 

larger increase in GLW is due to the larger increase in GHG concentrations for RCP8.5 as 

compared to RCP4.5.   

O3 mixing ratios in general increase with the RCP8.5 scenario with a domainwide 

increase of ~2.6 ppb. Large increases in O3 mixing ratios of up to ~17 ppb can be seen over 

major cities mainly in the northeastern U.S. and California. Again, similarly this pattern for O3 

mixing ratios is also seen in the simulations from Gao et al. (2013) for RCP8.5 scenarios using 

CAM-Chem for the spring, fall and winter seasons which also show increases in O3 mixing 

ratios over most parts of the U.S. The same study also showed the largest increases in O3 

mixing ratios over major cities in the eastern U.S. and California in winter. Gao et al. (2013) 

attributed the O3 increases in RCP8.5 due to high concentrations of methane which could 

contribute to increases of O3 mixing ratios as large as 4 to 8 ppb.  As mentioned earlier, as 

shown in Figure 4.2.12, the future-year RCP4.5 plots show more NOx-limited regions as 

compared to the future-year RCP8.5 plots which have more VOC-limited regions especially 

over the entire continental U.S., but especially over the eastern U.S. The increase in O3 mixing 

ratios over the areas where there is reduction in both NOx and VOC concentrations are possibly 

due to decreased NO titration due to reduction in NOx emissions, as explained earlier. In 

addition, especially over the western U.S., the decrease in VOC concentrations for RCP8.5 is 

small compared to the decrease in VOC concentrations for RCP4.5. As more locations are 

VOC-limited in the future RCP8.5 scenario, a slight increase in VOC concentrations can 

increase O3 mixing ratios significantly, leading to increased O3 mixing ratios domainwide in 

general for the RCP8.5 scenario. The opposing trends between O3 mixing ratios for 

WRF/Chem RCP8.5 and RCP4.5 are explored further in Section 6.4. 
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Similar to RCP4.5, TSOA concentrations do not vary by much in general over the U.S., 

with the largest decreases in California and Arizona, but with magnitudes of < 1 g m-3 due to 

large decreases in VOC concentrations over those areas as shown in Figure 4.2.10. TSOA for 

RCP4.5 shows an obvious increase over Canada, but not so much for RCP8.5, due to the 

anthropogenic VOC emissions increase over Canada for RCP4.5 as shown in Figure E5. 

However, as compared to RCP4.5 which shows increase in TSOA over southeastern U.S., 

RCP8.5 shows a decrease, due to the lower VOC mixing ratios over southeastern U.S. for 

RCP8.5 as shown in Figure 10. PM2.5 concentrations however, decrease over all parts of the 

U.S. for RCP8.5 with a domainwide average decrease of ~1.7 g m-3 (~-35%), but with 

localized decreases of up to 26 g m-3.  The spatial pattern for the decrease in PM2.5 

concentrations are also similar to RCP4.5, with the largest decreases over eastern U.S. PM2.5 

concentrations also decrease to a larger extent over urban areas in California for RCP8.5 

compared to RCP4.5. The larger decrease in PM2.5 concentrations for RCP8.5 as compared to 

RCP4.5 are due to larger decreases in EC and ASOA. In addition, POA increases for RCP4.5 

but decreases for RCP8.5. The decrease in SO4
2-, NH4

+ and NO3
- are smaller for RCP8.5 as 

compared to RCP4.5 (Figures for PM species are not shown).  

Similar to RCP4.5, due to decreases in PM2.5 concentrations, CDNC also decreases for 

RCP8.5 over the whole domain as shown in Figure 4.2.11. However, the decrease in CDNC 

for RCP8.5 is not as large as the decrease in CDNC for RCP4.5 even though the PM2.5 

concentrations decrease to a larger extent for RCP8.5 as compared to RCP4.5. This is because 

there are smaller decreases in PM2.5 species (e.g. SO4
2-, NH4

+ and NO3
-) that can form cloud 

droplets for RCP8.5 as compared to RCP4.5. For RCP8.5, COT decreases to a larger extent 

over the whole domain for RCP8.5 compared to RCP4.5. A similar trend is seen for CF (Figure 
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not shown). The increased radiation for RCP8.5 compared to RCP4.5 result in increased 

precipitation, resulting in reduced cloud cover, CWP and COT. Similar to RCP4.5, CWP also 

decreases mainly over land but decreases over the ocean. As cloud cover is reduced, SWCF 

also decreases to a larger extent over the whole domain for RCP8.5 compared to RCP4.5.  

4.2.6.3.Comparison for RCP4.5 and RCP8.5 current vs. future for WRF only simulations 

 

As shown in Figure 4.2.8, the difference in maximum T2 between current and future 

year simulations for RCP4.5 and RCP8.5 WRF only simulations occur in the western U.S. The 

spatial pattern is most similar to results from Trail et al. (2013) which show largest differences 

in T2 over western U.S. and western Canada, as compared to the spatial distribution differences 

for WRF/Chem RCP4.5 and RCP8.5 simulations, as Trail et al. (2013) uses the WRF model 

with prescribed gas and aerosol concentrations. The largest domainwide mean absolute and 

percentage differences in T2 and Q2 are also seen in the WRF RCP8.5 model at 2.1oC and 

16.5%, and 1 g kg-1 and 12% respectively as compared to the WRF/Chem RCP4.5 and RCP8.5 

simulations. On the other hand, WS10 differences for WRF simulations are much smaller 

compared to WRF/Chem RCP4.5 and RCP8.5 simulations due to very small differences in 

SWDOWN for WRF which will be discussed later. Precipitation differences for WRF are 

similar to the spatial patterns from WRF/Chem, with the largest increases occurring over 

southeastern U.S. However, the increase in precipitation is much larger for WRF/Chem 

compared to WRF over southeastern U.S. due to the larger increase in SWDOWN for 

WRF/Chem compared to WRF for both RCP4.5 and RCP8.5.  

As shown in Figure 4.2.9, spatial patterns for PBLH for WRF/Chem and WRF RCP8.5 

are very similar with the largest increases in PBLH over western U.S. (except California), and 

the largest decreases in PBLH occur over the ocean in the western portion of the domain. 
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Increases in PBLH are smaller for RCP8.5 WRF compared to WRF/Chem due to differences 

in SWDOWN. Spatial patterns for PBLH for WRF/Chem and WRF RCP4.5 are also similar, 

however, with a hotspot over the central U.S. instead, due to the differences in the spatial 

patterns for T2. Differences in SWDOWN for future and current RCP8.5 WRF are very small 

and close to zero especially over the land, likely due to the fact that the prescribed aerosol 

concentrations were not changed from current to future year scenarios. When simulating WRF 

without chemistry for current and future year simulations, the prescribed aerosol 

concentrations would have to be modified to account for the different aerosol concentrations 

for current and future year periods, to have an effect on SWDOWN values. The very small 

differences in SWDOWN between current and future year simulations result in small 

differences in WS10 for WRF. Differences in GLW are much larger for WRF RCP8.5 

compared to WRF/Chem RCP4.5 and RCP8.5 scenarios. Domainwide mean spatial 

differences between the increases in future WRF and WRF/Chem GLW for both RCP4.5 and 

RCP8.5 are ~2 W m-2. The larger increase in WRF GLW compared to WRF/Chem is likely 

due to larger increases in CF (Figure not shown) and water vapor mixing ratios for WRF 

compared to WRF/Chem. Lastly there are no significant differences between OLR from WRF 

and WRF/Chem RCP8.5 simulations, as the OLR is likely to be influenced to a larger extent 

by stratospheric O3 which is a default profile in both WRF and WRF/Chem. 

4.2.6.4.Sensitivity simulations for O3  

 

 One-month sensitivity simulations are carried out to quantify the effects of chemical 

BCONs, methane (CH4) and NOx emissions on the decrease/increase in O3 mixing ratios for 

future RCP4.5 and RCP8.5 scenarios respectively. Figure 4.2.13 shows the plots for the 

different sensitivity simulations. The plots show the differences between the future scenarios 
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of April 2048, and the current scenarios of April 2003. These two months are chosen as 

representative months; as the RCP4.5 and RCP8.5 O3 future – current trends for these months 

(Base RCP4.5 and Base RCP8.5 in Figure 4.2.13) are similar to the 10-year differences, where 

O3 increases in general for RCP8.5 and decreases in general over land for RCP4.5. The 

sensitivity simulations include the (i) RCP8.5 inputs for future scenario, except RCP4.5 

background CH4 levels are used instead; (ii) RCP8.5 inputs for the future scenario, except 

RCP4.5 background CH4 levels are used instead, and for NOx emissions where RCP4.5 NOx 

emissions are used instead; (iii) RCP8.5 inputs for the future scenario, except RCP4.5 

background CH4 levels are used instead, and for BCONs where RCP4.5 BCONs are used 

instead; and (iv) RCP8.5 inputs for future scenario, except RCP4.5 background CH4 levels are 

used instead and CH4+OH chemistry to produce O3 is switched off. For the base RCP4.5 case, 

average O3 levels decrease by -1.9 ppb. For the base RCP8.5 case, average O3 levels increase 

by 2.2 ppb. For the RCP8.5 case using background RCP4.5 CH4 levels, average O3 levels 

increase by 1.2 ppb, which means that the future CH4 levels contribute significantly (~1.0 ppb) 

to the increase in RCP8.5 O3 levels. These results are consistent with the study by Gao et al. 

(2013) which attributed the O3 increases in RCP8.5 due to high concentrations of CH4. The 

NOx emissions also contributed to the differences in O3 levels between RCP4.5 and RCP8.5 – 

the case using RCP4.5 background future CH4 levels and NOx emissions showed a further 

decrease in domainwide average O3 mixing ratios of 0.5 ppb, which means that approximately 

~0.7 ppb decrease of O3 mixing ratios can be attributed to the differences in NOx emissions 

between RCP4.5 and RCP8.5.  It is more difficult to carry out a sensitivity simulation with 

VOC emissions, as the biogenic emissions are calculated online, and depend on factors such 

as T2 and SWDOWN. Case (iii) with RCP4.5 background future CH4 levels and RCP4.5 
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BCONs, in comparison with case (ii), shows that the influence of BCONs is significant. Using 

RCP4.5 BCONs reduces the difference between future and current scenario by ~2.1 ppb, such 

that the O3 future – current trend completely shifts from positive to negative. Switching off 

CH4+OH chemistry also reduces the O3 levels for the future scenario to a large extent, 

comparing (i) and (iv) shows that the domainwide average O3 levels also decrease by > 2 ppb. 

The sensitivity simulations show that the CH4 levels and the chemical BCONs contribute to 

the most to the increase in O3 mixing ratios.  

4.2.6.5.Impact of policy scenarios on future air quality and climate over the continental U.S. 

 

The increase in average T2 and maximum T2 from current to future years for 

WRF/Chem are slightly higher for RCP4.5 compared to RCP8.5, even though intuitively the 

RCP4.5 case should result in a lower increase for the future scenario as compared to RCP8.5. 

This is not the case for RCP4.5 and RCP8.5 WRF only simulations, which shows a larger 

increase in T2 for RCP8.5 compared to RCP4.5. Both RCP4.5 and RCP8.5 WRF/Chem 

scenarios produce a domainwide mean increase of approximately 2oC, however, with varying 

magnitudes for different locations in the U.S. The differences in spatial distributions of T2 are 

influenced by the distribution of aerosol particles for the different scenarios. A different spatial 

pattern for WRF only T2 differences is also seen. However, all cases show that the current vs. 

future differences are smaller for the southeastern U.S. compared to western U.S. and Canada. 

The largest differences in T2 are seen for the RCP8.5 WRF only case, followed by the RCP4.5 

WRF/Chem case, the RCP8.5 WRF/Chem and lastly the RCP4.5 WRF only case. The RCP8.5 

scenario is supposed to produce the largest radiative forcing level at 2100 at 8.5 W m-2, as 

compared to the RCP4.5 scenario, at 4.5 W m-2. Intuitively, the RCP8.5 scenario at 2050 should 

be on the way to having higher T2 levels compared to the RCP4.5 scenario, and this is shown 
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in the WRF RCP8.5 simulations. However, it is not seen for the WRF/Chem RCP8.5 

simulations, which indicates the importance of emissions and chemistry and its non-linear 

effects on T2. In addition, there are a number of studies which use RCMs without simulating 

dynamic aerosol and chemistry (e.g. Trail et al., 2013), or use offline-coupled models that 

separate the meteorological simulations and chemistry (e.g. Gao et al., 2013; Sun et al., 2015). 

These results show that the meteorological predictions without the inclusion of dynamic 

aerosol and chemistry can produce different results for important surface meteorological 

parameters such as T2. In addition, the distribution of emissions over U.S. can influence the 

magnitude of increase of T2, Q2, average WS10 and precipitation over different locations in 

the U.S. in the future. The future is also more moist (increases in Q2) for all four cases as 

compared to the current scenarios. In all cases, precipitation is shown to increase over the 

southeastern U.S. in the future. However, the simulations with WRF/Chem also show a shift 

in the spatial coverage of increased precipitation over the southeastern U.S., with lower 

increases in Florida, and higher increases in Tennessee, Alabama and Mississippi, as compared 

to the WRF only simulations.  

The predicted changes in O3 mixing ratios are extremely different for RCP4.5 and 

RCP8.5 scenarios. Over the northeastern U.S. and in major cities in California, even though 

NOx and VOC emissions decrease, both RCP4.5 and RCP8.5 scenarios show increases in O3 

mixing ratios, up to a maximum of 10 ppb for RCP4.5 and up to 17 ppb for RCP8.5. Over 

other parts of the U.S., the RCP4.5 scenario show decreases in O3 mixing ratios of up to ~2.2 

ppb while the RCP8.5 scenario show increases in O3 mixing ratios. In addition, these results 

are similar to those from Gao et al. (2013). This is an important finding with regards to policy 

issues in the reduction of O3 mixing ratios over the U.S. Reducing VOC and NOx emissions 
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for the whole U.S. might not lead to decreases in O3 mixing ratios, but might lead to an increase 

in O3 mixing ratios in the future as shown in all parts of the U.S. for RCP8.5, and in urban 

areas in RCP4.5. In addition, regulatory agencies would have to take into consideration the 

increase in the biogenic VOCs due to increases in T2 in the future. O3 mixing ratios in the 

future are also more likely to increase due to increases in T2, SWDOWN and GLW at the 

surface. Each city, county or state, depending whether it is a VOC-limited or NOx-limited area 

would have to take into account the possibility of an indicator-regime change in the future to 

control O3 mixing ratios.  

PM2.5 concentrations decrease in general for both cases RCP4.5 and RCP8.5, largely 

over the eastern U.S. (where original current PM2.5 concentrations were higher) and over major 

cities in western U.S. The decrease in PM2.5 concentrations in the future will help to improve 

health effects and visibility overall, however, the changes in PM2.5 species concentrations will 

influence the changes in aerosol-cloud variables which will then affect changes in radiation 

variables. For example, larger decreases in more soluble PM2.5 species such as SO4
2-, NO3

- and 

NH4
+ will to a larger extent reduce the CDNC, as compared to reducing insoluble PM species 

such as EC or dust. The differences in emission scenarios affect radiation at the top of the 

atmosphere to a larger extent compared to shortwave and longwave radiation at the surface. 

The increase in OLR from the current to the future scenario is larger with RCP8.5 as compared 

to RCP4.5 by ~1 W m-2.  
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4.2.7. Impact of downscaling on regional air quality and climate predictions 

 

4.2.7.1.Comparison of WRF/Chem with CESM_NCSU results for current decades 

 

Table 4.2.5 summarizes the statistics for several major surface meteorological, 

chemical and aerosol-cloud-radiation variables for CESM_NCSU results for both RCP4.5 and 

RCP8.5 over continental U.S. These statistics can be compared with the statistics for 

WRF/Chem performance from Table 4.2.3 to determine if downscaling improves surface 

meteorological, chemical and aerosol-cloud-radiation variables. From Tables 4.2.3 and 4.2.5, 

WRF/Chem performs much better compared to CESM_NCSU when evaluated against NCDC 

data for T2, RH2 and WS10 for both RCP4.5 and RCP8.5 current year simulations considering 

all statistical metrics in the tables – including Corr, NMB and NME.  For T2, the domainwide 

MBs for WRF/Chem are -0.3 and -0.4oC, while for CESM_NCSU they are –0.9 and -1.2oC.  

Figure 4.2.14 shows the spatial distribution of MBs for the T2, RH2, WS10 and precipitation 

against NCDC data. The spatial distribution of MBs for T2 show that CESM_NCSU is mainly 

underpredicting T2 over most of continental U.S. CESM_NCSU also underpredicts T2 to a 

larger extent over eastern and western U.S., but performs better than WRF/Chem over portions 

of the central U.S. In this CESM_NCSU version, the advanced treatment of aerosols results in 

less radiation reaching the ground as compared to the default tuned CESM from NCAR, 

causing underpredictions of T2. The underpredictions of T2 by CESM_NCSU also results in 

large overpredictions of RH2, by more than 13% domainwide according to Table 4.2.5. As 

shown in Figure 4.2.14, for RH2 for both WRF/Chem and CESM_NCSU, where T2 is 

underpredicted, RH2 is overpredicted and vice versa. WS10 is overpredicted by WRF/Chem 

by ~10% but underpredicted by CESM_NCSU by ~20%. WRF/Chem tends to overpredict 

WS10 over areas in the eastern U.S., but underpredict WS10 over areas in the central U.S. 



 

306 

 

However for CESM_NCSU, with the exception of the coast, WS10 is underpredicted over the 

whole U.S. This is likely due to the grid resolution of CESM_NCSU, which is coarse. 

CESM_NCSU is not able to resolve the surface features and topography on a fine scale that 

can affect surface wind speeds. As shown in Figure 4.2.18, WS10 from CESM_NCSU has low 

resolution – there are not many changes in WS10 due to different terrains or areas. 

CESM_NCSU also performs extremely well for precipitation against PRISM and GPCP, with 

correlation coefficients of 0.8 and 0.9 for both RCP4.5 and RCP8.5, as compared to 

WRF/Chem which overpredicts precipitation to a large extent. From Figure 4.2.14, when 

compared against hourly NCDC precipitation data, CESM_NCSU slightly overpredicts 

precipitation for most areas over continental U.S. As shown in Figure 4.2.19, WRF/Chem, 

however, is seen to overpredict precipitation especially along the coast over eastern U.S. as 

well as over northwestern U.S. As mentioned earlier in the evaluation section, WRF/Chem 

does not perform too well for precipitation in general. In addition, while WRF/Chem simulates 

hourly precipitation data which can give rise to more errors due to the errors in frequency and 

magnitude of precipitation, CESM_NCSU produces monthly averaged precipitation.  

For chemical species, it is difficult to have a fair comparison between the performances 

of WRF/Chem and CESM_NCSU. The outputs from CESM_NCSU are on a monthly basis as 

compared to the hourly basis from WRF/Chem, while O3 observational data from surface 

networks such as CASTNET and AQS are also on an hourly basis. The U.S. Environmental 

Protection Agency (U.S. EPA) also has maximum 1-hr and 8-hr O3 standards in the National 

Ambient Air Quality Standards (NAAQS) following exposure studies to protect human health, 

and this cannot be calculated from CESM_NCSU results. As a result, CESM_NCSU predicts 

much higher O3 mixing ratios as compared to WRF/Chem, with NMBs of >40% and >59% as 
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compared to WRF/Chem’s -2% and >2% when evaluated against hourly CASTNET and AQS 

respectively. Figure 4.2.15 shows the overlay plots for WRF/Chem and CESM_NCSU RCP4.5 

simulations for O3 mixing ratios against AQS and CASTNET. The O3 mixing ratios predicted 

by CESM_NCSU, on a domainwide average are ~10ppb higher than that predicted by 

WRF/Chem. This is also likely due to problems in the dry deposition of O3 mixing ratios in 

CESM_NCSU. Val Martin et al. (2014) showed that correcting the dry deposition in CESM 

by linking the leaf and stomatal resistances to the leaf area index helped to improve the 

summertime surface O3 bias from 30ppb to 14ppb over eastern U.S. WRF/Chem, on the other 

hand, performs very well in predicting O3 mixing ratios. For PM2.5 concentrations against 

IMPROVE, the performance for CESM_NCSU is slightly better as compared to WRF/Chem, 

however CESM_NCSU has larger underpredictions of PM2.5 concentrations against STN 

compared to WRF/Chem. While IMPROVE sites are located at national parks and wilderness 

areas (http://vista.cira.colostate.edu/improve), STN sites can be located in urban, suburban or 

rural areas. The larger grid resolution of CESM_NCSU will not be able to capture site-specific 

PM2.5 concentrations from STN sites. However as shown in Figure 4.2.15, CESM_NCSU does 

perform relatively well for PM2.5, and the spatial distribution of PM2.5 concentrations are 

comparable and very similar to WRF/Chem. However, when considering the model 

performance on a smaller scale such as on a state-level, WRF/Chem performs better than 

CESM_NCSU, for example, over Texas, WRF/Chem is able to capture the PM2.5 

concentrations closer to the observational data compared to CESM_NCSU.  

For the radiation variables, both WRF/Chem and CESM_NCSU use the RRTMG 

scheme. However, as shown in Tables 4.2.3 and 4.2.5, the MB for SWDOWN against CERES 

for WRF/Chem is smaller than that from CESM_NCSU (~0.2 Wm-2 compared to ~2.0 Wm-2); 

http://vista.cira.colostate.edu/improve
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however, the correlation coefficient for CESM_NCSU is 1.0 as compared to WRF/Chem’s 0.8. 

In addition, the correlation coefficient for CESM_NCSU performance is 1.0 for evaluation 

against CERES SWDOWN, GSW, GLW and OLR, but ranges from 0.6 to 1.0 for WRF/Chem. 

In short, CESM_NCSU performs very well for all the evaluated radiation variables, and much 

better as compared to WRF/Chem. Figure 4.2.16 shows the spatial plots for selected radiation 

variables for both CESM_NCSU and WRF/Chem for RCP4.5 as well as from CERES. The 

spatial patterns for radiation variables for CESM_NCSU are very similar to CERES. For 

WRF/Chem, in general the spatial patterns are similar to CERES; however, there are several 

areas over continental U.S. where radiation is too low or too high, especially over the ocean 

over the eastern coast of the U.S., which are likely due to poor performance of cloud variables 

for WRF/Chem, which will be discussed later. For SWCF, WRF/Chem overpredicts the SWCF 

by ~8 W m-2, and overpredicts the LWCF by ~7 W m-2, while CESM_NCSU overpredicts 

SWCF by ~5 W m-2, and performs extremely well for LWCF with MB < ±0.5 W m-2. Similarly, 

for both SWCF and LWCF as shown in Figure 4.2.16, the large overpredictions by WRF/Chem 

come from the eastern portion of the domain over the ocean.  

In this study, WRF/Chem performs relatively poorly for cloud variables when 

evaluated against MODIS. The WRF/Chem plots for aerosol-cloud variables evaluated against 

MODIS are extracted from 15Z to 20Z periods only according to the MODIS pass over North 

America. The cloud variables affect radiation performance by WRF/Chem significantly. 

Unlike WRF/Chem, CESM_NCSU variables cannot be extracted for 15Z to 20Z over 

continental U.S. CESM_NCSU aerosol-cloud variables are instead averaged on a monthly 

basis, and compared to MODIS data, which also gives rise to biases. As shown in Figure 4.2.17, 

AOD spatial pattern for WRF/Chem RCP4.5 is similar to CESM_NCSU, except for the 
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magnitude of AOD, which could arise due to the differences in averaging. MODIS predicts 

higher AOD over the eastern U.S., which is not the case for both WRF/Chem and 

CESM_NCSU. Both WRF/Chem and CESM_NCSU AOD spatial patterns are similar to the 

PM2.5 spatial pattern. WRF/Chem predicts CF relatively well as compared to MODIS data. The 

underprediction for CESM_NCSU is due to the averaging of CESM_NCSU monthly output. 

CDNC for WRF/Chem is largely underpredicted while CDNC for CESM_NCSU is 

overpredicted as compared to MODIS data. However, the spatial patterns are similar for 

WRF/Chem, CESM_NCSU and MODIS data. CWP over the ocean in the eastern portion of 

the domain for WRF/Chem is significantly overpredicted. This is due to large overpredictions 

in the cloud rain mixing ratio (QRAIN) in WRF/Chem, which also contributes to large 

overpredictions of precipitation over the same area. The overpredictions in CWP are also seen 

in WRF/Chem COT. This results in overpredicted LWCF and SWCF, as well as 

underpredicted SWDOWN and OLR over the same region. Overall, over land, CDNC, CWP 

and COT are underpredicted for WRF/Chem. The correlation coefficients for CESM_NCSU 

are also poor for AOD and CF (~0.1), moderate for CDNC (0.4) and CWP (0.6), and relatively 

good for COT at 0.7. Despite these results, CESM_NCSU performs very well for radiation 

variables due to them being tuned to the current and future year scenarios.  

 

4.2.7.2.Comparison of changes in future AQ and climate predicted by WRF/Chem and 

CESM_NCSU  

 

Figures 4.2.18 to 4.2.22 show the spatial plots of current and future RCP4.5 and 

RCP8.5 simulations from WRF/Chem and CESM_NCSU for several selected meteorological, 

chemical and aerosol-cloud species. The figures show that the biases from the current year 

simulations tend to also be seen for the future simulations. The spatial patterns for most 
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meteorological, chemical and aerosol-cloud species tend to remain the same, however, with 

decreases in magnitude. This section will not focus on the biases from current year simulations, 

but will focus on the differences in the changes from current to future years between 

WRF/Chem and CESM_NCSU simulations. In addition, WRF/Chem future year simulations 

have been bias-corrected with the same magnitudes as the differences between the WRF/Chem 

current year simulations and NCEP data.  

For T2, the spatial patterns are similar with the exception of the finer resolution for 

WRF/Chem, which is obvious over western U.S. For both RCP4.5 and RCP8.5 scenarios, both 

WRF/Chem and CESM_NCSU T2 increase by ~2oC for a domainwide average. Maximum 

domainwide temperatures increase by ~1oC. There are more noticeable differences between 

WRF/Chem and CESM_NCSU, however, in the future year scenarios; for example, higher T2 

is predicted over the Gulf of California for CESM_NCSU for both scenarios compared to 

WRF/Chem. The higher T2 results in higher water vapor mixing ratios in the future for both 

WRF/Chem and CESM_NCSU, with higher water vapor mixing ratios for RCP8.5 (Figure not 

shown). For WS10, in general, both WRF/Chem and CESM_NCSU predict a relatively 

constant domainwide average WS10 for both scenarios despite increases in all radiation 

variables including SWDOWN, GLW, GSW and OLR as well as T2. For precipitation, both 

WRF/Chem and CESM_NCSU show increases in maximum and domainwide average 

precipitation for RCP4.5, but a decrease in domainwide average precipitation for RCP8.5 for 

CESM_NCSU. RCP8.5 WRF/Chem predicts an increase in precipitation unlike 

CESM_NCSU. For WRF/Chem RCP8.5, however, column water vapor mixing ratios (not 

shown) are much lower as compared to the RCP4.5 scenario and the CESM_NCSU RCP8.5 
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case. Therefore, more of the moisture in the atmosphere in WRF/Chem RCP8.5 is converted 

to precipitation, rather than remaining as precipitable water vapor.  

