
UCLA
UCLA Electronic Theses and Dissertations

Title
Long-term Greenhouse Gas Emissions Mitigation in California and the Associated Regional 
Air Quality and Public Health Impacts

Permalink
https://escholarship.org/uc/item/0pn335th

Author
Wang, Tianyang

Publication Date
2019
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/0pn335th
https://escholarship.org
http://www.cdlib.org/


UNIVERSITY OF CALIFORNIA 

Los Angeles 

 

 

Long-term Greenhouse Gas Emissions Mitigation in California and the Associated Regional 

Air Quality and Public Health Impacts  

 

 

 

A dissertation submitted in partial satisfaction  

of the requirements for the degree  

Doctor of Environmental Science and Engineering 

 

by 

 

Tianyang Wang 

 

 

 

 

 

2019  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

© Copyright by 

Tianyang Wang 

2019 



ii 

 

ABSTRCT OF THE DISSERTATION 

 

Long-term Greenhouse Gas Emissions Mitigation in California and the Associated Regional 

Air Quality and Public Health Impacts  

by 

Tianyang Wang 

Doctor of Environmental Science and Engineering 

University of California, Los Angeles, 2019 

Professor Yifang Zhu, Chair 

 

In this dissertation we investigate the roadmap for California to achieve deep greenhouse gas 

(GHG) emissions reductions by 2050 and the resulting regional air quality and public health 

impacts, form the strategy feasibility and selections that achieves different levels of ambitious 

climate target, to the benefits and trade-offs of different technology pathways with respect to air 

quality and public health consequences, as well as the relative contributions of emissions from 

different origins to regional air quality and public health.  

We first develop a roadmap for California to achieve net-zero GHG emissions in 2050 using 

detailed modeling of energy system transformation, cross-sectorial connectivity, and technology 

applicability. GHG mitigation strategies also reduce co-emitted criteria pollutants in California. 

By utilizing the Weather Research and Forecasting Model with Chemistry (WRF-Chem) and the 

Environmental Benefit Mapping and Analysis Program (BenMAP), we find that achieving net-

zero GHG emissions can reduce 14,066 (95% Confidence Interval: 10,855 - 17,226) air pollution-

related mortality in 2050, 35% of which are in disadvantaged communities. The monetized health 
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co-benefit can offset most of the GHG abatement costs (i.e., 26 –116 billion dollars). These co-

benefits are mainly contributed by ambient fine particulate matter (PM2.5) concentration reductions, 

while ambient ozone (O3) concentration in California is not likely to drop when local emissions 

reduce. The net-zero target also requires bioenergy with carbon capture and sequestration (BECCS) 

technology to offset some GHG emissions. BECCS technology, whereas supporting the net-zero 

target, would emit air pollutants through biomass combustion and reduce health co-benefits by 3 

billion dollars, suggesting a potential trade-off between climate benefits and health co-benefits of 

ambitious climate policies. 

We then analyze the air quality and health impacts of different GHG mitigation pathways. By 

adopting an integrated approach that combines energy and emission technology modeling, high-

resolution chemical transport simulation, and health impact assessment, we find that achievement 

of the 80% GHG reduction target would always bring substantial air quality and health co-benefits. 

But more importantly, the level of co-benefits are highly related to the selected technology 

pathway largely because of California’s relatively clean energy structure. Compared with the 

business-as-usual levels, a decarbonization pathway that focuses on electrification and clean 

renewable energy is estimated to reduce concentrations of PM2.5 by 18-37% in four major 

metropolitan areas of California and subsequently avoid 10,196 (95% CI: 8,169-12,202) premature 

deaths. In contrast, a pathway focusing more on combustible renewable fuels only results in a 

quarter of such air quality and health benefits. Similar to what we found before, both GHG 

mitigation pathways may not reduce ambient O3 concentrations in California. Our findings could 

also assist the development of optimized technology pathway to simultaneously reduce GHG 

emissions and improve human health in California.  
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Lastly, we conduct a detailed analysis to understand the relative contributions of local and non-

local emission sources to ambient PM2.5 and O3 and evaluate the mortality burden in California 

associated with these two pollutants. We attribute the ambient PM2.5 and O3 concentrations in 

California to four emission groups: (1) California in-state anthropogenic emissions; (2) 

anthropogenic emissions from the western United States, excluding California; (3) natural 

emissions from the western United States; and (4) background air pollution from outside of the 

western United States. Our health impact analyses find that PM2.5 and O3 are associated with 

27,445 [95% Confidence Interval (CI): 19,277 – 35,885] and 13,822 (95% CI: 6,106-23,659) 

mortalities in California in 2012, respectively. Our estimates of O3-assocoated mortality are much 

higher than previously reported, mainly because we estimate 6,354 (95% CI 2,224 – 10,268) O3-

associated cardiovascular mortality based on new epidemiological evidences. Approximately 67% 

of PM2.5-associated mortality in California is attributable to PM2.5 from in-state anthropogenic 

emissions. In contrast, 75% of the ambient O3 in California is contributed by background ozone 

outside the western United States, leading to 92% of O3-associated mortality, while in-state 

emissions were found to contribute to a much lesser extent to O3-associated mortality [i.e., 771 

(95% CI 389-1,146) in ozone season]. The different patterns of PM2.5 and O3 we found also help 

explain our previous findings that GHG mitigation efforts in California mainly reduce local PM2.5 

pollution. 
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Chapter 1  

Overview 

The Earth's climate has changed throughout history.  Most of these climate changes are 

attributed to very small variations in Earth’s orbit that change the amount of solar energy our planet 

receives.  However, the current warming trend is of particular significance and is proceeding at a 

rate that is unprecedented over decades to millennia. According to the Intergovernmental Panel on 

Climate Change (IPCC) Fifth Assessment Report (AR5) (Stocker, 2014), the period from 1983 to 

2012 was likely the warmest 30-year period of the last 1400 years in the Northern Hemisphere. 

Over the period 1980 to 2012, the globally averaged combined land and ocean surface temperature 

data as calculated by a linear trend show a warming of 0.85 °C (Stocker, 2014). In addition to 

atmospheric temperature increase, other changes have also been observed in the climate system, 

including ocean warming, cryosphere in the Greenland and Antarctic, sea level rise and etc. (Field 

et al., 2014; Intergovernmental Panel on Climate Change and Edenhofer, 2014).  

Global average surface temperature rise is found to be positively associated with the amount of 

greenhouse gas (GHG, often measured as carbon dioxide equivalent, or CO2e) emitted into the 

atmosphere (Stocker, 2014). GHG emissions, being one of the most important causes of global 

climate change, come from both natural and anthropogenic sources. Since the Industrial 

Revolution, anthropogenic GHG emissions have substantially increased, driven largely by 

economic and population growth.  For instance, CO2 emissions from fossil fuel combustion and 

industrial processes contributed about 78% to the total GHG emission increase between 1970 and 

2010, with a contribution of similar percentage over the 2000–2010 period (Stocker et al., 2013). 



2 

 

Total annual anthropogenic GHG emissions have increased by about 10 gigatonne (Gt) CO2e 

between 2000 and 2010. This increase mainly came from the energy (25%), agriculture (24%), 

industry (21%), and transport (14%) (Stocker et al., 2013).  Therefore, it is extremely likely that 

more than half of the observed increase in global average surface temperature from 1951 to 2010 

was caused by the anthropogenic increase in GHG concentrations and other anthropogenic 

forcings together. The IPCC AR5 has estimated that GHG emissions continue to be at a high level, 

the global average surface temperature by the end of 21st century is likely to be 2 °C higher than 

the second half of 19th century if no substantial climate efforts are made.  

As a coastal state vulnerable to climate catastrophes, California has been a leading force to curb 

climate change for decades. The California Global Warming Solutions Act of 2006 (Assembly Bill 

32 or AB 32), signed into law by Governor Arnold Schwarzenegger in 2006, is the first law of its 

kind in the United States to take a comprehensive, long-term approach to addressing climate 

change, and does so in a way that aims to improve the environment and natural resources while 

maintaining a robust economy. It establishes targets to reduce GHG emissions to 1990 levels by 

2020 (California Air Resources Board, 2014). In 2016, the legislature passed the California Global 

Warming Solutions Act of 2006: emissions limit (Senate Bill 32 or SB32), which further extended 

the target to reduce statewide emissions to 40 percent below 1990 levels by 2030. The new carbon 

neutrality goal announced in 2018 by Governor Jerry Brown further strengthened the state’s 

ambition in fighting against climate change. In support of the statewide climate goals, California 

is developing and implementing climate policies in all major economic sectors to reduce GHG 

emissions. In the electricity generation sector, California is on track to meet a 33% Renewable 

Portfolio Standard (RPS) by 2020, 60% by 2030, and achieve electricity carbon neutrality by 2045 

(Edmund G. Brown, Jr., 2018). In the transportation sector, the Sustainable Communities and 
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Climate Protection Act of 2008 (SB 375), requires the state to reduce GHG emissions from 

passenger vehicles through coordinated transportation and land use planning (Darrell Steinberg, 

2008). For GHG emissions other than CO2, The Short-lived climate pollutants: methane emissions: 

dairy and livestock: organic waste: landfills of 2016 (SB 1383) sets up requirement for the state to 

begin implementing comprehensive strategies to reduce emissions of short-lived climate pollutants 

to achieve a reduction in methane by 40% and hydrofluorocarbon gases by 40% below 2013 levels 

by 2030 (Lara, 2016). In summary, extensive efforts in multiple sectors have been made in 

California to reduce GHG emissions and fight against climate change.  

In the meantime of affecting climate and temperature, anthropogenic GHG emissions  have also 

been found to be often reduce co-emitted criteria air pollutants, such as nitrogen oxides (NOx), 

reactive organic gases (ROG) or volatile organic compound (VOC), particulate matter (PM, often 

measured as PM10 for particulate matter ≤10 micrometers in diameter and PM2.5 for particulate 

matter ≤ 2.5 micrometers in diameter), ammonia (NH3), and sulfur oxides (SOx) (Vandyck et al., 

2018; West et al., 2013; Zapata et al., 2013).  These emissions, once in the ambient air, become air 

pollutions that have adverse effects to human health (Brook et al., 2010; Burnett et al., 2018; 

Chuang et al., 2007; Jerrett et al., 2009; Kampa and Castanas, 2008; Krewski et al., 2009; Nel, 

2005; Pope et al., 2002; Pope and Dockery, 2006; Turner et al., 2016) and the ecosystem 

(Bytnerowicz et al., 2007; Rosenfeld, 2000; SMITH, 1981). Ambient air pollutants can be divided 

into two categories – primary pollutant and secondary pollutant – based on the time and place the 

pollutants are emitted and formed. Primary pollutants are directly released from emission sources, 

while secondary pollutants are formed by chemical reactions of various precursor materials in the 

atmosphere (Jenkin and Clemitshaw, 2000; Kroll and Seinfeld, 2008; Turpin and Huntzicker, 

1995). Ozone (O3 ) is a typical secondary air pollutants, which is not emitted directly, but from the 
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photochemical reaction between NOx and ROG (Jenkin and Clemitshaw, 2000). PM is a mixture 

of solids and/or liquids and may be directly emitted (primary emissions) or formed in the 

atmosphere (secondary formation). Extensive epidemiological studies have reported that ambient 

PM2.5 is associated with cardiovascular and pulmonary diseases (Brook et al., 2010; Burnett et al., 

2018; Krewski et al., 2009; Pope and Dockery, 2006). O3 has also been reported to have similar 

adverse human health impacts, such as premature death and asthma (Bell et al., 2006; Jerrett et al., 

2009; Knowlton et al., 2004; McConnell et al., 2002; Turner et al., 2016).  

In order to reduce air pollution and protect human health, the U.S. Environmental Protection 

Agency (EPA) has established the National Ambient Air Quality Standards (NAAQS) required by 

the Clean Air Act, which were promulgated to protect the public health and welfare from the 

effects of ambient air pollutants. Although California has aggressively controlled air pollution over 

the past 50 years, it is still the home to seven of the top ten U.S. cities with the most severe PM2.5 

pollution, and eight of the ten worst U.S. cities for O3 pollution (Billings et al., 2018). Four areas 

in California are designated as nonattainment for the 12 µg/m3 annual PM2.5 standard, including 

the South Coast Air Basin and the San Joaquin Valley, as well as the border region of Imperial 

County and the City of Portola in Plumas County. Additionally, the South Coast and San Joaquin 

Valley must also continue to address progress towards the attainment of the 24-hour PM2.5 standard 

of 35 µg/m3. In terms of O3, the U.S. EPA adopted the new 70 ppb 8-hour ozone NAAQS in 2015. 

While the nonattainment areas for this standard has not been officially designated, seventeen areas 

in California are designated as nonattainment for the old 75 ppb 8-hour ozone NAAQS. This more 

protective standard of 70 ppb is likely to result in a number of additional nonattainment areas in 

the more rural regions of California, as well as require further emission reductions in California’s 

existing nonattainment areas.  
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While studies in the past have clearly identified the adverse impacts of both GHG emissions 

and criteria pollutant emissions on natural environment and human society, only a few studies have 

focused on the interrelationship between GHG emissions and criteria pollutant emissions, and/or 

measures to tackle these two environmental problems simultaneously, most of which are at global 

scale with relatively simplified emission estimations and low geographic resolutions (Markandya 

et al., 2018; Rao et al., 2016; West et al., 2013). Historically, climate policies are motivated 

primarily by the benefits of slowing climate change, while air pollution policies are driven by the 

benefits of improving local air quality and protecting public health. Therefore, when countries and 

regions are starting to develop their new long-term climate plans after the Paris Agreement, the 

interrelationship between GHG emissions and criteria pollutant emissions can been even more 

important. A better understanding of air quality and health co-benefits could increase the social 

and economic acceptability of carbon policies. Therefore, we believe it is meaningful to conduct a 

regional-level climate policy co-benefit study, targeting a highly polluted region with strong 

climate ambition, such as California. Investigating ambitious GHG mitigation pathways for 

California, such as net-zero GHG emissions, and quantifying the associated health impacts can 

directly support the state’s climate goals through long-term strategic planning. From the broad 

perspective of global GHG emissions reduction, to understand the interrelationship between 

climates polices and air quality in California will also serve as an example for other regions and 

countries to tackle climate and air quality problems together. 

In Chapter 2, we propose a pathway for California to achieve net-zero GHG emissions in 2050, 

and investigate the potential environmental and health impacts of achieving net-zero GHG 

emissions.  The concept of net-zero GHG emissions has been raised recently and discussed more 

and more in the scientific community (Pachauri et al., 2015; Rockström et al., 2017; Rogelj et al., 
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2015). Both the IPCC AR5 and the 2015 Paris Agreement (United Nations, 2015) has necessitated 

the need for global net-zero GHG emissions by the end of the century to limit a global temperature 

rise this century well below 2 °C above pre-industrial levels and to pursue efforts to limit the 

temperature increase even further to 1.5 °C . Discovering a pathway for early achievement of net-

zero GHG emissions at developed regions such as California may directly support the 2100 global 

net-zero target. In Chapter 2, we develop a novel, cross-sectoral integrated model that fully couples 

detailed energy technologies and GHG reduction strategies with air pollutant emissions; and 

combine it with high-resolution air quality and health impact models to assess the roadmap, co-

benefits, and cost of achieving net-zero GHG emissions in California. Here we define net-zero 

GHG emissions as reducing net anthropogenic GHG emissions to zero, after accounting for carbon 

offsets. With the integrated model, we disaggregate the total GHG reductions into different 

strategies and capture their contributions to co-emitted air pollutants. We then provide a 

comprehensive assessment of the air quality and health co-benefits for the ambitious 2050 net-zero 

target in California. We find that ambitious GHG reduction efforts in California can provide 

significant health co-benefits, which offset a large proportion, if not all, of the implementation 

costs. Our findings in California can also serve as an example for other regions and countries to 

tackle climate and air quality problems simultaneously. In the meantime of quantifying the health 

co-benefits of net-zero GHG emissions, this chapter also discusse the potential trade-offs between 

climate benefits and air quality co-benefits of net-zero emission policies, because we find that 

certain strategies with strong GHG reductions potentials may actually lead to increased emissions 

of criteria pollutants from biomass combustion. 

 The interesting trade-off found in Chapter 2 leads us to a broader question that how different 

GHG mitigation strategies/pathways can lead to varied air quality and public health. GHG 
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reductions can be achieved via various decarbonization technology pathways or policy options. 

Different technologies are presumably associated with different air pollutant emissions and thus 

distinct ambient air quality and health co-benefits. Although previous studies have evaluated the 

effects of GHG reductions policies on air quality and public health over different geographic scales 

and found that GHG emission controls result in air quality and health co-benefits, few have 

investigated the impacts of the technology pathway choices on public health. The dependency of 

health co-benefits on technology pathway could be significant in California in view of its 

electricity are mainly supplied by natural gas, which could be cleaner than some renewable fuels 

in terms of criteria pollutant emissions. 

In the Chapter 3, we develop two detailed, realistic, and representative technology pathways 

targeting all major economic sectors to achieve 80% GHG reductions below the 1990 level in 2050, 

which meets the California’s Executive Order S-3-05 (Arnold Schwarzenegger, 2005), using  the 

energy and emission technology model we developed in Chapter 2. These two technology 

pathways, although reach a similar amount of GHG reductions, rely on strongly different energy 

technologies and fuel types, representing two climate policy mechanisms. Further we conduct 

high-resolution chemical transport simulation using the Weather Research and Forecasting Model 

with Chemistry (WRF-Chem) to estimate the air quality co-benefits and employ the Environmental 

Benefit Mapping and Analysis Program (BenMAP-CE) to calculate the health co-benefits. We 

find that although both technology pathways lead to ambient air pollutant concentration and 

mortality reductions (especially from reduced ambient PM2.5), the level of health co-benefits is 

strongly depend to the selection of technological pathway. This finding also provides important 

guidance for the formulation of GHG mitigation policies that maximize the air quality and public 

health co-benefits. 
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Another issue directly related with ambient air quality and public health in California is how 

spatial and temporal variations of emission sources affect ambient concentrations of different air 

pollutants. In Chapter 2 and Chapter 3, we find that climate policies reducing anthropogenic 

emissions in California can bring substantial health co-benefits mainly through ambient PM2.5 

concentration reductions. On the contrary, another major criteria pollutant in California, O3, shows 

very minor reductions from climate policies and even concentration increases in Los Angeles areas 

with local anthropogenic emission reductions. Therefore, a systematic spatial analysis between 

emissions and ambient air pollutants can help better understand how ambient air quality in 

California is affected by various types of emissions and support future regulations. Meanwhile, we 

also intend to use our air quality modelling data in California to revisit some public health 

understandings on mortality impacts of air pollution exposure by using new epidemiological 

models, because new data suggest ozone may have a broader impact on health than previously 

thought. A better quantification of the mortality burdens of exposure to criteria air pollutants in 

California will also provides important guidance for the development of environmental policies in 

future. 

In Chapter 4, we first designate all emissions affecting ambient PM2.5 and O3 in California into 

four emission groups based on geographic regions: (1) California in-state anthropogenic emissions, 

including power plants, industry, residential and commercial, transportation, agriculture, solvent 

use, and crop residue burning; (2) anthropogenic emissions from other western United States, 

excluding California; (3) natural emissions from the western United States (including California); 

and (4) background air pollution from outside of the western United States. Second, by using the 

WRF-Chem model, we simulate seasonal hypothetical ambient PM2.5 and O3 concentrations in 

2012 if any one of the four emission groups are turned off (i.e., four season × four emission groups). 
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The difference between baseline and each hypothetical scenario therefore represents the air 

pollution contributions of the respective emission group that was turned off.  Finally, we estimate 

overall PM2.5 and O3-associated mortality burdens, as well as the mortalities associated with 

ambient PM2.5 and O3 concentrations that are attributed to individual emission group, by using 

concentration response functions (CRFs) derived from two recent epidemiological studies. 

Mortality burdens are also  monetized following the health impact analyses to estimate the 

monetary value of health-associated public losses. Our health impact analyses find that PM2.5 and 

O3 has led to comparable mortality burdens to Californians in 2012. Our estimates of O3-

assocoated mortality are much higher than previously reported, mainly because we use a new 

epidemiological model that can quantify the cardiovascular mortality of exposure to O3, which has 

been overlooked in the past. In terms of the spatial impacts of emissions, we find that most PM2.5-

associated mortality in California is attributable to PM2.5 from in-state anthropogenic emissions. 