PBLH from WRF/Chem and CESM_NCSU also show significant differences, 

especially over the eastern U.S. WRF/Chem uses the YSU scheme, while for CESM_NCSU, 

the deep convection scheme of Zhang and McFarlane (1995), as well as the shallow convection 

scheme of Park and Bretherton (2009) are used. For current RCP4.5, over eastern U.S., the 

differences in PBLH between WRF/Chem and CESM_NCSU are > 60m. The PBLH for 

WRF/Chem in general is higher over land but lower over the ocean as compared to 

CESM_NCSU, and this is true for both cases RCP4.5 and RCP8.5, as well as for current and 

future year simulations. All WRF/Chem and CESM_NCSU cases, however, show slight 

increases in PBLH in the future, due to increases in T2 and SWDOWN.  

There are differences in SO2 concentrations for current years due to the differences in 

the treatment of SO2 emissions in WRF/Chem and CESM_NCSU. SO2 emissions for 

WRF/Chem are interpolated on an hourly basis from the monthly resolution of RCP emissions, 

and interpolated vertically from the surface RCP emissions, based on the National Emissions 

Inventory (NEI) emission profile from US EPA as described in Yahya et al. (2016). The hourly 

temporal profiles of 2001, 2005, and 2010 RCP emissions are based on the 2002NEI and the 

Air Quality Modelling Evaluation International Initiative (AQMEII) 2006 and 2010 emissions 

(Pouliot et al., 2015) derived based on the 2008 NEI. SO2 emissions from CESM_NCSU are 

based on the monthly RCP emissions, and are distributed vertically within the model. SO2 

mixing ratios for WRF/Chem are higher than CESM_NCSU for both RCP4.5 and RCP8.5 

current cases on an average of ~0.3 ppb domainwide, and with maximum SO2 mixing ratios of 

up to ~12 ppb. WRF/Chem RCP4.5 SO2 mixing ratios decrease by ~70% on average for the 
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future year scenario, while CESM_NCSU decreases by ~77% on average. WRF/Chem RCP8.5 

SO2 mixing ratios decrease by ~66% on average, while CESM_NCSU decreases by 72%. 

Therefore, both WRF/Chem and CESM_NCSU RCP4.5 scenarios show a larger decrease for 

RCP4.5 as compared to RCP8.5. As mentioned earlier, O3 mixing ratios for CESM_NCSU are 

too high when compared against observational data. WRF/Chem RCP4.5 domainwide average 

O3 mixing ratios decrease by ~2 ppb in the future and by ~4 ppb by CESM_NCSU. WRF/Chem 

and CESM_NCSU RCP8.5 domainwide average O3 mixing ratios increase by ~3 ppb in the 

future. Both WRF/Chem and CESM_NCSU show similar trends in average and maximum O3 

mixing ratios from RCP4.5 and RCP8.5 – a decrease for RCP4.5 and an increase for RCP8.5.  

For SWDOWN, both WRF/Chem RCP4.5 and RCP8.5 simulations increase in the 

future by ~4 to 5 W m-2 on average, however CESM_NCSU RCP4.5 and RCP8.5 simulations 

increase by ~2 W m-2 on average. In addition, both WRF/Chem and CESM_NCSU RCP8.5 

SWDOWN increase in the future to a slightly larger extent compared to both WRF/Chem and 

CESM_NCSU RCP4.5 cases. Magnitudes of OLR for both CESM_NCSU current and future 

cases are much higher compared to WRF/Chem cases on an average of > 5 W m-2. The OLR 

for WRF/Chem increases by ~1 to 3 W m-2 for both RCP4.5 and RCP8.5, but increases by ~3 

W m-2 for both RCP4.5 and RCP8.5 cases for CESM_NCSU. This is likely due to total ozone 

column concentrations which are much higher for CESM_NCSU as compared to WRF/Chem 

for both current and future year scenarios. Similar for GLW (figures not shown), the trends for 

both CESM_NCSU and WRF/Chem cases show increased GLW in the future year cases.  

CCN spatial distributions for current year simulations are similar for both WRF/Chem 

and CESM_NCSU simulations, with differences in magnitude. However, current year 

WRF/Chem simulations have lower CCN for both RCP4.5 and RCP8.5 cases by ~0.8 x 108 
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cm-2 and ~0.6 x 108 cm-2 as compared to CESM_NCSU simulations respectively. For RCP4.5, 

the decrease in domainwide CCN for WRF/Chem is ~63%, while for CESM_NCSU; the 

decrease is ~56%. For RCP8.5, the decrease in domainwide CCN for WRF/Chem is ~58% 

while for CESM_NCSU; the decrease is ~28%. The relative decrease for WRF/Chem is much 

higher as compared to CESM_NCSU for CCN, however, both WRF/Chem and CESM_NCSU 

show that the decrease in domainwide CCN is larger for RCP4.5 as compared to RCP8.5. The 

spatial distributions for CF comparing WRF/Chem and CESM_NCSU are different for current 

and future year simulations. As shown in the previous section, CESM_NCSU does not simulate 

the spatial distribution of CF well (note the difference in scales for WRF/Chem and 

CESM_NCSU cases). Both RCP4.5 WRF/Chem and CESM_NCSU simulations show 

decreases in CF for future years. However, for RCP8.5, WRF/Chem shows a decrease in CF, 

however, CESM_NCSU shows a slight domainwide increase. However, over land, RCP8.5 

CESM_NCSU also shows mainly decreases in CF with the exception of southeastern U.S. due 

to influence of clouds from the ocean from the eastern part of the domain.  

 

4.2.8. Summary and Conclusions 

 

Comprehensive model evaluations are carried out for both RCP4.5 and RCP8.5 current 

year simulations to compare the model performance from using different emissions. There are 

negligible differences between the RCP4.5 and RCP8.5 emissions for the year 2000, but there 

are considerable differences between the RCP4.5 and RCP8.5 emissions of air quality variables 

for 2005 and 2010, with larger emissions for RCP4.5 for many variables as compared to 

RCP8.5. As a result, there exist differences in current year model performance between 

RCP4.5 and RCP8.5 with WRF/Chem. For example, there are slight differences between 
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current year surface meteorological and air quality variables between current year RCP4.5 and 

RCP8.5 simulations, for precipitation, O3 mixing ratios and PM2.5 concentrations. However, as 

shown in the statistics, scatter plots and time series plots, the differences are not too significant. 

Overall, WRF/Chem performs very well for T2 with MBs of -0.3 and -0.4 oC for RCP4.5 and 

RCP8.5 respectively, but not as well for precipitation. Precipitation is generally overpredicted 

over both land and ocean for both RCP scenarios for WRF/Chem. WRF/Chem also generally 

performs well for radiation variables (Corr > 0.5 and NMBs < ±20%), but not as well for 

aerosol-cloud-radiation variables. O3 mixing ratios and PM2.5 concentrations are generally well 

predicted by WRF/Chem for both RCP4.5 and RCP8.5 cases with slight differences in model 

performance due to the different emissions. Yahya et al. (2016) has carried out a 

comprehensive evaluation of decadal WRF/Chem simulations to analyze the WRF/Chem 

model performance on a climatological scale. However, due to existing differences in the 

current year scenarios between RCP4.5 and RCP8.5, the differences between the current and 

future year scenarios ((2046 to 2055) – (2001 to 2010)) are analyzed instead to understand the 

impacts of the different policy scenarios on future climate and air quality.   

For the future year scenario, most gas species are reduced to a larger extent for RCP4.5 

as compared to RCP8.5. For PM species, SO4
2- emissions are reduced to a larger extent for 

RCP4.5, however, other species such as EC and unspeciated primary PM2.5 is reduced to a 

larger extent for RCP8.5. For overall PM emissions, RCP8.5 has a larger reduction of 

emissions as compared to RCP4.5. These changes in emissions affect air quality, but also 

meteorological and climate trends for RCP4.5 and RCP8.5. The differences between current 

and future year scenarios have different spatial patterns for WRF/Chem RCP4.5 and RCP8.5 

simulations. In general, both cases predict ~ 2oC increase on average for T2, however, with a 
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slightly larger increase in T2 for RCP4.5 as compared to RCP8.5. WRF, however, predicts 

higher T2 for RCP8.5 compared to RCP4.5. Both RCP4.5 and RCP8.5 simulations also predict 

slight decreases in precipitation over the whole domain, with increases over southeastern U.S. 

O3 mixing ratios decrease over most parts of the U.S. for RCP4.5 with a domainwide decrease 

of ~ 2 ppb, except for major urban cities in California and northeastern U.S. which show 

increases for the future case. However, for RCP8.5, O3 mixing ratios show a domainwide 

increase over all parts of the U.S. of ~ 3 ppb. This is mainly influenced by the higher increase 

in GHG concentrations for future RCP8.5 scenarios compared to RCP4.5, as well as the higher 

mixing ratios of O3 from the chemical ICONs/BCONs from CESM_NCSU. In addition, for 

the current year scenarios, both RCP4.5 and RCP8.5 show mainly NOx-limited regions over 

U.S. and VOC-limited regions over the eastern U.S. and over major cities and urban areas in 

the western U.S., however, in the future year scenarios, RCP4.5 show more NOx-limited 

regions as compared to RCP8.5 which show more VOC-limited regions. The significant 

decrease in NOx emissions causes the average decrease of O3 mixing ratios for RCP4.5 and 

contributes to reduced NO titration, resulting in an increase in O3 mixing ratios over urban 

areas in RCP4.5 and RCP8.5. Slight increases in VOC emissions over several parts of the U.S. 

can contribute to the increase in O3 mixing ratios in the future for the RCP8.5 scenario. PM2.5 

concentrations decrease to a larger extent in the future for RCP8.5 as compared to RCP8.5. 

However, CDNC decreases to a larger extent in the future for RCP4.5 as compared to RCP8.5, 

due to the larger decreases in soluble PM2.5 species that can form cloud droplets (e.g. SO4
2-, 

NH4
+ and NO3

-) and smaller decreases in insoluble PM2.5 species (e.g. POA and EC) for 

RCP4.5 as compared to RCP8.5. Even though moisture content in the atmosphere generally 

increases in the future, most cloud variables show decreases in the future scenarios over 
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continental U.S. due to the decrease in CDNC. The decrease in total cloud amounts result in a 

general increase of radiation variables SWDOWN, GLW, and OLR over most of the 

continental U.S. domain.  

Most studies from literature use RCMs which do not simulate dynamic chemistry and 

aerosols, and instead use prescribed gas and aerosol concentrations, such as the WRF model. 

The WRF only simulations for RCP8.5 in this study over predict T2 by 0.2oC. This trend is 

consistent with the performance for radiation variables for both WRF and WRF/Chem. 

SWDOWN and GSW are overpredicted for WRF as compared to WRF/Chem when evaluated 

against CERES. The higher SWDOWN and GSW contribute to higher T2 for WRF. 

Precipitation predictions for WRF and WRF/Chem are similar for RCP8.5. The 

overpredictions are therefore not due to chemistry or the dynamic gas or aerosol 

concentrations, but rather due to biases that arise from the microphysics or cumulus 

parameterization schemes. The monthly reinitialization of meteorology also causes a build-up 

of moisture over the eastern portion of the domain, which significantly contributes to 

overpredictions of precipitation. The differences between current and future year scenarios 

have different spatial patterns for WRF and WRF/Chem RCP8.5 simulations. In general, both 

cases also predict ~ 2oC increase on average for T2, however, the spatial pattern for T2 for 

WRF RCP8.5 is more similar to those from literature (e.g. from Trail et al. (2013)). Inclusion 

of the dynamic gas and aerosol chemistry as well as emissions changes the spatial pattern for 

T2. Precipitation generally increases for WRF RCP8.5, WRF/Chem RCP4.5 and WRF/Chem 

RCP8.5 with similar spatial patterns but with the largest increases for WRF/Chem RCP8.5, 

likely due to the effects of the increase in SWDOWN. At the same time, water vapor content 

for WRF/Chem RCP8.5 decreases in the future. This study shows that there are differences in 
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the spatial patterns of surface meteorological predictions in the different RCP scenarios as well 

as in the same RCP scenarios using different models with prescribed and dynamic gas and 

aerosol chemistry. In the future, an ensemble of models that simulate dynamic gas and aerosol 

concentrations are probably necessary to ensure a more robust prediction of future climate and 

air quality.  

Downscaling CESM_NCSU using WRF/Chem also helps to improve model 

performance for most surface meteorological variables (except for precipitation) and air quality 

variables including O3 and PM2.5. The biases in T2 are reduced by > 0.5 oC, even though 

WRF/Chem predicts underpredictions in T2 while CESM_NCSU predicts overpredictions in 

T2, consistent with trends in radiation. CESM_NCSU performs very well for radiation due to 

the effect of tuning. WRF/Chem also performs relatively well for radiation variables. However, 

CESM_NCSU performs poorly for O3 mixing ratios against AQS and CASTNET – due to 

problems with dry deposition of O3 in CESM_NCSU. In addition, the 6-hourly averaged output 

and monthly output for O3 cannot be used to generate maximum 1-hr or maximum 8-hr O3 

results for comparison against US EPA National Ambient Air Quality Standards. 

CESM_NCSU, however, performs relatively well for PM2.5 concentrations against IMPROVE 

and STN. It is difficult to compare WRF/Chem results against CESM_NCSU for aerosol-

cloud-radiation variables against MODIS, due to monthly resolution of CESM_NCSU results 

and the 6-hour MODIS pass across the continental U.S. However, WRF/Chem does not 

perform well for aerosol-cloud-radiation variables. There are also differences in the magnitude 

of several variables for WRF/Chem and CESM_NCSU current and future year scenarios 

individually. However, the trends between future – current year scenarios for WRF/Chem and 

CESM_NCSU are very consistent. For example, both WRF/Chem and CESM_NCSU predict 
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increases in domainwide average SWDOWN; however, the magnitudes of increase are larger 

for CESM_NCSU for both RCP4.5 and RCP8.5 compared to WRF/Chem, likely to be 

influenced by the O3 column which is much higher for CESM_NCSU compared to 

WRF/Chem. In addition, O3 mixing ratios decrease for RCP4.5 for both WRF/Chem and 

CESM_NCSU but increase for RCP8.5 even though there is non-linearity in the chemistry of 

O3 formation, and there are differences in current and future mixing ratios between WRF/Chem 

and CESM_NCSU for NOx and VOCs.  
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4.2.11. Tables 

 
Table 4.2.1. RCP Scenarios modeling studies involving RCMs downscaled from GCMs over North America. 

Reference 
RCP 

scenarios 
Domain GCM RCM Periods Focus 

Wang and 

Kotamarthi 

(2015) 

4.5 and 

8.5 

North 

America 

CCSM41 

(0.9O x 

1.25O) 

WRF2v3.3.1 

(12km) 

Current: 1995 – 2004 

Future: 2045 – 2054, and 

2085 – 2094  

To explore changes in 

mean and extreme 

precipitation in the mid 

and late 21st century 

Gao et al. 

(2013) 

4.5 and 

8.5 

North 

America 

CESM3 

v1.0/ 

CAM-

Chem4 

(0.9O x 

1.25O) 

WRFv3.2.1 

CMAQv5.0 

(12km) 

Historical: 1850 – 2005 

(global) 

Future: 2005 – 2100  

(global) 

 

Current: 2001 – 2004 

(regional) 

Future : 2057 – 2059 

(regional) 

To evaluate the climate 

impact on ozone 

concentrations in the 

2050s.  

Gao et al. 

(2012) 

8.5 Eastern 

U.S.  

CESM v1.0 

(0.9O x 

1.25O) 

WRFv3.2.1 

(4km) 

Historical: 1850 – 2005  

Future: 2005 – 2100   

 

To assess projected 

changes of extreme 

weather events 

Trail et al. 

(2013) 

4.5 North 

America 

GISS5 

ModelE2 

(2O x 2.5O) 

WRFv3.4 

(36km) 

Current: 2006 – 2010 

Future: 2048 – 2052 

To analyze changes in 

meteorological fields 

which might affect air 

quality 

Sun et al. (2015) 8.5 Continental 

U.S. 

CESM 

(0.9O x 

1.25O) 

WRFv3.2.1 

(12km) 

CMAQv5.0 

(12km) 

Current: 2002 – 2004  

Future: 2057 – 2059  

To estimate future 

PM2.5 and ozone-

related mortality 

1 Community Climate System Model version 4 
2 Weather, Research and Forecasting Model  
3 Community Earth System Model 
4 Community Atmosphere Model with chemistry 
5 Goddard Institute for Space Sciences  
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Table 4.2.2. Other studies involving regional climate-air quality models 

Reference Scenarios Domain GCM RCM Periods Focus 

Katragkou et al. 

(2011) 

IPCC A1B Europe ECHAM5 RegCM31 

CAMx2 

(50km) 

Current: 1991 - 2000 

Future: 2041 - 2050, and 

2091 - 2100  

To investigate the 

impact of changing 

climate on summer 

surface ozone 

Carvalho et al. 

(2010) 

IPCC A2 Europe HadAM3P3 

(2.5O x 2.5O) 

MM54 

(54km) 

CHIMERE 

(50km) 

Current: 1990 

Future: 2100 

To assess the impact of 

future climate change 

on ozone and PM 

concentrations  

Nolte et al. 

(2008) 

IPCC A1B Continental 

U.S. 

GISS 2’ MM5 

(108km) 

CMAQv4.5 

(36km) 

Historical: 1995 – 2005   

Future: 2045 – 2055 

 

To assess impact of 

future climate change 

on ozone 

Lam et al. 

(2011) 

IPCC A1B Continental 

U.S. 

GISS GCM 

III 

(4O x 5O) 

GEOS-Chem 

MM5 

(12km) 

CMAQv4.6 

(12km) 

Current: 1999 – 2001   

Future: 2049 – 2051   

To assess the impact of 

future climate change 

on ozone and PM 

concentrations 

Avise et al. 

(2009) 

IPCC A2 Continental 

U.S. 

PCM5 

MOZART-26 

MM5 

(36km) 

CMAQ 

(36km) 

Current: 1990 – 1999    

Future: 2045 – 2054  

To assess the impact of 

future climate, 

emissions, and land-use 

on ozone and PM 

concentrations 
1 Regional Climate Model version 3 
2 Comprehensive Air quality Model with extensions 
3 Hadley Centre global Atmospheric circulation model  
4 Fifth-generation Penn State/ NCAR Mesoscale Model 
5 Parallel Climate Model 
6 Model for Ozone and Related Chemical Tracers 
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Table 4.2.3. Summary of statistics for surface meteorological and chemical variables, aerosol-cloud-radiation variables against satellite data, 

dry and wet deposition, and column gases for WRF/Chem RCP4.5 and RCP8.5 simulations. 

Species/Network/Units 
Mean 

Obs 

RCP4.5 RCP8.5 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

T2 NCDC (oC) 12.9 12.6 1.0 -0.3 -2.3 7.6 12.5 1.0 -0.4 -2.9 7.7 

RH2 NCDC (%) 68.7 70.8 0.8 2.1 3.0 6.6 70.8 0.8 2.1 3.0 6.6 

WS10 NCDC (m s-1) 3.5 3.9 0.3 0.3 9.4 24.7 3.9 0.3 0.4 10.7 25.2 

WD10 NCDC (deg) 155.5 178.8 0.2 23.3 15.0 19.0 178.5 0.2 23.0 14.8 18.7 

Precip NADP  (mm week-1) 18.0 26.0 0.6 8.1 45.0 50.2 26.8 0.6 8.8 49.3 55.2 

Precip GPCP (mm day-1) 2.3 4.0 0.6 1.7 75.9 86.3 4.1 0.6 1.9 82.4 93.0 

Precip PRISM (mm day-1) 2.1 2.9 0.7 0.7 34.6 39.7 2.9 0.7 0.8 37.6 43.6 

Precip NCDC (mm hr-1) 0.07 0.2 0.4 0.1 189.8 194.3 0.16 0.3 0.1 126.1 133.6 

CERES SWDOWN (W m-2) 184.1 184.2 0.8 0.1 0.0 8.1 183.9 0.8 -0.2 0.0 8.0 

CERES GSW (W m-2) 157.5 151.0 0.8 -6.4 -4.0 9.3 150.9 0.8 -6.5 -4.1 9.3 

CERES GLW (W m-2) 323.3 324.6 1.0 1.2 0.4 1.7 325.8 1.0 2.5 0.7 1.7 

CERES OLR (W m-2) 240.0 225.0 0.6 -15.0 -6.2 6.3 224.8 0.6 -15.2 -6.3 6.4 

CERES SWCF (W m-2) -41.8 -50.3 0.5 8.5 20.3 30.7 -50.2 0.5 8.3 20.0 30.5 

CERES LWCF (W m-2) 24.8 31.8 0.6 6.9 28.0 32.6 32.3 0.6 7.5 30.3 33.8 

MODIS AOD 0.14 0.12 0.1 -0.0 -14.9 37.5 0.12 0.1 -0.0 -13.0 38.3 

MODIS CF 58.3 60.9 0.7 2.6 4.5 12.0 60.9 0.7 2.7 4.6 11.2 

MODIS CDNC (cm-3) 169.8 137.3 0.4 -32.5 -19.1 38.5 136.9 0.4 -33.0 -19.4 38.5 

MODIS CWP (g m-2) 179.5 170.4 0.3 -9.1 -5.1 57.0 179.9 0.3 0.3 0.2 59.2 

MODIS COT 16.5 9.3 0.3 -7.3 -43.9 53.3 9.4 0.3 -7.1 -43.3 53.2 

Hourly O3 CASTNET (ppb) 35.3 33.1 0.6 -2.2 -6.1 16.6 32.8 0.6 -2.5 -7.2 17.1 

Max-1hr O3 CASTNET (ppb) 47.5 39.8 0.6 -7.7 -16.2 17.7 39.3 0.6 -8.2 -17.3 18.8 

Max 8-hr O3 CASTNET (ppb) 43.4 39.2 0.6 -4.3 -9.9 13.6 38.7 0.6 -4.8 -11.0 14.4 

Hourly O3 AQS (ppb) 30.1 32.9 0.4 2.8 9.3 17.4 32.5 0.4 2.4 7.9 17.3 

Max-1hr O3 AQS (ppb) 49.9 50.8 0.6 0.9 1.8 7.9 50.1 0.6 0.2 0.3 7.8 

Max 8-hr O3 AQS (ppb) 44.4 46.6 0.6 2.2 4.9 9.5 46.0 0.6 1.6 3.5 9.2 
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Table 4.2.3. (cont.) Summary of statistics for surface meteorological and chemical variables, aerosol-cloud-radiation variables against satellite 

data, dry and wet deposition, and column gases for WRF/Chem RCP4.5 and RCP8.5 simulations. 

Species/Network/Units 
Mean 

Obs 

RCP4.5 RCP8.5 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

Hourly PM10 AQS (g m-3) 24.6 10.3 0.2 -14.3 -58.1 58.4 10.2 0.2 -14.4 -58.4 58.8 

PM2.5 IMPROVE (g m-3) 5.5 5.8 0.9 0.3 5.6 20.3 5.9 0.9 0.4 6.7 20.6 

PM2.5 STN (g m-3) 12.0 10.4 0.6 -1.6 -13.2 22.1 10.3 0.6 -1.7 -13.8 22.1 

SO4
2- IMPROVE (g m-3) 1.4 2.0 0.9 0.6 41.5 46.2 2.1 0.9 0.7 50.7 53.6 

SO4
2- STN (g m-3) 3.8 4.0 0.6 0.1 3.0 29.8 4.2 0.6 0.4 9.3 31.1 

NO3
- IMPROVE1 (g m-3) 0.5 0.5 0.8 -0.1 -12.5 44.2 0.5 0.7 -0.0 -9.7 48.0 

NO3
-  STN (g m-3) 1.5 0.8 0.3 -0.8 -49.2 53.1 0.7 0.3 -0.8 -54.4 57.5 

NH4
+ IMPROVE1 (g m-3) 0.6 0.7 0.6 0.1 23.0 60.0 0.8 0.2 0.2 37.5 75.8 

NH4
+ STN (g m-3) 1.3 1.1 0.6 -0.2 -13.0 29.7 1.1 0.6 -0.2 -15.1 31.1 

EC IMPROVE (g m-3) 0.2 0.2 0.6 -0.0 -20.5 46.0 0.2 0.6 -0.1 -23.5 43.2 

EC STN (g m-3) 0.6 0.4 0.3 -0.2 -30.6 49.2 0.4 0.3 -0.2 -35.9 48.4 

TOC IMPROVE (g m-3) 1.1 1.0 0.6 -0.1 -13.5 30.9 1.0 0.6 -0.1 -5.5 29.7 

TC IMPROVE (g m-3) 1.4 1.2 0.6 -0.2 -14.8 31.4 1.2 0.7 -0.1 -8.9 29.4 

TC STN (g m-3) 4.3 2.0 0.2 -2.4 -54.5 54.9 1.9 0.2 -2.4 -56.2 56.6 
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Table 4.2.3. (cont.) Summary of statistics for surface meteorological and chemical variables, aerosol-cloud-radiation variables against satellite 

data, dry and wet deposition, and column gases for WRF/Chem RCP4.5 and RCP8.5 simulations. 

Species/Network/Units 
Mean 

Obs 

RCP4.5 RCP8.5 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

Mean 

Sim 
Corr MB 

NMB 

(%) 
NME (%) 

CASTNET MLM SO2DD2 (kg/ha) 6.3e-2 2.1e-3 0.8 -0.1 -96.7 96.7 2.2e-3 0.8 -0.1 -96.5 96.5 

CASTNET MLM HNO3DD 

(kg/ha) 
9.4e-2 1.7e-3 0.7 -0.1 -98.2 98.2 1.7e-3 0.6 -0.1 -98.1 98.1 

CASTNET MLM SO4
2-DD (kg/ha) 1.9e-2 5.0e-4 0.7 -0.02 -97.2 97.2 5.6e-4 0.7 -0.02 -97.0 97.0 

CASTNET MLM NH4
+DD (kg/ha) 6.6e-3 1.0e-4 0.6 -0.01 -98.4 98.4 1.0e-4 0.6 -0.01 -98.5 98.5 

CASTNET MLM NO3
-DD (kg/ha) 5.3e-3 5.5e-5 0.5 -0.01 -98.9 98.9 5.2e-5 0.5 -0.01 -99.0 99.0 

NADP SO4
2-WD2 (kg/ha) 0.22 0.30 0.8 0.1 39.3 50.1 0.32 0.8 0.1 47.3 57.1 

NADP NH4
+WD (kg/ha) 0.057 0.057 0.3 0.0 0.3 57.0 0.053 0.3 0.0 -5.6 56.8 

NADP NO3
-WD (kg/ha) 0.18 0.03 0.1 -0.2 -84.8 85.3 0.03 0.1 -0.2 -83.3 84.1 

MOPITT CO (molec cm-2) 1.9e18 1.6e18 0.9 -3.4e17 -17.9 18.1 1.5e18 0.9 -4.4e17 -22.8 22.9 

OMI TOR (DU) 30.0 67.1 -0.3 37.1 123.4 123.3 66.0 -0.3 35.9 119.7 119.7 

SCIAMACHY NO2 (molec cm-2) 1.5e15 2.1e15 0.9 5.1e14 33.1 40.2 3.2e15 0.9 1.6e15 103.7 105.2 

SCIAMACHY HCHO (molec cm-2) 5.0e15 3.4e15 0.9 -1.5e15 -31.5 31.5 5.0e15 3.4e15 0.9 -31.2 31.2 
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Table 4.2.4. Summary of statistics for surface meteorological variables, cloud-radiation variables against satellite data for WRF only 

simulations over continental U.S. 

Species/Network/Units 
Mean 

Obs 

RCP4.5 RCP8.5 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

T2 NCDC (oC) 12.9 13.2 1.0 0.3 1.9 7.2 13.1 1.0 0.2 1.3 7.3 

RH2 NCDC (%) 68.7 69.8 0.8 1.1 1.6 6.5 75.4 0.6 6.7 9.8 15.8 

WS10 NCDC (m s-1) 3.5 3.9 0.3 0.4 10.5 29.2 4.0 0.3 0.5 13.2 29.9 

Precip GPCP (mm day-1) 2.3 4.1 0.6 1.9 83.9 91.5 4.4 0.6 2.1 93.0 100.8 

Precip PRISM (mm day-1) 2.1 3.3 0.7 1.1 52.2 54.6 3.3 0.7 1.2 55.3 57.6 

Precip NCDC (mm hr-1) 0.07 0.2 0.4 0.1 141.9 147.6 0.2 0.3 0.1 152.2 158.5 

CERES SWDOWN (W m-2) 184.1 216.5 0.9 32.4 17.6 18.0 214.7 0.8 30.6 16.6 17.5 

CERES GSW (W m-2) 157.5 178.4 0.8 20.9 13.3 15.1 176.7 0.8 19.2 12.2 14.9 

CERES GLW (W m-2) 323.3 312.5 1.0 -10.8 -3.3 3.5 313.8 1.0 -9.5 -2.9 3.2 

CERES OLR (W m-2) 240.0 227.1 0.7 -12.8 -5.3 5.5 226.0 0.7 -14.0 -5.8 5.9 

CERES SWCF (W m-2) -41.8 -31.4 0.3 10.4 -24.8 34.4 -33.3 0.3 -8.5 -20.4 35.3 

CERES LWCF (W m-2) 24.8 30.1 0.6 5.3 21.5 28.9 31.7 0.6 6.9 28.0 33.1 

MODIS CWP (g m-2) 179.5 148.6 0.4 -30.9 -17.2 60.4 160.0 0.3 -19.6 -10.9 65.2 

MODIS CF 58.3 61.4 0.6 3.1 5.3 14.1 62.1 0.6 3.8 6.5 14.7 
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Table 4.2.5. Summary of statistics for surface meteorological and chemical variables, aerosol-cloud-radiation variables against satellite data, 

and column gases for CESM RCP4.5 and RCP8.5 simulations over continental U.S. 

Species/Network/Units 
Mean 

Obs 

RCP4.5 RCP8.5 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

Mean 

Sim 
Corr MB 

NMB 

(%) 

NME 

(%) 

T2 NCDC (oC) 12.9 12.0 0.9 -0.9 -7.0 11.1 11.7 0.9 -1.2 -9.3 12.5 

RH2 NCDC (%) 68.7 82.7 0.6 14.0 20.4 22.7 81.8 0.6 13.1 19.1 21.8 

WS10 NCDC (m s-1) 3.5 2.8 0.3 -0.7 -20.7 29.7 2.8 0.3 -0.7 -19.9 29.4 

Precip GPCP (mm day-1) 2.3 2.3 0.9 0.1 2.7 19.2 2.4 0.9 0.1 6.2 22.7 

Precip PRISM (mm day-1) 2.1 2.4 0.8 0.2 9.8 25.8 2.4 0.8 0.3 13.2 26.3 

CERES SWDOWN (W m-2) 184.1 186.1 1.0 2.0 1.1 3.8 186.4 1.0 2.3 1.2 4.0 

CERES GSW (W m-2) 157.5 159.7 1.0 2.2 1.4 4.2 158.9 1.0 1.5 0.9 4.6 

CERES GLW (W m-2) 323.3 320.5 1.0 -2.8 -0.9 1.7 319.7 1.0 -3.6 -1.1 1.9 

CERES OLR (W m-2) 240.0 232.5 1.0 -7.5 -3.1 3.2 232.5 1.0 -7.4 -3.1 3.2 

CERES SWCF (W m-2) -41.8 -47.5 0.8 5.7 13.7 18.6 -47.1 0.8 5.3 12.7 18.5 

CERES LWCF (W m-2) 24.8 24.9 0.9 0.1 0.3 9.7 24.5 0.8 -0.3 -1.2 11.2 

Hourly O3 CASTNET (ppb) 35.3 49.6 0.6 14.3 40.6 40.6 49.5 0.6 14.2 40.3 40.3 

Hourly O3 AQS (ppb) 30.1 47.9 0.3 17.8 59.2 59.2 48.0 0.3 17.9 59.3 59.3 

PM2.5 
-3) 5.5 5.7 0.8 0.3 4.6 22.3 5.6 0.7 0.1 1.1 25.6 

PM2.5 -3) 12.0 9.0 0.5 -3.0 -25.3 29.6 8.4 0.4 -3.6 -29.8 34.3 

MOPITT CO (molec cm-2) 1.9e18 1.5e18 0.9 -3.8e17 -19.7 19.9 1.5e18 0.9 -4.4e17 -22.8 22.9 

OMI TOR (DU) 30.0 71.6 -0.3 41.5 138.2 138.2 72.4 -0.3 42.3 140.9 140.9 

SCIAMACHY NO2 (molec cm-2) 1.5e15 2.4e15 0.9 8.9e14 57.5 61.3 2.5e15 0.9 9.2e14 59.2 63.3 

SCIAMACHY HCHO  

(molec cm-2) 
5.0e15 4.0e15 0.9 -9.7e14 -19.4 20.9 4.0e15 0.9 -1.0e15 -20.1 21.2 
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4.2.12. Figures 

 

 
 

  

 

Figure 4.2.1. Scatter plots of obs vs. sim surface meteorological variables T2, RH2 and WS10 against NCDC data and precipitation against 

NADP data. 
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Figure 4.2.2. Scatter plots of obs vs. sim surface O3 against AQS and PM2.5 against IMPROVE and STN
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Figure 4.2.3. Climatological averaged timeseries of maximum 8-hr O3 concentrations at selected 

CASTNET and AQS sites. 
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Figure 4.2.4. Climatological averaged 24-hr PM2.5 concentrations at selected IMPROVE and STN 

sites. 
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Figure 4.2.5. Spatial distribution of MBs for T2 and RH2 against NCDC observational data for WRF 

RCP4.5 and RCP8.5 simulations over continental U.S. 
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Figure 4.2.6. Spatial plots of WRF and WRF/Chem RCP8.5 current climatological averages versus 

satellite-derived data. 
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Figure 4.2.7. Scatter plots of WRF and WRF/Chem average 10-year simulated radiation variables 

against SURFRAD observations. 
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Figure 4.2.8. Absolute spatial difference plots for surface meteorological variables for RCP4.5 and RCP8.5 WRF and WRF/Chem simulations. 
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Figure 4.2.9. Absolute and relative spatial difference plots for PBL height and radiation variables for RCP4.5 and RCP8.5 WRF and 

WRF/Chem simulations. 
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Figure 4.2.10. Absolute and relative spatial difference plots for selected chemical species for RCP4.5 and RCP8.5 WRF/Chem simulations. 
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Future – Current RCP4.5 Future – Current RCP8.5 Future – Current RCP4.5 Future – Current RCP8.5 
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Figure 4.2.11. Absolute and relative spatial difference plots for selected cloud variables for RCP4.5 and RCP8.5 WRF/Chem simulations. 
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Figure 4.2.12. O3 indicators for NOy and O3/NOy for 10-year average current and future RCP4.5 and 

RCP8.5 scenarios. 
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Figure 4.2.13. Changes in O3 mixing ratios from sensitivity simulations. All plots show 1-month 

differences in O3 mixing ratios between the representative months of April 2048 and April 2003 (i.e. 

April 2048 – April 2003).  
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Figure 4.2.14. Spatial distribution of MBs for surface meteorological variables against NCDC 

observational data for WRF/Chem and CESM RCP4.5 simulations over continental U.S. 
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Figure 4.2.15. Overlay plots from WRF/Chem and CESM RCP4.5 for O3 against AQS and CASTNET, and PM2.5 against STN and IMPROVE 

over continental U.S.
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Figure 4.2.16. Spatial plots for WRF/Chem, CESM and from CERES satellite data for several 

radiation variables over continental U.S. for RCP4.5 simulations 
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Figure 4.2.17. Spatial plots for WRF/Chem, CESM and from CERES satellite data for several 

aerosol-cloud variables over continental U.S. for RCP4.5 simulations 
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Figure 4.2.18. Spatial plots of current vs. future RCP4.5 and RCP8.5 WRF/Chem and CESM T2 and WS10. 
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Figure 4.2.19. Spatial plots of current vs. future RCP4.5 and RCP8.5 WRF/Chem and CESM Precip and PBLH. 
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Figure 4.2.20. Spatial plots of current vs. future RCP4.5 and RCP8.5 WRF/Chem and CESM SO2 and O3 mixing ratios. 
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Figure 4.2.21. Spatial plots of current vs. future RCP4.5 and RCP8.5 WRF/Chem and CESM SWDOWN and OLR. 
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Figure 4.2.22. Spatial plots of current vs. future RCP4.5 and RCP8.5 WRF/Chem and CESM CCN and CF. 



 

355 

 

5. CHAPTER 5: IMPROVEMENT OF MODEL REPRESENTATIONS OF ORGANIC 

AEROSOL AND AEROSOL ACTIVATION IN WRF/CHEM 

 

5.1.Modeling Regional Air Quality and Climate: Improving Organic Aerosol and Aerosol 

Activation Processes in WRF/Chem.  

 

Khairunnisa Yahya1, Timothy Glotfelty1, Kai Wang1, Yang Zhang1*, and Athanasios 

Nenes2,3 

1Department of Marine, Earth, and Atmospheric Sciences, North Carolina State University,  

Raleigh, North Carolina, U.S.A. 
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ABSTRACT 

This study involves the incorporation of improved organic aerosol (OA) Volatility Basis Set 

(VBS) treatments into the Weather, Research and Forecasting model with Chemistry 

(WRF/Chem) version 3.7.1 by considering semi-volatile primary organic aerosol (POA) 

treatment over 9 volatility bins, a semi-empirical formulation for the enthalpy of vaporization 

as well as functionalization and fragmentation reactions. Two-month simulations for May to 

June 2010 are conducted and results are evaluated against observational data from surface 

networks as well as against CalNex campaign data. The results show that the semivolatile POA 

treatment with 25% fragmentation case with semi-volatile and intermediate volatile organic 
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compounds (S/IVOCs) assumed to be 3 times of the original POA emissions is able to 

reproduce the observational data well. The impacts of different gas-phase mechanisms 

including the 2005 Carbon Bond mechanism (CB05), the updated Carbon Bond mechanism 

version 6 (CB6) as well as the Statewide Air Pollution Research Center version 2007 

(SAPRC07) on secondary organic aerosol (SOA) predictions are also quantified. Differences 

between SOA predictions are larger for different VBS treatments (e.g., non-volatile POA vs. 

semivolatile POA) as compared to differences in gas-phase mechanisms. Cloud droplet 

number concentration (CDNC) predictions improve greatly with the VBS treatments, with 

large differences in CDNC predictions between the carbon bond gas-phase mechanisms and 

SAPRC07 due to large differences in the OH and HO2 predictions. Incorporation of an 

improved aerosol activation parameterization from Fountoukis and Nenes (2005), Barahona 

and Nenes (2010) and Morales Betancourt and Nenes (2014) helps to reduce the negative 

CDNC bias with the default Abdul-Razzak and Ghan (2000) parameterization, however, 

increases the errors due to overpredictions of CDNC, mainly over the northeastern U.S.  

 

5.1.1. Introduction 

 

5.1.1.1.Background and Motivation 

 

The Intergovernmental Panel on Climate Change (IPCC) report on the AR5 scenario 

attributes the aerosol radiative forcing (RF) to be the dominant source of uncertainty 

contributing to the overall uncertainty in the net Industrial Era Radiative Forcing (RF) 

calculations, and despite the inclusion of more aerosol processes in models, differences 

between models and observations continue to persist (Myhre et al., 2013). The aerosols affect 

the climate through the direct effect by absorbing or scattering radiation, or through the indirect 

effect, by acting as cloud condensation nuclei (CCN).  According to Hallquist et al. (2009), the 
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formation of inorganic particulates such as sulfate, nitrate and ammonium are well understood, 

however there are large uncertainties in the formation of secondary organic aerosol (SOA). As 

a result, models do not have a comprehensive treatment of OA, which usually result in an 

underprediction of OA concentrations (Hodzic et al., 2010; Jathar et al., 2011; Bergstrom et 

al., 2012), due to missing key precursors and processes in OA formation (Ahmadov et al., 

2012). Some of the missing key precursors that are not treated in some models include semi-

volatile primary organic aerosol (POA), long-chain n-alkanes, polycyclic aromatic 

hydrocarbons (PAHs), and large olefins that have lower volatilities compared to traditional 

SOA precursors (Chan et al., 2009). The organic carbon (OC) component of the radiative 

forcing in the IPCC AR5 report also does not include SOA with the reason that the formation 

is dependent on a number of factors that are not currently sufficiently quantified (Myhre et al., 

2013). However, SOA can form a significant percentage of total OA (up to 95% in rural areas) 

(Zhang et al., 2007).  

OA has physical and chemical properties which dynamically evolve with age; this is unlike 

inorganic aerosols such as sulfate (Jimenez et al., 2009). The traditional approach to modeling 

SOA is to assume that each VOC precursor forms several surrogate compounds (Odum et al., 

1996). However this method has several shortcomings, for example, two products are needed 

for each VOC precursor causing this method to be computationally-expensive if many VOC 

precursors are treated in the model (Murphy and Pandis, 2009). The assumption that the 

products are unreactive also does not reflect the dynamic nature of the first generation products 

from the oxidation of VOCs that can undergo successive oxidation steps to further produce 

lower volatility products (Jimenez et al., 2009). The volatility basis set (VBS) is a framework 

developed by Donahue et al. (2006), which is able to model gas-phase partitioning and multiple 
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generations of gas-phase oxidation of organic vapors. This approach addresses the 

shortcomings of the traditional SOA modeling approach as it can cover the complete volatility 

range of OA compounds (Murphy and Pandis, 2009). The VBS framework has been 

implemented into 3-D models such as the Weather, Research and Forecasting model with 

Chemistry (WRF/Chem) (Shrivastava et al., 2011; Ahmadov et al., 2012) and other regional 

models such as PMCAMx (Lane et al., 2008; Donahue et al., 2009; Murphy and Pandis, 2009) 

and CHIMERE (Hodzic et al., 2010). The latest version of WRF/Chem – WRF/Chem v3.7.1 

has the VBS framework linked to a number of gas-phase mechanisms including the 2005 

Carbon Bond Mechanism (CB05) (Yarwood et al., 2005), the Model for Ozone and Related 

chemical Tracers version 4 (MOZART-4) (Emmons et al., 2010), the Regional Atmospheric 

Chemistry Model (RACM) (Stockwell et al., 1997) and the 1999 version of the Statewide Air 

Pollution Research Centre (SAPRC99) mechanism (Carter, 2000). While this VBS framework 

helps to improve SOA performance significantly (Wang et al., 2015), the VBS framework in 

WRF/Chem lacks the semi-volatile POA treatment, as well as fragmentation processes 

(Shrivastava et al., 2013). Various VBS treatments in current models are reviewed in more 

detail in Section 5.1.1.2. The possible impacts of different gas-phase mechanisms on OA 

formation are detailed in Section 5.1.1.3.  

Another large source of uncertainty would be the quantification of clouds and in models, 

as well as aerosol-cloud interactions due to weak representation of these processes in climate 

models (Boucher et al., 2013). A major process in cloud formation from aerosol is aerosol 

activation, which involves the condensational growth of aerosols in a cooling air parcel until 

maximum supersaturation, and some of the wet particles reach a critical radius where they are 

then able to grow spontaneously into cloud droplets (Ghan et al., 2011). Ghan et al. (2011) 
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summarized a number of aerosol activation schemes and parameterizations in current models. 

The WRF/Chem model currently uses the aerosol activation treatment from Abdul-Razzak and 

Ghan (2000) (AR-G00).  AR-G00 uses multiple lognormal or sectional distributions for 

MADE/SORGAM and MOSAIC, respectively, to approximate the aerosol size distribution.  It 

uses the Kohler theory to relate the aerosol size distribution and composition to the number of 

aerosols activated as a function of maximum supersaturation.  The number and mass activated 

are particles with critical supersaturation less than the maximum supersaturation.  It also 

accounts for particle growth before and after the particles are activated (Abdul-Razzak and 

Ghan, 2000). An important limitation of this treatment is that the kinetic limitations on the 

activation process are neglected. Kinetic limitations refer to the (i) inertial mechanism – where 

particles with large dry diameters grow to be as large as activated particles but have not been 

activated themselves, these particles should be considered together with activated particles; (ii) 

evaporation mechanism – where particles with high critical supersaturation evaporate before 

reaching their critical diameters; and the (iii) deactivation mechanism – where initially 

activated particles that are deactivated to interstitial aerosols when the parcel supersaturation 

falls below the equilibrium supersaturation (Nenes et al., 2001). Neglecting kinetic limitations 

performs well for all conditions except in highly-polluted areas (Ghan et al., 2011). In urban 

and highly polluted cases, many particles fail to be activated due to strong evaporation and 

deactivation processes (Nenes et al., 2001). Accounting for kinetic limitations reduces CDNC 

at low updraft velocity (Ghan et al., 2011). Section 5.1.1.4 summarizes the differences between 

the Abdul-Razzak and Ghan (2000) aerosol activation scheme, as well as the Fountoukis and 

Nenes (2005) scheme and other updates associated with it.  
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5.1.1.2.VBS treatments in regional and global models 

 

Table 5.1.1 summarizes some of the VBS treatments from current regional and global 

models. The VBS treatment has been implemented into a number of regional models such as 

WRF/Chem (Shrivastava et al., 2011; Ahmadov et al., 2012) and the Particulate Matter 

Comprehensive Air Quality Model with extensions (PMCAMx) (Lane et al., 2008; Donahue 

et al., 2009; Murphy et al., 2009) and global models such as GISS II’ GCM (Farina et al., 2010; 

Jathar et al., 2011) and the Community Earth System Model (CESM) (Shrivastava et al., 2015). 

Different studies define the classifications of the organic species slightly differently. Primary 

organic vapors with C* values ranging from 10-2 to 10-1 µg m-3 at 298K are defined as low 

volatility organic compounds (LVOCs) while semi-volatile organic compounds (SVOCs) as 

ranging from 101 to 102 µgm-3 by (Donahue et al., 2009). Primary organic vapors which have 

C* values ranging from 10-2 to 103 µgm-3 are defined as SVOCs (Jathar et al., 2011; Shrivastava 

et al., 2011). Primary organic vapors with C* ranging from 104 to 106 µgm-3 at 298K are known 

as intermediate volatility organic compounds (IVOCs) (Jathar et al; Shrivastava et al., 2011). 

VOCs in this context are gas-phase organic species with C* larger than 106 µgm-3 at 298K 

(Donahue et al., 2009; Shrivastava et al., 2011).  

As the traditional SOA approach usually underestimates the SOA concentration, addition 

of the SVOC and IVOC emissions on top of the VOC emissions already present in most 

emission inventories also seem to improve model performance. SVOC and IVOC emissions 

are usually estimated as a factor of POA emissions (Shrivastava et al., 2011). The traditional 

emission inventories used in the chemical transport models consist of VOCs but not SVOCs 

or IVOCs as both SVOCs and IVOCs are difficult to measure. This is most likely because 

SVOCs and IVOCs tend to evaporate at high temperatures from combustion sources (Donahue 
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et al., 2009). To account for the missing key precursors in OA formation, several VBS 

modeling studies included mass of additional intermediate and semi-volatile organic 

compounds based on a factor of the original POA emissions found in current emission 

inventories. The sum of all SVOC and IVOC precursors in Shrivastava et al. (2011) is 

estimated to be 7.5 times the mass of traditional POA emissions inventory over Mexico City. 

However, the study also acknowledges that the assumption of the factor of 3 for SVOC 

emissions to POA is poorly constrained. Shrivastava et al. (2008) assumes that SVOC 

emissions are represented by the traditional emission inventory while IVOC emissions are 1.5 

times the traditional emission inventory. Pye and Seinfeld (2010) assumed that SVOC 

emissions are a subset of traditional POA emission inventories, however, suggested a scale-up 

of the POA emissions by 27% on a global scale. IVOC emissions are assumed to be spatially 

distributed similar to naphthalene and are predicted to be roughly a factor of half of global 

POA emissions. Jathar et al. (2011) assumed that the SVOC emissions are represented by the 

traditional POA emission inventory while IVOC emissions are 1.5 times the traditional 

emission inventory, similar to Shrivastava et al (2008). Tsimpidi et al. (2014) assumed that the 

IVOC emissions are 1.5 times the traditional POA emission inventory and are assigned to the 

4th volatility bin with C* = 105 g m-3. There are also differences in the volatility distribution 

used in literature. Jathar et al. (2011) found that moving half the mass of SVOC from all bins 

to the lowest bin from the traditional “diesel exhaust” volatility distribution of Robinson et al. 

(2007), which is also used by Shrivastava et al. (2008) produced the lowest errors on an annual 

average basis. Other model simulations with VBS do not include additional SVOC emissions 

but instead use the VOC emissions already available in most emission inventories (Ahmadov 

et al., 2012; Bergstrom et al., 2012).  
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The number of bins used can also result in differences in modeled SOA concentrations. 

The 2-species VBS performed better than the 9-species VBS in modeling OOA (oxygenated 

organic aerosol) and is the closest to the OOA calculated by the Positive Matrix Factorization 

(PMF) method (Shrivastava et al., 2011). This shows that SOA may be less volatile as 

compared to the volatility distribution in the 9-species VBS which allows for evaporation of 

SOA with dilution while the 2-species VBS causes the SOA formed to be less volatile 

(Shrivastava et al., 2011).  

The amount of oxygen added for each oxidation step also has uncertainties. This factor 

has an influence on the O:C ratio used for evaluation. O:C predictions in models need to be 

improved by including fragmentation reactions which could cause an increase in O:C ratios 

and by improving emission estimates (Shrivastava et al., 2011). Different rate constants can 

also result in different modeled SOA concentrations. The use of k=1×10-12 cm3 molecule-1 s-1 

compared to the default k=10×10-12 cm3 molecule-1 s-1 resulted in a reduced aged SOA 

formation by 71% (Farina et al., 2010). Hodzic et al. (2010) also had a case study based on 

Grieshop et al. (2009) where each oxidation step reduced the volatility of the S/IVOC vapors 

by two orders of magnitude and that each successive oxidation step produced a 40% increase 

in mass due to the addition of oxygen. This case is inconclusive in urban areas - a larger bias 

along with a higher correlation coefficient compared to the more common case where each 

oxidation step reduced the volatility by one order of magnitude with a 7.5% increase. However, 

it performs more poorly (larger bias and lower correlation coefficient) in suburban areas. The 

aging process also seems to improve model results in general in the United States but 

deteriorates the model results in several parts of Europe. Adding aging to simulate OA in the 

US will increase the OA concentrations and improve model results as in the first place, OA is 
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usually underpredicted. However, adding aging to simulate OA in several parts of Europe 

increases the bias to OA concentrations that were overpredicted in the first place (Farina et al., 

2010; Bergstrom et al., 2012).  

Shrivastava et al. (2013) modeled a number of cases involving the effects of the 

fragmentation and functionalization effects in VBS. Functionalization increases the mass of 

OA for each successive oxidation step, while fragmentation reduces the mass for each 

oxidation step. An example of one of the cases include simulating first-order effects of the 

fragmentation and functionalization process in VBS by assuming functionalization of 100% of 

organic vapors for the first two generations of oxidation. The third and higher generations of 

oxidation undergo gas-phase fragmentation reactions in additional to functionalization. The 

fragmentation cases reduces the SOA concentrations drastically – Shrivastava et al. (2013) 

showed that peak SOA concentrations can be reduced by a factor of 2 to 4 for a 1-hour example 

on 10 March 2006 at 21 UTC over Mexico City Plateau.  

 

5.1.1.3.Comparison of gas-phase mechanisms and possible impact on OA  

Different gas-phase mechanisms have different lumpings/groupings for VOCs, which 

will affect OA formation. For example, VOCs are lumped according to their carbon bonds 

(e.g., single or double bond) in the 2005 Carbon Bond Mechanism (CB05) (Yarwood et al., 

2005) while VOCs in the 1999 version of the Statewide Air Pollution Research Center 

(SAPRC99) (Carter, 2000) are lumped according to their OH reactivities. A number of studies 

examined the differences in predicting O3 concentrations due to different gas-phase 

mechanisms (e.g., Luecken et al., 2008; Li et al., 2012; Shearer et al., 2012; Zhang et al., 2012), 

but there are fewer studies detailing the impact of different gas-phase mechanisms on modeling 
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SOA and PM2.5 concentrations (Kim et al., 2011; Zhang et al., 2012). SAPRC99 has more 

detailed organic chemistry compared to CB05. SAPRC99 has been updated to SAPRC07 (and 

recently, to SAPRC11) based on newly available information regarding the reactions and 

influence of individual VOCs on O3, as well as evaluations against chamber experiments 

(Carter, 2010). In addition, SAPRC07 has reformulated reactions of peroxy radicals so that the 

effects of changes in nitrogen oxides (NOx) on organic product formation is more accurately 

represented. SAPRC07 has the most extensive set of VOC species and reactions, as compared 

to CB05 and CB6. Shearer et al. (2012) reported that a condensed version of SAPRC07 predicts 

lower O3 and OH concentrations in central California compared to SAPRC99 due to a 

decreased reaction rate coefficient in the reaction of OH and NO2 to form HNO3. Li et al. 