In contrast, most of the ambient O3 in California is contributed by background ozone outside 

western United States, while in-state emissions are found to contribute to a much lesser extent to 

O3-associated mortality with high seasonal variations. 
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Chapter 2 

Health Co-benefits of Roadmap towards Net-zero 

Greenhouse Gas Emissions in California 

2.1 Abstract 

Early achievement of net-zero greenhouse gas (GHG) emissions at developed regions 

supports the 2100 global net-zero target set by Paris Agreement. GHG mitigation often 

reduces co-emitted air pollutants. To date, few studies have investigated the regional air 

quality and health co-benefits of net-zero emissions. Here we developed a roadmap for 

California to achieve net-zero GHG emissions in 2050 using detailed modeling of energy 

system transformation, cross-sectorial connectivity, and technology applicability. Achieving 

net-zero GHG emissions can reduce 14,066 (95% Confidence Interval: 10,855 - 17,226) air 

pollution-related mortality in 2050, 35% of which are in disadvantaged communities. The 

monetized co-benefit exceeds the GHG abatement costs. The net-zero target also requires 

bioenergy with carbon capture and sequestration (BECCS) technology to offset some GHG 

emissions. BECCS technology, whereas supporting the net-zero target, would emit 

considerable air pollutants and reduce health co-benefits by 3 billion dollars, suggesting a 

potential trade-off between climate benefits and health co-benefits of ambitious climate 

policies.  
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2.2 Introduction 

Climate change is probably the greatest environmental and health threat to the human 

society in this century. Temperature rise has been found to be positively associated with the 

amount of greenhouse gas (GHG, often measured as carbon dioxide equivalent, or CO2e) 

emitted into the atmosphere (Stocker, 2014). To fight against global climate change, the 

concept of net-zero GHG emissions has been raised recently and discussed more and more in 

the scientific community (Pachauri et al., 2015; Rockström et al., 2017; Rogelj et al., 2015). 

According to the Fifth Assessment Report (AR5) (Pachauri et al., 2015) of the 

Intergovernmental Panel on Climate Change (IPCC), to keep warming to below 2 °C above 

pre-industrial levels with a likely chance (i.e., >66%)  would require the achievement of near-

zero GHG emissions globally by the end of the century. The 2015 Paris Agreement (United 

Nations, 2015) also necessitates the target of global net-zero GHG emissions.  

Actions to reduce GHG emissions often reduce co-emitted criteria air pollutants, such as 

nitrogen oxides (NOx), reactive organic gases (ROG), particulate matter (PM, often measured 

as PM10 for particulate matter ≤10 micrometers in diameter and PM2.5 for particulate matter ≤ 

2.5 micrometers in diameter), ammonia (NH3), and sulfur oxides (SOx) (Zapata et al., 2013). 

Anthropogenic emissions of criteria air pollutants are key contributors to ambient air 

pollutants such as PM2.5 (Thurston et al., 2011; Wang et al., 2016) and ozone (O3) (Sillman, 

2002), which have been linked to various adverse health outcomes (Jerrett et al., 2009; Nel, 

2005; Pope and Dockery, 2006; Turner et al., 2016). Therefore, climate policies targeting deep 

GHG reductions are likely to provide substantial co-benefits for ambient air quality and public 

health.  
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Recent studies have investigated the pathways towards deep GHG reductions, or even net-

zero emissions, in different geographic scales. For instance, Tokimatsu et.al.(2017) compared 

scenarios to achieve net-zero emissions globally at the 2100-2150 timeframe. Pye et. al.(2017) 

discussed that commercially-deployed carbon capture and sequestration (CCS) technology is 

critical for the UK to achieve net-zero emissions in 2100. Williams et.al.(2012) designed 

technology pathways to achieve 80% GHG reductions in California by 2050 and highlighted 

the pivotal role of electricity. However, many of these studies did not link GHG reductions with 

co-emitted air pollutants and health co-benefits. Previous studies that discussed the air quality and 

health co-benefits of deep GHG reductions are mainly at the national or global scale (Rao et al., 

2016; West et al., 2013; Vandyck et al., 2018; Markandya et al., 2018), therefore could not well 

capture the spatial distribution of health impacts at local or even community levels due to the 

modeling resolution. Meanwhile, GHG and air pollutant emissions are primarily projected based 

on changes in energy consumption and fuel type in previous studies (Markandya et al., 2018; Shindell 

et al., 2018; Thompson et al., 2014; Vandyck et al., 2018), which does not account for the detailed GHG 

abatement technologies in individual economic sectors, therefore the estimates for co-emitted air 

pollutants could be oversimplified. Other studies focusing on GHG abatement policies in 

individual sectors (Cai et al., 2018; Driscoll et al., 2015; Kleeman et al., 2013) did not fully capture the 

inter-sector efforts. The long-term local air quality and health impacts of the transition towards net-

zero GHG emissions remain unclear.  

 Such a knowledge gap can be filled by fully exploring the technology framework of a net-

zero pathway in a highly polluted region. As world’s fifth largest economy and the most 

populous state in the United States, California has some of the worst air quality in the country. 
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As a coastal state vulnerable to climate catastrophes, it has also been a leading force to curb 

climate change for decades. The Assembly Bill 32 (AB 32),  signed into law by Governor 

Arnold Schwarzenegger in 2006, is the first law of its kind in the nation and establishes targets 

to reduce GHG emissions to 1990 levels by 2020 (California Air Resources Board, 2014). 

Senate Bill 32 (SB 32), signed in 2016, further extended the target to reduce statewide 

emissions to 40 percent below 1990 levels by 2030 (Fran Pavley, 2016). The new carbon 

neutrality goal announced in 2018 further strengthened the state’s climate ambition and 

highlighted the need for improving air quality and health simultaneously (Edmund G. Brown, 

Jr., 2018). Consequently, developing a net-zero emission pathway for California and 

quantifying the associated health impacts can directly support these efforts and further benefit 

the state through long-term strategic planning. From the broad perspective of global net-zero 

emissions, to understand the interrelationship between climates polices and air quality in 

California will also serve as an example for other regions and countries to tackle climate and 

air quality problems together. 

In this Chapter, we aim to develop a novel, cross-sectoral integrated model that fully 

couples detailed energy technologies and GHG reduction strategies with air pollutant 

emissions; and combine it with high-resolution air quality and health impact models to assess 

the roadmap, co-benefits, and cost of achieving net-zero GHG emissions in California. Here 

we define net-zero GHG emissions as reducing net anthropogenic GHG emissions to zero, 

after accounting for carbon offsets. With the integrated model, we disaggregate the total GHG 

reductions into different strategies and capture their contributions to co-emitted air pollutants. 

We then provide a comprehensive assessment of the air quality and health co-benefits for the 

ambitious 2050 net-zero target in California. By comparing with an alternative GHG 
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reduction pathway, we also discuss the potential trade-offs between climate benefits and air 

quality co-benefits of net-zero emission policies.  

2.3 Methods 

2.3.1 Emission model structure and assumptions 

Summary 

Our integrated approach involves a novel energy and emission technology model for 

scenario development and air pollutant emissions projection, an air quality model for high-

resolution ambient air pollution simulation and a health impact assessment model. First, we 

develop a cross-sectorial energy and emission technology model for scenario development in 

California, including (1) energy demand module, (2) GHG emissions inventory module, (3) criteria 

pollutant emissions inventory module, and (4) cost module. The first two parts are interconnected 

based on GHG reduction targets and the selection of GHG mitigations strategies. We then feed the 

energy consumption and technology choice outputs into the third module to project the emission 

inventory for seven criteria pollutants (i.e., CO, NH3, NOx. PM10, PM2.5, SOx, and ROG). The cost 

module gives the GHG abatement cost range of a selected policy scenario, based on technologies, 

total GHG reductions, and unit cost of individual technologies. A diagram showing the model 

framework is provided in Figure 2. 1. The construction and key methods used in the energy and 

emission technology model are described in the following paragraphs. More detailed descriptions 

regarding the model and the associated parameters are provided in the Appendix 1. 
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Figure 2. 1 Diagram of model structure, input parameters, and sequence of analysis 

The energy and emission technology model projects California’s statewide and sectoral GHG 

emissions from 2010 to 2050, based on a multi-sector simulation of California’s population, 

economy, energy structure and technology. This is an integrated model that calculates energy 

consumption, GHG emissions, and criteria air pollutant emissions in various future year scenarios. 

These scenarios represent the changes of infrastructure, energy consumption, technology 

penetration, and their associated emissions characteristics over time in six sectors, including four 

demand sectors (residential, commercial, industrial, transportation) and two supply sectors (fuel 
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generation and electricity). The model calculates the energy demand and GHG emissions that 

result from using specific or combined GHG mitigation strategies in individual sectors. The energy 

and GHG emissions from the industrial sector and fuel sector are added up as industrial total for 

reporting. The model also includes a non-energy component for estimating GHG emissions not 

directly associated with combustion in all sectors based on population, economy, and mitigation 

policies.  

The inclusion of GHG emission categories/sources in the model is consistent with CARB’s 

GHG inventory (CARB, 2018a), which includes most of the in-state emissions and the GHG 

associated with imported electricity, but excludes interstate aviation, international transportation 

(i.e., aviation and water-borne), and military emissions. Carbon dioxide equivalent (CO2e) values 

are calculated using the Intergovernmental Panel on Climate Change (IPCC) fourth Assessment 

Report (AR4) Global Warming Potentials for the model (CARB, 2018a). 

BAU scenario development 

The BAU scenario of energy consumption and GHG emissions is developed from the 2010 base 

year data and growth projections of individual sectors and for the state as a whole. The sectoral 

model projects growth factors from statewide and sector-specific activity parameters, including 

population and GSP, passenger and freight vehicle miles traveled (VMT), and energy consumption. 

The future-year growth forecasts are based on regression analyses of best available historical data. 

For GHG projections, the BAU scenario share the same values of electricity, natural gas, and 

energy use by sector as base year situation. Therefore, the BAU scenario assumes that the average 

carbon intensities of each economic sectors stay unchanged as 2010 baseline. Once the sectorial 

projection models are constructed, the statewide total energy and GHG projection results from this 
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bottom-up approach are also cross-validated with previous studies and reports (CARB, 2015; CEC, 

2017, 2018a; Ryan W. McCarthy et al., 2008; Williams et al., 2012). 

In the model, population and economy viability are not varied between the BAU and policy 

scenarios, so that GHG reductions resulted only from direct impacts of technology and policy 

strategies, not any indirect impact(s) due to population growth and economy. The growth 

projection of population is based on the historical and projection data from California Department 

of Finance (DOF) (California Department of Finance, 2019a), including: E-8 Historical 

Population and Housing Estimates for Cities, Counties, and the State, E-5 Population and Housing 

Estimates for Cities, Counties, and the State, 2011-2018 with 2010 Census Benchmark, and P-1: 

State Population Projections (2010-2060). Economy projection is based on regression results of 

historical Gross State Product (GSP) in California from DOF (California Department of Finance, 

2019b) and Table 1.1.7 Percent Change from Preceding Period in Prices for Gross Domestic 

Product in the United States from U.S. Bureau of Economic Analysis (BEA) (BEA, 2019). Based 

on regression results, the model’s economy projection from 2010 assumes that the nominal GSP 

increase is 4.24% per year and the inflation rate is 1.9% per year.  

The 2010 base year sector-specific end-use energy consumption for residential, commercial, 

transportation, industrial sectors, as well as energy consumption in the electricity generation 

sectors are obtained from the State Energy Data System (SEDS) from U.S. Energy Information 

Administration (EIA) (U.S. EIA, 2017). We then project the energy consumption in individual 

sectors based on base year consumption and an energy growth factor, using the following equation: 

2050 𝐵𝐴𝑈 𝐸𝑁𝐸𝑖 = 𝐸𝑖 × 𝐵𝑎𝑠𝑒𝑖 
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where 2050 BAU ENEi stands for the energy consumption of sector i in the BAU scenario in the 

2050 target year, Ei stands for the cumulative energy growth rate since 2010, Basei stands for the 

2010 base year energy consumption in sector i. The method to determine E is sector-specific, and 

is elaborated in detail in Appendix A. 

With energy projection results, the GHG emission projections under the BAU scenario is 

estimated based on the following equations. The sector-specific carbon intensities (CIi) will stay 

constant as the base year level for BAU scenario for energy-related GHG. Therefore, the GHG 

emission growth (Growi) in each sector is the same as energy consumption growth (Ei). For non-

energy GHG (GHGne), the growth is considered the same as population growth for most sectors. 

For agricultural sectors, which is included in the industrial sector for energy and energy-related 

GHG projection, the model factors in 10% increase in non-energy GHG emissions to reflect 

personal demand increases due to economy growth. 

2050_𝐵𝐴𝑈_𝐸𝑁𝐸𝑖 = 2010_𝐸𝑁𝐸𝑖 × 𝐺𝑟𝑜𝑤𝑖(𝑜𝑟 𝐸𝑖) 

2050_𝐵𝐴𝑈_𝐺𝐻𝐺 = ∑ 2050_𝐵𝐴𝑈_𝐸𝑁𝐸𝑖 × 𝐶𝐼𝑖  + ∑ 2010_𝐺𝐻𝐺𝑛𝑒 × 𝐺𝑟𝑜𝑤𝑖 

Policy scenarios 

The policy scenarios in this Chapter are the two scenarios that reached the California statewide 

GHG reduction target level of 0 MMt CO2e and 83 MMt CO2e in 2050, respectively, or 

equivalently, a reduction of 100%  and 80% relative to 1990 levels. Policy scenarios are built from 

the BAU scenario by adding strategies that would change the energy consumption, fuel type, 

and/or other characteristics that can change the GHG emissions. Overall, the two scenario shares 

the same level of technology advancement, policy intensity, and resource demand. The major 

difference is whether or not using BECCS technology to generate negative GHG emissions. Both 
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scenarios project approximately 25% of total BAU GHG reductions from the transportation sector, 

25% from industrial sectors, 8% from residential and commercial sectors, and 9% from non-energy 

GHG emissions. Regarding the GHG emission reductions in the electricity generation sector, the 

Net-Zero and ADC scenarios would reduce 33% and 21%, respectively. 

The GHG emission projections under all policy scenarios are estimated based on two steps (1) 

the strategies implemented to reduce energy consumption, and (2) the carbon intensity of energy 

sources, described in the following equations. The energy consumption of a specific sector under 

the policy scenario (ENEi) is estimated based on the cumulative impacts of mitigation strategies 

(Σ Strategy) in reducing BAU energy consumption in this sector. The energy related GHG 

emissions in sector i (GHGi) is then quantified based on energy consumption, and the sector-

average carbon intensity, which is estimated by the carbon intensity of individual energy source n 

(CIn) and the relative share of the respective energy source (pn). The carbon intensities of individual 

energy sources in specific industry in the future year are primarily obtained from the GREET 

model(Argonne National Laboratory, 2016). We also used data from EIA(U.S. Energy Information 

Administration, 2016) and CARB(CARB, 2018a) for cross-validation and adjustment. Non-energy 

GHG emissions in the policy scenarios (GHGne), will be directly estimated based on BAU GHG 

and the cumulative impacts of mitigation strategies on GHG reductions. The selection, rationale, 

determination, and assumptions regarding mitigation strategies in all sectors are discussed below 

in the next section. 

𝐸𝑁𝐸𝑖 = 2050_𝐵𝐴𝑈_𝐸𝑁𝐸𝑖 × (∑ 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑒𝑠)
𝑖
 

𝐺𝐻𝐺𝑖 = 𝐸𝑁𝐸𝑖  ×  ∑(𝐶𝐼𝑛 × 𝑝𝑛) 
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𝐺𝐻𝐺𝑛𝑒 =  2050_𝐵𝐴𝑈_𝐺𝐻𝐺𝑛𝑒  ×  (∑ 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑒𝑠)
𝑛𝑒

 

A total of 66 mitigation strategies are included in the analysis, which will be elaborated in the 

Results section. These mitigation strategies are determined based technologies and policies in each 

economic sectors: transportation, industrial, commercial, residential, electricity generation, and 

non-energy GHG in all sectors. Strategies are selected and deployed in the model on the following 

basis: 

• Consistent with existing state policies 

• Consistent with long-term state policy trends 

• Feasible from the standpoint of technical and resource constraints 

• Deployed in a time sequence that took into account existing regulatory timetables, level of 

difficulty, and timing of expected commercial availability. 

The selection of detailed GHG mitigation strategies in individual sectors is elaborated in detail in 

Appendix A. 

Cost analysis 

We develop the abatement cost analysis module using a bottom-up approach. The per capita 

CO2 abatement cost of individual strategies is multiplied by the total GHG reductions attributed to 

the corresponding strategy. The default values of abatement cost for different technologies and 

policies (unit: 2017 $/ ton of CO2e) are summarized in Table 2. 1 based on best available data 

from various studies (Arnout de Pee et al., 2018; CARB, 2008; DOE, 2015; Gillingham and Stock, 

2018; Lawrence Irlam, 2017). The total GHG abatement cost (GAC) is the sum of GHG reductions 

contributed by individual strategy i (Gi) projected by the GHG module multiplied by the most 

suitable unit cost (Ci) in Table 2. 1: 

𝐺𝐴𝐶 =  ∑ 𝐺𝐴𝐶𝑖 = ∑ 𝐺𝐻𝐺𝑖  × 𝐶𝑖    
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For strategies that fit into multiple technologies and policies, we apply the average unit cost all 

applicable technologies and policies as the unit cost. For strategies with no suitable cost data, we 

assume that the abatement cost equals to the carbon price of the Cap-and-Trade program in 

California (CARB, 2018b).   

Table 2. 1 Range of unit costs of different GHG abatement strategies based on available data 

Strategy 

Estimate (2017 $/ton CO2e) 

Lower Upper 

Behavioral Energy Efficiency -190 -190 

Corn starch ethanol (U.S.) -18 310 

Renewable Portfolio Standards 0 190 

Gasoline Tax 18 47 

Transportation Efficiency and Smart Growth 0 47 

Soil Management 57 57 

Livestock Management Policies 4 71 

Solar PV Subsidies 140 650 

Biodiesel 150 420 

Electric Vehicle Subsidy 350 640 

Industrial Electrification 100 400 

Carbon Capture and Sequestration 80 160 

Cap-and-Trade 14 20 

 

We also quantify the additional operation costs due to tailpipe emission control requirements 

of new biomass power plants under the Net-Zero scenarios. This part of cost is not directly 

associated with GHG emission reductions, but is necessary to allow new power plants to meet 

emission regulations and be installed in California. The calculation is conducted based on the 

method and values provided by U.S. EPA (2018).  

Although we have developed this cost analysis module in the model, it is only intent to serve 

as a scenario evaluation criteria, not a selection criteria. This is because 1) new policies and 

technologies are not all expected to be cost-effective upon implementation, 2) multiple factors, 
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including technology breakthrough, new policy incentives, and change in human behaviors, all 

may largely influence the implementation costs, 3) the simplified bottom-up method may neglect 

synergistic effects (positive and negative) on costs and the cost reductions related to learning curve, 

and 4) concerns in the cost data quality. 

Air pollution inventory projection module 

The criteria pollutant emission inventory of 2010 base year is developed based on the CEPAM 

from CARB (2018c) at county level and the California Nexus (CalNex) (CARB et al., 2008) 4 km 

× 4 km gridded emission inventory. After validation with CalNex at county level, code-specified 

base year emissions in the CEPAM is then used for criteria pollutant inventory projection of all 

future year scenarios, based on the following equation: 

𝐸𝑀𝑖 = 2010_𝐸𝑀𝑖 × 𝐺𝑟𝑜𝑤𝑖  × 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖  × 𝐴𝐷𝐽𝑖 

𝐴𝐷𝐽 =  ∑ 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑦  ×  
𝐸𝑅𝐿𝐸

𝐸𝑅𝐵𝐴𝑈
 

𝐸𝑀 =  ∑ 𝐸𝑀𝑖 

where EMi stands for the target year (e.g., 2050) emissions of a specific pollutant (i.e., CO, NOx, 

ROG, PM10, PM2.5, SOx, and NH3) of a specific emission source code i, 2010_EMi stands for the 

base year emissions of code i, Growi stands for the baseline growth rate of emission code i over 

the period determined by the BAU scenario, Controli stands for the average emission reduction 

rate due to various emission controls and other emission reduction programs derived from the 

CEPAM model, and ADJi stands for the impacts of GHG mitigation strategies (i.e., ADJ =1 for 

BAU scenario). ADJ is the product of energy demand reduction due to all GHG mitigation 

strategies (ΣStrategy) and the resulting changes in air pollution emission rates in the policy 
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scenario (ERLE) relative to BAU (ERBAU). EM stands for the total emissions of a specific pollutant 

in a specific county.  

For all combustion source categories, the BAU growth rates of air pollutants are the same as 

the GHG growth rates described previously. For non-combustion source categories that are related 

to combustion activities (e.g., evaporation of fuels during storage and loading), the growth factor 

is the same as the GHG growth factor of the most relevant combustion source category. For non-

combustion source categories that are not related to combustion activities (e.g., building 

construction dust), we apply the best available growth factors in CEPAM. For emission rates of 

emerging technologies used in the policy scenarios, such as CCS technology, biomass power plants 

and on-road vehicles burning biofuels, we apply medium level values based on multiple databases 

and studies (Argonne National Laboratory, 2016; Harmelen et al., 2011; U.S. EPA, 2002, 2016a; 

Zapata et al., 2018b). The model also projects the spatial distribution of emissions from facilities 

applying emerging technologies (e.g., BECCS and co-generation) based on the existing spatial 

distribution of all facilities. For technologies with high pre-treatment emissions (such as solid 

biomass combustion and cogeneration in the industrial sector), the model also adjusts tailpipe 

emission to comply with the New Source Performance Standards (NSPS). This is because new 

facilities/sources without sufficiently low emissions cannot be practically installed in 

nonattainment areas in California.   