(2012) also showed that predicted O3 concentrations from SAPRC07 can be lower than that of 

SAPRC99 by up to 20% over Texas. The same study also reported that SAPRC07 gave lower 

OH concentrations due to differences in the reaction rate constants in the reactions of O1D and 

H2O between SAPRC07 and SAPRC99. Luecken et al. (2008) reported that SAPRC99 gave 

higher O3 concentrations compared to CB05 on average; however, the differences vary 

depending on location, VOC/NOx ratio, and the concentrations of precursor pollutants. This is 

consistent with the results from Zhang et al. (2012), which predicted that SAPRC99 using the 

WRF/Chem Model of Aerosol, Dynamics, Reaction, Ionization and Dissolution (WRF/Chem-

MADRID) produced the highest O3 mixing ratios in July at the Southeastern Aerosol Research 

and Characterization (SEARCH) sites. The Carbon Bond version 6 (Yarwood et al., 2010) is 

an updated version of CB05 with improved kinetic and photolysis data and additional explicit 

species for long-lived and abundant organic compounds including propane, acetone, benzene 

and acetylene, as well as revised isoprene and aromatics chemistry from CB05. Yarwood et al. 
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(2010) showed that CB6 produces higher daily maximum 8-hr O3 as compared to CB05 over 

Los Angeles for one episode day in August with the highest observed O3 mixing ratios. CB6 

was also shown to produce substantially higher OH concentrations (25% to 50% higher at mid-

day over large areas) over eastern U.S. compared to CB05 over a few days in June, 2006. A 

summary of the main characteristics of CB05, CB6, and SAPRC07 gas-phase mechanisms are 

listed in Table 5.1.2.  

5.1.1.4.Description of Aerosol Activation schemes 

 

The default aerosol activation module in WRF/Chem, which is from Abdul Razzak and 

Ghan (2000) (ARG00), is a standalone module which is coupled to WRF/Chem, but not to 

WRF. The aerosol activation module is not linked to the microphysics or cumulus 

parameterization schemes in WRF or WRF/Chem. However, for WRF/Chem, the cloud droplet 

number concentration (CDNC) that is generated in the aerosol activation module is read in by 

the microphysics scheme, in this case, the Morrison two-moment microphysics scheme.  

Ghan et al. (2011) provided a comprehensive review on the various aerosol activation 

treatments in models. The ARG00 aerosol activation implemented in WRF/Chem by default 

is a parameterization that describes the activation of a lognormal size distribution of aerosols 

to form cloud droplets. The aerosol size distribution and composition are related to the number 

of aerosols activated as a function of supersaturation by Kohler theory. The parameterization 

accounts for the competition between aerosol particles for available water, and this depends on 

the particle size, composition and updraft velocity. The maximum supersaturation is also 

derived from the supersaturation balance, taking into account particle growth before and after 

the particles are activated. For ARG00, the complex function involving the maximum 

supersaturation (Smax) is parameterized based on the standard deviation  from a large number 
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of numerical solutions (Abdul Razzak and Ghan, 2000). However, the ARG treatment does 

not represent kinetic limitations which tend to affect smaller or larger particles (with diameters 

far from their critical size). Very small particles tend to lose water when supersaturation 

declines as they never exceed the critical supersaturation for that particle size, and very large 

particles may not have achieved the critical size before maximum supersaturation is reached 

(Ghan et al., 2011). The Fountoukis and Nenes (2005) (FN05) scheme improves the ARG00 

scheme by solving Smax analytically (with the exception of kinetically-limited particles) by 

using a “population splitting” method. In addition, FN05 takes into account the kinetic 

limitations, as well as the influence of gas kinetics on water vapor diffusitivity (Ghan et al., 

2011). The other improvements built on top of the FN05 scheme include the parameterization 

of entrainment of ambient air, which could reduce the supersaturation of the updraft (Barahona 

and Nenes, 2007) (BN07) (therefore reducing CDNC); the parameterization of adsorption of 

water vapor onto insoluble particles by Kumar et al. (2009) (KU09) based on a modified 

Frenkel-Halsey-Hill (FHH) adsorption theorem, which will help to increase CDNC; the 

parameterization of the growth of giant cloud condensation nuclei (CCN) (Barahona et al., 

2010) (BA10) by introducing an additional condensation rate term to account for condensation 

of giant CCN which will reduce CDNC; as well as the improvement of the original population 

splitting concept in FN05 by Morales Betancourt and Nenes (2014) (MN14) by better 

accounting for the size of inertially limited CCN, and to remove a discontinuity in the 

calculation of the surface area of cloud droplets.  

5.1.2. Objectives 

 

The regional air quality online-coupled model WRF/Chem has recently been used to 

model decadal applications for air quality and climate (Yahya et al., 2016a, b). In addition, 
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explicitly modeling gas and aerosol-phase chemistry, the WRF/Chem model is able to simulate 

both chemistry and meteorology at each time step. It can also simulate aerosol direct and 

indirect feedbacks, which are important considerations for climate modeling. However, as 

mentioned in the introduction, current regional and global climate models have large 

uncertainties in modeling aerosol and cloud feedbacks, specifically with regards to OA. The 

objective of this study is to reduce uncertainties associated with OA predictions in the model 

by improving the existing VBS module in WRF/Chem. The OA aerosol module in WRF/Chem 

is expected to give close agreements with the observational data and include the most realistic 

OA treatments that can replicate actual atmospheric formation of OA. The impact of the 

improvement in OA on the cloud droplet number concentration (CDNC) in WRF/Chem is 

quantified. In addition, an improved aerosol activation parameterization scheme is 

incorporated into WRF/Chem and its impacts on CDNC predictions analyzed. Improving OA 

predictions and aerosol-cloud variables will help to contribute to improvements in air quality 

and climate modeling studies using WRF/Chem.  

5.1.3. Model Configuration, Evaluation Protocol, and Observational Datasets 

 

5.1.3.1.Model Setup and Inputs 

 

The model used in this study is a modified version of WRF/Chem v3.7.1 as described 

by Wang et al. (2015). The 2005 Carbon Bond gas-phase mechanism (CB05) of Yarwood et 

al. (2005) with additional chlorine chemistry is coupled with the Modal for Aerosol Dynamics 

in Europe – Secondary Organic Aerosol Model (MADE/SORGAM) (Ackermann et al., 1998; 

Schell et al., 2001) and the Volatility Basis Set (MADE/VBS) (Ahmadov et al., 2012). The 

CB05-VBS option has also been coupled to existing model treatments including the aerosol 

direct effect, the aerosol semi-direct effect on photolysis rates of major gases, and the aerosol 
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indirect effect on cloud droplet number concentration (CDNC) and resulting impacts on 

shortwave radiation. The physics options used in WRF/Chem include the rapid and accurate 

radiative transfer model for GCM (RRTMG) for both shortwave and longwave radiation; the 

Yonsei University (YSU) planetary boundary layer (PBL) scheme (Hong et al., 2006; Hong, 

2010); the Morrison et al. (2009) double moment microphysics scheme, as well as the Multi-

scale Kain-Fritsch cumulus parameterization scheme (Zheng et al., 2016). Aqueous-phase 

chemistry is based on the AQ chemistry module (AQCHEM) for both resolved and convective 

clouds based on a similar AQCHEM module in CMAQv4.7 of Sarwar et al. (2011). The 

anthropogenic emissions used are from the 2010 emissions based on the 2008 U.S. 

Environmental Protection Agency (US EPA) National Emissions Inventory (NEI) from the Air 

Quality Model Evaluation International Initiative (AQMEII) project (Pouliot et al., 2015). Dust 

emissions are based on the Atmospheric and Environmental Research Inc. and Air Force 

Weather Agency (AER/AFWA) scheme (Jones and Creighton, 2011). Emissions from sea salt 

are generated based on the scheme of Gong et al. (1997). Biogenic emissions are simulated 

online by the Model of Emissions of Gases and Aerosols from Nature v2.1 (MEGAN2.1) 

(Guenther et al., 2006).  

The chemical initial and boundary conditions (ICONs/BCONs) come from the 

modified CESM/CAM version 5.3 with updates by Gantt et al. (2014), He and Zhang (2014), 

and Glotfelty et al. (2016). The meteorological ICONs/BCONs are from the National Center 

for Environmental Protection Final Reanalyses (NCEP FNL) dataset, which is available every 

6 hours. The chemical fields are also allowed to run continuously while the meteorology is 

reinitialized every 5 days. The simulations are performed at a horizontal resolution of 36-km 
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with 148 × 112 horizontal grid cells over the CONUS domain and parts of Canada and Mexico, 

and a vertical resolution of 34 layers from the surface to 100-hPa. 

A number of sensitivity simulations are designed to identify the model configuration 

with results that are in the closest agreement to observations as well as have realistic model 

treatments closest to atmospheric processes. The baseline and sensitivity simulations are 

conducted from May to June 2010, with a 10 day spin-up period from May 1st to May 10th, to 

coincide with the CalNex field campaign in Bakersfield and Pasadena, California, from May 

to June 2010.   

 

5.1.3.2.Model Evaluation Protocol and Available Measurements 

 

Statistical measures including the Mean Bias (MB), Correlation Coefficient (Corr), 

Normalized Mean Bias (NMB) and Normalized Mean Error (NME) (Yu et al., 2006) are used 

to evaluate the simulations against observational data. Observational data are available for 

organic carbon (OC) and total carbon (TC) from the Speciated Trends Network (STN) and the 

Interagency Monitoring for Protected Visual Environments (IMPROVE). (TC data is 

evaluated against STN as STN uses the thermo-optical transmittance protocol different from 

the one used by IMPROVE (Zhang et al., 2012). In addition, the measurements for STN OC 

are not blank corrected for carbon on the background filter (Wang et al., 2012)). Ratios of 1.4 

and 2.1 are used to convert simulated OA to OC based on a number of literature (Turpin and 

Lim, 2001; Aitken et al., 2008; Xu et al., 2015). The ratios OA/OC ratios vary across locations 

in the continental U.S. depending on whether the OA is dominated by secondary formation 

(Aitken et al., 2008) or it contains more aliphatic hydrocarbons (Turpin and Lim, 2001). As 

the simulations are based on continental U.S., the use of a range of OA/OC ratios can represent 
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the different types of OA present for all locations in the U.S. Spatial plots, time series plots at 

specific sites, as well as overlay plots are used to evaluate the model performances.  

The IMPROVE sites chosen for the time series plots include the visibility-protected 

areas in Brigantine National Wildlife Refuge (NWR), NJ, Death Valley National Park (NP), 

CA, Swanqwarter National Wildlife Refuge (NWR), NC, and the Tallgrass Prairie National 

Preserve, KS. The Brigantine NWR is a tidal wetland and has a shallow bay; the Death Valley 

NP is a desert; and the Swanqwarter NWR is a coastal brackish marsh. The time series plots 

are made at four STN sites including two urban sites : in Washington, DC and Boise, ID, one 

industrial site in Tampa, FL, and one rural/agricultural site in Liberty, KS. SOA, hydroxyl 

radical (OH) and hydroperoxy radical (HO2) data are also available for May to June 2010 as 

part of the California Research at the Nexus of Air Quality and Climate Change (CalNex) 

campaign (Kleindienst et al., 2012; Lewandowski et al., 2013) in Bakersfield, CA and 

Pasadena, CA, which are both urban locations. Note that the SOA data from the CalNex 

campaign only consider contributions from a small number of precursors including biogenic 

precursors (i.e. isoprene, alpha-pinene, and b-caryophyllene), and the anthropogenic 

precursors (i.e. toluene, polycyclic aromatic hydrocarbons (PAHs) and methyl butenol 

(MBO)).  

 POA/OA ratios are also used to evaluate the OA performance from the model. Over 

the southeastern U.S., hydrocarbon-like OA (HOA) and cooking OA are found to contribute 

21 – 38% of total OA in urban sites (Xu et al., 2015). HOA and oxygenated OA (OOA) are 

found to account for 34% and 66% of measured OA from Pittsburgh in September 2002 (Zhang 

et al., 2005). HOA and cooking OA are assumed to be synonymous to POA, and OOA is 

assumed to be synonymous to SOA. Particulate matter sampled during August and September 
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2006 in Houston as part of the Texas Air Quality Study II Radical and Aerosol Measurement 

Project showed that approximately 32% of OA comes from HOA (Cleveland et al., 2012). 

Results from positive matrix factorization analysis from the Pasadena ground site during May 

and June 2010 showed that the primary components contribute 29% of the total OA mass 

(Hayes et al., 2013). Based on Zhang et al. (2007), the percentages of HOA mass at urban sites 

at Riverside, CA, from mid-July to mid-August 2005, in Houston, TX, from mid-August to 

mid-September 2000, and in New York City in July 2001 are 15%, 38%, and 30%, 

respectively. From the above literature, the ratio of POA/total OA is approximately 15% to 

40% over continental U.S. In addition, Zhang et al. (2011) compiled a large number of field 

campaigns across the globe where the average POA/OA ratios for urban, downwind and 

rural/remote areas are found to be 0.42, 0.18 and 0.10 respectively.  

For the aerosol activation sensitivity simulations and production runs, additional variables 

that will be analyzed in this study include maximum 1-hour and 8-hour O3 against the Clean 

Air Status and Trends Network (CASTNET) and Air Quality System (AQS), aerosol optical 

depth (AOD), cloud droplet number concentration (CDNC) and cloud condensation nuclei 

(CCN) against MODIS. 

 

5.1.4. Model Development and Improvement 

 

A number of modifications have been made to the standard version of WRF/Chem model 

v3.7.1. Those modifications and treatments are described below.  

5.1.4.1.OA Treatments 

 

The CB05-VBS treatment in the default WRF/Chem v3.7.1 assumes that POA is 

nonreactive and nonvolatile. In this study, POA is assumed to be semivolatile, and can undergo 
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gas-particle partitioning, similar to anthropogenic SOA (ASOA) and biogenic SOA (BSOA) 

in VBS. While the volatility of ASOA and BSOA is represented by 4 bins with effective 

saturation concentrations (C*) from 100 to 103 g m-3. The POA is distributed into 9 bins, with 

C* from 10-2 to 106 g m-3, following the set-up of Shrivastava et al. (2011). The POA is 

oxidized to form semi-volatile OA (SVOA), which can also undergo gas-particle partitioning.  

For the POA, bin-resolved enthalpies of vaporizations are used, ranging from 64 kJ mol-1 for 

the 9th bin to 112 kJ mol-1 for the 1st bin according to Shrivastava et al. (2011). The default 

enthalpy of vaporization (△Hvap) in the WRF/Chem model is for SOA 30 kJ mol-1 according 

to Lane et al. (2008). A more accurate alternative is to use the △Hvap values calculated from 

the semi-empirical correlation from Epstein et al. (2010): 

△Hvap = -11 log10 C*300 + 129        (1) 

Shrivastava et al. (2013, 2015) also implemented several cases of fragmentation and 

functionalization (FF) processes into VBS. For this study, the FF set-up is similar to the method 

employed by Shrivastava et al. (2013), with the exception that fragmentation percentages of 

10%, 25% and 50% are used as sensitivity simulations. (Shrivastava et al. (2013) used 

fragmentation percentages of 50% (intermediate fragmentation) and 85% (high fragmentation) 

in his simulations over Mexico city)). For example, for the 10% FF case, 10% of the mass in 

the VBS species is functionalized and moved to the next lower volatility bin, 80% is 

fragmented and moved to the highest volatility bin, and the remaining 10% is fragmented and 

becomes more volatile than the highest volatility bin (i.e. it is lost). For the 50% FF case, 50% 

is functionalized and moved to the next lower volatility bin, 40% is fragmented and moved to 

the highest volatility bin, and 10% is lost.  
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Zhao et al. (2014) measured IVOCs in Pasadena, CA during CalNex and found that the 

concentrations of primary IVOCs are similar to those of single-ring aromatics, and produce 

about 30% of newly formed SOA in the afternoon. With the semivolatile POA and FF cases, 

additional IVOC and SVOC emissions are added as a factor of traditional POA emissions from 

NEI, to account for missing IVOC and SVOC species in the traditional POA emission 

inventory. In this study, additional IVOC/SVOC emissions are added to be three times of the 

traditional POA emissions. The fraction of IVOC/SVOC emissions assigned to each volatility 

bin is summarized in Table 5.1.3.  

The mass fraction of organics in each volatility bin determined in laboratory studies also 

differ significantly according to the sources of organics. For example, May et al. (2013a,b,c) 

has different volatility distributions of mass fractions of organics for gasoline vehicle exhaust, 

diesel exhaust, and biomass burning. To take into account the different sources of organic 

compounds into a single volatility distribution for the purpose of this work, a new volatility 

distribution is calculated based on the mass fractions reported by Shrivastava et al. (2011), 

May et al. (2013a,c) and the percentages of VOC emissions from various sources from the 

2008 National Emissions Inventory (NEI). According to the 2008 NEI report (Rao et al., 2013), 

total VOC emissions from stationary, mobile and fire (prescribed and wildfire) sources are 

~7.6, ~5.6, and ~49.6 million tons respectively. The corresponding percentages for VOC 

emissions are ~12%, ~9% and ~79% for stationary, mobile and fire sources, respectively. 

Based on the U.S. EPA (2013), the percentages of diesel emissions from mobile sources are 

low compared to gasoline sources (~7% of total diesel and gasoline sources). Therefore, the 

volatility distribution of mass fractions of organics from diesel (May et al., 2013b) is not 

included in the calculations in this study.  
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An example calculation for the mass fraction of the lowest volatility bin for POA and 

IVOC/SVOC emissions are as follows: 

Log C-2* (at 298K) = 0.04*12% + 0.14*9%+0.79*79% = 0.1754   (2) 

Where C-2* refers to the lowest volatility bin with a value of 10-2 g m-3, 12%, 9% and 79% 

refer to the percentages for VOC emissions from stationary, mobile and fire sources 

respectively from NEI, 0.04 refers to the original mass fraction for stationary emissions based 

on anthropogenic emissions from Shrivastava et al. (2011) for the lowest volatility bin with a 

value of 10-2 g m-3, 0.14 refers to the original mass fraction for gasoline emissions from May 

et al. (2013a) for the lowest volatility bin with a value of 10-2 g m-3, 0.2 refers to the original 

mass fraction for biomass burning emissions from May et al. (2013c) for the lowest volatility 

bin with a value of 10-2 g m-3, and 0.1754 refer to the newly calculated mass fraction of POA 

and IVOC/SVOC emissions for this study. The mass fractions reported by Shrivastava et al. 

(2011), May et al. (2013a,c), and the newly calculated mass fractions can be found in Table 

5.1.3.  

 

5.1.4.2.Gas-Phase Mechanisms 

 

Three gas-phase mechanisms are used: CB05, CB6 and SAPRC07. The emissions for all 

cases are based on the CB05 chemical species from the 2010 emissions based on the 2008 NEI. 

For SAPRC07, slight modifications had to be made to account for the different VOC species 

or groups according to Table F1 in Appendix F. The mapping of emission species from CB05 

to SAPRC07 is based on the grouping of species from emitdb.xls from Henderson et al. (2014) 

as well as from http://www.cert.ucr.edu/~carter/emitdb/old-emitdb.htm. CB05 emissions are 

used for the CB6 case, with the exception of the VOCs including propane, benzene, ethyne, 

acetone, and ketone that are mapped based on fractions of existing CB05 VOCs according to 

http://www.cert.ucr.edu/~carter/emitdb/old-emitdb.htm.%20CB05
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Yarwood et al. (2010). As the emissions for CB6 and SAPRC07 are mapped from CB05, there 

will be additional uncertainties for CB6 and SAPRC07 as compared to CB05.  

The gas-phase mechanisms for CB6 and SAPRC07 are coupled to the MADE/VBS in 

WRF/Chem v3.7.1. In VBS, the SOA precursors for CB6 are similar to those for CB05. The 

SOA precursors for CB05 (and therefore CB6) are mapped from the default SAPRC99 

precursors by Wang et al. (2015). The SAPRC07 SOA precursors follow the existing mapping 

of SAPRC99-MOSAIC/VBS in WRF/Chem. The chemical equations and rate parameters from 

ENVIRON (2013) and Carter (2010) for CB6 and SAPRC07 gas-phase mechanisms, 

respectively, were included in the chem/KPP/mechanisms directory in WRF/Chem. The 

SAPRC07 gas-phase mechanism implemented in WRF/Chem in this case is the uncondensed 

and expanded version C, which includes reactions for peroxy radical operators (Carter, 2010). 

Species in both CB6-MADE/VBS and SAPRC07-MADE/VBS undergo dry deposition, 

aqueous chemistry, photolysis, and wet scavenging that are similar to CB05-MADE/VBS.  

5.1.4.3.Aerosol Activation 

 

The FN05 series aerosol activation parameterizations (with the exclusion of MN14) 

has been incorporated into 3D air quality models and global models such as WRF-Community 

Atmosphere Model version 5 (WRF-CAM5) (Zhang et al., 2015), and in CESM (Gantt et al., 

2014). In this study, the FN series parameterizations are incorporated into WRF/Chem 

following the methods of Gantt et al. (2014) and Zhang et al. (2015) as described in detail in 

Zhang et al. (2015). However, in WRF/Chem, the aerosol activation module is only linked to 

the microphysics module through the variable CDNC, which is read by the microphysics 

module. It is not coupled to the cumulus parameterization scheme unlike in WRF-CAM5 and 

CESM. The FN05 series has been incorporated into module_mixactivate.F in the physics 
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directory in WRF/Chem. As BN07 involves the entrainment effect for convective clouds and 

has very small impacts on non-convective CDNC (Zhang et al., 2015), it is not included in this 

study. In addition, unlike Gantt et al. (2014) and Zhang et al. (2015), the KU09 treatment is 

also not included in this study as the empirical constants AFHH and BFHH used in the 

formulation, which are compound-specific, have not been experimentally determined for dust 

and black carbon. The additional MN14 treatment incorporated in this study involves a small 

modification to the original FN05 series parameterizations (without KU09), and helps to better 

account for the size of inertially limited CCN, and to remove a discontinuity in the calculation 

of the surface area of cloud droplets (Morales Betancourt and Nenes, 2014). The updated 

treatments are about 20% more computationally expensive to run as compared to ARG00 

(Zhang et al., 2016).  

 

5.1.5. Results and Discussions 

 

5.1.5.1.Sensitivity simulations for VBS treatments  

 

A number of sensitivity simulations are designed to identify the best model 

configuration for OA treatments with the closest agreement to observations over continental 

U.S. The sensitivity simulations cover the period of May 1st to June 30th with a ten day spin-

up from May 1st to May 10th. The different simulation set-ups are summarized in Table 5.1.4. 

The sensitivity simulations consider (i) three different gas-phase mechanisms (CB05, CB6 and 

SAPRC07), (ii) two △Hvap treatments (default vs. the semi-empirical △Hvap equation by 

Epstein et al. (2010)), (iii) two SOA modules (MADE/SORGAM vs MADE/VBS), (iv) two 

types of VBS treatment for POA (nonvolatile POA vs. semivolatile POA), (v) three different 

percentages of functionalization and fragmentation (FF) (10%, 25% and 50%), and (vi) three 

sets of POA emissions (default vs. 1.5 or 3 times the original NEI POA emissions). The suffix 
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“DH” in the case names refer to cases with the default △Hvap of 30 kJ mol-1, otherwise with 

the semi-empirical correlation by Epstein et al. (2010). The suffix “POA” in the case names 

refer to cases with semivolatile POA. The suffix “FF” in the case names refer to cases with 

semivolatile POA and with fragmentation and functionalization treatments, and the suffix 

“EM3” in the case names refer to cases with 3 times the original NEI POA emissions to take 

into account for missing S/IVOC species.  

Tables 5.1.5, 5.1.6, and 5.1.7 summarize the main statistics for all sensitivity 

simulations in terms of mean obs, mean sim, Corr, NMB, and NME for hourly OC and TC 

concentrations from IMPROVE and STN, respectively, over the whole continental U.S. 

domain. Figure 5.1.1 shows the hourly averaged observed (“obs”) vs simulated (“sim”) OC 

concentrations in terms of the mean observed (“mean obs”) and mean simulated (“mean sim”) 

values from the statistics from Tables 5.1.5, 5.1.6 and 5.1.7 against IMPROVE and STN for 

each of the sensitivity simulations. The sim OC is calculated based on ratios of OA/OC of 1.4 

to 2.1, resulting in a range of possible OC values denoted by the gray bars. As the simulation 

domain is over the whole continental U.S. with varying OA properties (less or more oxidized 

OA), a range of OA/OC values is used for evaluation. The obs OC is denoted by the horizontal 

dotted line in Figure 5.1.1. For IMPROVE OC, the hourly averaged obs OC concentration is 

0.88 g m-3, for IMPROVE TC, the hourly averaged obs TC concentration is 1.03 g m-3, and 

for STN TC, the hourly averaged obs TC concentration is 2.71 g m-3. As shown in Figure 

5.1.1, the case CB05_SORG_DH largely underpredicts OC and TC as compared to all other 

VBS cases. The Corr for CB05_SORG_DH is also poor (Corr = 0.26 against IMPROVE OC, 

Corr = 0.30 against IMPROVE TC, and Corr = 0.29 against STN). The remaining VBS 

simulations significantly reduce the biases and errors in OC and TC from CB05_SORG_DH 
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and improve the correlation coefficients. CB05_VBS_DH with nonvolatile POA seems to 

perform relatively well against both IMPROVE OC, IMPROVE TC, and STN TC.  

Adding the semivolatile POA treatment with 1.5 times the NEI POA emissions 

(CB05_POA_DH) causes a reduction in both OC and TC concentrations as compared to 

CB05_VBS_DH, due to the loss of mass from the semivolatile POA. As the POA mass is 

reduced, less surface area is available for SOA precursors to condense onto, resulting in 

decreased OA for CB05_POA_DH. Using the semi-empirical correlation of Epstein et al. 

(2010) as compared to the default △Hvap of 30 kJ mol-1 increases the OC and TC concentrations 

(CB05_POA vs. CB05_POA_DH). The semi-empirical correlation of Epstein et al. (2010) 

results in much higher △Hvap values, which means that more of the organic vapors remain in 

the particulate phase, as compared to the gas-phase. The FF treatment decreases the OA 

concentrations, as part of the OA mass is fragmented to higher volatility bins. The 10%FF case 

(CB05_FF10%) does not differ significantly from the no FF case (CB05_POA). However, 

increasing the percentage of FF (from 10% to 25%, then to 50%) decreases the OA 

concentrations. The FF treatments, however, even if they are more representative of actual 

SOA atmospheric formation processes, reduce the Corr slightly (compared to Corr > 0.51 for 

IMPROVE and Corr > 0.45 for STN for the cases CB05_POA and CB05-10%FF). By doubling 

the POA emissions (from 1.5 to 3.0 times the original POA NEI emissions) for the 25% FF 

case, the predictions of OC and TC increase to values close to the obs. The differences in the 

OC and TC predictions from the simulations with different gas-phase mechanisms will be 

discussed later in Section 5.1.5.2. When evaluated against IMPROVE OC, IMPROVE TC, and 

STN TC, the cases CB05_VBS_DH, CB05_POA, CB05_FF10% and CB05_FF25%_EM3 

cases perform better than other cases. 
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Figure 5.1.2 shows the overlay plots of observations (markers) vs. simulation results  

(background) for IMPROVE OC (left column) and STN TC (right column) for the case 

CB05_25%FF_EM3 for an OA/OC ratio of 2.1 (top row) and 1.4 (bottom row). The model 

seems to perform much better for IMPROVE OC with an OA/OC ratio of 2.1 as compared to 

1.4. Especially over eastern U.S., the use of an OA/OC ratio of 1.4 results in mainly 

overpredictions of IMPROVE OC. However over the central U.S. and parts of the western 

U.S., the use of an OA/OC ratio of 1.4 shows slightly better predictions of IMPROVE OC 

compared to the use of OA/OC ratio of 2.1 that gives underpredictions. On the other hand, the 

model performs better for STN OC with an OA/OC ratio of 1.4 as compared to 2.1. Over the 

eastern U.S., the use of an OA/OC ratio of 2.1 results in large underpredictions of STN TC 

while the use of an OA/OC ratio of 1.4 gives good predictions of STN TC. Evaluation of OC 

and TC against IMPROVE, and STN, respectively therefore depend heavily on the OA/OC 

ratio, which is site-specific. Therefore in more rural areas covering IMPROVE sites, the 

OA/OC ratio is more likely to by high (~2.1) with more oxygenated OA, while in more urban 

sites (STN), the OA/OC ratio is more likely to be lower (~1.4) due to fresher emissions and 

less oxidized species.  

Figure 5.1.3 shows the POA/OA ratios for various sensitivity simulations. As 

mentioned earlier, the observed ratio of POA/total OA is approximately 15% to 40% during 

the summer period over various locations in the continental U.S. As SOA concentrations from 

field campaigns are sparse – at different locations and at different time periods, the POA/OA 

ratio is used as one of the model evaluation protocols to evaluate the model’s capability to 

reproduce POA and SOA concentrations. The CB05_SORG_DH case largely overpredicts the 

POA/OA ratio, due to significant underpredictions of SOA. The cases CB05_VBS_DH, 
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CB05_50%FF and CB05_25%FF_EM3 all have POA/OA ratios that fall within the range of 

0.15 to 0.40, with lower POA/OA ratios over more rural areas and higher POA/OA ratios over 

urban areas. CB05_VBS_DH, however, might give too high POA concentrations over the 

western portion of the domain as it does not consider POA to be semivolatile. Considering 

semivolatile POA, however, without considering the fragmentation and functionalization 

process results in too low POA/OA ratio as shown in the plot of CB05_POA, where POA/OA 

ratio is < 0.1 over most areas. Similarly, the CB05_FF25% case also results in a large portion 

of continental U.S. with POA/OA ratios of < 0.1, due to the loss of POA mass. CB05_FF50%, 

however, seems to predict reasonable POA/OA ratios, even with 

fragmentation/functionalization due to balanced loss of both POA and SOA mass through 

fragmentation to higher volatility bins. The CB05_FF25%_EM3 case also improves from the 

case CB05_FF25% by increasing the POA mass contributing to higher POA/OA ratios.   

Figure 5.1.4 shows the time series data for obs vs. sim SOA concentrations at the 

CalNex sites Bakersfield and Pasadena in CA from May to June 2010 for CB05_VBS_DH and 

CB05_25%FF_EM3 cases. It is worthwhile to note that besides the fact that the SOA 

precursors used between the observational data and the simulated data is not necessarily the 

same, in addition, the tracer method used by Kleindienst et al. (2012) to derive the SOA 

concentrations also has uncertainties. For example, the tracers are assumed to be inert and are 

unlikely to undergo oxidation in the atmosphere, which might not be the case. The Bakersfield 

sampling site is located between the city center and areas of agricultural activity, while the 

Pasadena site is located at the California Institute of Technology campus within the Los 

Angeles metropolitan area to the southwest and mountains in the north (Baker et al., 2015). 

The model configuration of the CB05_VBS_DH case has been used in a number of 
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WRF/Chem simulations published in literature (Yahya et al., 2015a; Campbell et al., 2015; 

Wang et al., 2015a,b). At Bakersfield, the case CB05_VBS_DH mainly overpredicts the SOA 

concentrations for almost all the days. The case CB05_25%FF_EM3 case, however, seems to 

underpredict the SOA concentrations at Bakersfield, especially in June. The 

CB05_25%FF_EM3 case also shows low SOA concentrations throughout May and June, 

without much variability in SOA concentrations, likely due to underestimations of original 

POA emissions at Bakersfield. As the S/IVOC emissions for CB05_25%FF_EM3 are a factor 

of 3 of the original POA emissions from NEI, if the original POA emissions from NEI are 

underestimated, the S/IVOC emissions will be low, resulting in low SOA concentrations due 

to low concentrations of condensable material. At Pasadena, both CB05_VBS_DH and 

CB05_25%FF_EM3 overpredict the obs SOA from May 15th to May 30th, but are unable to 

capture the high SOA concentrations from 2nd to 6th June. The CB05_VBS_DH case seems to 

perform better than the CB05_25%FF_EM3 case when obs SOA concentrations are high. The 

results from this study are consistent with those from Baker et al. (2015), which showed that 

measured PM2.5 OC at Bakersfield is largely underestimated compared to Pasadena. Baker et 

al. (2015), however, attributed to the underpredictions of OC at Bakersfield and Pasadena due 

to the mainly primary OC predicted by the baseline model, as compared to AMS measurements 

which suggest that OC is mostly secondary in nature in Pasadena. In addition, as mentioned 

earlier, data from WRF/Chem does not consider contributions from all the SOA precursors 

identified by their trace compounds, including the biogenic precursor b-caryophyllene as well 

as the anthropogenic precursor MBO, which can help to account for the discrepancies between 

the sim and obs data.  
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5.1.5.2.Sensitivity simulations of VBS treatments to different gas-phase mechanisms  

 

Figure 5.1.1 shows that CB05_FF25%_EM3 produces the highest IMPROVE OC 

concentrations, followed by CB6_FF25%_EM3 and SAPRC07_FF25%_EM3, while 

CB6_FF25%_EM3 produces the highest STN TC concentrations. However, the differences in 

OC and TC between the three different gas-phase mechanisms are small, compared to the 

differences in VBS treatments (e.g., nonvolatile vs. semivolatile POA). Figure 5.1.4 also shows 

that over Bakersfield, there are not much differences between results with different gas-phase 

mechanisms. However, Figure 5.1.6 shows that while there are smaller differences between 

the gas-phase mechanisms as compared to CB05_VBS_DH, there are several days where 

SAPRC07_25%FF_EM3 produces much higher SOA concentrations compared to 

CB05_25%FF_EM3 and CB6_25%FF_EM3. Figure 5.1.5 shows the time series of hydroxyl 

(OH) mixing ratios as well as diurnal plots of OH and hydroperoxyl radical (HO2) at Pasadena 

from the CalNex field campaign. The time series of HO2 is not shown due to irregularity of the 

observational data. The model is not able to predict well the time series of OH mixing ratios, 

with significant overpredictions, especially for CB05 and CB6. All simulations overpredict the 

OH mixing ratios during daytime, but SAPRC07 produces the closest simulated OH compared 

to CB05. CB6 significantly overpredicts the OH mixing ratios. All gas-phase mechanisms 

underpredict OH mixing ratios at night. Similarly, the HO2 mixing ratios are also generally 

overpredicted by all gas-phase mechanisms with SAPRC07 performing the best. The 

overpredictions in OH and HO2 mixing ratios do not help the underpredictions of SOA for 

several days at Pasadena, therefore it is likely that the underpredictions of SOA are due to 

underpredictions of VOCs at Pasadena, which is consistent with the findings of Baker et al. 

(2015).   
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Figure 5.1.6 shows spatial distributions of average concentrations of oxidants including 

ozone (O3), OH, HO2, as well as the OA species anthropogenic SOA (ASOA), biogenic SOA 

(BSOA), TSOA, and POA. SAPRC07-25%FF-EM3 produces the highest average O3 mixing 

ratios, but the lowest OH+HO2 mixing ratios while CB6-25%FF-EM3 produces the highest 

maximum O3 mixing ratios but the lowest average O3 mixing ratios. CB6-25%FF-EM3 

produces the highest OH+HO2 mixing ratios. These findings are mostly consistent from 

literature. For example, maximum O3 mixing ratios over the Los Angeles area are higher for 

CB6 compared to CB05, and OH mixing ratios are higher for CB6 compared to CB05, which 

are consistent with the results from Yarwood et al. (2010). SAPRC07 also generally produces 

higher O3 mixing ratios compared to CB05. However, average O3 mixing ratios from CB6 are 

expected to be higher than CB05, according to the study from Nopmongcol et al. (2012) which 

showed higher O3 mixing ratios over Europe for January and July using the Comprehensive 

Air Quality Model with Extensions (CAMx). CB6 is a relatively new gas-phase mechanism, 

there are not many studies which evaluate the performance of the CB6 gas-phase mechanism 

over a longer period of time, e.g., for the whole summer, and over continental U.S. In addition, 

there are other uncertainties in this study, including the fact that the emissions for CB05 are 

used for CB6, therefore not considering the additional explicit VOC species in CB6 such as 

benzene and acetylene which can also contribute to O3 formation. In addition, most locations 

in the U.S. in 2010 are considered to by NOx-limited with localized VOC-limited regimes from 

May to September (Campbell et al., 2015), which means that O3 formation is more likely to 

depend on NOx rather than VOC concentrations.  

Table 5.1.8 shows the statistics for maximum 1-hr and 8-hr O3 mixing ratios evaluated 

against CASTNET and AQS. CASTNET sites are mainly rural sites, while AQS consists of 
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urban, suburban, and rural sites. As expected, SAPRC07 consistently produces the highest 

maximum 1-hr and maximum 8-hr O3 mixing ratios and overpredicts at AQS sites with NMB 

of ~16%. However, SAPRC07 performs the best at CASTNET sites, as both CB05 and CB6 

significantly underpredict maximum 1-hr and maximum 8-hr O3 mixing ratios. At CASTNET 

sites, CB6 performs the poorest with the largest underpredictions for both maximum 1-hr and 

maximum 8-hr O3 mixing ratios. However, CB6 predicts higher maximum 1-hr and 8-hr O3 

mixing ratios at AQS sites, while CB05 predicts the lowest maximum 1-hr and 8-hr O3 mixing 

ratios at AQS sites. It is likely that CB6 predicts higher O3 mixing ratios at more VOC-limited 

sites in urban areas, while CB05 predicts higher O3 mixing ratios at more NOx-limited areas, 

due to the improvement in VOC speciation in CB6 compared to CB05. Overall, however, 

CB05 has the highest Corr and the lowest NMEs for CASTNET maximum 1-hr and AQS 

maximum 1-hr and 8-hr O3 mixing ratios.  

Anthropogenic SOA (ASOA) concentrations are lower for CB6 and SAPRC07 

compared to CB05. This is likely partially due to the emissions which are mapped from CB05 

to CB6 and SAPRC07. The CB05 emissions are not likely to account for all anthropogenic 

VOC emissions in CB6 and SAPRC07, resulting in lower ASOA concentrations for CB6 and 

SAPRC07 compared to CB05. Biogenic SOA (BSOA) concentrations, however, are the largest 

for CB6, followed by SAPRC07 and CB05. BSOA concentrations are likely the highest for 

CB6 due to the highest OH+HO2 mixing ratios for CB6. The more extensive VOC 

representation and high O3 mixing ratios for SAPRC07 also likely contribute to the high BSOA 

concentrations for SAPRC07 compared to CB05. However, overall, the total SOA (TSOA) 

and POA concentrations for all three gas-phase mechanisms do not vary by much, resulting in 

similar OA concentrations.  
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Figures 5.1.7 and 5.1.8 show the time series of IMPROVE and STN OC and TC against 

simulated OC and TC at several representative sites over CONUS for the different gas-phase 

mechanisms. In general, at IMPROVE sites, CB05 gives the highest OC concentrations 

compared to CB6 and SAPRC07, most of the time resulting in overpredictions of OC 

concentrations, while CB6 and SAPRC07 perform better against IMPROVE OC. The 

overpredictions of CB05 are likely due to overpredictions in ASOA (as CB05 produces the 

highest ASOA concentrations compared to CB6 and SAPRC07 as shown in Figure 5.1.6). As 

these sites are located in rural locations, the dominant SOA is likely to be BSOA, or downwind 

ASOA from more urban areas. With the exception of Death Valley NP, CA, the model 

performs relatively well in predicting IMPROVE OC concentrations. Simulations with all 

three gas phase mechanisms overpredict OC concentrations over several days in May in 

Brigantine NWR, Death Valley and Swanqwarter, but is able to predict several of the peaks in 

June. All three gas-phase mechanisms, however, largely underpredict OC concentrations over 

Death Valley from May 21st to June 30th. As the Death Valley NP is a desert, the OC at Death 

Valley NP is most likely due to downwind OC transported from other locations, which the 

model is not able to capture due to meteorological biases such as biases in wind fields. The 

differences between the gas-phase mechanisms are smaller for STN TC compared to 

IMPROVE OC, probably due to similar elemental carbon (EC) concentrations for all gas-phase 

mechanisms, which can form a significant percentage of TC. In general, all gas-phase 

mechanisms also show similar trends (peaks and troughs) for simulated TC, likely due to 

influences from meteorological parameters such as wind and precipitation. Overall, all three 

simulations are also able to predict the magnitude and trends of STN TC concentrations 

relatively well. Similarly, CB05 tends to produce the highest TC concentrations, however, CB6 
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also does produce the highest TC concentrations for several days, for example, for some days 

in May in Washington, DC and Tampa, FL, as well as in June in Liberty, KS, likely due to 

influences of BSOA where CB6 produces the highest concentrations as shown in Figure 5.1.6.  

 

5.1.5.3.Impact of different VBS treatments on CDNC 

 

Table 5.1.9 shows the statistics for model evaluation for simulated CDNC from the 

various test cases evaluated against MODIS-derived CDNC from Bennartz (2007) for May to 

June 2010. CB05_SORG_DH and SAPRC07_25%FF_EM3 produce the lowest CDNC 

compared to other test cases. CB05_SORG_DH produces the lowest CDNC due to 

underestimated OA concentrations. Increasing the OA concentrations helps to reduce the 

negative biases for CDNC. There are small differences, however, within the different VBS 

treatments for CB05 in CDNC predictions, with similar Corr ~ 0.29, NMBs of ~-29% to -27% 

and NMEs of ~ 47%. Figure 5.1.9 shows the spatial differences in predictions in warm clouds 

for the different VBS cases with the case CB05_VBS_DH. The VBS treatment helps to 

increase CDNC significantly, as shown by the plot CB05_SORG_DH-CB05_VBS_DH. 

However, the other plots involving the differences between cases with semivolatile POA and 

CB05_VBS_DH do not show significant differences in CDNC predictions. In general, CDNC 

with the semivolatile POA cases are higher over the eastern U.S. but higher over the western 

U.S. due to decreases in column OA concentrations for the semivolatile POA cases compared 

to CB05_VBS_DH over eastern U.S.  

The large differences, however, are found in predictions with the different gas-phase 

mechanisms. SAPRC07_25%FF_EM3 has the largest negative bias (NMB of -52%) compared 

to CB05 and CB6. Figure 5.1.10 shows the spatial plots for CDNC for the different gas phase 
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mechanisms, as well as the surface spatial plots for total OA and inorganic PM2.5 

concentrations. The CDNC plots show significantly lower CDNC for SAPRC07 over the 

northeastern U.S. where CDNC levels are high in general. The spatial plots do not show large 

differences between total OA concentrations for the different gas-phase mechanisms. 

However, large differences are found for total inorganic PM2.5 concentrations for different gas-

phase mechanisms, with SAPRC07 producing the lowest mean and average total inorganic 

PM2.5 concentrations. The low inorganic PM2.5 concentrations in SAPRC07 are likely due to 

the low OH+HO2 mixing ratios for SAPRC07 compared to CB05 and CB6 as shown in Figure 

5.1.6, resulting in a lower PM number concentration and lower cloud condensation nuclei 

(CCN) for SAPRC07 compared to CB05 and CB6.  

There are, however, uncertainties in the derivation of MODIS CDNC from Bennartz 

(2007). Namely, the CDNC is derived from COT and cloud effective radius assuming 

adiabatically stratified clouds (Bennartz, 2007). In the future, more accurate in-situ CDNC can 

be used to compare against the simulated CDNC to assess the accuracy of simulated CDNC 

predictions, even though it will not have a wider spatial coverage as compared to MODIS 

CDNC.  

 

5.1.5.4.Sensitivity Simulations for Aerosol Activation parameterizations 

 

A number of sensitivity simulations are designed to test the improved aerosol activation 

parameterization for FN05 series and MN14, and compare the CDNC predictions to the default 

ARG00 aerosol activation parameterization. The sensitivity simulations cover the period of 

May 1st to June 30th, with a 10 day spin-up period from May 1st to May 10th.  The different 

simulation set-ups as well as the model evaluation against MODIS-derived CDNC from 

Bennartz (2007) are shown in Table 5.1.10. The ARG00 case underpredicts CDNC with an 
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NMB of -35%. The FN05 series help to reduce the underpredictions of CDNC by increasing 

CDNC. The FN05 series in general tend to diagnose higher activation fractions compared to 

the ARG00 scheme for most atmospheric conditions (Ghan et al., 2011). The incorporation of 

FN05 results in a slight overprediction with an NMB of ~7%. The addition of BA10 taking 

into account the effects of condensation on giant CCN reduces the CDNC predictions, leading 

to a slight underprediction of CDNC with an NMB of -0.8%. MN14, which revises the original 

population splitting method in FN05 and BA10, slightly increases the CDNC to an NMB of 

4.2%. The trends in the predictions of FN05, BA10, and MN14 are consistent with the results 

of the cloud parcel model from Morales Betancourt and Nenes (2014). In that study using a 

cloud parcel model, the biases for FN05, FN05/BA10, and MN14 are ~+8%, -10% and -3% 

respectively, which is similar to the trend for this study. However, the Corr and NME is worse 

with the FN05 series and MN14. The NME is almost doubled for the FN05 series and MN14, 

compared to the default ARG00.  

Figure 5.1.11 shows the spatial plots for the MODIS-derived CDNC from Bennartz 

(2007) compared to the simulated CDNC in warm clouds from ARG00, FN05 series, and 

MN14. The default ARG00 case is similar to the CDNC from Bennartz (2007) over eastern 

U.S., however, the underpredictions are mainly from over western U.S. and over the ocean. 

The FN05 series shown in the other plots, increase CDNC where CCN is high i.e. over the 

northeastern U.S., resulting in overpredictions in CDNC over northeastern U.S., but does not 

help to improve CDNC predictions over other parts of the U.S. as well as over the ocean. Figure 

5.1.11 also supports the statistics from Table 5.1.10. Lower Corr and higher NMEs are shown 

for FN05 series and MN14, as compared to ARG00, due to the large overpredictions over 

northeastern U.S. but underpredictions over other parts of the domain.  
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Figure 5.1.12 shows the MODIS AOD and CCN compared with the simulated AOD 

and CCN from the CB05_25%FF_EM3 with MN14. The model largely underpredicts CCN, 

especially over the western U.S. and over the ocean, which explains the underprediction of 

CDNC over similar areas. Condensation of the available water vapor occurs over the limited 

CCN available over the northeastern U.S., resulting in overpredictions of CDNC over 

northeastern U.S., especially for the FN05 series and MN14. The lack of CCN over the ocean 

and the western part of the domain is related to the underpredictions of AOD over the same 

areas. This indicates biases in number (and probably mass) concentrations of column PM 

concentrations, especially over the ocean and western U.S. PM2.5 observational data is 

available over the surface, but not as column data. The spatial distribution and magnitude of 

emissions for PM species and precursors for the model layers above the surface can possibly 

be improved, to improve AOD and CCN predictions, therefore improving CDNC.   

 

  

5.1.6. Summary and Conclusions 

 

Current regional air quality models including WRF/Chem have large uncertainties in 

modeling aerosol-cloud feedbacks, including modeling OA and the aerosol activation process. 

The VBS treatment helps to improve OA predictions by reducing the underpredictions of OA. 

By including a semivolatile POA treatment, using a semi-empirical formation of Epstein et al. 

(2010), including 25% fragmentation and functionalization as well as including additional 

S/IVOC emissions, the VBS treatment in WRF/Chem simulates the atmospheric OA formation 

processes more realistically, and as is able to perform relatively well in predictions of OC and 

TC against IMPROVE and STN. POA/OA ratios for the CB05_25%FF_EM3 treatment is also 

within the range of POA/OA ratios of ~0.15 to 0.40 from literature. The new VBS treatments 
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do not perform as well for SOA predictions over Bakersfield and Pasadena during the CalNex 

field campaign from May to June 2010, due to overpredicted OH and HO2 mixing ratios during 

the daytime, underestimated POA emissions, underpredicted VOC concentrations, as well as 

differences in the SOA precursors used in the model and those contributing to the observed 

SOA concentrations. The simulations with different gas-phase mechanisms CB05, CB6, and 

SAPRC07 produces in general different ASOA and BSOA concentrations, but similar TSOA 

concentrations. However, due to the significant differences between O3, OH, and HO2 mixing 

ratios for the three gas-phase mechanisms, inorganic PM concentrations vary widely, 

especially between the carbon bond mechanisms (CB05 and CB6) and SAPRC07, resulting in 

significantly different predictions of CDNC. SAPRC07 produces the highest O3 mixing ratios, 

while CB6 produces the lowest OH + HO2 mixing ratios. The CDNC predictions do not vary 

much for different VBS treatments for CB05, for example with nonvolatile vs. semivolatile 

POA, and with and without fragmentation and functionalization treatments. SAPRC07 

produces the lowest CDNC compared to CB05 and CB6 due to the lowest inorganic PM 

number and mass concentrations due to the lowest OH and HO2 mixing ratios. 

With the default ARG00 treatment in the model, in general, all VBS cases underpredict the 

MODIS-derived CDNC by Bennartz (2007). By including the FN05 series including 

treatments by FN05, BA10, and MN14, the underpredictions for CDNC is reduced. However, 

the correlation coefficient and errors are worse with the FN05 series. Large overpredictions 

are observed over the northeastern U.S. for the FN05 series and MN14, where CCN is high, as 

the available water vapor condenses on the CCN over northeastern U.S. The model performs 

poorly for AOD and CCN, likely due to inaccuracies in spatial distribution and magnitudes of 

PM and PM precursor emissions in the model layers above the surface. The CDNC predictions 
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can be improved by improving AOD and CCN undepredictions over western U.S. and over the 

ocean.  
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5.1.9. Tables 
 

Table 5.1.1. Summary of several literature studies of VBS treatments in various regional and global models. 
Source Ahmadov et al., 2012 Shrivastava et al., 2011 Farina et al., 2010 Jathar et al., 2011 Hodzic et al., 2010 

Model WRF-Chem WRF-Chem GISS II’ GCM GISS II’ GCM CHIMERE 

Domain Continental U.S. Mexico City Global Global Mexico City 

Spatial Resolution 20 km and 60 km  Nested 3 km within 12 

km  

4o × 5o 4o × 5o 5 km × 5 km and  

35 km × 35 km 

Emissions of SVOCs, 

IVOCs, and VOCs 

Only VOCs; no 

emissions of SVOCs 

and IVOCs  

SVOC emissions 3 

times POA emissions 

for both anthropogenic 

and biomass burning 

emissions. IVOC 

emissions 1.5 times 

POA emissions 

POA is treated as 

nonvolatile and 

nonreactive, but acts as 

absorbing phase for 

SOA condensation, 

forming 1 OA phase 

SVOC emissions are 

represented by the 

traditional emission 

inventory. IVOC 

emissions are 1.5 times 

traditional emissions  

SVOC emissions 3 times 

POA emissions. IVOC 

emissions 1.5 times 

POA emissions 

No. of VBS bins 4 2 and 9 4 9 9 

Aging Yes and No 

Simulations with aging: 

each oxidation step 

produces 7.5% 

additional mass 

Yes and No 

Simulations with aging: 

each oxidation step 

produces 15% additional 

mass 

Yes Yes and No. 