Criteria pollutant emissions of individual source codes are aggregated into county level by three 

categorization methods: (1) by GHG mitigation strategies shown in the main text, (2) by economic-

sectors, including transportation, industrial, commercial, residential, and electricity generation 

sectors, which is the same as the GHG emissions, and (3) by source types, including stationary 

source, area source, on-road source, and off-road source, which is widely used for air pollution 
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modeling. The aggregated emission inventory of each scenario is further processed into 4km × 

4km grids based on the CalNex baseline inventory for atmospheric modeling.  

2.3.2 Atmospheric modeling for meteorology and air quality 

The anthropogenic emission inventory projected by the energy and emission technology 

model is then processed into 4 km × 4  km gridded emissions based on high-resolution spatial 

distribution information provided by the CalNex (CARB et al., 2008) for ambient air quality 

modeling. We then simulate the ambient PM2.5 and O3 concentrations in 2050 under different 

scenarios (i.e., BAU, ZE, and ADC), using the WRF-Chem version 3.9.1. For all scenarios, we 

simulate hourly ambient air quality at 4 km × 4 km resolution in January, April, July, and October, 

which represent winter, spring, summer, and fall seasons.  The meteorological initial and boundary 

conditions are generated from the Final Operational Global Analysis data (ds083.2) of the National 

Center for Environmental Prediction (NCEP) at a 1.0º × 1.0º and 6-h resolution for the year 2010. 

Therefore we do not factor in the possible influences of climate change on meteorology and natural 

emissions in California. The biogenic emissions are calculated online using the Model of 

Emissions of Gases and Aerosols from Nature (MEGAN) (Guenther et al., 2006). Other natural 

emissions, including dust, sea salt, and wildfire are calculated based on previous studies and 

database (Freitas et al., 2007, 2010; Ginoux et al., 2001a; Gong, 2003; Longo et al., 2010; NASA, 

2018; Zhao et al., 2010; C. Zhao et al., 2013) and are driven by 2010 meteorology. See Appendix 

2 for more information regarding detailed modeling parameters and simulation performance. 

2.3.3 Methods for analysis of premature mortality 

The exposure to ambient PM2.5 and O3 has been linked to a number mortality and morbidity 

health outcomes. In this Chapter, we focus on premature mortality, as deaths hastened by exposure 
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to air pollution. We assess premature mortality attributed to outdoor air pollution (i.e., PM2.5 and 

O3) using log-linear CRFs from reanalyses of the American Cancer Society study in which the U.S. 

Air pollution-related mortality (ΔM) in each grid cell in target year is evaluated as: 

∆𝑀 = 𝑦0 (1 − 𝑒−𝛽∆𝑥) × 𝑃𝑜𝑝 

where y0 is the baseline mortality rate of a given cause, β is the concentration-response 

coefficient, which is derived from Turner et al. (2016).  To be specific, β = 0.00677 (95% CI: 

0.00535 – 0.00816) for PM2.5, 0.00198 (95% CI: 0.00050 – 0.00344) for annual MDA8 O3, and 

0.00198 (95% CI: 0.00149 – 0.00247) for summer MDA8 O3. Δx is the change in ambient air 

pollution concentration (µg/m3 for PM2.5 and ppb for O3), and Pop is the population. 

The Environmental Benefit Mapping and Analysis Program (BenMAP-CE, version 1.3.7) 

developed by U.S. EPA (U.S. EPA, 2018) is used to quantify total and spatial distribution of 

mortality changes between BAU and policy emission scenarios. BenMAP-CE has built-in 

demographic information, which projected future year population data towards 2050 based on 

census block level ACS 5-year estimates from 2012 to 2016 (U.S. EPA, 2018). To further process 

the population data, we used BenMAP to calculate a crosswalk, which converts the demographic 

data into the California 4 km grid. The processed grids contain projected population information 

by 5-year age bins from 0-99 years old. The default population projection in the BenMAP (i.e, 

32,334,652 adults aged 30-99 in 2050) is 1.2% lower than the population projected by the 

California Department of Finance (i.e., 32,713,254) (California Department of Finance, 2019c), 

so no further adjustment on population was made in the model. For baseline mortality rates, we 

used the default numbers in the BenMAP. The default BenMAP baseline mortality rates were 

based on 2012-2014 county-level mortality data from the Centers for Disease Control WONDER 

database (http://wonder.cdc.gov) and ACS population data described in the previous paragraph. 

http://wonder.cdc.gov/
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Baseline age-, cause-, and county-specific mortality rates were generated using the following 

formula: 

𝑅𝑖,𝑗,𝑘 =  
𝐷𝑖,𝑗,𝑘 (2012)+𝐷𝑖,𝑗,𝑘 (2013)+𝐷𝑖,𝑗,𝑘 (2014)

𝑃𝑖,𝑗,𝑘 (2012)+𝑃𝑖,𝑗,𝑘 (2013)+𝑃𝑖,𝑗,𝑘 (2014)
 

where Ri,j,k is the mortality rate for age group i, cause j, and county k; D is the death count from 

WONDER; and P is the population from ACS. For future year mortality rate, BenMAP used the 

series changes of projected national mortality rates based on Census Bureau projected life tables 

(U.S. Census Bureau, 2012; U.S. EPA, 2018). The ratio of age-specific baseline all-cause mortality 

rate in 2050 relative to base year is provided in the Table 2. 2.  

Table 2. 2. Ratio of 2050 all-cause mortality rate to 2013 base year, by age group 

Age Ratio 

Infant 0.67 

1-17 0.56 

18-24 0.39 

25-34 0.40 

35-44 0.40 

45-54 0.44 

55-64 0.53 

65-74 0.66 

75-84 0.77 

85-99 0.87 

 

The 95% CI are calculated using Monte-Carlo analysis based on the uncertainty in the 

parameters of CRFs. The unit value of value of statistical life (VSL) is set at 9.0 million U.S. 

dollars (with the 2017 inflation rate) and assumed unchanged in future (U.S. EPA, 2018, 2010). 

This is an intermediate value of many studies and is consistent with U.S. EPA’s Regulatory 

Impact Analyses (RIAs) and the Section 812 Retrospective and Prospective Analyses of the 

Clean Air Act (U.S. EPA, 2018).  
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2.4 Results 

First, we constructed a Business-As-Usual (BAU) scenario with a total GHG emissions of 

700 million metric tons (MMt) CO2e in 2050 using our energy and emission technology 

model. There are no additional climate policies after 2010 being applied into the BAU 

scenario, and the GHG emissions increase by 56% from 2010 to 2050 in the BAU scenario. 

We also developed a net-zero emissions scenario (ZE) with a decadal GHG mitigation 

roadmap for California to achieve the net-zero GHG emissions target in 2050 (Figure 2. 2a & 

Figure 2. 2b). The roadmap was built upon a series of mitigation strategies illustrated in Table 

2. 3, accounting for policy trends and technology feasibility in California. The transition 

towards net-zero GHG emissions would require systematic change in the current energy 

consumption pattern supported by deep decarbonization technologies and more stringent 

policies. Also, we found that GHG offsets or negative emission sources, such as the bioenergy 

with carbon capture and sequestration (BECCS) technology, would be necessary to balance 

GHG emissions that cannot be easily reduced with existing technology in the given timeframe, 

and help to achieve the statewide net-zero emissions target. As a major GHG negative emission 

sources, BECCS power plants provides 88.3 MMt CO2e of negative GHG emissions in 2050. 

Another 17.2 MMt CO2e of GHG offsets are provided by CCS in natural gas power plants 

and cogeneration facilities. Our designed roadmap would emit 230 MMt CO2e in 2030 and 

meet California’s mid-term climate goal as required by SB 32 (i.e., < 259 MMt CO2e). While 

our short-term roadmap was mainly constrained by the requirement of SB 32, we also 

balanced the deployment of strategies, so that 1) long-term strategies such as electrification 

and CCS can be planned in advance to ensure sustained GHG reductions, and 2) strategies 

lead to stranded costs can be avoided.
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Figure 2. 2 Net-zero GHG roadmap for California in 2050. Sectoral reductions in 2050 in California to achieve net-zero GHG 

emissions statewide (a); strategies grouped into eleven categories reduce emissions from 700 MMt CO2e in the 2050 BAU scenario to 

0 MMt CO2e in the Net-Zero scenario (b).   
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Table 2. 3 GHG Reduction by Strategy Categories in 2030 and 2050 Target Years 

Strategy 
GHG Reduction 
(MMt CO

2
e) 

Key attributes in 2050 
2030 2050 

Electrification 74.1 139.5 

• 75% on-road LDV are EV, including 30% BEV and 45% PHEV 

• 33% buses are EV and PHEV 

• Truck electrification [10% for Classes 3-6 (10000 <GVWR ≤ 26000 lbs) and 5% for 

Classes 7 – 8 (GVWR > 26000 lbs)] 

• 85% electrification rate in the residential and commercial sector 

• 60% electrification rate in the industrial sector 

Energy efficiency 37.6 104.2 
• Building energy efficiency increases by 1% per year 

• Industrial energy efficiency increases by 0.8% per year  

• On-road vehicle efficiency increases (LDV 30% and HDV 15% from 2010 to 2050, 

excluding EV) 

Grid electricity 

decarbonization 50.6 95.8 
• 10% grid electricity from natural gas (2% in-state+8% imported) 

• 35% grid electricity from biofuel (23% in-state+12% imported) 

• Wind (21%), solar (13%), large-hydro (16%), nuclear (5%), and other (1%) 

Biofuel 19.0 45.3 
• 50% renewable fuels in the on-road transportation sector 

• 35% renewable fuels in the industrial sector 

• 30% renewable fuels in the residential and commercial sector 

Smart growth 56.6 75.2 Sustainable communities help reduce per capita passenger VMT by 25%, and per capita 

freight VMT by 10%. 

Cogeneration and 

distributed generation 21.2 51.9 
Cogeneration facilities supplies  
• 80% of thermal energy in the industrial sector  

• 25% of thermal energy in the residential and commercial sector 

Rooftop PV system 15.9 25.6 Rooftop solar panel supplies 20% of energy in passenger EVs, 10% of energy in 

residential and commercial sectors, and 1-3% in industrial sectors,  
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Waste management 19.1 46.8 
Reduce methane emissions from 
• Dairy manure and other live stock by 70% 

• Landfill, wastewater and other waste treatment facilities by 95% 

Other non-energy GHG 

management 9.6 14.0 
Reduce short-lived climate pollutants (e.g., SF

6
, CFCs, and HFCs) and other non-energy 

GHG (e.g., nitrogen fertilizer)  by 70% compared to BAU scenario 

Carbon Capture and 

Sequestration 27.7 104.3 

Apply Carbon Capture and Sequestration technology into: 
• Bioenergy power plants (70% facility × 80% capture rate) 

• Natural gas power plants (85% facility × 80% capture rate) 

• Other small-scale cogeneration and distributed generation facilities (50% facility × 

60% capture rate) 

Note: LDV = light-duty vehicles; EV = electric vehicles; BEV = battery electric vehicles; PHEV = plug-in hybrid vehicles; GVWR  =  

vehicle’s gross vehicle weight rating; VMT = vehicle miles traveled; PV = photovoltaic;  SF6 =  Sulphur hexafluoride; CFCs =  

Chlorofluorocarbons; HFCs =  Hydrofluorocarbons 
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Table 2. 4 shows the detailed energy and GHG reductions contributed by individual 

strategies in 2050. Our designed approach identified end-use energy electrification, energy 

efficiency increase and electricity decarbonization as the core mechanisms for GHG 

reduction, contributing to 139.5 MMt (20%), 104.2 MMt (15%), and 95.8 MMt (14%)of the 

total GHG reduction, respectively (Figure 1b). This core mechanisms are supplemented with 

several other strategies to further increase the GHG reduction efficiency. Transportation 

sector is the largest GHG emission source in California. Therefore, electric vehicles are 

introduced to the Net-Zero scenario with high adoption rate, which significantly reduces 

tailpipe emissions by 64 MMt CO2e. To further reduce the GHG from transportation sources, 

50% fossil fuel used by the remaining internal combustion engine vehicles should be replaced 

by biofuel, and sustainable community growth strategies need to be enforced to further reduce 

vehicle activities. End-use energy electrification is also applied to industrial, commercial and 

residential sectors to reduce direct combustion, contributing to 36.4, 22.6, and 15.9 MMt CO2 

reductions from tailpipe, respectively. 

Table 2. 4 Energy and GHG savings in 2050 disaggregated by individual strategies 

Strategies 

  Annual Savings in 2050  

No. 
Energy 

(Exajoules) 

GHG 

Savings (MMT 

CO2e) 

Electrification       

Transportation       

PHEV, Passenger Cars 1 0.15 10.16 

PHEV, Light duty Trucks 2 0.10 6.77 

BEV and FCEV, Passenger Cars 3 0.44 29.62 

BEV and FCEV, Light duty Trucks 4 0.19 12.69 

Freight Truck Electrification (Llight and Medium HDT) 5 0.03 2.28 
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Freight Truck Electrification (Heavy HDT) 6 0.01 0.62 

Bus Transport, Electrification 7 0.02 1.38 

Transit Rail Electrification 8 0.00 0.35 

Other Off-road vehicle Electrification 9 0.01 0.57 

Other Sectors       

Residential Electrification (Replacing Gas Stoves) 10 0.18 15.87 

Commercial Electrification (Replacing Gas Stoves) 11 0.25 22.58 

Industrial Electrification, Sector-wide 12 0.35 36.43 

TOTAL   1.73 139.31 

        

Energy Efficiency       

Buildings       

Residential Electric Efficiency, Sector-wide 11 0.06 4.13 

Residential Natural Gas Efficiency, Sector-wide 12 0.07 5.05 

Residential Space Heating 13 0.01 0.58 

Residential Cooling 14 0.01 0.58 

Residential Solar Water Heating 15 0.00 0.29 

Residential Water Heating 16 0.01 0.58 

Commercial Electric Efficiency, Sector-wide 17 0.05 3.30 

Commercial Natural Gas Efficiency, Sector-wide 18 0.04 2.74 

Commercial Space Heating 19 0.01 0.48 

Commercial Cooling 20 0.01 0.48 

Commercial Solar Water Heating 21 0.00 0.19 

Commercial Water Heating 22 0.01 0.48 

Transportation       

Passenger Car, Vehicle Efficiency 23 0.08 5.74 

Light Duty Trucks, Vehicle Efficiency 24 0.08 5.74 

Freight Trucks, Vehicle Efficiency 25 0.03 2.30 

Bus, Vehicle Efficiency 26 0.01 0.96 

Other Passenger Transportation, Vehicle Efficiency 27 0.01 0.64 

Domestic Freight Transportation, Stock Efficiency 28 0.01 0.57 

Industrial       

Industrial Natural Gas Efficiency, Sector-wide 29 0.21 16.44 

Industrial Electric Efficiency, Sector-wide 30 0.21 16.28 

Industrial Off-road equipment 31 0.03 2.37 

Agriculture Sector, Electric Efficiency, Sector-wide 32 0.01 0.32 
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Agriculture Sector, Gas Efficiency, Sector-wide 33 0.01 0.45 

Agriculture off-road equipment 34 0.00 0.30 

Electricity Sector        

Electricity Sector Combustion Efficiency, Sector-wide 35 0.47 33.22 

TOTAL   1.45 104.20 

        

Grid electricity decarbonization       

Bioenergy, Electricity Generation 36 0.00 42.63 

Wind 37 0.00 29.84 

Solar 38 0.00 22.74 

TOTAL   0.00 95.21 

        

Biofuel       

Transportation       

Ethanol, Passenger Cars 39 0.00 6.24 

Ethanol, Light duty Trucks 40 0.00 5.54 

Biodiesel, Freight Truck (light and medium HDT) 41 0.00 5.54 

Biodiesel, Freight Truck (Heavy HDT) 42 0.00 4.25 

Biodiesel, Bus 43 0.00 0.06 

Biodiesel, Transit Rail 44 0.00 0.02 

Other Sectors       

Biomethane, Residential (Natural Gas displaced) 45 0.00 0.54 

Biomethane, Commercial (Natural Gas displaced) 46 0.00 0.72 

Biomethane, Industrial (Natural Gas displaced) 47 0.00 4.73 

Biomass pellet, Industrial (Natural Gas displaced) 48 0.00 2.10 

Demand Reduction (Oil and Gas Industry) 49 0.00 15.53 

TOTAL   0.00 45.27 

        

Smart Growth       

Light Duty Vehicles, reducing VMT 50 0.74 49.30 

Freight Truck, reducing VMT 51 0.08 4.59 

Oil and Gas Industry, reduce fossil fuel Demand 52 0.25 19.30 

TOTAL   1.07 73.19 

Cogeneration and distributed generation       

Industrial CHP 53 0.55 32.92 

Residential, CHP and distributed Generation 54 0.15 9.10 

Commercial, CHP and distributed Generation 55 0.16 9.88 

TOTAL   0.86 51.89 
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Rooftop PV       

Residential PV Roofs 56 0.10 9.59 

Commercial PV Roofs 57 0.21 16.01 

TOTAL   0.30 25.60 

        

Non-Energy GHG       

Waste Management       

Dairy Manure, Agriculture 58 0.00 27.06 

Other livestock, Agriculture 59 0.00 9.02 

Landfill, Industrial  60 0.00 2.76 

Landfill, Commercial and Residential 61 0.00 2.43 

Other Waste, and wastewater Treatment, all sectors 62 0.00 5.48 

Other Non-energy GHG 63 0.00 13.98 

Total   0.00 60.73 

        

Carbon Capture and Sequestration       

BECCS from power plants 64 0.00 88.25 

NGCCS from power plants 65 0.00 11.82 

CCS from other small-scale CHP facilities 66 0.00 5.37 

Total     105.44 

Grand Total   5.42 702.82 

Acronyms: 

PHEV: plug-in hybrid electric vehicles;  

BEV: battery electric vehicles;  

FCEV: fuel cell electric vehicles;  

HDT: heavy-duty trucks; 

VMT: vehicle miles traveled; 

CHP: combined heat and power; 

PV: photovoltaic; 

BECCS: bioenergy with carbon capture and sequestration;  

NGCCS: natural gas with carbon capture and sequestration; 

CCS: carbon capture and sequestration  
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The all-sector electrification would significantly increase the electricity demand by 104% 

without applying additional strategies. Our model applied a moderate 0.4-1% yr-1 energy 

efficiency improvement for end-use devices under the Net-Zero scenario (see Table 2. 3 for 

details), which substantially limit the growth in electricity load. To further reduce electricity 

demand from the grid, the Net-Zero scenario applies cogeneration and distributed generation 

strategies to continue to improve energy efficiency and supply electricity locally for industrial, 

commercial, and residential sectors. In the meantime, rooftop PV is able to supply 20% of the 

electricity demands from electric passenger vehicles (from home and workplace chargers 

power by rooftop PV), 10% of the energy use in residential and commercial sectors, and 1-

3% in the industrial sector, further reducing the peak demand of grid electricity. With all 

strategies and assumptions applied, our model showed that the total energy consumption for 

grid electricity generation under the Net-Zero scenario is 2.12 exajoules (EJ, = 1018 Joule), 

19% higher than the BAU. End-use electrification is coupled with electricity decarbonization 

to reduce net carbon intensity of electricity in California. The major energy source for 

electricity generation is natural gas in the BAU scenario. In the Net-Zero scenario, we 

designed a mixed energy supply feedstock (Table 2. 3), which includes comparable usage of 

bioenergy, wind and solar, as all of these alternative energy sources have demonstrated 

technical applicability, but still suffer from high cost and technical difficulties in large-scale 

implementation. Ten percent of the grid electricity is still generated by natural gas in the Net-

Zero scenario to ensure a stable electricity system. Therefore, the overall energy carbon 

intensity in electricity generation sector reduced from 70 g CO2/MJ in the BAU to 11 g 

CO2/MJ in ZE, not counting the CO2 offsets provided by CCS. Nuclear energy is not 
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considered as a strategy for the electricity decarbonization, considering its controversial 

environmental impacts and low social acceptance in the United States.  