Each oxidation step 

does not produce any 

additional mass 

Yes. 2 cases below: 

(i)Each oxidation step 

produces 7.5% 

additional mass 

(ii)Each oxidation step 

reduces the volatility by 

2 orders of magnitude 

and 40% of additional 

mass produced 

Observational data SEARCH, STN, 

IMPROVE 

MILAGRO 2006 field 

campaign 

IMPROVE, EMEP IMPROVE, FAME, 

MILAGRO, SOAR 

MILAGRO 2006 field 

campaign 

Variables evaluated OC and EC OA, HOA, OOA 

O:C ratio 

OM:OC of 1.8 OA (surface), HOA, 

OOA 

HOA, OOA, BBOA,  

O:C ratio 

Summary of results 

with VBS framework 

with/without aging 

compared to the 

traditional SOA 

approach  

-Improved diurnal 

variability 

-Results without the 

aging process 

underestimate OC 

throughout the day 

-HOA and OOA: Lower 

negative bias with 

addition of S/IVOC 

emissions  

-OOA: 2 bin VBS better 

results than 9 bin VBS 

-Underprediction of O:C 

ratio in both cases 

-IMPROVE: improved 

with aging 

-EMEP: aging further 

biases already high OA 

predictions 

 

-Adding IVOC 

emissions improves 

performance, however 

underprediction remains 

in winter months 

-HOA overpredicted 

during nighttime 

-Case(i):Modeled O:C 3 

times lower than 

observed 

-Case(ii):Better 

agreement for O:C but 

SOA generally 

overestimated 

Note: HOA: Hydrocarbon-like OA – Reduced specie of OA, generally understood as a surrogate for urban combustion-related POA; OOA: Oxygenated OA – 

Characterized by its high oxygen content and generally understood as a surrogate for SOA; BBOA: Biomass burning OA 
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Table 5.1.1. (cont). Summary of several literature studies of VBS treatments in various regional and global models. 
Source Bergstrom et al., 2012 Lane et al., 2008 Donahue et al., 2009 Murphy et al., 2009 This work  

Model EMEP PMCAMx PMCAMx PMCAMx WRF/Chem 

Domain Europe, a large part of 

the North Atlantic and 

Arctic areas 

Eastern U.S. Eastern U.S. Eastern U.S. Continental U.S. with 

parts of Canada and 

Mexico 

Spatial Resolution 50 km × 50 km 36 km × 36 km NA 36 km × 36 km 36 km × 36 km 

Emissions of SVOCs, 

IVOCs and VOCs 

VOCs are present. 

S/IVOCs are 2.5 times 

the POA emissions 

Only VOCs; SVOCs 

and IVOCs not added 

Additional IVOCs 

added but details are 

not given 

IVOC emissions are 0.2 

to 0.8 times the 

nonvolatile POA 

emission rates 

S/IVOCs are 1.5 to 3 

times the nonvolatile 

POA NEI emissions 

No. of VBS bins 4 for SOA components 

and 9 for POA  

4 9 10 4 for SOA components 

and 9 for POA 

Aging Yes and No.  

Each oxidation step 

produces 7.5% 

additional mass 

Yes. 

No additional mass 

produced for each 

oxidation step. 

Yes. 

No additional mass 

produced for each 

oxidation step.  

Yes. 

No additional mass 

produced for each 

oxidation step. 

Yes.  

Each oxidation step 

produces 7.5% 

additional mass 

Observational data CARBOSOL, SORGA, 

Gote-2005 

STN, IMPROVE NA STN, IMPROVE STN, IMPROVE, field 

data 

Variables evaluated TC, OC OA POA, OPOA, SOA OA TC, OC, POA/OA 

Summary of results 

with VBS framework 

with/without aging 

compared to the 

traditional SOA 

approach  

-Addition of aging 

reactions improve 

summertime results but 

has little or negative 

consequences in 

wintertime 

-Deteriorations of 

model results with 

increased aging at 

urban influenced sites 

in southern Europe 

-Addition of aging 

reactions overpredicts 

the OA concentrations 

in rural IMPROVE 

stations but improves 

the model performance 

in urban areas 

-Aging results in better 

model predictions 

-Slight overprediction 

with IMPROVE 

-Underprediction with 

STN 

-Large improvements in 

predictions 

Note: TC: total carbon; OC: Organic carbon; OPOA: oxidized POA 
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Table 5.1.2. Summary of main characteristics of CB05, CB6, and SAPRC07 gas-phase mechanisms. 

 CB05-Cl1 CB6 SAPRC072 

No. of species 70 114 118 

No. of reactions 156 218 599 

Lumping 

method 

Lumped structure 

based on carbon bonds 

Lumped structure 

based on carbon bonds 

Lumped species based 

on their reactivity 

towards hydroxyl (OH) 

Kinetic Data 

for rate 

constants 

Mostly from IUPAC 

(Atkinson et al., 2005). 

NASA/JPL (Sander et 

al., 2003) values were 

used in some cases 

where IUPAC data was 

not available.  

New information from 

IUPAC (Atkinson et 

al., 2010) and NASA 

(Sander et al., 2006) 

Mainly from IUPAC 

(2006) and NASA 

(Sander et al., 2006).  

Photolysis data Mainly from SAPRC99 

chemical mechanism. 

IUPAC (Atkinson et 

al., 2005) was used if it 

differs significantly 

from SAPRC99.  

New information from 

IUPAC (Atkinson et 

al., 2010) and NASA 

(Sander et al., 2006) 

Mainly from IUPAC 

(2006) and NASA 

(Sander et al., 2006). 

Ozone 

chemistry 

Slightly underpredict 

O3 mixing ratios with 

isoprene and in 

synthetic urban 

mixtures in chamber 

experiments.  

Reduced 

underprediction in O3 

mixing ratios from 

benzene, toluene, and 

xylene, but forms O3 

from isoprene too 

slowly compared to 

CB05.  

Slightly underpredict 

O3 mixing ratios at low 

NOx levels in chamber 

experiments.  

Organic nitrate 2 reactions involving 

organic nitrate (NTR).   
Additional NOx 

recycling from organic 

nitrate to represent fate 

of NOx over multiple 

days. 

Added peroxy+NO 

reactions to form 

organic nitrate.  

Chlorine 

chemistry 

20 additional reactions 

for Cl chemistry 

involving species Cl2, 

HOCl, Cl, ClO, and 

FMCl.  

CB05 chlorine 

chemistry included in 

this work.   

22 base chlorine 

reactions involving 

CL2, CLNO, CLONO, 

CLNO2, CLONO2, 

HOCl, and 26 

additional reactions 

involving organic 

products  
1 CB05 gas-phase mechanism with reactive chlorine chemistry (Yarwood et al., 2005)  
2 SAPRC07 uncondensed and expanded version C, which includes reactions for peroxy 

radical operators (Carter, 2010). 
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Table 5.1.2. (cont.) Summary of main characteristics of CB05, CB6, and SAPRC07 gas-phase 

mechanisms. 

 CB05-Cl1 CB6 SAPRC072 

Organic 

chemistry 

- Explicit organic 

aerosol precursors, e.g., 

isoprene, toluene, 

xylene, -pinene, ß-

pinene.  

 

- Explicit long-lived 

and abundant organic 

compounds including 

propane, acetone, 

benzene and acetylene 

added 

- Extensive revision of 

isoprene and aromatics 

chemistry 

-Formation of alpha-

dicarbonyl compounds 

(glyoxal, 

glycoaldehyde, 

methylglyoxal) 

- Updates to peroxy 

radical chemistry that 

will improve formation 

of H2O2 

- Reformulated 

reactions of peroxy 

radicals so that effects 

of changes in NOx 

conditions on organic 

product formation is 

more accurately 

represented 

- Most comprehensive 

representation of VOCs 

compared to other gas-

phase mechanisms 

3-D host 

models 

Implemented into 

WRF/Chem v3.6.1 by 

Wang et al. (2014). 

Also available in 

WRF/Chem v3.7.1 

Implemented in CAMx 

by ENVIRON (2013) 

Implemented in CMAQ 

(Carter, 2010) 

Reference Yarwood et al. (2005) Yarwood et al. (2010) 

ENVIRON (2013) 

Carter (2010) 

1 CB05 gas-phase mechanism with reactive chlorine chemistry (Yarwood et al., 2005)  
2 SAPRC07 uncondensed and expanded version C, which includes reactions for peroxy 

radical operators (Carter, 2010). 
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Table 5.1.3. Factors to calculate S/IVOC emissions from POA emissions from Shrivastava et al. 

(2011), May et al. (2013a,c) and newly calculated factors for this study. 

Log Ci* at 

298K 

Normalized 

fraction for 

stationary 

emissions based 

on 

anthropogenic 

emissions from 

Shrivastava et 

al. (2011) 

Fraction for 

gasoline 

emissions from 

May et al. 

(2013a) 

Fraction for 

biomass 

burning 

emissions from 

May et al. 

(2013c) 

New calculated 

fraction for all 

sources based 

on Shrivastava 

et al. (2011), 

May et al. 

(2013a,c), and 

% distribution 

of NEI 

emissions 

 

-2 0.04 0.14 0.2 0.1754 

-1 0.02 0.13 0.0 0.0141 

0 0.03 0.15 0.1 0.0961 

1 0.05 0.26 0.1 0.1084 

2 0.07 0.15 0.2 0.1799 

3 0.11 0.03 0.1 0.0949 

4 0.16 0.02 0.3 0.258 

5 0.20 0.01 0.0 0.0249 

6 0.32 0.11 0.0 0.0483 
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Table 5.1.4. Simulation set-up for OA test cases 

Name Gas-Phase △Hvap VBS  FF POA 

emissions 

CB05-

SORG-DH 

CB05 30 kJ mol-1 - - Original NEI 

CB05-VBS-

DH 

CB05 30 kJ mol-1 SOA - Original NEI 

CB05-POA-

DH 

CB05 30 kJ mol-1 SOA/POA - 1.5× 

CB05-POA CB05 Epstein et 

al. (2010) 

SOA/POA - 1.5× 

CB05-

50%FF 

CB05 Epstein et 

al. (2010) 

SOA/POA 50% 1.5× 

CB05-

10%FF 

CB05 Epstein et 

al. (2010) 

SOA/POA 10% 1.5× 

CB05-

25%FF 

CB05 Epstein et 

al. (2010) 

SOA/POA 25% 1.5× 

CB05-

25%FF-EM3 

CB05 Epstein et 

al. (2010) 

SOA/POA 25% 3.0× 

CB6-

25%FF-EM3 

CB6 Epstein et 

al. (2010) 

SOA/POA 25% 3.0× 

SAPRC07-

25%FF-EM3 

SAPRC07 Epstein et 

al. (2010) 

SOA/POA 25% 3.0× 
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Table 5.1.5. Range of statistics for IMPROVE OC, with OA/OC ratios of 1.4 to 2.1 for May to June 

2010. 

Case Mean Obs Mean Sim Corr NMB (%) NME (%) 

CB05-SORG-DH 0.88 0.19 – 0.28 0.26 -78.7 – -68.1 73.9 – 80.9 

CB05-VBS-DH 0.88 0.79 – 1.19  0.51 -10.1 – 34.9 52.3 – 75.5 

CB05-POA-DH 0.88 0.59 – 0.89 0.51 -32.6 – 1.1 52.4 – 59.0  

CB05-POA 0.88 0.70 – 1.05 0.51 -20.7 – 18.9  49.2 – 63.2 

CB05-10%FF 0.88 0.70 – 1.05 0.51 -20.4 – 19.4 49.1 – 63.0 

CB05-25%-FF 0.88 0.57 – 0.86  0.49 -35.2 – -2.9  51.4 – 54.6 

CB05-50%-FF 0.88 0.37 – 0.56 0.45 -57.6 – -36.4  54.4 – 62.6  

CB05-25%FF-EM3 0.88 0.73 – 1.09 0.47 -17.5 – 23.8  50.2 – 65.9  

CB6-25%FF-EM3 0.88 0.71 – 1.06 0.48 -19.6 – 20.5  49.4 – 63.7  

SAPRC07-25%FF-

EM3 

0.88 0.67 – 1.00 0.46 -24.4 – 13.3 50.4 – 60.2 

 

 

Table 5.1.6. Range of statistics for IMPROVE TC, with OA/OC ratios of 1.4 to 2.1 for May to June 

2010. 

Case Mean Obs Mean Sim Corr NMB (%) NME (%) 

CB05-SORG-DH 1.03 0.34 – 0.44 0.30 -66.7 – -57.6    67.9 – 72.3 

CB05-VBS-DH 1.03 0.94 – 1.34 0.52 -8.0 – 30.6 51.1 – 70.3  

CB05-POA-DH 1.03 0.83 – 1.13 0.52 -18.7 – 10.2 48.7 – 58.5 

CB05-POA 1.03 0.94 – 1.29  0.53 -8.5 – 25.6  48.3 – 63.8  

CB05-10%FF 1.03 0.94 – 1.29 0.53 -8.2 – 25.9 48.2 – 63.8 

CB05-25%-FF 1.03 0.83 – 1.09 0.51 -21.6 – 6.8 48.2 – 55.2  

CB05-50%-FF 1.03 0.61 – 0.80 0.47 -40.2 – -22.0  50.8 – 53.4  

CB05-25%FF-EM3 1.03 0.97 – 1.32 0.49 -5.7 – 29.7 50.7 – 66.9 

CB6-25%FF-EM3 1.03 0.95 – 1.30 0.50 -7.3 – 27.2 50.0 – 65.2 

SAPRC07-25%FF-

EM3 

1.03 0.90 – 1.23 0.48 -11.9 – 20.6 49.4 – 61.4  

 

 

Table 5.1.7. Range of statistics for STN TC, with OA/OC ratios of 1.4 to 2.1 for May to June 2010. 

Case Mean Obs Mean Sim Corr NMB (%) NME (%) 

CB05-SORG-DH 2.71 1.10 – 1.34 0.29 -59.4 – -50.6 60.1 – 64.9 

CB05-VBS-DH 2.71 2.44 – 3.35 0.47 -5.8 – 23.7 42.0 – 53.1 

CB05-POA-DH 2.71 2.19 – 2.88 0.47 -19.0 – 6.2 41.6 – 45.5 

CB05-POA 2.71 2.30 – 3.03 0.46 -15.3 – 11.7 39.9 – 44.6 

CB05-10%FF 2.71 2.30 – 3.03 0.46 -15.3 – 11.8 39.8 – 44.5 

CB05-25%-FF 2.71 2.05 – 2.66 0.44 -24.3 – -1.8  41.5 – 42.0  

CB05-50%-FF 2.71 1.65 – 2.07 0.39 -39.1 – -23.8  43.9 – 49.4 

CB05-25%FF-EM3 2.71 2.45 – 3.27 0.41 -9.5 – 20.5 41.7 – 49.7 

CB6-25%FF-EM3 2.71 2.54 – 3.39 0.34 -6.4 – 24.9 45.5 – 54.8 

SAPRC07-25%FF-

EM3 

2.71 2.28 – 3.00 0.41 -16.1 – 10.7 42.0 – 45.2  
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Table 5.1.8. Statistics for max 1-h and max 8-h O3 for simulations with different gas-phases against 

CASTNET and AQS for May to June 2010. 

CASTNET Max 1-h O3  

Case Mean Obs Mean Sim Corr NMB (%) NME (%) 

CB05-25%FF-EM3 51.8 43.3 0.54 -16.3 21.9 

CB6-25%FF-EM3 51.8 41.9 0.52 -19.1 24.1 

SAPRC07-25%FF-

EM3 

51.8 48.3 0.51 -6.7 21.1 

CASTNET Max 8-h O3 

Case Mean Obs Mean Sim Corr NMB (%) NME (%) 

CB05-25%FF-EM3 47.4 43.0 0.54 -9.3 18.9 

CB6-25%FF-EM3 47.4 41.8 0.53 -11.8 20.6 

SAPRC07-25%FF-

EM3 

47.4 47.9 0.50 1.0 19.8 

AQS Max 1-h O3 

Case Mean Obs Mean Sim Corr NMB (%) NME (%) 

CB05-25%FF-EM3 51.0 49.9 0.55 -2.1 18.2 

CB6-25%FF-EM3 51.0 51.5 0.43 1.0 20.8 

SAPRC07-25%FF-

EM3 

51.0 59.3 0.44 16.4 26.1 

AQS Max 8-h O3 

Case Mean Obs Mean Sim Corr NMB (%) NME (%) 

CB05-25%FF-EM3 46.2 46.0 0.54 -0.4 18.6 

CB6-25%FF-EM3 46.2 47.4 0.47 2.6 20.3 

SAPRC07-25%FF-

EM3 

46.2 53.7 0.46 16.3 25.4 

 

 

 

 

 

Table 5.1.9. Statistics for model evaluation for simulated CDNC against MODIS-derived CDNC 

from Bennartz (2007). 

Case Mean Obs Mean Sim Corr NMB (%) NME (%) 

CB05-SORG-DH 162.1 96.0 0.28 -40.8 50.4 

CB05-VBS-DH 162.1 106.0 0.28 -34.6 50.6 

CB05-POA-DH 162.1 115.0 0.29 -29.1 47.4 

CB05-POA 162.1 117.3 0.29 -27.7 47.3 

CB05-10%FF 162.1 117.1 0.29 -27.8 47.2 

CB05-25%-FF 162.1 116.4 0.29 -28.2 47.3 

CB05-50%-FF 162.1 114.7 0.29 -29.2 47.4 

CB05-25%FF-EM3 162.1 116.2 0.29 -28.3 47.3 

CB6-25%FF-EM3 162.1 110.4 0.30 -31.9 47.3 

SAPRC07-25%FF-

EM3 

162.1 77.3 0.26 -52.3 55.8 
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Table 5.1.10. Statistics for simulated CDNC for CB05-25%FF-EM3 against MODIS-derived CDNC 

from Bennartz (2007) for May to June 2010. 

Case Mean Obs Mean Sim Corr NMB (%) NME (%) 

ARG00 162.1 104.8 0.31 -35.4 49.9 

FN05 162.1 173.8 0.26 7.1 93.0 

FN05/BA10 162.1 160.8 0.27 -0.8 87.9 

MN14 162.1 168.9 0.27 4.2 89.6 
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5.1.10. Figures 

 

 

 
Figure 5.1.1. Obs vs. sim OC concentrations against IMPROVE and TC concentrations against IMPROVE and STN for various sensitivity 

simulation cases for a range of OA/OC values from 1.4 to 2.1. 
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Figure 5.1.1 (cont). Obs vs. sim OC concentrations against IMPROVE and TC concentrations against IMPROVE and STN for various 

sensitivity simulation cases for a range of OA/OC values from 1.4 to 2.1. 
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IMPROVE OC (markers) with Sim OC (background) with 
OA/OC = 2.1 

 
 

STN TC (markers) with Sim TC (background) with OA/OC = 
2.1 

 
 

IMPROVE OC (markers) with Sim OC (background) with 
OA/OC = 1.4 

 

STN TC (markers) with Sim TC (background) with OA/OC = 
1.4 

 
Figure 5.1.2. Overlay of obs data (markers) vs. sim data (background) for IMPROVE OC and STN TC and for OA/OC ratios of 1.4 and 2.1 

for the case CB05_25%FF_EM3. 
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Figure 5.1.3. POA/OA ratios of sim data from various sensitivity simulation cases. 
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Figure 5.1.4.  Comparison of obs SOA vs. sim SOA at CalNex sites in Bakersfield and Pasadena in California.  
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Figure 5.1.5. Timeseries of OH and diurnal plots of OH and HO2 at Pasadena, CA during CALNEX, 

2010.  
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 CB05-25%FF-EM3 CB6-25%FF-EM3 SAPRC07-25%FF-EM3 

O3 

   

OH + 
HO2 

   

ASOA 

   

BSOA 

   

TSOA 

   

POA 

   
Figure 5.1.6. Spatial plots of several gas and aerosol species for the three cases with different gas-

phase mechanisms. 
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Figure 5.1.7. Timeseries plots of IMPROVE OC vs. simulated OC at selected sites from sensitivity 

simulations of different gas-phase mechanisms. 
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Figure 5.1.8. Timeseries plots of STN TC vs. simulated TC at selected sites from sensitivity 

simulations of different gas-phase mechanisms. 
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Figure 5.1.9. Impact of different VBS case on CDNC in warm clouds. The plots show the differences between the different sensitivity 

simulations and CB05_VBS-DH. 
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Figure 5.1.10. Spatial plots of CDNC, total surface OA and total inorganic PM2.5 concentrations from different gas-phase mechanisms.  
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Figure 5.1.11. Spatial plots for MODIS-derived CDNC from Bennartz (2007) and simulated CDNC from CB05_25%FF_EM3 ARG00, FN 

series, and MN14 from May to June 2010. 
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Figure 5.1.12. Plots of MODIS AOD and CCN against simulated AOD and CCN from MN14 with CB05_25%FF_EM3. 
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6. CHAPTER 6: SUMMARY AND CONCLUSIONS 

 

This work includes a number of published papers as well as papers that are to be submitted 

into journals. Chapter 1 covers the introduction to air quality and climate modeling, including 

the importance of climate and chemistry interactions with a focus on tropospheric O3 and PM. 

A brief description of the WRF/Chem model, as well as the physics and chemistry options used 

are given. The WRF/Chem model is able to simulate meteorology and chemistry at each time 

step, with feedbacks between both, as well as aerosol direct and indirect feedbacks to clouds 

and radiation. Chapter 2 includes a brief literature review of offline vs. online-coupled air 

quality, chemical transport and chemistry-climate models, as well as the advantages of online-

coupled models over offline coupled models. The uncertainties in such models are discussed, 

with a focus on organic aerosol and aerosol activation parameterization processes in models. 

Each section from Chapters 3 to 5 also includes its own brief introduction and literature review. 

Chapter 3 covers air quality studies involving the application of WRF/Chem over continental 

U.S. Comprehensive model evaluations including operational, diagnostic, and mechanistic 

evaluations are carried out for 2001, 2006 and 2010 for major meteorological, gas species, 

aerosol species as well as cloud variables. Trends in emissions and air quality from 2001 to 

2010 are also analyzed. Sensitivity simulations to analyze model responses to model inputs 

including emissions, meteorology, and ICONs/BCONs are also conducted. Chapter 4 covers 

decadal climate current vs. future year RCP4.5 and RCP8.5 scenarios over continental U.S. 

using WRF/Chem with downscaled climate and chemical ICONs/BCONs from CESM. A 

comprehensive climatological evaluation is also carried out for the current year scenario to 

assess model performance. Lastly, chapter 5 consists of model improvement with regards to 
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two major uncertainties in the model – the organic aerosol formation process as well as the 

parameterization of aerosol activation in the model.  

Each section from Chapters 3 to 5 also contains its own individual summary and 

conclusions for each chapter. WRF/Chem in general performs relatively well for surface 

meteorological variables, with the exception of precipitation, which tends to be overpredicted. 

The climatological evaluation of a 10-year WRF/Chem simulation for the RCP scenarios 

shows that WRF/Chem in general is able to predict the climate variables well, with very low 

MBs of < 0.5oC for T2. The use of the Grell-3D and the Grell-Freitas convective scheme 

produces large amounts of precipitation, which can be used by using the Multi-scale Kain 

Fritsch scheme, which is available in WRF/Chem v3.7.1 but not in v3.4.1 or v3.6.1. 

WRF/Chem also performs better than the WRF only model for most radiation variables 

including SWDOWN and GLW, consistently for short-term air quality applications as well as 

for decadal climate simulations, due to the dynamic aerosol chemistry and feedbacks to clouds 

and radiation. WRF/Chem also performs well for O3 mixing ratios, with a tendency to 

underpredict against more rural sites in CASTNET, but with smaller underpredictions, or slight 

overpredictions against AQS which covers urban, suburban, and rural sites, for both air quality 

and climate applications. O3 mixing ratios tend to be underpredicted during the colder fall and 

winter months compared to the summer months. Peak O3 mixing ratios are also observed over 

April and May rather than June to August due to emission reductions and opposite trends in 

O3 mixing ratios over eastern and western U.S. over the last 20 years. WRF/Chem also 

generally performs well for PM2.5 concentrations with NMBs of ±25%, with a tendency to 

overpredict at more rural IMPROVE sites, but underpredict at more urban STN sites, likely 

due to the use of a coarse model grid resolution. With the exception of cloud fraction, 
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WRF/Chem in general does not perform well for aerosol-cloud variables including AOD, 

COT, CWP, CCN, and CDNC, with a tendency to underpredict them. The poor performance 

for aerosol-cloud variables is due to inaccurate representation of their processes in the 

WRF/Chem model. There also, however, exist, uncertainties in the satellite-derived aerosol-

cloud variables, which has been discussed in this study.   

The biases and errors in the model evaluation can be attributed to a number of factors, 

besides inaccuracies in model representation of atmospheric processes, the emissions and 

ICONs/BCONs also influence the model results significantly. The chemical ICONs/BCONs 

comparing two global models – CESM and MACC can influence maximum 8-hr O3 mixing 

ratios of up to ~6 ppb in 2010. Due to meteorological-chemical feedbacks, the differences in 

chemical ICONs/BCONs can also result in non-negligible impacts on aerosol-cloud-radiation 

variables. For example, the differences in GSW can range up to 15 W m-2 over some areas over 

southeastern U.S. 

 Decadal simulations are also carried out for current (2001 to 2010) and future (2046 to 

2055) WRF and WRF/Chem simulations using the RCP4.5 and RCP8.5 scenarios as well as 

downscaled ICONs/BCONs from CESM. In general, both WRF and WRF/Chem, as well both 

RCP4.5 and RCP8.5 scenarios produce about ~2oC increase in T2 in the future climate 

scenarios. However, the locations of maximum T2 is different for the different models and 

different scenarios, due to the feedback from the spatial variability and magnitude of aerosol 

concentrations over CONUS. Both RCP4.5 and RCP8.5 simulations also predict slight 

decreases in precipitation over the whole domain, with increases over southeastern U.S. O3 

mixing ratios decrease over most parts of the U.S. for RCP4.5 with a domainwide decrease of 

~ 2 ppb, except for major urban cities in California and northeastern U.S., which show 
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increases for the future case. However, for RCP8.5, O3 mixing ratios show a domainwide 

increase over all parts of the U.S. of ~ 3 ppb. This is mainly influenced by the higher increase 

in methane levels for future RCP8.5 scenarios compared to RCP4.5, higher mixing ratios of 

O3 from the chemical ICONs/BCONs from CESM_NCSU. The differences between the NOx 

and VOC concentrations, as well as shifts in the O3 indicator regimes (more VOC-limited 

regions are seen for RCP8.5 compared to RCP4.5 in the future) also contribute to the different 

predictions of future O3 mixing ratios. The RCP4.5 scenario shows that reduced GHG 

emissions also yield a co-benefit of improving air quality by reducing O3 mixing ratios over 

most of CONUS. However, it is also important to note that the increase in future T2 can 

increase biogenic VOCs, which can also contribute to O3 formation. The reduction in NOx 

emissions can also reduce the O3 titration process, resulting in increased O3 mixing ratios over 

urban areas as shown in the RCP4.5 scenario. PM2.5 concentrations are expected to decrease in 

all scenarios in the future, which will impact cloud formation and radiation.  