The energy and emission technology model then projects criteria pollutant emissions based 

on projected growth rates, technology and energy mix, and emission factors of individual 

technologies (see Appendix A for details). As shown in Figure 2. 3a, the Net-Zero scenario 

brings significant reductions in anthropogenic criteria pollutant emissions to California in 

2050 compared to BAU (i.e., NOx by 48.2%, ROG by 24.3%, PM2.5 by 35.6%, NH3 by 38.4%, 

and SOx by 49.0%). Figure 2. 3b further attributes such emission reductions into individual 

strategies we described in Figure 2. 2b and Table 2. 3. Of the core mechanisms, end-use energy 

electrification and energy efficiency increase contributed the most to criteria pollution 

emission reductions. In contrast, grid electricity decarbonization leads to very minor criteria 

pollutant emission reductions, and even slightly increases PM2.5 and SOx emissions. This is 

because in the Net-Zero scenario, 35% of the grid electricity come from bioenergy power 

plants, which has a higher criteria pollutant emission rates than conventional natural gas 

power plants in the BAU scenario. Spatial analysis (Figure 2. 3c) shows that emission 

reductions of criteria pollutants would mainly occur in metropolitan areas and major 

transportation corridors, such as Southern California, San Francisco Bay Area and San 

Joaquin Valleys, where baseline emissions are high.
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Figure 2. 3 Model projections for emissions of criteria pollutants (NOx, ROG, PM2.5, NH3 and SOx) in California under BAU 

(no fills) and Net-Zero (solid fills) in 2050 (a); emission reductions disaggregated by strategies (b); and emissions in five regions 

of California under BAU and Net-Zero scenarios in 2050 (c).
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The emission inventory for each scenario was converted into 4 km × 4 km gridded emissions 

for ambient air quality modeling. The ambient air pollution concentrations for PM2.5 and O3 under 

BAU and Net-Zero were then projected using the Weather Research and Forecasting Model with 

Chemistry (WRF-Chem) version 3.9.1. A health impact analysis is followed to estimate the public 

health impacts resulting from changes in PM2.5 and O3 exposure and analyze public health co-

benefits. We found that achieving net-zero GHG emissions can bring significant air quality and 

public health co-benefit in terms of reducing regional PM2.5 (Figure 2. 4a), but may slightly 

increase O3 (maximum daily 8-hour average, or MDA8) concentration in metropolitan areas 

(Figure 2. 4b). Overall, the Net-Zero scenario can reduce annual average ambient PM2.5 

concentration by 5.0 µg/m3 (population weighted), but increase annual average O3 by 0.5 ppb 

(population weighted).  Together, the Net-Zero Scenario can bring a public health co-benefit of 

14,066 [95% Confidence Intervals (95% CI): 10,855 – 17,226] mortality reductions, consisting of 

14,440 (95% CI: 11,510 – 17,320) avoided mortalities from reduced PM2.5 exposure (Figure 2. 

4c) and 374 (95% CI: 94 – 655) increased mortalities from elevated O3 exposure (Figure 2. 4d), 

based on concentration response functions (CRFs) derived from epidemiological study (Turner et 

al., 2016). It is also noteworthy that the impact of local emissions on O3 has seasonal variations 

(Figure 2. 5). Considering O3 episodes usually happen in summer, we quantified that the Net-Zero 

scenario may reduce summertime population-weighted O3 by 1.0 ppb in California, which leads 

to 234 (95% CI: 118 – 349) mortality reductions.  
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Figure 2. 4 Spatial distribution of the reductions in annual average PM2.5 and O3 

concentrations and their associated mortality in 2050 Net-Zero scenario relative to the BAU 

scenario: concentration reductions in ambient PM2.5 (a) and 8-hour maximum O3 (b); 

avoided mortality due to change in exposure to PM2.5 (c) and O3 (d). Yellow colors mean 

ambient air pollutant concentrations decrease in ZE; red colors mean mortality decrease in 

ZE; blue colors mean air pollutant concentrations and mortality increase in ZE 
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Figure 2. 5 Seasonal variation of maximum daily 8-hour average (MDA8) O3 concentration 

reductions from BAU to ZE. Blue colors mean O3 concentrations decrease in ZE. Red colors 

mean O3 concentrations increase in ZE. 
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The negative GHG emissions provided by BECCS is necessary for California to achieve the 

net-zero target. However, in the context of air quality co-benefits, the combustion process in 

BECCS emits high levels of criteria pollutants. Meanwhile, although having been implemented in 

the United States (e.g., Illinois, Oklahoma and Kansas), BECCS requires significant amount of 

land and water resources, which could be another challenge to California. Therefore, we developed 

an alternative deep decarbonization scenario (ADC) that replaces BECCS power plants with 

cleaner electricity sources, such as wind, solar, and geothermal. This scenario would emit 83 MMt 

CO2e in 2050, which is about 81% below the 1990 levels. Regarding the criteria pollutants, 

however, this ADC scenario emits much less than the Net-Zero scenario does from the electricity 

generation sector (Figure 2. 6a), by minimizing electricity generated from combustible sources.  

Air quality modeling and health impact analysis results indicate that the implementation of ADC 

leads to an additional 0.12 µg/m3 reduction in population-weighted PM2.5 concentration (Figure 2. 

6b), and can avoid 365 (95% CI: 290 – 441) more PM2.5-related mortality in California compared 

to Net-Zero (Figure 2. 6c). No significant changes were observed in O3 concentrations and O3-

associated mortality. 
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Figure 2. 6 Difference in California statewide criteria pollutant emissions from the electricity 

generation sector between Net-Zero and ADC (a); the resulting changes in ambient PM2.5 

concentration (b); and PM2.5-asscoiated mortality (c). Yellow colors mean ambient PM 2.5 

concentrations decrease in ADC; red colors mean mortality decrease in ADC. 

Utilizing the high-resolution modeling data, we further quantify that, for both Net-Zero and 

ADC scenarios, 35% of the air quality-related mortality avoidance are attributable to the 

disadvantaged communities (Figure 2. 7 and Table 2. 5). Here we follow the designation of 

disadvantaged communities in CalEnviroScreen 3.0, which identifies that approximately 25% 

Californians live in disadvantaged communities(CalEPA, 2017). Our community health impact 

analysis suggests that implementing our proposed GHG mitigation strategies is likely to 

deliver adequate health co-benefits to citizens in disadvantaged communities. 
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Figure 2. 7 All-cause mortality reductions (PM2.5 and O3 combined) in the Net-Zero scenario 

compared to BAU attributable to the disadvantaged communities in California (a), SJV region 

(b), and Los Angeles (c).  
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Table 2. 5 Benefits and costs of the Net-Zero and ADC scenarios in 2050, relative to the 

BAU scenario 

  ZE ADC 

Total GHG Emission Reductions 
700 617 

(MMt CO2e) 

Mortality Avoidance1 
14,066 14,431 

(10,855 - 17,226) (11,145 - 17,667) 

Mortality Avoidance in Disadvantaged 

Communities1 
4967 5073 

(3,832 - 6,104) (3,943 - 6,204) 

Monetized Co-benefit1, 2 
126.6 129.9 

(97.7 - 155) (100.3 - 159) 

GHG Abatement Cost2  

(lower / upper estimates) 
26.3 / 115.7 19.5 / 102.1 

1. numbers in parenthesis are the 95% CI 

2. units are billions of 2017 U.S. dollar 

 

Co-benefits of avoided all-cause mortality in Net-Zero and ADC scenarios are monetized 

using the VSL, and are compared with the GHG abatement cost (Table 2. 5). In 2050, the 

monetized public health co-benefits of climate policies in California range from US$ 97 to 

159 billion per year (the range includes the difference of the two scenarios and the uncertainty 

in CRF parameters), exceeding the total GHG abatement cost. On the other hand, 

implementing Net-Zero would lead to $3 billion less health co-benefit reduction compared to 

ADC on top of Net-Zero’s additional GHG abatement cost. Under the current assumption of 

VSL, we estimated that the reduced health co-benefits would equivalently increase 

incremental GHG abatement cost by 24-49% to achieve the net-zero target. Therefore, the 

cost-benefit comparison between Net-Zero and ADC also indicated that, under the existing 

technology framework, pursuing a net-zero GHG emissions target will need to consider both 

the direct CO2 abatement cost and the public health penalty.  
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We finally conducted a sensitivity analysis to test the impacts of future year economy 

fluctuation on air quality and health outputs. We changed the criteria emission inventory from 

anthropogenic sources in the BAU scenario by 5% to represent the human activity changes due to 

economy. This change could also represent the variation in emission inventories due to the 

selection of model base year. As shown in Figure 2. 8, 5% change in emission inputs lead to 4% 

change in PM2.5 associated mortality estimates and 0.1% change in O3 mortality estimates in 2050, 

which are significantly smaller than the mortality changes from the Net-Zero scenario. Therefore, 

our sensitivity analysis indicates that economy forecasts and base year selection have minor 

impacts on the magnitude of air quality and health co-benefits from GHG reduction strategies, 

while they may slightly change the numeric values of co-benefit estimates.  
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Figure 2. 8 Adult all-cause mortality burdens due to PM2.5 and O3 exposures in California in 

2050 under the BAU scenario, 95% and 105% of BAU anthropogenic emissions, and Net-Zero 

scenario. Upper limits represent the 97.5th percentile 

2.5 Discussion 

In this Chapter, we investigated the potential for California to achieve net-zero GHG 

emissions by 2050, and demonstrated that the net-zero target is feasible with existing and 

emerging technologies. Our analysis shows that achieving the long-term net-zero GHG 

emissions target in 2050 would require immediate actions, higher adoption rates of new 

technologies, and stronger policy supports in all major sectors through systematic and 

strategic planning efforts. Therefore, an important implication of our proposed roadmap, 

which also achieves California’s 2030 mid-term climate goal, is that the deployment of 
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regional decarbonization strategies should be informed by the broad objective of limiting 

global warming to well below 2°C through global net-zero emissions. Long-term strategies, 

although may not be critical to short-term goals, need to be planned in advance to ensure a 

sufficient amount of additional GHG reductions can be achieved in the mid- to late century.  

Our findings in Chapter 2 demonstrate the critical role of commercially-deployed BECCS 

technology to achieve the net-zero target. First of all, electricity can be generated with 

negative GHG emissions in BECCS power plants. In contrast, other cleaner/renewable energy 

sources, such as wind and solar extensively used in the ADC or nuclear power analyzed by 

other studies, may only achieve zero GHG emissions.  Second, the combustion feature of 

BECCS would also allow the implementation of cogeneration technologies to supply 

electricity and thermal energy simultaneously. Hence, utilizing BECCS instead of non-

combustible renewable energies would also offer lower electrification requirements and 

implementation costs, especially in the industrial sector. Third, unlike other types of carbon 

sinks such as oceans and forests, BECCS is a detachable mitigation tool added to biomass 

power plants, and is less affected by natural environment such as temperature increases and 

tree logging. All of this notwithstanding, there are still challenges, both technical and societal, 

to be addressed before BECCS can be deployed at scale (Gough et al., 2018). 

The drastic changes in energy consumption and combustion patterns brought by the net-zero 

GHG emissions will result in notable reductions in air pollutant emissions, which leads to 

considerable environmental and health co-benefits. Currently, decisions to mitigate GHG 

emissions are motivated primarily by the benefits of slowing climate change, while air pollution 

policies are driven by the benefits of improving local air quality and protecting public health. Better 

understanding of air quality and health co-benefits could increase the social and economic 
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acceptability of carbon policies. Our study extends the previous knowledge in terms of the 

relationship between carbon policies and air quality by first showing that the achievement of net-

zero GHG emissions is tightly connected to the air quality benefits, especially in populous and 

highly polluted regions in California. For instance, the GHG reduction strategies can effectively 

reduce ambient PM2.5 in Los Angeles Basin and the San Joaquin Valley in central California 

(Figure 2. 4 & Figure 2. 6), and help these areas to attain the National Ambient Air Quality 

Standard regulated by U.S. EPA (EPA) (U.S. EPA, 2016b). As these air quality and health co-

benefits occur mainly locally, they contrast to the long-term climate benefits distributed globally, 

and thus may be attractive to regions and nations that are not well motivated by the idea of GHG 

mitigation.  

Air pollution is inequitably distributed among communities, due to spatial differences in 

emission sources and ambient concentrations, raising seriously environmental justice 

concerns. Recently, Tessum et al. (2019) reported that ambient PM2.5 is disproportionately 

inhaled by black and Hispanic minorities in the United States. Studies in California also found 

that some existing climate polices may not effectively improve environmental equity in terms 

of reducing air pollution emissions in disadvantaged communities (Anderson et al., 2018; Cushing 

et al., 2018). Therefore, the GHG mitigation pathways and the novel high-resolution modeling 

approach in our paper both support the ongoing efforts in promoting environmental equity. 

GHG mitigation strategies developed for our net-zero pathway can attribute a fair amount of 

health co-benefits to disadvantaged communities in California. For instance, end-use 

electrification and fossil fuel substitution in industrial facilities could effectively reduce air 

pollution exposures in nearby communities; transportation electrification is also likely to 

reduce near-roadway PM2.5 and benefit communities along highway.   
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The detailed strategy-emission connection of our model has allowed us to decompose the 

total criteria pollutant emission reductions of the net-zero GHG emissions scenario to gain insights 

into the contributions of individual strategies.  We found that strategies important for GHG 

mitigation may not always reduce emissions of other pollutants. Specifically, electricity 

decarbonization using BECCS is found to have minor or even negative impacts on criteria pollutant 

emission reductions. Consequently, an interesting finding of our study is that there could be a trade-

off between local air quality benefits and global climate benefits, at a point when negative 

emissions are necessary to achieve ambitious GHG reduction targets. Conversely, such a trade-off 

need also be considered in the context of the overall health co-benefits of climate policies. 

Compared with inaction, ambitious GHG reduction efforts, regardless of the numerical stringency 

of the target, can provide significant health co-benefits, which offset a large proportion, if not all, 

of the implementation costs. To regions and countries with dirtier energy sources (e.g., coal), our 

estimated trade-off could be even smaller compared to the overall climate benefits and health co-

benefits of GHG mitigation. 
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Chapter 3 

Air Quality and Health Co-benefits of Different 

Deep Decarbonization Pathways in California 

3.1 Abstract 

As the world’s fifth-largest economy, California has made aggressive commitment to reduce 

its greenhouse gas (GHG) emissions. While previous studies have shown that GHG reductions 

could synergistically decrease air pollutant emissions and protect public health, they have not 

systematically evaluated and compared the health benefits of different technology pathways 

towards deep decarbonization. By adopting an integrated approach that combines energy and 

emission technology modeling, high-resolution chemical transport simulation, and health impact 

assessment, we find that achievement of the 80% GHG reduction target would bring substantial 

air quality and health benefits. The benefits, however, highly depend on the selected technology 

pathway largely because of California’s relatively clean energy structure. Compared with the 

business-as-usual levels, a decarbonization pathway that focuses on electrification and clean 

renewable energy is estimated to reduce concentrations of fine particle (PM2.5) by 18-37% in four 

major metropolitan areas of California and subsequently avoid 10,196 (95% CI: 8,169-12,202) 

premature deaths. In contrast, a pathway focusing more on combustible renewable fuels only 

results in a quarter of such air quality and health benefits. These findings could assist the 
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development of optimized technology pathway to simultaneously reduce GHG emissions and 

improve human health in California. 

3.1 Introduction 

California, the most populous state in United States and the world’s fifth-largest economy, has 

made aggressive commitment to reduce its greenhouse gas (GHG) emissions by 80% below 1990 

levels by the year 2050 in the Executive Order S-3-05 (Arnold Schwarzenegger, 2005). Since 

major sources of GHGs are also major sources of air pollutants, policy designed to reduce GHGs 

could synergistically reduce co-emitted pollutants, leading to potential co-benefits for public 

health (Markandya et al., 2018; Thompson et al., 2014; Zapata et al., 2013). Such co-benefits are 

critically important for California since it is home to seven of the top 10 U.S. cities with the highest 

concentrations of fine particle (PM2.5) (Billings et al., 2018). Deep decarbonization policy could 

be an effective way to simultaneously meet the grand challenge of GHG emission reductions and 

improve ambient air quality in California.  

Numerous studies have evaluated the effects of decarbonization policies on air quality and 

public health over global, continental, and regional scales, including California (Kleeman et al., 

2013; Markandya et al., 2018; Thompson et al., 2016, 2014; Zapata et al., 2013, 2018a). Almost 

all of them found that GHG emission controls result in air quality and health co-benefits, which 

could offset a fraction of or even exceed the mitigation costs, depending on geographical region 

and policy stringency. In California, Zapata et al. (2018a) has estimated that annual air pollution-

associated premature deaths in 2050 would drop by 24-26% relative to 2010 levels if an 80% GHG 

reduction below 1990 levels is realized. 
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Decarbonization could be achieved via various technology pathways and policy options. 

Different technologies are presumably associated with different air pollutant emissions and thus 

distinct health co-benefits. Thompson et al. (2014, 2016) compared the air pollution and health 

benefits of climate policies targeting all economic sectors and those targeting individual sector 

(power plants or transportation) over the whole U.S. and Northeast U.S. They found that the 

percentage of costs covered by health benefits is much larger for economy-wide policies, though 

the absolute health benefits of single-sector policies could be larger. Shindell et al. (2012) 

identified a number of GHG control measures that were expected to synergistically reduce short-

lived air pollutants, and found that these selected set of measures could effectively mitigate near-

term climate change and improve human health. 

The dependency of health co-benefits on technology pathway is likely to be more significant in 

California in view of its energy structure dominated by natural gas and petroleum products (U.S. 

Energy Information Administration, 2017). It is well-established that cutting down GHG 

emissions from coal-using facilities significantly reduces co-emitted pollutants (Anderson et al., 

2018; Driscoll et al., 2015). For natural gas-using sources, however, co-benefits can be achieved 

only through certain decarbonization technologies because of a lower emission rate at present (U.S. 

Environmental Protection Agency, 2018). Previous studies on the air quality and health co-benefits 

in California either used an economic model (e.g., computable general equilibrium model) which 

lacks detailed technology representation (Ou et al., 2018; Thompson et al., 2014) or focused on 

only a single technology pathway (Zapata et al., 2013, 2018a).  Kleeman et al. (2013) examined 

different GHG reduction pathways but the analysis was limited to the transportation sector. 

California’s ambitious 80% GHG reduction target requires adoption of decarbonization measures 

across all economic sectors. A systematic evaluation and comparison of different pathways to 
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realize this aggressive target and their implications for public health has not been conducted 

previously. 

In this Chapter, we develop two detailed, realistic, and representative technology pathways 

targeting all major sectors to achieve the 80% GHG reduction target specified in California’s 

Executive Order S-3-05, using the energy and emission technology model discussed in the 

previous Chapter. Further we conduct high-resolution chemical transport simulation using the 

Weather Research and Forecasting Model with Chemistry (WRF-Chem) to estimate the air quality 

co-benefits and employ the Environmental Benefit Mapping and Analysis Program (BenMAP-CE) 

to calculate the health co-benefits. We find a strong dependency of the health co-benefits on 

selected technological pathway, providing important guidance for the formulation of 

decarbonization policies that maximize the air quality and health co-benefits. 

3.3 Method 

3.3.1 Design of decarbonization scenarios  

We develop three scenarios for the year 2050: business-as-usual (BAU), which assumes that 

the current human activity patterns and energy consumption behaviors will be followed in the 

future, and two deep decarbonization scenarios (DD1 and DD2) that reduce California’s GHG 

emissions by 80% below the 1990 level. The two deep decarbonization scenarios achieve the same 

GHG emission reduction through different technology pathways, as described below. 

The 2050 energy demand by sector in the BAU scenario are projected from 2010 baseline based 

on historical trends, estimated population growth, sector-specific gross state product (GSP) 

changes, and baseline energy efficiency increase. We subsequently project the energy demands in 
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the DD1 and DD2 scenarios based on the BAU scenario using a rollover method, which means 

that the GHG reduction strategies in one sector can have consequent and reversing effects on 

energy demands and GHG emissions in the current sector and other sectors.  

 The penetrations of key decarbonization strategies in BAU, DD1, and DD2 scenarios are 

summarized in Table 3. 1. The DD1 and DD2 are designed as two “boundary scenarios” which 

while can just meet the overall 80% reduction targets with different technology and policy 

pathways. DD1 focuses more on technologies and policies that are likely to synergistically reduce 

air pollutants; whereas DD2 uses more alternative/renewable combustible fuels which imposes 

relatively small impacts on the current energy supply system. After identifying technology and 

policy pathways, we first back casted the total GHG emission cap for both scenarios from the 80% 

reduction targets, which is 85 MMt CO2e. We then optimize the scenario parameters in both 

scenarios by considering 1) technology and resource availability, 2) policy plausibility, and 3) 

cross-sectorial consistency, which is elaborated in detail in Appendix A. 

Due to the ambitious GHG reduction requirement, the two policy scenarios (DD1 and DD2) 

share many common strategies and assumptions, including building energy efficiency increase, 

smart growth in urban areas to reduce passenger vehicle mileage travelled (VMT), a 80% 

renewable portfolio standard (RPS) in retail electricity generation, electrification in almost all end-

use sectors, co-generation in industry, commercial, and residential sectors, and application of 

renewable fuels (bioethanol, biodiesel, biomass pellets, and renewable gases) in most end-use 

sectors. These strategies are required in both scenarios in order to realize the aggressive 80% 

reduction target, and some of them have already been proposed in recent legislations of California 

(California Air Resources Board, 2016; California Energy Commission, 2016; California Energy 

Commission, 2018; Darrell Steinberg, 2008).  
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The two scenarios are different in that DD1 focuses more on strategies that are likely to 

synergistically reduce air pollutants but require systematic change to the current energy system, 

including electrification and application of clean energy (e.g., wind and solar); whereas DD2 uses 

more alternative/renewable combustible fuels with lower/zero life-cycle carbon emissions as 

energy sources, which imposes relatively small impacts on the current supply system. For example, 

the electrification rates in the DD1 scenario are 10-15% higher than those in the DD2 scenario for 

sectors of agriculture, industry, commercial, residential, and oil production and refinery. Moreover, 

the DD1 scenario has much larger penetrations of electric vehicles (including battery electric 

vehicle (BEV) and plug-in hybrid electric vehicle (PHEV)) in the transportation sector, wind and 

solar power in electricity generation sector, and roof-top solar power in industry, commercial, and 

residential sectors. In contrast, the DD2 scenario is characterized by larger shares of biofuel for 

combustion sources in the sectors of industry, commercial, residential, transportation, and 

electricity generation. 

An issue commonly confronted in long-term projection is the assumption of technology 

availability and progress. We carefully ensure the feasibility of the chosen policy scenarios. For 

example, we exclude most commercially immature technologies and confirm that the renewable 

fuel demand is within resource limitation. To be specific, we do not select a commercially 

immature technology that is not absolutely essential for achieving the 2050 target (e.g., using 

hydrogen as a major fuel). We also exclude a technology if it is considered in the literature or 

expert judgment to be infeasible for commercialization in California (e.g., using nuclear as a major 

energy source). The total amount of biomass and liquid biofuel required is 2.4 EJ. The Billion-Ton 

Study of the United States Department of Energy (Langholtz et al., 2016) estimates 1.52 billion 

tons of dry biomass available in the US by 2040 (even more in 2050) in the “High-yield scenario”, 
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which can be converted to approximately 110-120 billion gasoline gallon equivalent (13-14.5 EJ) 

of biofuels based upon reasonable conversion rates (Perlack et al., 2005). Therefore, the biomass 

demand projected in DD2 scenario accounts for 17-18% of the total biomass available in the U.S. 

Table 3. 1 Application of key decarbonization strategies in three scenarios for 2050. 

 BAU DD1 DD2 

Industry • 10% over-all 

electrification rate (all 

from power grid) 

• 65% over-all 

electrification rate 

(10% from roof top 

solar, 15% from co-

gen, 40% from power 

grid) 

• Co-gen in 80% of 

boilers  

• 10% renewable fuel for 

boilers  

• 55% over-all 

electrification rate 

(15% from co-gen, 

40% from power grid) 

• Co-gen in 80% of 

boilers 

• 25% renewable fuel 

(10% biodiesel+15% 

biomass pellet) for 

boilers 

Commercial & 

Residential 
• 50% electrification rate 

(5% from roof top solar, 

45% from power grid) 

• Moderate energy 

efficiency increase 

• 85% electrification rate 

(20% from roof top 

solar, 15% from co-

gen, 50% from grid) 

• 95% co-gen in boilers  

• 10% renewable fuel for 

boilers 

• Doubled energy 

efficiency increase rate 

• 75% electrification 

rate (7.5% from roof 

top solar, 22.5% from 

co-gen, 45% from 

grid) 

• 95% co-gen in boilers 

• 35% renewable fuel 

(20% renewable 

gas*+15% biomass 

pellet) for boilers 

• Doubled energy 

efficiency increase rate 

Oil Production 

and Refinery 
• 10% over-all 

electrification rate (all 

from power grid) 

• 65% over-all 

electrification rate 

(10% from roof top 

solar, 15% from co-

gen, 40% from grid) 

• Co-gen in 95% of 

boilers  

• 10% renewable fuel for 

boilers 

• 55% over-all 

electrification rate 

(15% from co-gen, 

40% from power grid) 

• Co-gen in 95% of 

boilers 

• 30% renewable fuel 

(15% biodiesel+15% 

biomass pellet) for 

boilers 

Transportation • On-road passenger 

vehicles: 0% BEV+99% 

ICE+1% PHEV 

• On-road truck: 100% 

Diesel 

• On-road passenger 

vehicles: 40% 

BEV+30% ICE+30% 

PHEV 

• On-road truck: 20% 

NG+80% Diesel 

• On-road passenger 

vehicles: 3% 

BEV+90% ICE+7% 

PHEV 

• On-road truck: 10% 

NG+90% Biodiesel 
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• Per capita VMT at 2010 

level 

• Moderate fuel efficiency 

increase 

• 50% petroleum 

products replaced by 

biofuels (e.g., 

bioethanol and 

biodiesel) 

• 30% reduction in per 

capita VMT  

• More aggressive fuel 

efficiency increase 

• 90% petroleum 

products replaced by 

biofuels (e.g., 

bioethanol and 

biodiesel) 

• 30% reduction in per 

capita VMT 

• More aggressive fuel 

efficiency increase 

Agriculture • 20% electrification rate • 35% electrification rate 

• 50% agricultural 

equipment uses 

biofuels 

• 20% electrification 

rate 

• 95% agricultural 

equipment uses 

biofuels 

Electricity 

Generation 
• 71% natural gas + 5% 

nuclear + 3% biomass + 

12% hydro + 3% 

geothermal + 5% wind + 

1% solar 

• 20% natural gas + 5% 

nuclear + 3% biomass 

+ 15% hydro + 5% 

geothermal + 32% 

wind + 20% solar 

• 20% natural gas + 5% 

nuclear + 25% 

biomass + 15% hydro 

+ 5% geothermal + 

20% wind + 10% solar 

* Renewable gas is produced in waste treatment. 

 

Based on above energy demand projection and energy carbon density from the literature 

(Argonne National Laboratory, 2016; CARB, 2015, 2018a) , the second layer calculates 

combustion-related GHG emissions for each scenario. For non-combustion GHG emissions in 

2050, the BAU scenario assumes similar per capita levels as 2010 in California Air Resources 

Board (CARB)’s GHG inventory, while the DD1 and DD2 scenarios both assume similar 

reductions as previous study (Williams et al., 2012). The GHGs other than CO2 are converted to 

CO2 equivalent (CO2e) based on their global warming potential (GWP). 

The third layer develops air pollutant inventory for all three scenarios. We project the 2050 

emissions of particulate matter with aerodynamic diameter ≤ 10 m (PM10), PM2.5, nitrogen oxides 

(NOx), reactive organic gas (ROG), ammonia (NH3), sulfur dioxide (SO2), and carbon monoxide 

(CO) by sector based on the 2010 data from CARB’s California Emissions Projection Analysis 

Model (CEPAM) database (CARB, 2018c). The emissions in each 2050 scenario are calculated 
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using projected growth rates, technology mix, and emission factors of individual technologies. For 

new technologies with high pre-treatment emissions (such as biomass pellet combustion and 

certain co-generation technologies), we adjust tailpipe emissions to comply with the New Source 

Performance Standards (NSPS), as several parts of California are nonattainment areas for PM2.5 

and/or O3. Finally, we convert the county-level and source-specific emissions for each 2050 

scenario into 4 km×4 km gridded emissions based on high-resolution spatial distribution 

information provided by the California Nexus (CalNex) project (CARB et al., 2008). 

3.3.2 Chemical transport modelling  

We simulate the impact of deep decarbonization on air quality using WRF-Chem version 

3.9.1. For both 2010 and the three 2050 scenarios, the simulations are conducted in January, April, 

July, and October, which represent winter, spring, summer, and fall, following a number of 

previous studies (Wang et al., 2015; B. Zhao et al., 2013; Zhao et al., 2017b). We apply the model 

to two nested domains: Domain 1 covers the western U.S. and its surrounding areas at a 

12 km×12 km horizontal resolution; Domain 2 covers California with a 4 km×4 km resolution 

(Figure 3. 1). The vertical resolution of WRF-Chem includes 24 layers from the surface to 100 hPa, 

with denser layers at lower altitudes to resolve the planetary boundary layer (PBL). We employ an 

extended Carbon Bond 2005 (CB05) (Yarwood et al., 2005) with chlorine chemistry (Sarwar et 

al., 2008) coupled with the Modal for Aerosol Dynamics in Europe/Volatility Basis Set 

(MADE/VBS) (Ahmadov et al., 2012; Wang et al., 2015). MADE/VBS uses a modal aerosol size 

representation and an advanced secondary organic aerosol (SOA) module based on the VBS 

approach. The aqueous-phase chemistry is based on the AQChem module used in the Community 

Multiscale Air Quality (CMAQ) model (Wang et al., 2015). The anthropogenic emission estimates 

for 2010 and each 2050 scenario obtained from our analysis are used as input for Domain 2. The 
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anthropogenic emissions in Domain 1 are derived from the 2011 National Emission Inventory 

(NEI).31 The biogenic emissions are calculated online using the Model of Emissions of Gases and 

Aerosols from Nature (MEGAN) (Guenther et al., 2006). Other natural emissions, including dust, 

sea salt, and wildfire are calculated based on previous studies and database (Freitas et al., 2007, 

2010; Ginoux et al., 2001a; Gong, 2003; Longo et al., 2010; NASA, 2018; Zhao et al., 2010; C. 

Zhao et al., 2013) and are driven by 2010 meteorology. We compare simulated meteorological 

parameters and concentrations of O3, PM2.5 and its chemical components with surface 

observational data, and find a generally good model-measurement agreement. See Appendix B for 

more information regarding detailed modeling parameters, the physical options, initial and 

boundary conditions. 

 

 Figure 3. 1 Illustration of modelling domains used in this Chapter (left) and four largest 

metropolitan regions in California (right, purple polygons). The colored background on the right 

represents simulated annual mean PM2.5 concentrations in the business-as-usual (BAU) scenario 

in 2050. 
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3.3.3 Health impact assessment  

Epidemiological literature associates PM2.5 and O3 with a number mortality and morbidity 

health outcomes (Burnett et al., 2014; Jerrett et al., 2009; Krewski et al., 2009; Pope et al., 2002). 

Among these health outcomes, PM2.5- and O3- associated mortalities are modeled in this Chapter 

because they contribute the most to the monetized health impacts in the U.S (U.S. Enviromental 

Protection Agency, 2015, 2012). The BenMAP-CE model version 1.3.7 developed by U.S. EPA 

is used to quantify mortality changes. The program calculates changes in long-term health 

outcomes based on ambient air pollutant concentration changes, using concentration response 

functions (CRFs). We apply CRFs reported by Turner et al. (2016), which are derived from a large 

prospective study — the American Cancer Society Cancer Prevention Study II. The CRFs 

associate all-cause premature mortality with annual average PM2.5 concentrations and maximum 

daily 8-hour average O3 concentrations (MDA8). The shape of CRFs and the numerical values of 

CRF parameters are the same as Chapter 2. Grid level demographic data and baseline mortality 

rates were obtained from the default database in BenMAP, which has been elaborated in the 

Chapter 2. The 95% confidence intervals (CI) were calculated using Monte-Carlo analysis based 

on the uncertainty in the parameters of CRFs. 

3.4 Results 

3.4.1 Emission changes due to decarbonization policies 

Figure 3. 2 shows the historical and projected GHG emissions in California. In the BAU 

scenario, the GHG emissions are projected to increase slightly by 6% in 2050 from the 2010 levels 

by extending the historical trends. In either DD1 or DD2 scenario, the 2050 GHG emissions are 

80% lower than the 1990 levels, or 82% lower than the BAU levels, meeting the requirement of 
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the Executive Order S-3-05. The fractional contribution differences of individual sectors to GHG 

reductions between DD1 and DD2 are very similar, since aggressive decarbonization technologies 

are deployed in all major sectors in both DD1 and DD2. For both scenarios, transportation is the 

largest contributor to GHG reductions (with fractional contributions of 42-46%), followed by 

electricity generation (23-24%). The other sectors each contribute 2-12% of the reductions. The 

GHG emission reduction structure highlights the importance of reducing GHG emissions in 

transportation and electricity generation sectors, as they were the two largest GHG emission 

sources in base year (i.e., 37% and 20%, respectively). 

 

Figure 3. 2 California statewide greenhouse gas (GHG) emissions in (a) DD1 and (b) DD2 

scenarios, and the contribution of each sector to GHG emission reduction from the BAU levels. 

The numbers in the legends represent the percentage contribution of each sector to emission 

reductions from BAU to DD1/DD2 in 2050. 

Figure 3. 3 summarizes the statewide emissions of PM2.5, SO2, NH3, NOx, and ROG in 2010 

and different scenarios for 2050. In the BAU scenario, the emissions of primary PM2.5 are expected 

to increase by 14% from 2010 to 2050, mainly because of the growth of industrial activities and 

energy consumption. In contrast, the NOx emissions are estimated to decrease sharply by nearly 

50%, largely due to gradual replacement of high-emission vehicles currently in use by low-
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emission vehicles complying with latest emission standards. The ROG emissions are projected to 

decrease by 10%, and the SO2 and NH3 emissions are estimated to remain roughly unchanged. 

The implementation of deep decarbonization strategies in the DD1 scenario reduces 2050 

emissions of PM2.5, SO2, NH3, NOx, and ROG by 33%, 37%, 34%, 34%, 18%, respectively, from 

the BAU levels. The emissions from nearly all source types (point source, area source, and 

transportation source) are reduced noticeably by 10-90%. Main reasons for the reductions include 

lower energy consumption due to energy efficiency improvement and deployment of co-generation 

technology, as well as a shift towards cleaner energy sources through electrification in end-use 

sectors (including promotion of electric vehicles) and application of clean renewable energy in 

electricity generation (detailed in Table 3. 1). NH3 is a special case. Its emission reduction is 

largely induced by improved livestock management with the objective to reduce CH4, a GHG with 

larger global warming potential (GWP) than CO2. Note that the reduction ratios of air pollutants 

from BAU to DD1 (18-37%) are considerably smaller than that of GHG emissions (82%), since a 

large fraction of air pollutants originates from sources not directly related to energy use, such as 

industrial processes, fugitive dust, solvent use, agricultural residue burning, fertilizer application, 

etc. These sources account for a small fraction of or no GHG emissions, therefore they are not or 

only moderately controlled by the decarbonization strategies. 

The emissions of all pollutants in the DD2 scenario are intermediate between BAU and DD1. 

The emissions of PM2.5, SO2, NH3, NOx, and ROG are 6%, 10%, 24%, 10%, and 14% lower than 

those of the BAU scenario, respectively. Compared with the DD1 scenario, a larger share of final 

energy demand in the DD2 scenario is supplied by direct combustion of renewable fuels rather 

than electricity. Also, less electricity in DD2 is generated from clean renewable energy such as 

wind and solar. The different decarbonization strategies explain the higher air pollutant emissions 
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in DD2 than DD1, since combustion of renewable fuels in end-use sectors generally produces more 

air pollutants than electricity generation, especially that from wind and solar. The emission 

difference between DD1 and DD2 is more pronounced for PM2.5, SO2, and NOx (>35%), as 

compared to NH3 and ROG (≤ 14%), because a large portion of the former three pollutants is 

emitted by combustion sources. 

 

Figure 3. 3 Statewide emissions of major air pollutants in 2010 and different scenarios for 2050. 

Point sources include electricity generation, oil production and refinery, and large-scale industry. 

Fugitive dust includes paved road dust, unpaved road dust, and wind-blown dust. Area sources 

include agriculture, commercial, residential, small-scale industry, and non-combustion sources 

except for fugitive dust.  

3.4.2 Air quality co-benefit of decarbonization policies  

Figure 3. 4a and Figure 3. 4b show the fractional reductions in annual mean concentrations of 

PM2.5 and O3 (measured in MDA8) from the BAU to DD1/DD2 scenarios, representing the air 

quality co-benefits of deep decarbonization policies. Figure 3. 4c through Figure 3. 4f further 

illustrate the spatial distribution of the concentration reductions. Implementation of deep 

decarbonization policies in the DD1 scenario lowers the spatially averaged annual PM2.5 
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concentration in California by 0.87 g/m3 (16.6%). In contrast, the reduction induced by policies 

in DD2 is only 0.21 g/m3 (4.1%), accounting for about a quarter of the co-benefits in DD1. The 

PM2.5 reductions are significantly inhomogeneous spatially (Figure 3. 4c& 3. 4d). Both absolute 

and fractional PM2.5 reductions are considerably larger over four largest metropolitan regions (Los 

Angeles County, San Francisco Bay Area, Sacramento County, and San Diego County, see Figure 

3. 1 for their spatial ranges) than over the whole state (Figure 3. 4a, 4c, and 4d). In particular, over 

Los Angeles County — the most populous county in the United States — PM2.5 concentrations are 

reduced by about 33% and 7%, in the DD1 and DD2 scenarios, respectively. The absolute 

reductions over urban Los Angeles are > 8 g/m3 in DD1 and > 1.5 g/m3 in DD2 (Figure 3. 4c& 

3. 4d). The greater reduction ratios in metropolitan areas are explained by the fact that a larger 

share of air pollutants in urban areas comes from combustion sources which are more sensitive to 

decarbonization policies than non-combustion sources. Figure 3. 5 further illustrates the 

reductions in different chemical components of PM2.5 from BAU to DD1/DD2. Obviously, all 

major components, including sulfate, nitrate, ammonium, black carbon (BC), organic aerosol (OA), 

and “other components”, contribute to the PM2.5 reductions, with the largest contributions from 

OA and “other components”. 

The reduction in PM2.5 concentrations helps California to attain the National Ambient Air 

Quality Standard (NAAQS). Under the BAU scenario, about 22.7 million people in California are 

exposed to PM2.5 concentrations that exceed the NAAQS (12 g/m3 for annual PM2.5 

concentration), accounting for 46% of the state’s total population in 2050. This number drops 

dramatically to 7.4 million (15% of the total) in the DD1 scenario. In the DD2 scenario, however, 

the number is 20.0 million (41%), close to the BAU level. Obviously, the sensitivity of population 

living in non-attainment areas to decarbonization pathway is higher than the sensitivity of average 
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PM2.5 concentrations, as explained by the fact that the decarbonization policies favor PM2.5 

reduction over more polluted regions. 

For O3, the spatially averaged concentrations in California are reduced slightly by about 

0.58 ppb (1.5%) and 0.25 ppb (0.6%) in DD1 and DD2, respectively, from the BAU levels (Figure 

3. 4b). The small sensitivity of O3 to emission reductions is on one hand because > 70% of the 

ambient O3 concentration is background O3 (Huang et al., 2015; Fiore et al., 2014; Emery et al., 

2012; Zhang et al., 2011; Sarwar et al., 2008), and on the other hand because small NOx emission 

reduction usually has little or even negative effects on O3 concentration (Downey et al., 2015; Jin 

et al., 2013; Xing et al., 2011). In both DD1 and DD2, the O3 concentrations are reduced in the 

majority of the state due to a prevalent NOx-limited regime but are elevated in the urban centers 

of Los Angeles and the San Francisco Bay Area since these urban centers are located in volatile 

organic compound (VOC)-limited regime (Figure 3. 4e and 4f). Among the four metropolitan 

regions, O3 concentration undergoes the most significant reduction (by ~1.5% in DD1) in the 

Sacramento County and the San Diego County, similar to the statewide reduction ratios. In contrast, 

the O3 concentrations are only reduced marginally (< 0.5%) in the Los Angeles County and San 

Francisco Bay Area, because the reduction in the urban center and the increase in suburban areas 

largely offset each other. 
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Figure 3. 4 Reductions in annual mean PM2.5 and O3 concentrations due to the enforcement of 

deep decarbonization policies: (a-b) fractional reduction in concentrations of PM2.5 (a) and O3 (b) 

from the BAU to DD1/DD2 scenarios; (c-d) spatial distribution of the reductions in PM2.5 

concentrations from the BAU to DD1 scenario (c) and from the BAU to DD2 scenario (d); (e-f) 

the same as (c-d) but for O3 concentrations. All O3 concentrations are measured in maximum 

daily 8-hour average (MDA8). 

(c) (d)

(e) (f)

g/m3

ppb
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Figure 3. 5 Reductions in annual mean concentrations of different chemical components of PM2.5 

due to the enforcement of deep decarbonization policies. The left column for each region 

represents the concentration reduction from the BAU to DD1 scenarios, and the right column 

represents the reduction from BAU to DD2 scenarios. 

3.4.3 Health co-benefit of decarbonization policies 

The lowered PM2.5 and O3 concentrations lead to important health benefits, as illustrated in 

Figure 3. 6. The PM2.5 reduction due to deep decarbonization policies in the DD1 scenario is 

estimated to avoid 9,845 (95% CI: 7,834-11,834) premature deaths annually from the BAU levels. 

In contrast, the avoided PM2.5-related premature deaths in the DD2 scenario are 2,350 (95% CI: 

1,867-2,829), accounting for about a quarter of those in DD1 (Figure 3. 6a). The avoided 

premature deaths due to O3 reductions are much fewer, i.e., 351 (95% CI: 89-612) and 182 (95% 

CI: 46-318) annually in the DD1 and DD2 scenarios, respectively (Figure 3. 6b). In total, 10,196 

(95% CI: 8,169-12,202) and 2,532 (95% CI: 2,030-3,030) air pollution-related premature deaths 

are estimated to be avoided annually as a result of decarbonization strategies envisaged in the DD1 
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and DD2 scenarios, respectively. It is also noteworthy that the O3 concentrations and O3-associated 

mortalities are likely to increase in the Los Angeles Basin in the DD1 and DD2, compared to the 

BAU scenario. This is similar to what we found in Chapter 2, and will be investigated in detail in 

the Chapter 4. 