 Large uncertainties are also present in the OA formation process as well as the aerosol 

activation parameterization in WRF/Chem. The VBS treatment in WRF/Chem helps to reduce 

the underpredictions of OA when using the traditional SOA formation method (e.g., used in 

MADE/SORGAM). By including a semivolatile POA treatment, using a semi-empirical 

formation of Epstein et al. (2010), including 25% fragmentation and functionalization as well 

as including additional S/IVOC emissions, the VBS treatment in WRF/Chem simulates the 

atmospheric OA formation processes more realistically, and as is able to perform as well as 

the default VBS case with nonvolatile POA and no functionalization and fragmentation 

treatment against IMPROVE and STN TC and OC. The simulations with different gas-phase 

mechanisms CB05, CB6, and SAPRC07 produce similar TSOA concentrations. However, due 
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to the significant differences between O3, OH, and HO2 mixing ratios simulated by the three 

gas-phase mechanisms, inorganic PM concentrations vary widely, especially between the 

carbon bond mechanisms (CB05 and CB6) and SAPRC07, resulting in significantly different 

predictions of CDNC. CDNC predictions do not vary much for the different VBS treatments 

for CB05, for example, with nonvolatile vs. semivolatile POA, and with and without 

fragmentation and functionalization treatments. For the aerosol activation parameterization 

process in WRF/Chem, with the default ARG00 treatment in the model, in general, all VBS 

cases underpredict the MODIS-derived CDNC by Bennartz (2007). By including the FN05 

series including treatments by FN05, BA10, and MN14, the underpredictions for CDNC is 

reduced. However, the correlation coefficient and errors are worse with the FN05 series due to 

large overpredictions over northeastern U.S. where CCN is high. The CDNC predictions can 

be improved by improving AOD and CCN undepredictions over western U.S. and over the 

ocean. Column PM predictions also need to be looked at more closely. In addition, direct 

linkages between the microphysics and cumulus parameterization schemes are missing in the 

WRF/Chem model. The organic aerosol representation in the model can be further improved 

by constraining S/IVOC emissions, a more dynamic treatment for hygroscopicity, improving 

the wet and dry deposition of organic vapors and OA, as well as the inclusion of aqueous SOA.  
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Appendix A 

 

1. Observational Datasets for Model Evaluation and Operational Evaluation 

Table A1 summarizes the observational databases and the variables evaluated in this 

work. For evaluation of chemical concentrations, deposition fluxes, and meteorological 

variables, the surface networks include the Clean Air Status and Trends Network (CASTNET), 

the Photochemical Assessment Monitoring Stations (PAMS) network, the Aerometric 

Information Retrieval System (AIRS) – Air Quality System (AQS), the Interagency 

Monitoring of Protected Visual Environments (IMPROVE), the Speciated Trends Network 

(STN) also known as Chemical Speciation Network (CSN), the Southeastern Aerosol Research 

and Characterization (SEARCH), and the National Atmospheric Deposition Network (NADP). 

Analysis products for precipitation come from the Climate Prediction Centre Merged Analysis 

of Precipitation (CMAP) and the Global Precipitation Climatology Centre (GPCC). Several 

radiation variables are also evaluated against satellite data and observational networks 

including the Surface Radiation network (SURFRAD), the Clouds and the Earth’s Radiant 

Energy System (CERES), the National Oceanic and Atmospheric Administration Climate 

Diagnostics Center (NOAA CDC), the Moderate Resolution Imaging Spectroradiometer 

(MODIS), the Surface Radiation Budget (SRB), and the Multi-angle Imaging 

SpectroRadiometer (MISR). Vertical profiles of temperature, dewpoint temperature, wind 

speed and wind directions are also evaluated against sounding data from NOAA’s Radiosonde 

Database (http://www.esrl.noaa.gov/raobs/).  

CASTNET observations tend to be collected in a range of rural environments, from 

desert to agricultural locations, from flat to complex terrains 

(http://java.epa.gov/castnet/epa_jsp/sites.jsp). It contains measurement data for meteorological 

variables and chemical concentrations. It also contains dry deposition data, which are estimated 

http://www.esrl.noaa.gov/raobs/
http://java.epa.gov/castnet/epa_jsp/sites.jsp
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based on the CASTNET measured pollutant concentrations and dry deposition velocity 

calculated based on the Multi-Layer Model (MLM) 

(http://java.epa.gov/castnet/clearsession.do). The CASTNET MLM data are weekly, and 

generated by multiplying the observed concentrations of chemical species from the CASTNET 

sites with the dry deposition velocities from the MLM (Clarke et al., 1997). AIRS-AQS is US 

EPA’s repository for ambient air quality data from over 5000 active monitors 

(http://www.epa.gov/ttn/airs/airsaqs/). PAMS measures mixing ratios of 56 different target 

hydrocarbons ranging from 3-hourly to weekly samples 

(http://www.epa.gov/ttnamti1/pamsmain.html). While IMPROVE observations tend to be 

collected in protected visual environments, i.e., in National Parks and Wilderness Areas 

(http://vista.cira.colostate.edu/improve/), STN/CSN sites are located in a range of locations 

from urban to rural areas (http://www.epa.gov/ttnamti1/specgen.html).  Both networks contain 

data for PM2.5 and major PM2.5 species. SEARCH is a regional network that measures gaseous 

and PM concentrations; its sites are located in the southeastern part of the U.S. 

(http://www.atmospheric-research.com/locations/index.html). NADP contains precipitation 

and wet deposition data over CONUS.  CMAP, and GPCC contain analysis products for 

precipitation. While NADP data is based on collection of samples using rain gauges, CMAP 

data is derived from rain gauge observations, estimates from a variety of satellite data and 

blended with the NCEP/NCAR Reanalysis (Xie and Arkin, 1997). The GPCC Full Reanalysis 

data is based on data interpolation and bias-corrected rain gauge data (Schneider et al., 2013; 

http://www.esrl.noaa.gov/psd/data/gridded/data.gpcc.html). GPCP data also combines 

observations and satellite precipitation data 

(http://www.esrl.noaa.gov/psd/data/gridded/data.gpcp.html).  This would mean that NADP 

http://java.epa.gov/castnet/clearsession.do
http://www.epa.gov/ttn/airs/airsaqs/
http://www.epa.gov/ttnamti1/pamsmain.html
http://vista.cira.colostate.edu/improve/
http://www.epa.gov/ttnamti1/specgen.html
http://www.atmospheric-research.com/locations/index.html
http://www.esrl.noaa.gov/psd/data/gridded/data.gpcc.html
http://www.esrl.noaa.gov/psd/data/gridded/data.gpcp.html
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data is point-specific distributed over land, while CMAP, GPCC, and GPCP data cover the 

whole simulation domain including land and ocean. In addition, NADP data is available on a 

weekly basis while the CMAP and GPCC data are based on monthly averages.  GPCC data is 

available on a 0.5o×0.5o resolution while CMAP and GPCP data are available on a 2.5o×2.5o 

resolution.  Several aerosol-cloud-radiation variables are also evaluated against satellite data 

and observational networks including CASTNET, SEARCH, SURFRAD, MISR, CERES, 

NOAA CDC, MODIS, and SRB. CASTNET, SEARCH, and SURFRAD sites are surface 

networks with measurements using solar radiation sensors (AMEC, 2011; 

http://www.esrl.noaa.gov/gmd/grad/surfrad/; http://www.atmospheric-

research.com/studies/search/SEARCHFactSheet.pdf) while MISR, CERES, NOAA CDC, 

MODIS, and SRB are satellite and instrument-derived data (http://ceres.larc.nasa.gov/; 

http://www.gewex.org/srbdata.htm). Both CASTNET and SURFRAD sites cover areas of 

varying climates, i.e., in forested areas, agricultural land, national parks, and in deserts. 

NOAA’s Radiosonde Database (http://www.esrl.noaa.gov/raobs/) is used to evaluate the 

simulated vertical profiles of temperature, dewpoint temperature, wind speed, and wind 

directions. 

For operational performance evaluation, the simulation and observational data are 

compared in terms of annual and seasonal domainwide statistics and soccer plots, spatial 

distributions of NMBs and MBs at monitoring stations, time series plots, and bar and scatter 

plots. 

 

2. Model Evaluation 

 

2.1 Meteorological Evaluation 

 

http://www.esrl.noaa.gov/gmd/grad/surfrad/
http://www.atmospheric-research.com/studies/search/SEARCHFactSheet.pdf
http://www.atmospheric-research.com/studies/search/SEARCHFactSheet.pdf
http://ceres.larc.nasa.gov/
http://www.gewex.org/srbdata.htm
http://www.esrl.noaa.gov/raobs/
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Figure A1 shows spatial distributions of MBs of major meteorological variables.  

Figures A2-A5 and A8 compare observed and simulated meteorological variables at selected 

sites.  For SWDOWN shown in Figure A2, the model generally reproduces observed peaks 

and dips at all the sites but with slight-to-moderate overpredictions for peak values at YEL, 

YOS, BBE, and CHA. YEL, YOS, and BBE are national parks while CHA is a rangeland with 

complex terrains. This overprediction indicates that the model may not be able to accurately 

simulate SWDOWN over lands with forest cover and complex terrains due likely to limitations 

in the shortwave radiation scheme and the use of a course grid resolution of 36-km.  As shown 

in Figure A3, the simulated T2 agrees well with observed T2 for all sites except for YOS, YEL, 

and JST where underpredictions occur. For YOS, the model captures well the observed diurnal 

variations in T2, but underpredicts the magnitude up to 10oC throughout the year, because of 

several reasons similar to biases in SWDOWN.  As shown in Figure A4, slight-to-moderate 

overpredictions in RH2 occur at PSU, BBE, BVL, YRK, and JST. The model can capture the 

maximum values of RH2 but fail to predict the minimum values of RH2 at these sites. The 

model performs poorly with large overpredictions from January to May at YOS and YEL and 

from mid-October to December. The simulated RH2 is calculated offline based on water vapor 

mixing ratio at 2-m, surface pressure, and T2. The underestimated T2 in these locations could 

have resulted in higher surface pressures, resulting in higher RH2.  As shown in Figure A5, 

simulated WS10 at ALC and BBE is generally in good agreement with observed WS10. 

Simulated WS10 are overpredicted at YEL, CHA, JST and YOS (except for summer months) 

and underpredicted at PSU, IRL, BVL, and YRK. Systematic large overpredictions for the 

whole year can be seen in YEL and systematic large underpredictions occur at IRL. The 

overpredictions are probably due to the reasons mentioned above. The underpredictions of 
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WS10 could be related to underpredicted T2, which affects surface pressure differences thus 

reducing WS10. The largest underpredictions occur at IRL, which is located near the coast. 

The underpredicted T2 would affect WS10 to an even larger extent due to the decrease in 

temperature difference between the land and the ocean at IRL, resulting in weaker land and 

sea breezes. In addition, the Mass and Owens (2010) surface drag parameterization 

implemented in the work may have reduced WS10 more than necessary. As shown in Figure 

A8, simulated WS10 at JST correspond well to observed WS10, but WS10 at PNS are 

overpredicted. 

2.2 Chemical Evaluation 

 

Figure A6 shows spatial distributions of NMBs plots for all seasons for maximum 8-hr 

ozone and average PM2.5 concentrations. As shown in Figure A6, there is a complete shift in 

the trend of O3 mixing ratios in JJA and SON with large overpredictions in the eastern U.S. 

The western part of U.S. has large overpredictions for JFD. It is also interesting that along the 

coast in California, Texas, and in Florida in JJA, MAM, and JFD and to a smaller extent in 

SON, there are overpredictions for the sites closest to the coast but underpredictions for the 

sites slightly inland. This could be related to the overpredicted T2 along the coast mentioned 

in section 3.1.1. In addition, Huang et al. (2010) attributed episodic elevated O3 mixing ratios 

over the California coast to be affected by Asian inflows, which are reflected in the BCONs. 

The MACC BCONs used in this study do show high O3 mixing ratios near the western 

boundary of the domain. Lin et al. (2012) also concluded that Asian emissions can possibly 

contribute to high O3 episodes over the western U.S. in spring. In addition, another possibility 

for high O3 could be due to chlorine (Cl) reactions. The simulations show high OH mixing 

ratios (> 0.25 ppt) as well as high Cl mixing ratios (> 3×10-10 ppm) off the western coast in 
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JJA (figures not shown). While Cl radicals destroy O3 in a low NOx environment, they can 

react with VOCs to form O3 in the presence of significant amounts of hydrocarbons and NOx 

(Tanaka et al., 2003). The sharp decrease in simulated O3 mixing ratios slightly inland from 

the coast in California in MAM and JJA also aligns with the Sierra-Nevada mountain range, 

indicating that the mountain ranges block off the Asian inflow.   

Figure A7 shows seasonal mean NMBs (%) and NMEs (%) of observed and simulated 

concentrations of SO2, NO2, HNO3 and CO at selected sites.  As discussed in the text, the 

biases in those species help explain biases in O3 and PM2.5 predictions. 

2.3 Evaluation of Radiative and Cloud Variables 

Figure A9 shows spatial distributions of satellite-observed observations and 

WRF/Chem predictions of various aerosol-cloud-radiation variables. The main text provides a 

detailed analysis of variables shown in Figure A9. 

3. Aerosol-Cloud-Radiation Feedbacks 

Figure A10 shows absolute differences between predictions of meteorological 

variables by WRF/Chem and WRF (WRF/Chem – WRF) simulations.  Figure A11 shows 

seasonal spatial distributions of PM2.5 column, mass, and number concentrations.  The main 

text provides a detailed analysis of variables shown in Figures A10 and A11. 

 

Additional references 

 

Clarke, J.F., Edgerton, E.S., 1997. Dry deposition calculations for the Clean Air Status and 

Trends Network, Atmos. Environ., 21, 3667-3678. 

Lin et al., 2012. Transport of Asian ozone pollution into surface air over the western United 

States in spring, J. Geophys. Res., 117.  
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Table A1. Observational datasets and variables evaluated in this study. 

Gases and PM Species 

Observational database Variables evaluated Sampling 

Frequency 

Number of Sites 

CASTNET Max 1-hr and 8-hr O3, PM species 

including SO2 and HNO3, SO4
2-, NO3

-

, NH4
+ 

Daily for O3, 

Weekly for PM 

species 

~90 

CASTNET MLM Dry deposition fluxes of SO2, HNO3, 

SO4
2-, NO3

-, NH4
+ 

Weekly ~40 

PAMS Isoprene, Toluene, and HCHO Daily ~100 for isoprene, 

~200 for HCHO and 

~300 for toluene 

and  

AIRS–AQS O3, CO, NO2, SO2 Hourly ~1150 

IMPROVE PM2.5, SO4
2-, NO3

-, NH4
+, EC, OC 24-hour data. Data 

availability once 

every 3 days 

~160 

STN PM2.5, SO
4

2-
, NO

3

-
, NH

4

+
, EC, TC 

 

24-hour data. Data 

availability once 

every 3 days 

~200 

SEARCH O3, SO2, NO, NO2, CO, PM2.5, SO4
2-, 

NO3
-, NH4

+, EC, OC 

Hourly for gas, daily 

for PM species 

8 

NADP Wet deposition of SO4
2-, NO3

-, NH4
+ Weekly 255 

Data from field studies    

Location  Variables evaluated Sampling Frequency Number of Sites 

Research Triangle Park, 

NC1 

EC and OC Several days from 

April to Dec 06  

1  

Meteorology 

Observational Database Variables evaluated Temporal 

Resolution 

Spatial Resolution 

CASTNET T2, RH, WSP10, WDR10 Hourly ~90 

NADP Precipitation Weekly 255 

SEARCH T2, RH, WSP10, WDR10 Hourly 8 

CMAP Precipitation Monthly 2.5ox2.5o 

GPCC Precipitation Monthly 0.5ox0.5o 

Radiation 

Observational Database/ 

Satellite 

Variables evaluated  Temporal 

Resolution 

Number of sites/ 

Spatial Resolution 

SURFRAD SWDOWN, Albedo, Net Solar 

Radiation, OLR, GLW 

Monthly 8 sites 

CERES SWDOWN Monthly 1ox1o 

CASTNET SWDOWN Monthly ~90 

SEARCH SWDOWN Monthly 8 

NOAA CDC OLR Monthly 2.5ox2.5o 

MODIS CF Monthly 1ox1o 

SRB SWDOWN Monthly 1ox1o 

                                                 
1 Offenberg et al., 2011 
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Table A2. Correlation between AOD and other variables 

 MAM JJA SON JFD 

Surface PM2.5 0.82 0.87 0.81 0.73 

Column PM2.5 0.95 0.96 0.94 0.90 

CCN 0.82 0.86 0.89 0.78 

PWV 0.52 0.36 0.13 0.32 

CF 0.20 0.30 0.23 0.30 

OLR -0.06 -0.37 -0.18 0.03 

COT 0.63 0.48 0.69 0.79 

CWP 0.43 0.23 0.39 0.57 
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 MAM JJA SON JFD 
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Figure A1. Overlay plots for MB of T2, RH, WS10 and SWDOWN based on CASTNET and SEARCH and for Precip based on 

NADP.
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Alabama-Coushatta (ALC188), TX (30.42,-94.40), CASTNET 

 

Penn State (PSU106), PA (40.72,-77.93), CASTNET 

 
Big Bend National Park (BBE401), TX (29.31,-103.177), 

CASTNET 

 

Yellowstone National Park (YEL408), WY (44.57,-110.40), 
CASTNET 

 
Indian River Lagoon (IRL141), FL (27.85,-80.46), CASTNET 

 

 

Yosemite National Park (YOS404), CA (37.71,-119.70), 
CASTNET 

 
Bondville (BVL130), IL (40.05,-88.37), CASTNET 

 

Chiricahua (CHA467), AZ (32.01,-109.39), CASTNET 

 
Yorkville (YRK), GA (33.93,-85.05), SEARCH 

 

Jefferson Street (JST), GA (33.78,-84.41), SEARCH 

 

 

Figure A2. Daily average downward shortwave radiation (SWDOWN) at 10 sites including 8 

CASTNET sites and 2 SEARCH sites. The solid red line represents simulated values while the 

dotted blue lines represent observed data. 
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Alabama-Coushatta (ALC188), TX (30.42,-94.40), 
CASTNET 

 

Penn State (PSU106), PA (40.72,-77.93), CASTNET 

 

 

Big Bend National Park (BBE401), TX (29.31,-103.177), 
CASTNET 

 

Yellowstone National Park (YEL408), WY (44.57,-
110.40), CASTNET 

 
Indian River Lagoon (IRL141), FL (27.85,-80.46), 

CASTNET 

 

Yosemite National Park (YOS404), CA (37.71,-119.70), 
CASTNET 

 
Bondville (BVL130), IL (40.05,-88.37), CASTNET 

 

Chiricahua (CHA467), AZ (32.01,-109.39), CASTNET 

 
Yorkville (YRK), GA (33.93,-85.05), SEARCH 

 

Jefferson Street (JST), GA (33.78,-84.41), SEARCH 

 

Figure A3. Daily average 2-m temperature (T2) at 10 sites including 8 CASTNET sites and 2 

SEARCH sites. The solid red line represents simulated values while the dotted blue lines 

represent observed data. 
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Alabama-Coushatta (ALC188), TX (30.42,-94.40), 
CASTNET 

 

Penn State (PSU106), PA (40.72,-77.93), CASTNET 

 

 

Big Bend National Park (BBE401), TX (29.31,-
103.177), CASTNET 

 

Yellowstone National Park (YEL408), WY (44.57,-
110.40), CASTNET 

 

Indian River Lagoon (IRL141), FL (27.85,-80.46), 
CASTNET 

 

Yosemite National Park (YOS404), CA (37.71,-
119.70), CASTNET 

 

Bondville (BVL130), IL (40.05,-88.37), CASTNET 

 

Chiricahua (CHA467), AZ (32.01,-109.39), CASTNET 

 

Yorkville (YRK), GA (33.93,-85.05), SEARCH 

 

Jefferson Street (JST), GA (33.78,-84.41), SEARCH 

 
 

Figure A4. Daily average relative humidity (RH) at 10 sites including 8 CASTNET sites and 2 

SEARCH sites. The solid red line represents simulated values while the dotted blue lines 

represent observed data. 
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Alabama-Coushatta (ALC188), TX (30.42,-94.40), 
CASTNET 

 

Penn State (PSU106), PA (40.72,-77.93), CASTNET 

 

 

Big Bend National Park (BBE401), TX (29.31,-103.177), 
CASTNET 

 

Yellowstone National Park (YEL408), WY (44.57,-
110.40), CASTNET 

 
Indian River Lagoon (IRL141), FL (27.85,-80.46), 

CASTNET 

 

Yosemite National Park (YOS404), CA (37.71,-119.70), 
CASTNET 

 
Bondville (BVL130), IL (40.05,-88.37), CASTNET 

 

Chiricahua (CHA467), AZ (32.01,-109.39), CASTNET 

 
Yorkville (YRK), GA (33.93,-85.05), SEARCH 

 

Jefferson Street (JST), GA (33.78,-84.41), SEARCH 

 
 

Figure A5. Daily average 10-m wind speed (WS10) at 10 sites including 8 CASTNET sites and 2 

SEARCH sites. The solid red line represents simulated values while the dotted blue lines 

represent observed data. 
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Figure A6. Spatial Distribution of NMBs plots for all seasons for maximum 8-hr ozone and 

average PM2.5 concentrations. 
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Figure A7.  Seasonal mean NMB (%) and NME (%) at several observational network sites (Bars, read from the left Y axis) along with 

mean Obs and mean Sim concentrations of SO2, NO2, HNO3 and CO for each season (indicated by a single symbol such as square and 

dot overlaid with the respective bars, read from the right Y axis). 
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Figure A8. Simulated and Observed Wind Speeds at JST and PNS in JJA.
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Figure A9. Spatial distributions of satellite-observed observations and WRF/Chem predictions 

of various aerosol-cloud-radiation variables.
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Figure A10. Absolute Differences between predictions of meteorological variables by WRF/Chem and WRF (WRF/Chem – WRF) 

simulations. 
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Figure A11. Seasonal spatial distributions of PM2.5 column, mass and number concentrations. 
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Appendix B 

 

1. Model Configuration  

Both simulations are performed at a horizontal resolution of 36- km with 148 × 112 

horizontal grid cells over a North America domain that covers the continental U.S. (CONUS) 

and parts of Canada and Mexico. The anthropogenic emissions used are based on the 2008 

National Emission Inventory (NEI) from the United States Environmental Protection Agency 

(U.S. EPA) (Pouliot et al., 2014). Meteorological ICONs and BCONs are from the National 

Center of Environmental Prediction’s (NCEP) final reanalysis (FNL) data. The chemical 

ICONs and BCONs are from the Monitoring Atmospheric Composition and Climate (MACC) 

model (http://www.gmes-atmosphere.eu/). More detailed description of the model 

configuration can be found in Yahya et al. (2014).  

2. Emission Trends 

Figure B1 shows annual mean hourly average emission changes for SO2, NOx, VOCs, 

NH3, EC, and POA from 2010 to 2006. Figure B2 shows seasonal mean hourly average 

emission changes for VOCs and NH3 from 2010 to 2006. Over land, most emissions show a 

decrease from 2006 to 2010 except for small areas and several point sources. Unlike the 

changes in the emissions of SO2 and NOx, NH3 and VOCs emissions exhibit strong seasonal 

variations in the emission trends, as shown in Figure B2. In JFD, NH3 emissions decrease over 

southeastern and Midwest U.S., while NH3 emissions increase significantly over northeastern 

U.S. and in parts of CA possibly due to increased downward radiation which contributes to 

NH3 volatilization (EPA, 2004). For the other seasons, NH3 emissions generally decrease over 

the whole of continental U.S. (CONUS) due to a decrease in animal population numbers (EPA, 

2004). VOC emissions largely decrease in March, April, May (MAM) and January, February, 

http://www.gmes-atmosphere.eu/
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and December (JFD), and increase in June, July, August (JJA) and September, October, and 

November (SON), especially in southeastern U.S. 

 

3. ICONs/BCONs 

The skin temperature and soil moisture initial conditions are important as they affect 

latent and sensible heat, which in turns affect the properties of the boundary layer. Figure B3 

shows skin temperature and soil moisture fraction in winter (JFD) and summer (JJA) between 

2010 and 2006 extracted from NCEP as boundary conditions for WRF and WRF/Chem 

simulations. The JFD skin temperatures show a significant decrease of up to -8 ºC over eastern 

and central U.S. and a moderate increase over western U.S. The JJA skin temperatures show a 

moderate overall increase over eastern and southern U.S. and a moderate decrease in western 

and northwestern U.S. The soil moistures show less variability from 2006 to 2010. General 

trends include an increase in soil moisture fraction over southeastern and central U.S. and a 

decrease over the northeastern and northwestern U.S. for JFD. For JJA, soil moisture fraction 

mainly decreases over eastern U.S. except for parts of Georgia, Alabama, and Mississippi. 

Large increases in soil moisture fraction are found over northern U.S. and parts of Canada and 

Mexico. Soil moisture and temperature are important variables in regulating the sensible and 

latent heat fluxes from the ground to the atmosphere, affecting wind speeds and planetary 

boundary layer height (PBLH). The accuracy of soil moisture initialization is important as 

latent heat fluxes are very sensitive to variations of soil moisture fraction. Latent heat fluxes 

tend to be overestimated when soil moisture fraction is high (Hong et al., 2009). 
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4. Model Evaluation 

Figure B4 shows the spatial distribution of NMB plots for JFD and JJA 2006 and 2010 

for T2 based on evaluation against CASTNET and SEARCH. T2 is generally more 

underpredicted by the model during the winter months compared to the summer months.  

Figure B6 shows the spatial distributions of the average OC concentrations for the 

months during which the field data were collected during the periods specified in Figure 9 in 

2006 and 2010. 2006 in general has higher OC concentrations compared to 2010. Southeastern 

U.S., also in general has higher OC concentrations compared to western U.S for both 2006 and 

2010. The model severely underestimates OC concentrations over western U.S., with a 

maximum mean in downtown LA area of 1.5 – 1.8 g m-3, when the observed OC 

concentrations for Pasadena and Bakersfield range from 1 to 8 g m-3. Figure B5 also shows 

that the simulated OC concentrations do not change much daily with the variations in the 

observed OC concentrations, but remain low throughout the two months. Also, the observed 

OC concentrations at both sites in CA are much higher than those of SOA, indicating the 

dominance of POA for 2010 in western U.S. Although simulated SOA gives relatively better 

performance against observed SOA, OC is significantly underpredicted mainly because of 

significant underpredictions of POA (due to underestimate in POA emissions) that dominates 

OC concentrations. The underpredictions in SOA also contribute in part to the OC 

underpredictions. There would be additional uncertainties in using 1.4 as the factor for deriving 

OA concentrations from OC; however, and such uncertainties cannot explain the large 

discrepancies between the simulated and observed OC concentrations in 2010. In addition, 

stronger wind speeds from the model in JJA 2010 as shown in Figure B5 can help disperse OC 

over western U.S. toward further inland compared to the weaker winds over western U.S. in 
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JJA 2006, reducing OC concentrations over western U.S in JJA 2010. Figure B6 also shows 

the spatial distribution of the concentrations of anthropogenic SOA (ASOA) and total SOA 

(TSOA) (=ASOA + BSOA) and the ratio of SOA/OA. The ratios for April to December 2006 

range from 0 to 0.8 with higher ratios in southern U.S. from Nevada in the west to Virginia in 

the east, while the ratios for May to June 2010 range from 0 to 0.9 with higher ratios in eastern 

U.S.  Table 1 also shows that the 2010 simulation has negative NMBs of -30% and -12% for 

OC at the IMPROVE and STN sites, respectively. The statistics for CONUS are consistent 

with the underpredictions of OC at the above sites.  