The majority of avoided mortality occurs over metropolitan areas because of large population 

densities (Figure 3. 6c through 6f). The four largest metropolitan areas (i.e., Los Angeles, San 

Francisco, Sacramento, and San Diego) contribute about 60% of the total avoided premature deaths 

in California, and the Los Angeles County alone contributes about 40%. Given the large population 

densities in urban areas, the inhomogeneous PM2.5 concentration reductions with peaks in 

metropolitan regions (Figure 3. 4c, and 4d) lead to an enhanced reduction in PM2.5-related 

premature mortality that is disproportionate to the state-average PM2.5 reduction. 
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Figure 3. 6 Reductions in PM2.5 and O3-related mortality due to the enforcement of deep 

decarbonization policies: (a-b) reduction in PM2.5-related (a) and O3-related (b) premature 

mortality from the BAU to DD1/DD2 scenarios; (c-d) spatial distribution of the reductions in 

PM2.5-related premature mortality from the BAU to DD1 scenario (c) and from the BAU to DD2 

scenario (d); (e-f) the same as (c-d) but for O3-related mortality. The error bars in (a-b) represent 

the 95% confidence intervals (CI) calculated using Monte-Carlo analysis based on the 

uncertainty in the parameters of CRFs. 

3.5 Discussion 

Our results indicate that achievement of California’s 80% GHG reduction target could have 

substantial co-benefits for air quality. The air quality improvement is especially pronounced in 

severely polluted urban areas, such as Los Angeles and San Juaquin Valley, thus contributing to 

#/km2

#/km2

(c) (d)

(e) (f)

(a)

(b)
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the attainment of the NAAQS. With a decarbonization pathway focusing on electrification and 

clean renewable energy, the population living in non-attainment areas for the PM2.5 NAAQS 

decreases sharply from 22.7 million in the BAU projection to 7.4 million. This will support the 

State Implementation Plans to assist California to comply with the NAAQS. Further, the reduced 

PM2.5 and O3 concentrations are estimated to avoid 10,196 (95% CI: 8,169-12,202) premature 

deaths annually, equivalent to over two avoided deaths per 10,000 residents each year. Therefore, 

a full achievement of California’s GHG target is highly suggested for sake of protecting public 

health. 

A unique and important finding of this Chapter is that the health co-benefits depend strongly 

on the technological pathway towards deep decarbonization. Previous studies have shown that, for 

a small or moderate GHG reduction target, strategies that target different economic sectors could 

lead to remarkably different health co-benefits (Thompson et al., 2014, 2016). In contrast to sector-

specific GHG mitigations, the ambitious 80% reduction goal of California requires GHG 

mitigation strategies across all major economic sectors. Technologies such as electrification and 

co-generation are necessary in all major sectors to achieve the ambitious target. In this sense, one 

would expect that the different health co-benefits observed in previous sector-specific GHG 

reduction scenarios should go smaller in ambitious, all-sector GHG reduction scenarios. 

Nevertheless, we show that California may reasonably achieve the ambitious 80% GHG reduction 

target by largely rely on combustible renewable fuels or deep electrification in 2050 with the help 

of efficiency increase and other supplementary approaches.  Hence, the health co-benefit 

difference is even expanded in ambitious GHG reduction scenarios, that a technology pathway that 

features combustible renewable fuel application results in only a quarter of the health co-benefits 

induced by the pathway characterized by electrification and clean renewable energy. With the 



71 

 

former pathway, nearly three times more population in 2050 will be living in non-attainment areas 

of the PM2.5 NAAQS than the latter one. Most existing climate change polices encourage GHG 

reductions at least economic cost. Consequently, the strong GHG reduction potential of 

combustible renewable fuels (or biofuels), together with their cost advantage that they impose 

smaller impact on the current energy supply and consumption systems, may allow policy makers 

favor this GHG reduction pathway. Our findings, however, suggest that this policy mechanism 

may neglect or underestimate the health co-benefits of climate policies that decarbonization 

technologies with near-zero air pollutant emission rates, such as electrification and clean electricity 

generation, are critically important to maximize air quality attainment and public health. Therefore, 

our finding in this Chapter may have significant policy implications that governments and policy 

makers may think of ways to develop optimized technological roadmap to meet the GHG reduction 

target and at the same time achieve substantial health co-benefits in California. It can also guide 

the formulation of multi-objective and synergistic climate and pollution control policies. 

Governments may also need to quantifying the overall costs (implementation+health) 

An important reason why the health co-benefits are highly sensitive to decarbonization 

technologies in California is that natural gas serves as the predominant energy source for stationary 

sources at present (U.S. Energy Information Administration, 2017). This is in sharp contrast to 

many countries or regions (e.g., China, the northeastern states of U.S.) where coal, a dirtier fuel, 

is a major energy source so that most feasible decarbonization technologies lead to considerable 

co-benefits. Therefore, the finding of high sensitivity to selected decarbonization pathway may not 

apply to all countries/regions in the world given the diverse energy structures, but it holds strong 

potential for generalization in countries/regions with a similar clean energy structure, extending 

this work’s global reach and impact. 
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Chapter 4 

Mortality Burdens in California Due to Air Pollution 

attributable to Local and Non-local Emissions 

4.1 Abstract 

Limited research has been conducted on the contributions of local and non-local emission 

sources to ambient fine particulate matter (PM2.5) and ozone (O3) concentrations and their 

associated mortality burdens. We utilized the Weather Research and Forecasting Model with 

Chemistry (WRF-Chem) to attribute the ambient PM2.5 and O3 concentrations in California to four 

emission groups: (1) California in-state anthropogenic emissions; (2) anthropogenic emissions 

from the western United States, excluding California; (3) natural emissions from the western 

United States; and (4) background air pollution from outside of the western United States. Our 

health impact analyses found that PM2.5 and O3 were associated with 27,445 [95% Confidence 

Interval (CI): 19,277 – 35,885] and 13,822 (95% CI: 6,106-23,659) mortalities in California in 

2012, respectively. Our estimates of O3-assocoated mortality were much higher than previously 

reported, mainly because we estimated 6,354 (95% CI 2,224 – 10,268) O3-associated 

cardiovascular mortality based on new epidemiological evidence. 67% of PM2.5-associated 

mortality in California was attributable to PM2.5 from in-state anthropogenic emissions. In contrast, 

75% of the ambient O3 in California was contributed by background ozone outside western United 

States, leading to 92% of O3-associated mortality, while in-state emissions were found to 
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contribute to a much lesser extent to O3-associated mortality [i.e., 771 (95% CI 389-1,146) in 

ozone season]. 

4.2 Introduction 

Air pollution is known to have multiple adverse effects on human health (Pope and Dockery, 

2006). In particular, mortality due to fine particulate matter (PM2.5, particles with aerodynamic 

diameter of 2.5 microns or less) and tropospheric ozone (O3) exposures remain a major concern 

(Lelieveld et al., 2015). Previous studies have reported that air pollution-related disease burden 

and health costs were dominated by PM2.5-asscoiated mortality (Anenberg et al., 2010; Cromar 

and Wang, 2014; U.S. EPA, 2012).  Extensive efforts have been made to understand the mortality 

impacts of long-term exposures to PM2.5 (Burnett et al., 2018, 2014; Krewski et al., 2009; Turner 

et al., 2016)  and O3 (Jerrett et al., 2009; Turner et al., 2016) over the past two decades. With 

increased cohort data and improved epidemiological models, newer studies are showing different 

concentration-response functions (CRF) from previous ones with respect to individual air pollutant. 

The impacts of using updated models to estimate real-world mortality burdens, however, has rarely 

been quantified.  With respect to O3, earlier studies restricted burden estimates to respiratory 

mortality, but recent studies have found O3 also contributes to all cause and cardiovascular 

mortality (Crouse et al., 2015; Turner et al., 2016). Toxicological evidence also suggests that O3  

exposure can elicit cardiovascular health effects (Devlin et al., 2012).  

California is the most populous state in the United States (i.e., 39.5 million in 2017) and the 

world’s fifth-largest economy in 2017 (Bureau of Economic Analysis, 2017). Although California 

has aggressively controlled air pollution over the past 50 years, it is still the home to seven of the 

top ten U.S. cities with the most severe PM2.5 pollution, and eight of the ten worst U.S. cities for 
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O3 pollution (Billings et al., 2018). Because of the population and economy, emissions generated 

from local human activities contributed greatly to the ambient PM2.5 and O3 concentrations in 

California; but background air pollution from other states or countries can also significantly affect 

the ambient PM2.5 and O3 concentrations in this coastal state along the Pacific Ocean (Chin et al., 

2007; Heald et al., 2006; Wang et al., 2009; Yu et al., 2012). For instance, background ozone, 

which is defined as the O3 concentrations that would occur in the absence of local anthropogenic 

emissions, has a major effect on ambient O3 in California (Emery et al., 2012; Fiore et al., 2014; 

Zhang et al., 2011). As California continues to clamp down on local emissions (California Air 

Resources Board, 2017a), impacts of non-local emissions through long-range transport could 

become more significant in the future. Previous studies, however, have not systematically analyzed 

the contributions of local and non-local emissions to ambient PM2.5 and O3 concentrations in 

California, nor their associated health impacts. 

In this Chapter, we aim to: (1) assess the relative health impacts of local and non-local emissions 

on mortality in California, and (2) quantify mortality impacts by using new epidemiological 

models that suggest ozone has a broader impact on health than previously thought.  

Second, by using the Weather Research and Forecasting Model with Chemistry (WRF-Chem), 

we modeled seasonal hypothetical ambient PM2.5 and O3 concentrations in 2012 if any one of the 

four emission groups are turned off (i.e., four season × four emission groups). The difference 

between baseline and each hypothetical scenario therefore represents the air pollution 

contributions of the respective emission group that was turned off.  Finally, we estimated overall 

PM2.5 and O3-associated mortality burdens, as well as the mortalities associated with ambient PM2.5 

and O3 concentrations that  are attributed to individual emission group, by using CRFs derived 

from two recent epidemiological studies (Burnett et al., 2018; Turner et al., 2016). Mortality 
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burdens were monetized following the health impact analyses to estimate the monetary value of 

health-associated public losses.  

4.3 Method 

4.3.1 Air quality modeling 

We first designated all emissions affecting ambient PM2.5 and O3 in California into four 

emission groups based on geographic regions (illustrated in Figure 4. 1): (1) California in-state 

anthropogenic emissions, including power plants, industry, residential and commercial, 

transportation, agriculture, solvent use, and crop residue burning; (2) anthropogenic emissions 

from other western United States, excluding California; (3) natural emissions from the western 

United States (including California), including wind-blown dust, biogenic non-methane volatile 

organic compounds (NMVOCs), sea salt, wildfire, and lightning NOx emissions; and (4) 

background air pollution from outside of the western United States. Five emission inventories were 

therefore developed, including one baseline inventory with emissions in all groups, and four 

inventory, representing four hypothetical emission scenarios. They are: Scenario 1, which turns 

off all California in-state anthropogenic emissions, represents the impact of local emissions (i.e., 

to model air quality if there were no local emissions). Scenario 2, which turns off anthropogenic 

emissions from other western U.S. states, represents the impact of regional emissions. Scenario 3, 

which turns off natural emissions in the western U.S. (including California), represents the natural 

impact in the region. Scenario 4, which turns off all emissions from Canada, Mexico, and U.S. 

states other than western U.S. within the modeling domain and sets the chemical boundary 

condition to zero, represents the impact of global emissions. 
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Figure 4. 1 Four emission groups that affect California’s air quality: (1) California in-state 

anthropogenic emissions; (2) anthropogenic emissions from California’s neighboring states in 

the western United States. including Washington, Oregon, Nevada, Arizona, Idaho, Utah, 

Montana, Wyoming, Colorado, and New Mexico; (3) natural emissions in the western United 

States; and (4) background air pollution from outside of the western United States. 

We then simulated the seasonal PM2.5 and O3 concentrations in 2012 based on the five 

emission inventories, using the WRF-Chem (version 3.9.1) to a domain covering the western U.S 

and its surrounding areas at a 12 km×12 km horizontal resolution. The vertical resolution of WRF-

Chem includes 24 layers from the surface to 100 hPa, with denser layers at lower altitudes to 

resolve the planetary boundary layer (PBL). The meteorological initial and boundary conditions 

were generated from the Final Operational Global Analysis data (ds083.2) of the National Center 

for Environmental Prediction (NCEP) at a 1.0º × 1.0º and 6-h resolution. The chemical initial and 

boundary conditions were extracted from the simulation results of the Model for Ozone and 

Related Chemical Tracers version 4 (MOZART-4) for 2012 (Emmons et al., 2010; NCAR, 2018). 
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A 6-day spin-up period was used to minimize the influence of initial conditions on simulation 

results.  Considering a large computational burden, the simulation periods were held in January, 

April, July, and October 2012, representing seasonal air pollution levels in winter, spring, summer, 

and fall, following a number of previous studies (Wang et al., 2015; B. Zhao et al., 2013; Zhao et 

al., 2017b). For anthropogenic emissions, we used the National Emission Inventory (NEI) (U.S. 

EPA, 2016a). The NEI is updated only about every three years, and 2011 is the closest year to our 

simulation period. The air pollutant emissions changed slightly from 2011 to 2012, and we scaled 

the NEI 2011 inventory to the 2012 levels according to the NEI trend report (U.S. EPA, 2017a). 

See Appendix B for more information regarding the modeling parameters, the physical options, 

initial and boundary conditions. 

We evaluated simulated daily average concentrations of PM2.5 and their major chemical 

composition, and daily maximum 1-h O3 concentrations against surface observations from three 

monitoring networks: the Air Quality System (AQS, U.S. EPA), the Interagency Monitoring of 

Protected Visual Environments (IMPROVE, U.S. EPA), and the Clean Air Status and Trends 

Network (CASTNET, U.S. EPA). The meteorological predictions were compared with 

observational data obtained from the National Climatic Data Center (NCDC) (see Appendix B for 

details). 

4.3.2 Spatial source contribution analysis  

With the modeling results, we quantified the gridded ambient PM2.5 (and O3) concentration 

differences between each of the four hypothetical scenarios and the baseline scenario. The 

quantified differences represent the contribution of the corresponding emission group to ambient 

air quality. The relative contribution (unit: %) of an emission group was calculated using the 

arithmetic mean of the concentration contribution (unit: µg/m3 for PM2.5, ppb for O3) in all 
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California grid cells divided by the baseline state average air pollution concentration. Because of 

the complex nonlinear emission-concentration relationships, the percent contributions of four 

emission groups does not necessarily add up to 100%. The simple add-up of contributions from 

all emission groups were higher than baseline concentration for PM2.5 and lower for O3. The 

method used in this Chapter to quantify source contributions has been the most widely used method 

in previous studies (B. Zhao et al., 2015).  

4.3.3 Health impact analysis 

Mortalities were estimated based on ambient air pollutant concentrations, using CRFs from two 

recent studies: Burnett et al., (2018) for PM2.5 and Turner et al., (2016) for O3. The PM2.5- 

associated mortality CRF from Krewski et al. (2009) was also applied for comparison purpose. 

Information regarding to the CRFs used in this Chapter were provided in Table 4. 1.  

Table 4. 1 Parameter for PM2.5 CRF 

 Study Air 

Pollutant 

Cause of Death HR (95% CI) per 10µg/m3 

change in PM2.5 

Notes 

Turner (2016) PM2.5 All-cause  1.07 (1.06-1.09)  

Krewski (2009) PM2.5 All-cause  1.06 (1.02–1.10)  

Burnett (2018) PM2.5 NCD + LIR HR(z)=exp{θlog(z/α+1)/(1+exp{-

(z-µ)/ν})} 

z=max(0, PM2.5-

2.4) 

Θ=0.1231 

α=1.5 

µ = 10.4 

ν = 25.9 

Turner (2016) O3 All-cause  1.02 (1.01-1.04)  

Turner (2016) O3 CVD  1.03 (1.01-1.05)  

Turner (2016) O3 Respiratory 1.12 (1.08-1.16)  

Turner (2016) O3 All-cause  1.02 (1.02-1.03) Summer season 

Health impact analyses were conducted using the latest version of the Environmental Benefit 

Mapping and Analysis Program (BenMAP-CE, version 1.3.7) developed by U.S. EPA. Grid level 

demographic data and baseline all-cause mortality rates were obtained from the default database 
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in BenMAP. For baseline all-cause and respiratory mortality rates, we used the default numbers in 

the BenMAP. The description of the BenMAP default mortality rates is available in Chapter 2. 

 Raw data for baseline mortality rates in California for cardiovascular disease (CVD), 

noncommunicable diseases (NCDs) and lower respiratory infections (LRIs) were downloaded 

from the GBD tool (Institute for Health Metrics and Evaluation, 2018). We calculated age-, and 

cause-specific mortality rates in 2012 in California using the following formula: 

𝑅𝑖,𝑗 =  
𝑅𝑖,𝑗 (2011)+𝑅𝑖,𝑗 (2012)+𝑅𝑖,𝑗 (2013)

3
 

where Ri,j,is the mortality rate for age group i, and cause j.  

The mortality burdens of O3 exposure due to individual emission groups were summed to 

estimate the overall mortality burden of O3 exposure in California. The mortality burden of PM2.5 

exposure was directly estimated based on baseline scenario, due to the supra-linear shape of the 

mortality CRF. The 95% CIs were calculated using Monte-Carlo analysis based on the uncertainty 

in the parameters of CRFs. 

We applied the “value of statistical life (VSL)” approach (U.S. EPA, 2010) to evaluate the 

change in premature mortality risk due to air pollution exposure. The unit value of VSL was 

assumed to be 8.4 million U.S. dollars (USD, with the 2012 inflation rate). This is an intermediate 

value of many studies and is consistent with U.S. EPA’s Regulatory Impact Analyses (RIAs) and 

the Section 812 Retrospective and Prospective Analyses of the Clean Air Act (U.S. EPA, 2018).  
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4.4 Results 

Figure 4. 2 summarizes the O3- and PM2.5-associated mortality burdens in California in 2012 

disaggregated by different emission groups. For PM2.5, we estimated the mortality burden due to 

NCDs and LRIs, using a supra-linear CRF based on the recent Global Exposure Mortality Model 

(GEMM) (Burnett et al., 2018). In total, 27,445 [95% Confidence Interval (CI): 19,277 – 35,885] 

deaths in California in 2012 were associated with PM2.5 exposure, and 13,822 (95% CI: 6,106-

23,659) were associated with O3. Of all the eight groups shown in Figure 4. 2, ambient PM2.5 

originated from California in-state anthropogenic emissions has led to the most deaths in California 

[i.e., 18,313 (95% CI 13,552 – 23, 204)], accounting for 67% of the total mortality burden 

attributable to PM2.5. In contrast, background ozone out of the western United States were 

responsible for 92% of O3-asscociated mortality [i.e., 12,727 (95% CI 5,826 – 21,769)]. Within 

the total mortality burden of O3, 53% [i.e., 7,305 (95% CI 3,040 – 10,840)] were attributed to 

diseases from the respiratory system, and 46% [i.e., 6,354 (95% CI 2,224 – 10,268)] were 

attributed to cardiovascular diseases (Table 4. 2). The total monetized health loss due to O3 and 

PM2.5 exposures are estimated at $116 billion (95% CI: $51 to $199 billion) and $231 billion (95% 

CI: $170 to $293 billion), respectively. The monetized mortality costs disaggregated by emission 

groups is presented in Table 4. 3.  
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Figure 4. 2 O3- and PM2.5-associated mortality burdens in California in 2012 by emission groups. 
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Table 4. 2 Selected mortality estimates (95% CI) associated with ambient PM2.5 and O3 

contributed by different emission groups in 2012, based on CRFs from Burnett (2018) for PM2.5 

and Turner (2016) for O3. 

Emission Groups 
PM2.5 O3  

NCD+LRI, 

 year-round 

All-cause,  

year-round 

All-cause, 

summer 

CVD, year-

round 

Respiratory, 

year-round 

California in-State 

Anthropogenic 

18,313 

(13,552 – 23, 204) 

-237 

(-58 - -429) 

771 

(389 - 1146) 

-136 

(-45 - -235) 

-98 

(-45 - -235) 

Anthropogenic 

Emissions from 

the Western U.S., 

except California 

476 

(352-603) 

385 

(98 - 671) 

136 

(68 - 204) 

179 

(61 - 296) 

201 

(84 - 299) 

Natural Emissions 

from the Western 

U.S. 

2,038 

(1,504-2,592) 

947 

(240 - 1648) 

560 

(281 - 835) 

428 

(146 - 708) 

508 

(211 - 753) 

Background Air 

Pollution from 

Outside of the 

Western U.S. 

6,617 

(4,871 – 8,426) 

12,727 

(5,826 – 

2,1769) 

3,843 

(1,960 – 

5,657) 

5,881 

(2,060 – 

9,497) 

6,694 

(2,786 – 9,934) 

CVD: cardiovascular diseases; NCD: noncommunicable diseases; LRI: lower respiratory infections 
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Table 4. 3 Monetized mortality costs in 2012 associated with exposure to PM2.5 and O3, 

disaggregated by emission groups 

Emission Group Monetized Health Loss (billions of 2012 USD) 

PM2.5 O3 Total 

California in-State 

Anthropogenic 
153.8 (113.8 - 194.9) -2.0 (-0.5 - -3.6) 151.8 (133.3 – 191.3) 

Anthropogenic 

Emissions from the 

Western U.S., 

except California 

4.0 (3.0 – 5.1) 3.2 (0.8 - 5.6) 7.2 (3.8 - 10.7) 

Natural Emissions 

from the Western 

U.S. 
17.1 (12.7 – 21.7) 8.0 (2 - 13.8) 25.1 (14.7 – 35.5) 

Background Air 

Pollution from 

Outside of the 

Western U.S. 

55.6 (40.9 - 70.8) 106.9 (48.9 - 182.8) 162.5 (89.8 – 253.6) 
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We then analyzed the air pollution contributions of each emission groups and their seasonal 

variations. Our results showed that in-state anthropogenic emissions and background ozone  from 

outside of the western United States both significantly contributed to ambient PM2.5 in California 

with moderate seasonal variations (Figure 4. 3a), whereas ambient O3 concentrations in California 

were predominantly determined by background ozone  from outside of the western United States 

in all seasons (Figure 4. 3b). In-state anthropogenic emissions contributed 47.0% (2.3 µg/m3) to 

the annual average ambient PM2.5 concentration in California, and background air pollution 

contributed to 47.6% (2.4 µg/m3), followed by natural emissions from the western United States 

(i.e., 1.1 µg/m3) and anthropogenic emissions in the western United States, excluding California 

(i.e., 0.3 µg/m3). In terms of O3, the annual average contribution of background ozone  outside 

western United States was 29.8 ppb (75%). Its relative contributions range from 53% in summer 

to 97% in winter (Figure 4. 3b). In-state emissions had highly heterogeneous seasonal impacts on 

ambient O3. They contributed the most to ambient O3 in summer (22.8 % or 10.7 ppb), leading to 

771 (95% CI 389-1,146) all-cause mortality cases statewide; while in winter, their contribution 

was negative (i.e., -2%), possibly due to the NMVOC-limited photochemical regime. The 

contribution of individual emission group includes both primary and secondary impacts, and is 

thus non-linear to baseline total PM2.5 and O3. 
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Figure 4. 3 Relative contribution of different emission groups to California’s ambient (a) PM2.5 

and (b) O3 in different seasons in 2012 
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We next analyzed the spatial distributions of ambient air pollution concentrations and the 

associated mortality burdens for key emission groups. Ambient PM2.5 originated from in-state 

anthropogenic emissions (Figure 4. 4a) shows a distinct spatial pattern from background air 

pollution out of the western United States-induced PM2.5 (Figure 4. 4c), although the two emission 

groups contributed almost equally to the statewide average PM2.5 concentrations. Consequently, 

PM2.5 originated from in-state anthropogenic emissions led to much more deaths in Los Angeles, 

the San Francisco Bay Area, and the San Juaquin Valley (Figure 4. 4b, and 4.4d).  In terms of O3, 

our model demonstrates that California in-state emissions negatively affect ambient O3 (Figure 4. 

5a) and the associated deaths (Figure 4. 5b) in Los Angeles and San Francisco. Such a negative 

impact on O3 was most prominent in winter near Los Angeles (Table 4. 4). O3 originated from 

distant emission out of the western United States was rather uniformly distributed across the state 

(Figure 4. 5c) and led to the most O3-associated deaths (Figure 4. 5d). The spatial distributions of 

mortality burdens illustrated in Figure 4. 4 and Figure 4. 5 both indicated that air pollution-

associated health losses in California were mainly concentrated in metropolitan areas, namely the 

Los Angeles Basin and the San Francisco Bay Area.  

Table 4. 4 Population-weighted excess ambient O3 (MDA8) due to in-state emissions by County, 

top 10 counties and statewide average.   

County 
ΔO3  (ppb) 

Adult population 
Annual Winter Summer 

Los Angeles -5.4 -15.0 2.1 5,618,654 

Alameda -4.3 -9.5 -1.5 910,597 

Contra Costa -2.7 -7.1 -1.0 639,645 

Santa Clara -2.5 -8.3 1.2 1,065,882 

San Bernardino -1.5 -8.0 5.1 1,069,499 

Orange -0.8 -9.4 6.5 1,761,733 

San Joaquin 0.2 -6.1 5.3 368,938 

San Mateo 0.4 -2.8 1.7 457,230 

San Diego 0.6 -5.5 5.4 1,761,084 
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Sacramento 0.7 -6.4 8.5 806,471 

Statewide -0.8 -8.1 5.8 21,372,052 

Note 1: ΔO3 is the difference between baseline O3 concentrations and O3 concentrations without in-

state anthropogenic emissions 

Note 2: Top 10 counties are defined as counties with the largest annual average negative impacts and 

smallest positive impact. 

Note 3: Adult population includes population aged 30-99 in 2012, according to American Community 

Survey (ACS) 5-year estimates.  

 

 

Figure 4. 4 Spatial distribution of the contributions of California in-state anthropogenic 

emissions (a, b) and background air pollution from outside of the western United States (c, d) to 

ambient PM2.5 concentrations (a, c) and the associated mortality (b, d).  
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Figure 4. 5 Spatial distribution of the contributions of California in-state anthropogenic 

emissions (a, b) and background air pollution from outside of the western United States (c, d) to 

ambient O3 concentrations (a, c) and the associated mortality (b, d).  

4.5 Discussion 

 Air pollution is known to adversely affect human health through multiple pathways. Previous 

studies suggested that chronic exposures to PM2.5 were the accounted for the vast majority of 

excess deaths (Anenberg et al., 2010; Fann et al., 2012; Lelieveld et al., 2015). Therefore, one of 

the most important implications of our study is that the O3-associated mortality might be largely 

underestimated in past studies. Consequently, the health benefits associated with O3 concentration 
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reductions could be much greater than previously understood. We found that the O3-related 

mortality burden was comparable to PM2.5-related mortality burden in California based on updated 

epidemiological models. This is primarily because (1) California has high concentrations of O3 

and (2) previously long-term exposure to O3 was found to be only associated with respiratory 

mortality, while the updated model extends the association into mortality of all causes. The 

additional mortality estimates based on the new epidemiological model mainly come from 

cardiovascular mortality that was not observed before (Jerrett et al., 2009). Our finding suggests 

that substantial health and environmental benefits from controlling O3 concentrations in California 

and other O3-polluted regions may be overlooked in the past. 

Compared to previous research (Anenberg et al., 2010; Cohen et al., 2017; Punger and West, 

2013), the health impact analysis of our study used updated epidemiological models and zoomed 

in on the regional mortality burdens in California, one of the most heavily polluted regions in 

North America. In addition to highlighting the O3-associatted mortality, we also found that 

California citizens could be even more vulnerable to PM2.5 exposures than previous linear models 

estimated (Figure 4. 6) by applying the newly developed supra-linear hazard ratio model GEMM, 

because high PM2.5 concentrations in California has led to increased hazard ratios of PM2.5 

exposure.  
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Figure 4. 6 Comparisons of excess mortality rates in California for three epidemiological models 

over PM2.5 exposure range. All-cause mortality rates of 30+ year-old adults for Krewski and 

Turner CRFs were compared with NCD+LRI mortality rates of 25+ year-old adults for Burnett 

CRF.  

This is also one of the first studies that directly link mortality burdens of air pollution exposure 

to emissions from different geographic scales. We found that whereas in-state anthropogenic 

emissions and background air pollution from outside of the western United States contributed 

comparably to California’s ambient PM2.5, in-state emission-induced PM2.5 led to much more 

deaths. This is because in-state emission-induced PM2.5 mainly concentrated in populous areas like 

Los Angeles and San Francisco, but ambient PM2.5 originated from background air pollution was 

more evenly distributed spatially (Figure 4. 4a, and 4. 4c).  The overlapping of dense population 

and high pollution concentrations makes in-state emissions the leading cause of PM2.5-associated 
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mortality. We have reported similar metropolitan effect of local emissions in a previous study 

(Wang et al., 2016). Aside from the two metropolitans listed above, San Joaquin Valley in central 

California was also severely affected by in-state emissions (Figure 4. 4a). In fact, the San Joaquin 

Valley is among the regions with the worst air quality in the U.S, driven by complex interactions 

between meteorology, emissions, and the terrain (Chen et al., 2014; Chow et al., 2006). Ammonia 

emissions from agriculture and dairy industry and NOx emissions from heavy-duty diesel trucks 

are both responsible for the secondary formation of PM2.5 in the valley (Chen et al., 2007).  

The seasonal variation of each emission group’s contribution to ambient PM2.5 and O3 is also 

noteworthy. Figure 4. 3a shows that the contribution of background air pollution from outside the 

western United States to ambient PM2.5 was most significant in spring. In-state anthropogenic 

emissions, on the other hand, had the largest contribution to ambient PM2.5 during winter and the 

least during spring. California is a coastal state along the Pacific Ocean, and a large fraction of the 

distant sources is attributed to trans-Pacific airborne particles, especially during the spring when 

the meteorological conditions are favorable to long-range transport (Heald et al., 2006; Duncan 

Fairlie et al., 2007). During these periods, the in-state PM emissions are diluted by the strong and 

predominantly westerly/southwesterly wind in spring. In winter, however, the stable atmospheric 

conditions and low inversion layers trap the locally emitted pollutants close to ground, causing 

high PM2.5 episodes (Motallebi et al., 2003).  

Being different from PM2.5, California ambient O3 was dominiated by “background O3” from 

non-local emissions. This finding is consistent with almost all previous studies (Emery et al., 2012; 

Fiore et al., 2014; Zhang et al., 2011). In a recent study, Huang et al. concluded that background 

O3 contributes 77% of the total O3 concentrations in California and Nevada in June-July (Huang 

et al., 2015), which is very close to our estimate (77.2 % of background O3 in July). Among all 
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background O3 sources, we found that transboundary emissions out of western United States has 

the greatest contribution.  This is consistent with previous findings that pollution from Asia and 

Europe via long-range transport contributes substantially to the background O3 concentration in 

western United States (Cooper et al., 2010; Fiore, 2002; Vingarzan, 2004).  

The impact of California in-state anthropogenic emissions on ambient O3 is relatively complex 

as a result of the photochemical regime that differs with respect to different regions and seasons 

(Downey et al., 2015; Jin et al., 2013; Xing et al., 2011). The negative mortality estimates shown 

in Figure 4. 2 occur mainly because local anthropogenic emissions contributed negatively to O3 

concentrations in winter (Figure 4. 3b), especially in the urban centers such as Los Angeles 

(Figure 4. 5b and Table 4. 4). Due to the NMVOC-limited photochemical regime in winter, our 

model estimated that wintertime local emission might reduce ambient O3. Previous measurement 

and modeling data (Chinkin et al., 2003; Kim et al., 2016; Marr and Harley, 2002) have reported 

similar trends. Considering O3 is a major summer-time air pollutant in California, however, our 

finding indicates that emission reductions from local anthropogenic sources, such as on-road 

vehicles and electricity generation facilities, are effective to control California’s summer O3 

problems. Our findings also suggest that future mitigation policies in California should consider 

the spatial and seasonal O3 pattern. Policy makers should develop additional seasonal-specific 

policies and regulations targeting O3-forming pollutants from local emission sources in summer, 

which would potentially reduce summertime O3 pollution and its associated mortality more cost-

effectively. 

 

The influence of background air pollution to California and other areas of North America have 

been reported before (Yu et al., 2012; Lin et al., 2012), but mainly from purely air pollution 
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perspective. By applying air quality modeling data into newly developed epidemiological models, 

we now find that ambient air pollutants contributed by background air pollution lead to more 

deaths in California than air pollutants contributed by local anthropogenic emissions, primarily 

due to enhanced O3 concentrations. Meanwhile, per unit pollutant, background air pollution’s 

impact on mortality was much smaller than local sources (i.e., death per 1% contribution to 

statewide average PM2.5 or O3). This is mainly because PM2.5 and O3 contributed by the background 

air pollution group were more evenly distributed across the state, while PM2.5 and O3 contributed 

by in-state anthropogenic emissions were concentrated at metropolitan areas. Other studies have 

also suggested the chemical composition difference would also make PM2.5 from distant emission 

less toxic than from local emissions (Valavanidis et al., 2008), which was beyond the scope of our 

study. Overall, the total environmental and public health impacts from background air pollution 

have long been neglected in California and many other jurisdictions, which suggests that 

governments and policy makers may consider international collaborations to manage air quality 

and public health problems in the long term. For local governments, we confirmed that reducing 

in-state anthropogenic emissions is the most effective way to control the air pollution problem 

today. We underline the spatial and seasonal variation of local emission impacts. Developing more 

seasonal-specific policies to reduce local emissions related with winter PM2.5 and summer O3 may 

further improve air quality and protect public health in California effectively.  
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Chapter 5 

Conclusions and Outlook 

5.1 Conclusions 

In this dissertation, we have developed a novel, cross-sectoral integrated model that fully 

couples detailed energy technologies and GHG reduction strategies with air pollutant emissions. 

We then combine this energy and emission technology model with high-resolution air quality and 

health impact models to assess the roadmap, co-benefits, and cost of achieving net-zero GHG 

emissions in California. We find that the net-zero GHG emissions target in 2050 is feasible. 

However, the transition towards net-zero GHG emissions would require systematic change in the 

current energy consumption pattern supported by deep decarbonization technologies and more 

stringent policies. Also, we find that GHG offsets or negative emission sources, such as the 

BECCS technology, are necessary to balance GHG emissions that cannot be easily reduced with 

existing technology in the given timeframe, and help to achieve the statewide net-zero emissions 

target. Our designed approach identify end-use energy electrification, energy efficiency increase 

and electricity decarbonization as the core mechanisms for GHG reduction. These core 

mechanisms are supplemented with several other strategies to further increase the GHG reduction 

efficiency. The drastic changes in energy consumption and combustion patterns brought by the 

net-zero GHG emissions will result in notable reductions in air pollutant emissions, especially 

ambient PM2.5, which leads to considerable environmental and health co-benefits. On the other 

hand, we find that strategies important for GHG mitigation may not always reduce emissions of 
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other pollutants. Specifically, electricity decarbonization using BECCS have minor or even 

negative impacts on criteria pollutant emission reductions. Consequently, an interesting finding of 

our study is that there could be a trade-off between local air quality benefits and global climate 

benefits, at a point when negative emissions are necessary to achieve ambitious GHG reduction 

targets. 

To further investigate the relationship between GHG mitigation technology pathways and 

criteria pollutant emission impacts, we also develop two technology pathways for California to 

achieve 80% GHG reductions in 2050 to the 1990 using different GHG mitigation strategies. While 

reaching a similar level of GHG reductions, two pathways are different in that  one features in 

strategies that are likely to synergistically reduce air pollutants but require systematic change to 

the current energy system, such as electrification and application of clean electricity energy (e.g., 

wind and solar); whereas the other one uses more alternative/renewable combustible fuels with 

lower/zero life-cycle carbon emissions, and imposes relatively small impacts on the current energy 

system. Our modeling results show that both of the pathways can lead to criteria pollutant emission 

reductions, which in turn contributes to ambient air quality reductions (especially ambient PM2.5) 

and mortality avoidance. The environmental and health co-benefits are most significant in 

populous metropolitan areas such as Los Angeles and San Francisco Bay Area. Within the two 

pathways, the second one featuring in alternative fuels shows lower emission reductions, because 

combustion of renewable fuels in end-use sectors in this pathway would produces more criteria air 

pollutants than end-use electrification in the first pathway. Because of the different emission 

patterns, the second pathway can lead to only about a quarter of the mortality reductions as the 

first pathway can. Therefore, we conclude that the health co-benefits of GHG reduction policies 

depend strongly on the technological pathways. Specifically, decarbonization technologies with 
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near-zero criteria pollutant emission rates, such as end-use energy electrification and clean 

electricity generation, are critically important to maximize air quality attainment and health co-

benefits. 

As we have investigated the air quality and health co-benefits for GHG mitigation 

strategies, we found that most, if not all, of the co-benefits are attributable to ambient PM2.5 

reductions. On the contrary, ambient O3 is much less sensitive to local emission reduction efforts. 

This is because that in-state anthropogenic emissions and background air pollution from outside 

of the western United States both significantly contribute to ambient PM2.5 in California with 

moderate seasonal variations, whereas ambient O3 concentrations in California are predominantly 

determined by background O3 from outside of the western United States in all seasons. In-state 

emissions have highly heterogeneous seasonal impacts on ambient O3. They contribute the most 

to ambient O3 in summer; while in winter, their contribution is negative possibly due to the 

NMVOC-limited photochemical regime. Meanwhile we find that the total mortality burden of O3 

exposure to Californians could be comparable to the mortality burden of PM2.5, although O3 in 

California is less affected by local anthropogenic emission. The mortality burden of O3 may have 

been largely underestimated in past studies, because previously long-term exposure to O3 is found 

to be only associated with respiratory mortality, while recent epidemiological evidence also find 

the association between O3 and cardiovascular mortality. The significant health impacts of O3 and 

the large contribution of background O3 found by us together suggest that governments and policy 

makers may consider international collaborations to manage air quality and public health problems 

in the long term. In terms of PM2.5, we find that ambient PM2.5 originated from in-state 

anthropogenic emissions lead to much more deaths than background air pollution out of the 

western United States-induced PM2.5, although the two emission groups contributed almost equally 
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to the statewide average PM2.5 concentrations. This is because the two emission groups have 

distinct spatial patterns that in-state emission-induced PM2.5 mainly concentrated in populous areas 

like Los Angeles and San Francisco, but ambient PM2.5 originated from distant sources was more 

evenly distributed spatially. Therefore, we confirm that reducing in-state anthropogenic emissions 

is the most effective way to control ambient PM2.5 in California, which in turn further highlights 

the important air quality and health co-benefits of GHG mitigation strategies we discovered.  

5.2 Future work 

5.2.1 Investigate environmental equity issues associated with climate policies  

A topic related with evaluating GHG mitigation policies not addressed by our research is 

what other social and health impacts need to be quantified. My dissertation project mainly focused 

on the public health co-benefits associated with regional ambient criteria pollutant reductions. 

Although we have investigated some health co-benefits at the community level due to criteria 

pollutant reductions and discussed some environmental justice implications of climate policies in 

Chapter 2, the social and health impacts related with GHG mitigation strategies could be much 

more complicated. Therefore, future co-benefit studies may expand the research scope and not 

only focus on criteria air pollutants. For instance, in the meantime of reducing criteria pollutants, 

minimizing the fossil fuel combustion may also benefit local public health from reductions in air 

toxics. Active transportation such as biking and walking, in addition to reduce emissions from cars, 

could also benefit personal health by encouraging out-door exercise. On the other hand, land use 

and transportation planning related with GHG reductions often involves developing transit 

corridors and more mixed-used communities, which may boost housing prices in certain areas. 

Therefore, environmental equity of some climate policies could be an important research area in 
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future. In general how to distribute the environmental benefits fairly among population has become 

an emerging topic in the field, and could be even more significant in the near future. 

To better address the environmental equity issue, community-scale studies in terms of 

inventory development, modeling techniques, and health impact assessment could also be very 

meaningful. For instance, future studies can think of methods to couple high resolution traffic 

activities with vehicle emission inventories at community levels to better quantify the health co-

benefits of transportation to certain population groups near the seaport and along major highways. 

By expanding regional-level modeling into the community scale, future studies could also expand 

the research scope from criteria pollutants into air toxics, which is a key environmental threat at 

the community level. The expansion in emission inventory may also help expand the health impact 

assessment spectrum in future as well. Currently, the health impacts of air pollution emissions are 

mainly evaluated based on the ambient criteria pollutant concentrations and the resulting mortality 

and asthma incidences. With a more comprehensive emission inventory of air toxics at the 

community level, future public health studies would be able to investigate the relationship between 

various morbidity health outcomes and localized pollutions.  
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5.2.2 Investigate the impacts of emerging and disruptive technologies on the 

GHG mitigation efforts 

The transportation sector is the largest GHG emission source in California, and our studies 

have identified that substantial GHG reductions are needed in the transportation sector s that 

California can achieve its ambitious climate goals. Whereas our designed approach mainly focus 

on the environmental benefits of technology modernization especially vehicle electrification, the 

influence of new mobility on California can be more widespread. For instance, with technology 

developments in Internet and smartphones, ride hauling service operated by transportation network 

companies (TNCs) is becoming a more and more popular mode of transportation in people’s daily 

life now, due to its high convenience and affordable costs. Accompanied by the increasing 

popularity of ride hauling is the decreasing public transit ridership. The public transit ridership has 

been decreasing in California since 2014. These two trends together suggests that convenient new 

mobility choices have a potential to encourage more driving and discourage taking public transit, 

which may in turn increase on-road GHG emissions and road congestions. This issue of induced 

transportation demand due to more convenient technologies can be even worse if connected and 

automated vehicles (CAVs) technology becomes commercially available in the near future. 