Table B1 shows the statistics for several meteorological, chemical and aerosol-cloud 

variables for the sensitivity simulations analyzed in Section 4.4 in the main paper. The 2006 

baseline simulations are designated as Run 1, the 2010 baseline simulations are designated as 

Run 2, the sensitivity simulations using 2006 emissions but keeping all other inputs (e.g., 

meteorology and chemical ICONs/BCONs) and model set-up the same as Run 2 simulations 

are designated as Run 3, and the sensitivity simulations using 2006 chemical ICONs/BCONs 

keeping all other inputs and model set-up the same as Run 3 are designated as Run 4. Table 

B2 shows the difference in average domainwide emissions between 2006 and 2010.  

 

5. Changes in the concentrations of gas and PM species, the wind vector, and T2 

from 2010 to 2006 

 

As shown in Figure B7, SO2 concentrations tend to decrease for all seasons at most 

locations (except for several locations in western U.S. in JJA, SON and JFD) over CONUS 

due to the decrease in SO2 emissions. The slight increase in SO2 concentrations over 

northwestern U.S. in JFD could be due to lower T2, reduced WS10 for dispersion, and 
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decreased PBLH as shown in Figure B11. The slight increase in SO2 concentrations over 

several locations in SON corresponds to the spatial pattern of reduced precipitation as shown 

in Figure B11. NO2 concentrations in general decrease over most parts of CONUS except in 

parts of Canada in SON and JFD, and in largely populated areas in eastern U.S. in MAM. The 

large increases in NO2 concentrations over Canada are a result of increases in NO2 

concentrations from the MACC BCONs, and not likely due to MACC ICONs. Jimenez et al. 

(2006) reported that a 48-hr spin-up time is sufficient to reduce the impact of ICONs to ≤ 10% 

for O3, but the impact of BCONs is more significant and persistent near domain boundaries, 

consistent with findings from Samaali et al. (2009) and Schere et al. (2012). The 2010 – 2006 

increase in NO2 concentrations over urban areas in eastern U.S. in MAM could be due to a few 

reasons. Figure B1 shows a decrease in NOx emissions; however, the decrease in NO2 

emissions over eastern U.S. is very small compared to the decrease in nitrogen oxide (NO) 

emissions (figure not shown), which had a maximum decrease of ~15 mol km2 hr-1 over eastern 

U.S. In addition to the decrease in NO emissions, it could also signify decreased photolytic 

conversion from NO2 to NO due to a decrease in SWDOWN. Less NO2 could also have been 

converted into nitrate radical (NO3) due to decreased OH concentrations, as Table 1 also shows 

an overall decrease in NO3 concentrations. The NO2 hotspots also correlate to the decrease in 

O3 concentrations in urban areas. This could indicate an increased titration of O3 by NO. This 

is an important result for policy implications, as reducing NOx emissions may reduce NO2 

concentrations overall for CONUS, but may not reduce NO2 concentrations in several areas, 

especially in urban areas due to a combination of titration and complex interplay with local 

meteorology. NH3 mixing ratios generally decrease in the U.S., except over the eastern U.S. in 

MAM and SON, where there are increases. NH3 emissions decrease however, over eastern 
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U.S. for all seasons. The increase in NH3 concentrations in MAM and SON could be attributed 

to a number of reasons. Concentrations of NH4
+ decrease for all seasons over eastern U.S. with 

the largest decreases in MAM and JJA. This could mean that less NH3 is converted to NH4
+

, 

especially for MAM and SON over eastern U.S. due to increases in T2 (as shown in Figure 

B11), which shifts the partitioning towards the gas-phase rather than the particulate phase. 

Second, as shown in Figures 11 and A4, SO4
2- concentrations decrease the most over eastern 

U.S. in SON, which means that less NH4
+ is needed to neutralize SO4

2-. As shown in Figures 

B8 and B9, nitric acid (HNO3) concentrations decrease over eastern U.S. in MAM and SON. 

The decrease in HNO3 concentrations results in decreases in NO3
- concentrations over eastern 

U.S., which means that less NH4
+ is used up in neutralizing NO3

-. Less NH4
+ required for 

neutralization would mean that more NH3 remained in the gas phase. Third, as shown in Figure 

B12, wind speeds decrease over eastern and southeastern U.S. for MAM and SON, 

respectively, in 2010 compared to 2006, which could result in less dispersion of NH3 

concentrations over eastern U.S. In JJA and SON, high OM concentrations in Canada are 

attributed to the enhanced impacts of BCONs in JJA by increasingly convergent flow in this 

region. OM is made up of both POA and SOA. An increase in VOC emissions in eastern U.S. 

in MAM and SON leads to increases in OM concentrations. Decreases in VOC emissions in 

western U.S. for all seasons lead to decreases in OM concentrations.  The OM concentrations 

in some areas do not follow a linear relationship with VOC emissions, however, such as 

southeastern U.S. in JJA, where VOC emissions increase from 2006 to 2010 but OM 

concentrations decrease. A decrease in POA concentrations must dominate the overall decrease 

in OM concentrations, even under increased temperatures and biogenic VOC emissions in this 

area. PM2.5 concentrations decrease for all seasons and most regions of the CONUS, which is 
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attributed mainly to decreases in precursor gases, especially the inorganic precursors SO2 and 

NOx in eastern U.S. Increased PM2.5 concentrations in JFD and MAM in the Midwest are due 

to surface temperature decreases, dominating in this region (Stoeckenius et al., 2014).  This in 

turn leads to increased particle nitrate concentrations (Campbell et al., 2014).    

 

 

6. Differences between predictions of meteorological variables by WRF/Chem and 

WRF  

 

Figures B10 and B11 show absolute differences between predictions of meteorological 

variables by WRF and WRF/Chem (2010 – 2006), respectively. The spatial patterns between 

the differences in meteorological variables T2, WS10, PBLH and Precip from 2006 and 2010 

are similar for WRF and WRF/Chem, though differences in magnitudes of the variables can 

be seen. These differences are quantified in Figure B13, which shows absolute differences 

between predictions of meteorological variables by WRF/Chem and WRF (WRF/Chem – 

WRF) simulations for 2010.  Figure B12 compares wind vectors superposed with T2 in 2006 

and 2010 from WRF/Chem and shows the largest differences in wind vectors are in JJA. JJA 

2006 has strong northwesterly winds over the coast in the northwestern portion of the domain 

while for JJA 2010 over the same area the winds are weak and westerly. Over the coast in the 

eastern portion of the domain, winds are southerly for JJA 2006 but westerly for JJA 2010.  

For SON, off the eastern coast, the westerly winds are stronger for 2010 compared to 2006. 

Other than these obvious differences, the seasonally averaged wind patterns are similar for 

2006 and 2010.  
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Table B1. Summary of statistics for several meteorological, chemical and cloud-aerosol 

variables for the sensitivity simulations. 

 

RUN 1 

(Evaluation against 

2006 obs data) 

RUN 2 

(Evaluation against 

2010 obs data) 

RUN 3 

(Evaluation against 

2010 obs data) 

RUN 4 

(Evaluation against 

2010 obs data) 

 
NMB 

(%) 

NME 

(%) 
Corr 

NMB 

(%) 

NME 

(%) 
Corr 

NMB 

(%) 

NME 

(%) 
Corr 

NMB 

(%) 

NME 

(%) 
Corr 

CASTNET 

T2  

(Jan) 

-75.3 143.0 0.90 57.3 
-

375.8 
0.59 50.4 

-

195.9 
0.91 49.8 

-

195.6 
0.91 

CASTNET 

SWDOWN 

(Jan) 

15.6 38.5 0.92 49.2 83.3 0.75 14.6 70.1 0.77 14.9 70.3 0.77 

MODIS 

CF  

(Jan) 

-5.4 12.8 0.85 -3.2 11.4 0.87 -3.4 10.6 0.87 -3.4 10.6 0.87 

MODIS 

COT 

(Jan) 

-65.5 65.6 0.58 -64.5 64.9 0.35 -63.7 64.2 0.35 -63.6 64.1 0.35 

MODIS 

AOD 

(Jan) 

-45.8 58.9 -0.05 -47.9 57.8 -0.05 -37.5 56.9 -0.08 -30.6 53.7 -0.10 

CASTNET 

Max 8-hr 

O3 (Jan) 

-21.5 26.0 0.74 -29.2 32.0 0.54 -37.8 38.8 0.66 -19.6 25.8 0.62 

STN 

PM2.5  

(Jan) 

-30.5 55.5 0.29 -17.2 68.7 -0.11 -19.0 49.0 0.38 -18.2 49.2 0.38 

CASTNET 

T2 

(Jul) 

-5.0 12.7 0.85 -2.9 13.3 0.80 -2.8 12.3 0.83 -2.8 12.2 0.83 

CASTNET 

SWDOWN 

(Jul) 

9.1 30.8 0.90 6.3 37.7 0.86 5.7 49.3 0.82 7.0 49.7 0.82 

MODIS 

CF  

(Jul) 

-0.4 20.8 0.72 -3.8 18.0 0.83 -3.7 18.0 0.83 -3.2 17.9 0.83 

MODIS 

COT 

(Jul) 

-61.3 64.3 0.36 -65.6 66.8 0.19 -68.2 71.0 0.12 -67.7 70.5 0.14 

MODIS 

AOD 

(Jul) 

-47.0 48.0 0.65 -16.1 43.4 0.25 -4.9 49.4 0.23 -20.0 52.1 0.21 

CASTNET 

Max 8-hr 

O3 (Jul) 

5.2 23.1 0.40 -10.8 23.1 0.41 -5.4 19.7 0.54 23.3 32.9 0.46    

STN  

PM2.5  

(Jul) 

-15.0 43.5 0.43 -18.8 46.7 0.38 2.8 40.5 0.61 6.7 42.3 0.61 
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Table B2. % changes in emissions from 2006 to 2010 

Variable 2006 Average 2010 Average % change 

NOx (mol km2 hr-1) 1.69 1.40 -17% 

VOCs (mol km2 hr-1) 3.73 3.37 -10% 

SO2 (mol km2 hr-1) 0.093 0.071 -24% 

CO (mol km2 hr-1) 13.77 10.47 -24% 

SO4
2- (ng m3 s-1) 0.080 0.067 -16% 

NO3
- (ng m3 s-1) 0.012 0.010 -17% 

EC (ng m3 s-1) 0.70 0.57 -19% 

OA (ng m3 s-1) 1.73 1.45 -16% 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

459 

 

  

  

  
 

 

Figure B1. Annual mean changes in the hourly average emission for SO2, NOx, VOCs, 

NH3, EC, and POA from 2010 to 2006 (2010 – 2006). 
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Figure B2. Hourly average emission changes for NH3 and VOCs from 2010 to 2006 

(2010 – 2006). 
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Figure B3. Differences in skin temperature and soil moisture fraction in winter (JFD) 

and summer (JJA) between 2010 and 2006 extracted from NCEP as boundary 

conditions for WRF and WRF/Chem simulations. 
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Figure B4. Spatial Distribution of MB plots for JFD and JJA 2006 and 2010 for T2 

based on evaluation against CASTNET and SEARCH. 
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May – June 2010, Bakersfield, CA 
 

 

May – June 2010, Pasadena, CA 
 

 

 
 
  

Figure B5. Column Plots of SOA and OC concentrations at Bakersfield, CA and Pasadena, CA from May – June 2010. 
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Figure B6. Spatial Distribution plots of average anthropogenic SOA (ASOA), total SOA (TSOA), total OC (TOC) and ratio 

of SOA/TSOA across months in 2006 and 2010 based on Figure 7.  
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Figure B7. Changes in hourly average surface concentrations of selected gaseous species from 2010 to 2006 (2010 – 2006). 
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Figure B8. Changes in the hourly average surface concentration of selected PM species from 2010 to 2006 (2010 – 2006). 
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Figure B9. Ammonium, nitrate and nitric acid concentrations for MAM (top 2 rows) and SON 2006 and 2010 (bottom 2 

rows).
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Figure B10. Hourly average changes for meteorological variables from WRF only simulations for 2010 to 2006 (2010 – 

2006). 
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Figure B11. Changes in the hourly average surface predictions of meteorological variables from WRF/Chem simulations 

from 2010 to 2006 (2010 – 2006). 
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Figure B12. Wind vectors at 10-m and T2 by for all seasons for 2006 and 2010.
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Figure B13. Absolute Differences between predictions of meteorological variables by WRF/Chem and WRF (WRF/Chem – 

WRF) simulations for 2010. 
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Appendix C 

 

Introduction  

This supplementary file shows Figures C1-C8 along with brief discussions on those 

figures.  

 

Text C1. 

Seasonal 2-m temperature (T2) model performance for 2010 

Figure C1 shows the spatial distributions of mean biases (MB) against NCDC observational 

data for T2 for the four seasons: JFD, MAM, JJA, and SON. The spatial distribution trend is 

similar for all seasons with underpredictions over eastern and western U.S. and overpredictions 

over the central U.S. Overpredictions over the eastern coast of the U.S. are especially 

prominent for JFD and SON, and to a smaller extent for MAM and JJA. Overpredictions over 

the western coast of the U.S. occur for JJA and SON, and not JFD and MAM.   

Text C2. 

Division of regions in the U.S.  

Figure C2 shows the definitions of the four regions in the U.S. as used in analyzing diurnal 

profiles of O3 and NOx in Figures 4 and C3, respectively.  

Text C3. 

Model performance for NOx against AQS 

Figure C3 serves as a supplement to Figure 4 in the main text. The figure shows diurnal 

variations of NOx concentrations in the four regions defined in Figure S2 for 2001, 2006, and 

2010.  
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Text C4. 

Emissions of major species  

Figure C4 shows the spatial distributions of average emissions for major gaseous and aerosol 

species. The emissions for SO2, NOx, and CO are the sum of emissions for all model layers 

having emissions, while the emissions for anthropogenic VOCs, SO4
2-, POA, and EC represent 

surface emissions.  

Text C5. 

Spatial seasonal distributions of O3, SO2, SO4
2-, and TC concentrations using MACC and 

CESM ICONs/BCONs 

Figures C5 – C8 represent the spatial distributions of chemical species from MACC and CESM 

simulations, which are used to derive the initial and boundary conditions used for regional 

WRF/Chem simulations in this study.  
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Figure C1. Spatial distributions of mean biases (MB) from evaluation of NCDC observational data for 2-m temperature (T2) for JFD, 

MAM, JJA, and SON for 2010 (clockwise from top left corner). 
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Definitions States 

Northwest, 
Pacific 

Idaho [16], Oregon [41], Montana [30], Washington [53], Wyoming [56] 

Southwest Arizona [04], California [06], Colorado [08], Nevada [32], New Mexico [35], Utah [49] 
Southern States Alabama [01], Arkansas [05], Florida [12], Georgia [13], Kentucky [21], Louisiana [22], 

Michigan [28], North Carolina [37], Oklahoma [40], South Carolina [45], Tennessee [47], 
Texas [48], Virginia [51], West Virginia [54] 

Northeast Kentucky [20], Nebraska [31], North Dakota [38], South Dakota [46], Missouri [29], Iowa 
[19], Minnesota [27], Wisconsin [55], Illinois [17], Indiana [18], Michigan [26], Ohio [39], 
Maryland [24], Delaware [10], New Jersey [34], Massachusetts [25], Connecticut [09], 
Rhode Island [44], New York [36], Vermont [50], New Hampshire [33], Maine [23] 

 

 

 

 

 

 

 

 

Figure C2. Division of the continental U.S. into four main parts according to 

http://memory.loc.gov/ammem/gmdhtml/rrhtml/regions4.html. The numbers in square brackets refer to State Federal 

Implementation Plan (FIP) codes used for sites in AIRS-AQS database according to 

http://www.epa.gov/envirofw/html/codes/state.html. 

http://memory.loc.gov/ammem/gmdhtml/rrhtml/regions4.html
http://www.epa.gov/envirofw/html/codes/state.html
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Figure C3. Diurnal profiles of observed vs. simulated NOx mixing ratios at AQS sites at the four regions in the U.S. defined in Figure 

S2. The simulation results are based on the WRF/Chem simulations with CESM ICONs/BCONs in 2001, 2006 and 2010.  
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Figure C4. Emissions of major species in 2001, 2006, and 2010.  
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Figure C5. Spatial distributions of seasonal-mean O3 mixing ratios from MACC (columns 1 and 2) and CESM (columns 3 - 4) for 2006 

(rows 1 and 2) and 2010 (rows 3 - 4). 
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Figure C6. Spatial distributions of seasonal-mean SO2 mixing ratios from MACC (columns 1-2) and CESM (right two columns) for 

2006 (rows 1-2) and 2010 (rows 3-4). 
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Figure C7. Spatial distributions of seasonal-mean SO4
2- concentrations from MACC (columns 1-2) and CESM (right tw columns 3-4) 

for 2006 (rows 1-2) and 2010 (last two rows). 
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Figure C8. Spatial distributions of seasonal-mean TC (=OC+BC) concentrations from MACC (columns 1-2) and CESM (columns 3-4) 

for 2006 (rows 1-2) and 2010 (rows 3-4). OC from MACC is calculated as OM (organic matter) divided by 1.4. OC is available as is 

from CESM.  
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Appendix D 

 

1. Mapping of RCP Emissions to CB05 species  

Table D1 summarizes the mapping of species from RCP emissions to CB05 species for input 

into the model. The explanation for the mapping process can be found in the main text.  
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Table D1. CB05 emissions species for WRF/Chem, their associated long names, their 

availability in regards to the RCP emissions dataset, and the lumped RCP group species. 

 

 

CB05 Species 

WRF/Chem 

Species Long  name RCP Species Available RCP Group  

E_ALD2 Acetaldehyde  Group Other Alkanals 

E_ALDX Higher Aldehydes Group Hexanes and Higher 

Alkanes 

E_BENZENE Benzene Yes  

E_CH4 Methane Yes  

E_CL2 Chlorine No   

E_CO Carbon Monoxide Yes  

E_ECI,  E_ECJ, 

E_ECC 

Elemental Carbon -  Nuclei, 

Accumulation, Coarse Modes 

No, Group, No Black Carbon 

E_ETH Ethene Yes  

E_ETHA Ethane Yes  

E_ETOH Ethanol Group Alcohols 

E_FORM Formaldehyde Yes  

E_HCL Hydrogen Chloride No  

E_HONO Nitrous Acid No  

E_IOLE Internal Olefin Carbon Bond Group Other Alkenes and 

Alkynes 

E_ISOP Isoprene No  

E_MEOH Methanol Group Alcohols 

E_NH3 Ammonia Yes  

E_NH4I,  

E_NH4J 

Ammonium – Nuclei, Accumulation 

Modes 

No  

E_NO Nitrogen Oxides Yes  

E_NO2 Nitrogen Dioxide No  

E_NO3I, 

E_NO3J, 

E_NO3C 

Nitrate – Nuclei, Accumulation, Coarse 

Modes 

No  

E_OLE Terminal Olefin Carbon Bond  Group Other Alkenes and 

Alkynes 

E_ORGI, 

E_ORGJ, 

E_ORGC 

Organics – Nuclei, Accumulation, 

Coarse Modes 

No, Group, No Organic Carbon 

E_PAR Paraffin Carbon Bond No   

E_PM10 Unspeciated PM10 No  

E_PM25 Unspeciated PM2.5 No  

E_PM25I, 

E_PM25J 

Unspeciated PM2.5 – Nuclei, 

Accumulation Modes 

No, No  

E_PSULF Sulfuric Acid No  

E_SO2 Sulfur Dioxide Yes  

E_SO4I, E_SO4J, 

E_SO4C 

Sulfate – Nuclei, Accumulation, Coarse 

Modes 

No, No, No  

E_TERP Terpene No  

E_TOL Toluene Yes  

E_XYL Xylene  Yes  
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2. Observational Datasets for Model Evaluation and Operational Evaluation  

Table D2 summarizes the observational databases and the variables evaluated in this 

work. For evaluation of chemical concentrations and meteorological variables, the surface 

networks include the National Climatic Data Center (NCDC) Quality Controlled Local 

Climatological Data (QCLCD), Clean Air Status and Trends Network (CASTNET), the 

Aerometric Information Retrieval System (AIRS) – Air Quality System (AQS), the 

Interagency Monitoring of Protected Visual Environments (IMPROVE), the Speciated Trends 

Network (STN), the Southeastern Aerosol Research and Characterization (SEARCH), and the 

National Atmospheric Deposition Network (NADP). Several aerosol-cloud-radiation variables 

are also evaluated against satellite retrievals including the Clouds and the Earth’s Radiant 

Energy System (CERES) and the Moderate Resolution Imaging Spectroradiometer (MODIS). 

NCDC QCLCD data contains data over 700 U.S. locations from July 1996 to December 2004, 

and over 1600 locations from 2005 onwards (http://www.ncdc.noaa.gov/data-access/land-

based-station-data/land-based-datasets/quality-controlled-local-climatological-data-qclcd). 

CASTNET observations have been collected in a range of rural environments, from desert to 

agricultural locations, and from flat to complex terrains 

(http://java.epa.gov/castnet/epa_jsp/sites.jsp). It contains measurement data for meteorological 

variables and chemical concentrations. AIRS-AQS is the U.S. EPA’s repository for ambient 

air quality data from over 5000 active monitors (http://www.epa.gov/ttn/airs/airsaqs/). While 

IMPROVE observations have been collected in protected visual environments, i.e., in National 

Parks and Wilderness Areas (http://vista.cira.colostate.edu/improve/), STN sites are located in 

a range of locations from urban to rural areas (http://www.epa.gov/ttnamti1/specgen.html). 

http://www.ncdc.noaa.gov/data-access/land-based-station-data/land-based-datasets/quality-controlled-local-climatological-data-qclcd
http://www.ncdc.noaa.gov/data-access/land-based-station-data/land-based-datasets/quality-controlled-local-climatological-data-qclcd
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Both networks contain data for PM2.5 and major PM2.5 species. NADP contains precipitation 

data from rain gauges.  

 

Table D2. Observational datasets and variables evaluated in this study. 

Gases and PM Species  

Observational 

database  

Variables evaluated  Sampling 

Frequency  

Number of Sites  

CASTNET  Max 1-hr and 8-hr O3  Daily for O3  ~90  

AIRS–AQS  O3  Hourly  ~1150  

IMPROVE  PM2.5, SO4
2-, NO3

-, 

NH4
+, EC, OC  

24-hour data. Data 

availability once 

every 3 days  

~160  

STN  PM2.5, SO4
2-, NO3

-, 

NH4
+, EC, TC 

24-hour data. Data 

availability once 

every 3 days  

~200  

Meteorology  

Observational 

Database  

Variables evaluated  Temporal Resolution  Spatial Resolution  

NCDC QCLCD  T2, RH, 

WS10,WD10 

Hourly  ~700 before 2005 

~1600 after 2005 

NADP  Precipitation  Weekly  255  

Radiation and other Aerosol/Cloud variables  

Observational 

Database/ Satellite  

Variables evaluated  Temporal Resolution  Number of sites/ 

Spatial Resolution  

CERES  SWDOWN  Monthly  1o × 1o  

MODIS  AOD, CF, COT, 

CWP, QVAPOR, 

CCN  

Monthly  1o × 1o  

MODIS derived 

based on Bennartz 

(2007) 

CDNC Monthly 1o × 1o 
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Appendix E 

 

Species RCP4.5 (2000) RCP 8.5 (2000) Mean Relative Diff. 

CO 

  

0.05% 

NO 

  

0.02% 

NO2 

  

0.00% 

SO2 

  

2.8% 

VOC 

  

0.02% 

EC 

  

0.05% 

ORG 

  

0.2% 

SO4
2- 

  

0.01% 

 

Figure E1. Spatial plots of RCP4.5 and RCP8.5 emissions for major species for the year 2000. 
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Species RCP4.5 (2005) RCP 8.5 (2005) Mean Relative Diff. 

CO 

  

-51.6% 
 

NO 

  

-1.1% 

NO2 

  

0% 

SO2 

  

4.3% 

VOC 

  

-54.9% 

EC 

  

-5.1% 

ORG 

  

-1.1% 

SO4
2- 

  

5.6% 

 

Figure E2. Spatial plots of RCP4.5 and RCP8.5 emissions for major species for the year 2005. 
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Species RCP4.5 (2010) RCP 8.5 (2010) Mean Relative Diff. 

CO 

  

-63.5% 

NO 

  

-4.4% 

NO2 

  

-0.08% 

SO2 

  

-30.3% 

VOC 

  

-97.8% 

EC 

  

-31.6% 

ORG 

  

-11.4% 

SO4
2- 

  

-22.8% 

 

Figure E3. Spatial plots of RCP4.5 and RCP8.5 emissions for major species for the year 2010. 
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Figure E4. Spatial absolute and relative difference plots between RCP4.5 future and current year emissions for major species. 
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Figure E5. Spatial absolute and relative difference plots between RCP8.5 future and current year emissions for major species. 
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Appendix F 

 

 
Table F1. Mapping of emission species from CB05 to SAPRC07 based on emitdb.xls from http://www.cert.ucr.edu/~carter/emitdb/old-

emitdb.htm and Henderson et al. (2014) 

CB05 SAPRC07 

4.0*E_PAR E_ALK4 

E_ETHA E_ALK1 

E_ETH E_ETHENE 

E_OLE E_OLE1 

E_IOLE E_OLE2 

E_TOL + E_BENZENE E_ARO1 

E_XYL E_ARO2 

E_FORM E_HCHO 

E_ALD2 E_CCHO 

E_ALDX E_RCHO 

E_ETOH E_ALK3 

 

Other remaining species from CB05: E_CH4, E_CL2, E_CO, E_HCL, E_HONO, E_MEOH, E_NH3, E_NO, E_NO2, E_PSULF, 

E_SO2, E_ECJ, E_NH4J, E_NO3J, E_ORGJ, E_PM25J, E_SO4J 

 

http://www.cert.ucr.edu/~carter/emitdb/old-emitdb.htm
http://www.cert.ucr.edu/~carter/emitdb/old-emitdb.htm