Therefore future research could target on these emerging technology to better understand their 

potential unintended consequences (e.g., increased emission, road congestion,) to the society in 

terms of environmental and public health protection.  

In addition to understanding their impacts, future research can also explore pathways to 

incorporate GHG reduction strategies into these emerging technologies. One example idea is to 

increase fuel efficiency in autonomous vehicles by optimizing their travel behaviors. To optimize 

fuel efficiency, future auto driving algorithms can factor in driving decisions parameters affecting 
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the energy consumption, including route choice, speed choice, road conditions, signal light status, 

and brake time choice. Increase in autonomous vehicle energy efficiency will also directly reduce 

emissions and protect public health.  

5.2.3 Economic valuation of benefits and costs associated with climate change 

mitigation efforts 

In this dissertation project, the economic valuation of GHG mitigation co-benefits is 

quantified based on number of mortality reductions multiplied by the value of statistical life.   

Meanwhile, we have developed a bottom-up cost analysis method to estimate the GHG abatement 

cost. Although we believe that the decision making of climate change mitigation policies should 

not be based on the cost-effectiveness, the economic plausibility is still a crucial part of deciding 

how much effort and resources society should spend on preventing GHG emissions, and how best 

to spend our resources. Therefore, further studies may also develop more comprehensive economic 

valuation methods to measure the potential benefits and costs associated with certain climate and 

air pollution policies.  

A key challenge in implementing climate policies is that is that most of the benefits of climate 

change mitigation take place far away in time and place, therefore governments and policy makers 

are less motivated. Therefore, investigating mechanisms to quantify localized benefits in the field 

of health and crop yield would help curb this problem and encourage governments and policy 

makers to take more active efforts in promoting climate mitigation policies.  

In the meantime of valuating benefits, it is also in need to better understand the environmental 

and social costs of GHG emissions. My dissertation project has suggested that the current market-

based carbon pricing mechanisms does not well capture the indirect environmental and public 
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health costs of emissions. Existing practices in the climate and air quality-related valuation are 

largely separated and even incompatible. Furthermore, many existing cost valuation methods only 

place monetized values into CO2, but not other types of GHGs, such as methane and short-lived 

climate pollutants (SLCPs). A potential consequence of such valuation method would be 

overestimating the benefits from shifts from coal, diesel and gasoline to natural gas but discourage 

efforts to reduce other GHGs, such as dairy manure management and SLCP replacement. 

Therefore, future studies may also focus on investigating the environmental and health impacts of 

non-CO2 GHG emissions and the associated processes. Better understanding of the environmental 

and health impacts of non-CO2 GHG emissions may directly help improve the GHG pricing 

strategies and promote climate change mitigation efforts.  
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Appendix A 

Description of the Structure and Assumptions of the 

Energy and Emission Technology Model 

A.1 Summary 

The energy and emission technology model developed by this work is a model for projecting 

California’s statewide and sectoral GHG emissions from 2010 to 2050, based on a multi-sector 

simulation of California’s population, economy, energy structure and technology. This is an 

integrated model that calculates energy consumption, GHG emissions, and criteria air pollutant 

emissions in various future year scenarios. These scenarios represent the changes of infrastructure, 

energy consumption, technology penetration, and their associated emissions characteristics over 

time in six sectors, including four demand sectors (residential, commercial, industrial, 

transportation) and two supply sectors (fuel generation and electricity). The model calculates the 

energy demand and GHG emissions that result from using specific or combined GHG mitigation 

strategies in individual sectors. The energy and GHG emissions from the industrial sector and fuel 

sector are added up as industrial total for reporting. The model also includes a non-energy 

component for estimating GHG emissions not directly associated with combustion in all sectors 

based on population, economy, and mitigation policies.  



103 

 

The inclusion of GHG emission categories/sources in the model is consistent with CARB’s 

GHG inventory (CARB, 2018a), which includes most of the in-state emissions and the GHG 

associated with imported electricity, but excludes interstate aviation, international transportation 

(i.e., aviation and water-borne), and military emissions. Carbon dioxide equivalent (CO2e) values 

are calculated using the Intergovernmental Panel on Climate Change (IPCC) fourth Assessment 

Report (AR4) Global Warming Potentials for the model (CARB, 2018a). 

The business-as-usual (BAU) scenario for Chapter 2 was developed sector by sector from 

forecasts of population and economic growth and regressions of sectoral activity measures and 

energy demand. Several policy scenarios were developed to meet California’s long-term climate 

goal of net-zero GHG emissions in 2050 (i.e., the Net-Zero scenario in Chapter 2), and of reducing 

GHG emissions in 2050 by 80% below the 1990 levels (i.e., the ADC scenario in Chapter 2, and 

DD1 and DD2 scenarios in Chapter 3). The net-zero goal is consistent with the broader global 

climate goals set by the Paris Agreement (United Nations, 2015) and the scientific findings from 

the IPCC Fifth Assessment Report (AR5) (Pachauri et al., 2015) that limit a global temperature 

rise this century well below 2 degrees Celsius above pre-industrial levels and to achieve a balance 

between GHG emissions and removals in the long run. The policy scenario outputs of the model 

include changes in statewide and sectoral energy use, electricity use by energy source, fuel use, 

GHG emissions, and criteria emission inventory. 

The Net-Zero scenario was developed by working backwards from the 0 CO2e emission 

constraint to determine the changes in infrastructure and technology over time necessary to meet 

the target. The scenario was also constrained by technology feasibility, electricity framework, and 

policy plausibility. The ADC, DD1 and DD2 scenarios assume similar energy usage and 
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technology penetration as the Net-Zero scenario. The key difference is that these three scenarios 

does not rely on the usage of BECCS and rely on varied GHG mitigation technology pathways.  

The air pollutant module then projects air pollutant inventory for all developed scenarios, based 

on growth rates, technology mix, and emission factors of individual technologies in individual 

sectors. Source-specific emissions for seven pollutants are then aggregated based on three methods 

(by economic sector, by mitigation strategies, and by emission facility type). The aggregated air 

pollutant inventory output is provided at county level. The description of this part is available in 

the Chapter 2 of the main text. 

A separate cost module is designed to estimate the total GHG abatement cost of individual 

scenarios/pathways in a given target year, and is discussed in the Chapter 2 of the main text. This 

module is constructed mainly from previous studies and data, and does not consider the potential 

reductions in future abatement costs due to technology advancement. Nor did the module account 

for the marginal cost increase of individual abatement strategies. More importantly, we did not 

expect that new policies and technologies need to be cost-effective upon implementation. 

Therefore, the cost module is designed to compare the relative economic plausibility of different 

pathways, but not a criterion for scenario selection. 

The aggregated criteria pollutant emission inventory of each scenario from the model will be 

further processed into 4km × 4km grids based on the CalNex (CARB et al., 2008) baseline 

inventory for atmospheric modeling using Weather Research and Forecasting model coupled with 

Chemistry (WRF-Chem). Modeling results of ambient air pollution concentrations will be then 

loaded into the Environmental Benefits Mapping and Analysis Program (BenMAP) for health 

impact assessments. The methods for air quality modeling and health impact assessments are 

described in detail in this appendix.  
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A. 2 BAU scenario  

This sections describes the method for BAU in the Chapter 2. The construction of BAU in the 

Chapter 3 is mainly based on extending the historical energy and GHG emission trends and 

consideration of baseline energy efficiency increases. The method to estimate population and 

economic growth has been discussed in the Method of Chapter 2. The Appendix mainly describe 

the method to project future-year energy consumption. The BAU scenario of energy consumption 

and GHG emissions was developed from the 2010 base year data and growth projections of 

individual sectors and for the state as a whole. The sectoral model projects growth factors from 

statewide and sector-specific activity parameters, including population and GSP, passenger and 

freight vehicle miles traveled (VMT), and energy consumption. The future-year growth forecasts 

were based on regression analyses of best available historical data. For GHG projections, the BAU 

scenario share the same values of electricity, natural gas, and energy use by sector as base year 

situation. Therefore, the BAU scenario assumes that the average carbon intensities of each 

economic sectors stay unchanged as 2010 baseline. Once the sectorial projection models are 

constructed, the statewide total energy and GHG projection results from this bottom-up approach 

are also cross-validated with previous studies and reports (CARB, 2015; CEC, 2018a, 2017; Ryan 

W. McCarthy et al., 2008; Williams et al., 2012). 

A.2.1 Sector-specific energy consumption projections 

The 2010 base year sector-specific end-use energy consumption for residential, commercial, 

transportation, industrial sectors, as well as energy consumption in the electricity generation 

sectors were obtained from the State Energy Data System (SEDS) from U.S. Energy Information 

Administration (EIA) (U.S. Energy Information Administration, 2017). We then project the energy 
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consumption in individual sectors based on base year consumption and an energy growth factor, 

using the following equation: 

𝐵𝐴𝑈𝑖 = 𝐸𝑖 × 𝐵𝑎𝑠𝑒𝑖 

where BAUi stands for the energy consumption of sector i in the BAU scenario in the target year, 

Ei stands for the cumulative energy growth rate since 2010, Basei stands for the 2010 base year 

energy consumption in sector i.  

For E determination, we collected energy consumption data from 1997-2012 from the same 

data source (i.e., SEDS) to conduction regression analyses in transportation, commercial and 

residential sectors, using a multiple linear regression: 

𝐸𝑖 = 𝑎𝑖 × 𝑃𝑜𝑝 + 𝑏𝑖  × (
𝐺𝑆𝑃

(1 + 𝐼𝑅)𝑛
) + 𝐶𝑖 

Ei stands for the cumulative energy growth rate compared to base year in a specific sector, Pop 

stands for the population growth rate, GSP stands for the GSP growth rate, IR is the annual average 

inflation rate per year, n is the number of years after 2010, Ci is the regression residual for a given 

sector. The parameters obtained from regression analysis for individual sectors were provided in 

Table AA 1 used for BAU energy analysis.  

Table AA 1 Parameters obtained from regression analysis for individual sectors. 

Sector Pop parameter (a) GSP parameter (b) Residual (C) 

Residential 0.38 0.15 0.35 

Commercial  0.29 0.29 0.48 

Transportation 0.49 0.24 0.11 

 

Format of equation: 

𝐸𝑖 = 𝑎𝑖 × 𝑃𝑜𝑝 + 𝑏𝑖  × (
𝐺𝑆𝑃

(1 + 𝐼𝑅)𝑛
) + 𝐶𝑖 
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Ei = cumulative energy growth rate compared to base year in a specific sector i, 

Pop = population growth rate 

GSP = GSP growth rate 

IR = annual average inflation rate per year 

n = number of years after 2010 

It should be noted that the purpose of this regression analysis method is to provide a reasonably 

reliable BAU energy consumption estimate for the model. Therefore, we do not seek to explain 

the physical meaning of the regress results, and there may be other parameters affecting energy 

consumption not being included in the regression model. 

A.2.2 Transportation sector BAU energy consumption projections 

In the transportation sector, the model further distinguishes energy consumption from passenger 

vehicles, on-road trucks and other means of transportation. In the transportation sector, the model 

assumes that per capita passenger miles increase due to urban sprawling. The per capita increase 

in passenger VMT is proportional to the square root of population increase rate (keep the same 

urban density as 2010). Consequently, total passenger vehicle VMT and energy consumption are 

also only determined by population change in the BAU. In terms of freight transportation, freight 

activity also increases due to both urban sprawling and economy. The on-road portion of 

transportation energy demand model is further calibrated with California Energy Commission’s 

(CEC) Transportation Energy Demand Forecast reports(CEC, 2017, 2016). The transportation 

energy consumption modeling equations are presented below. 

Passenger vehicles: 

𝐸𝑝 =
𝑃𝑜𝑝1.5

𝐹𝐸
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On-road freight trucks: 

𝐸𝑓=√1 + 0.1(𝑃𝑜𝑝 × 𝐺𝑆𝑃) 

Other transportation: 

𝐸𝑜𝑡 =
𝐸𝑡− 𝑎𝐸𝑝− 𝑏𝐸𝑓

1−𝑎−𝑏
   

Ep, Ef, Eot, and Et stand for energy growth rates of passenger vehicles, freight trucks, other means 

of transportation and all transportation. Pop stands for the population increase rate. FE stands for 

the total fuel efficiency increase rate between base year and target year (which is mainly caused 

by old vehicle retirement in the BAU scenario). The a and b parameters stand for the proportions 

of energy consumption from passenger vehicles and freight trucks to total transportation energy 

consumption in model base year, respectively, which are 0.74 and 0.14 respectively.   

A.2.3 Industrial sector BAU energy consumption projections 

In the industrial sector, the model uses a separate energy projection method, mainly because 

the energy consumption regression model based on historical data is not sensitive to either GSP or 

population parameters in this sector. The model uses an energy intensity-based approach, assuming 

that the industrial energy consumption is proportional to economy increase and energy intensity 

of economy, using the following formula: 

  

𝐸𝐼 = 𝐺𝑆𝑃 × 𝐸𝐼𝑛 

EI stands for the energy consumption increase rate in the industrial sector, GSP stands for the GSP 

increase in California, EI stands for the change of energy intensity to economy per year, and n 
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stands for the number of years after 2010. Default EI is 0.989/year, which is the average in the 

United States from 2007-2010.  

A.2.4 Energy consumption for electricity generation projection 

The model projects energy consumption for electricity generation based on total energy 

consumption in individual end-use sectors and the proportion of energy supplied by electricity. 

Therefore, the energy consumption for electricity generation includes both electricity consumption 

in each sector, and the energy losses incurred in the generation, transmission, and distribution of 

electricity plus plant use energy. For BAU projection, future year electricity percentage stays the 

same as 2010 base year. The equation is presented below, in which ELE stands for the total 

electricity consumption, pi stands for the electricity proportion of energy consumption in sector i, 

ENEi stands for the total energy consumption in sector i. 

 

𝐸𝐿𝐸 = ∑ 𝑝𝑖  × 𝐸𝑁𝐸𝑖 

The base year proportion of energy supplied by electricity is calculated using the following 

equation: 

𝑝𝑖_2010 =
𝑒𝑙𝑒𝑖2010

+ (𝐸𝑁𝐸𝑒𝑔2010
− 𝑒𝑙𝑒2010) ×

𝑒𝑙𝑒𝑖2010

𝑒𝑙𝑒2010

𝐸𝑁𝐸𝑖_2010
 

pi_2010 stands for the proportion of energy consumption as electricity in sector i in 2010; 

ENEi_2010 stands for the total energy consumption in sector i in 2010; elei_2010 stands for the 

electricity sold to sector i in 2010; ENEeg2010 stands for the total energy consumption in electric 

generation sector in 2010, ele2010 stands for the total retail electricity sales in 2010. Therefore, 
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ENEeg_2010 - ele2010 represents the total energy loss associated with electricity generation (e.g., 

through transmission and distribution). The default values of p in each sector in California is shown 

in Table AA 2, based on U.S. EIA (U.S. Energy Information Administration, 2017). 

Table AA 2 Proportion of base-year electricity consumption to total energy consumption in 

different sectors 

Sector Value 

Residential 0.41 

Commercial 0.53 

Industrial 0.19 

Transportation 0.01 

  

A.2.5 BAU GHG estimates 

The GHG emission projections under the BAU scenario is estimated based on the following 

equations. The sector-specific carbon intensities (CIi) will stay constant as the base year level for 

BAU scenario for energy-related GHG. Therefore, the GHG emission growth (Growi) in each 

sector is the same as energy consumption growth (Ei). For non-energy GHG (GHGne), the growth 

is considered the same as population growth for most sectors. For agricultural sectors, which is 

included in the industrial sector for energy and energy-related GHG projection, the model factors 

in 10% increase in non-energy GHG emissions to reflect personal demand increases due to 

economy growth. 

2050 𝐵𝐴𝑈 𝐸𝑁𝐸𝑖 = 2010 𝐸𝑁𝐸𝑖 × 𝐺𝑟𝑜𝑤𝑖(𝑜𝑟 𝐸𝑖) 

2050 𝐵𝐴𝑈 𝐺𝐻𝐺 = ∑ 2050 𝐸𝐵𝐴𝑈 × 𝐶𝐼𝑖  + ∑ 2010 𝐺𝐻𝐺𝑛𝑒 × 𝐺𝑟𝑜𝑤𝑖 
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A.3 Policy scenarios 

A.3.1 Policy scenario GHG estimates 

The GHG emission projections under all policy scenarios (i.e., ZE, ADC for Chapter 2 and 

DD1, DD2 for Chapter 3) are estimated based on two steps (1) the strategies implemented to reduce 

energy consumption, and (2) the carbon intensity of energy sources, described in the following 

equations. The energy consumption of a specific sector under the policy scenario (ENEi) is 

estimated based on the cumulative impacts of mitigation strategies (Σ Strategy) in reducing BAU 

energy consumption in this sector. The energy related GHG emissions in sector i (GHGi) is then 

quantified based on energy consumption, and the sector-average carbon intensity, which is 

estimated by the carbon intensity of individual energy source (CIi) and the relative share of the 

respective energy source (pi). The carbon intensities of individual energy sources in specific 

industry in the future year are primarily obtained from the GREET model(Argonne National 

Laboratory, 2016). We also used data from EIA(U.S. Energy Information Administration, 2016) 

and CARB(CARB, 2018a) for cross-validation and adjustment. Non-energy GHG emissions in the 

policy scenarios (GHGne), will be directly estimated based on BAU GHG and the cumulative 

impacts of mitigation strategies on GHG reductions. The selection, rationale, determination, and 

assumptions regarding mitigation strategies in all sectors are discussed below in the next section. 

𝐸𝑁𝐸𝑖 = 2050 𝐵𝐴𝑈 𝐸𝑁𝐸𝑖 × (∑ 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑒𝑠)
𝑖
 

𝐺𝐻𝐺𝑖 = 𝐸𝑁𝐸𝑖  ×  ∑(𝐶𝐼𝑛 × 𝑝𝑛) 

𝐺𝐻𝐺𝑛𝑒 =  2050 𝐵𝐴𝑈 𝐺𝐻𝐺𝑛𝑒  ×  (∑ 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑒𝑠)
𝑖
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A.3.2 Mitigation Strategies 

A total of 66 mitigation strategies were included in the analysis as described in Chapter 2. This 

mitigation measures are discussed below in individual sectors and source types: transportation, 

industrial, commercial, residential, electricity generation, and non-energy GHG in all sectors. 

Strategies were selected and deployed in the model on the following basis: 

• They were consistent with existing state policies 

• They were consistent with long-term state policy trends 

• They were feasible from the standpoint of technical and resource constraints 

• They were deployed in a time sequence that took into account existing regulatory 

timetables, level of difficulty, and timing of expected commercial availability. 

Strategies were consistent with existing state policies 

For the 2010 to 2030 period, the strategies in our policy scenarios are generally consistent with 

the existing policies and practices, mainly including transportation electrification, smart growth, 

electricity decarbonization, and transportation fuel decarbonization. The selection of these key 

strategies is mainly because AB 32, SB 32 and related existing regulations and legislation are legal 

requirements that needs to be implemented within the 2030 timeframe. Here we listed the key 

regulations associated with the strategies listed above: 

• SB 32, signed into law on September 8, 2016 by the Governor, requires that there be a 

reduction in GHG emissions to 40% below the 1990 levels by 2030. 

• EO B-16-12 calls out 1.5 million ZEVs by 2025 and EO B-48-18 calls out 5 million ZEVs 

by 2030 
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• The California Air Resources Board (CARB), required by the Sustainable Communities 

and Climate Protection Act of 2008, or SB 375, has set regional GHG reduction targets for 

2020 and 2035 from passenger vehicles through land-use and transportation planning. 

• The Clean Energy & Pollution Reduction Act, or SB 350, increases California's renewable 

electricity procurement goal from 33 percent by 2020 to 50 percent by 2030.  

• The California Low Carbon Fuel Standard, revised in 2019, requires the carbon intensities 

of gasoline and diesel fuel (and their fuel substitutes) reduce ~17% in 2030 compared to 

2010.  

Our model shows that the trajectory of GHG emission reductions required by these regulations 

are consistent with the strategies required to meet the 2050 targets, so these strategies are 

implemented into the model as key strategies to achieve the 2030 target.  

Strategies were consistent with long-term state policy trends 

In theory, the roadmap beyond 2030 has multiple options; however, the model is design to 

provide GHG emission reduction pathways that can be reasonably achieved in California. 

Therefore, we designed several selection criteria for GHG reduction strategy being implemented.  

• The combination of the selected strategies needs to provide sufficient reductions in the 

appropriate sectors to reach the 2050 target 

• There are no dramatic transitions in policy trends and strategies before and after 2030. 

• The strategies should be in line with the existing long-term policy forecast and policy 

trends in California. 
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The strategies were feasible from the standpoint of technical and resource constraints 

Technology availability and technology improvement is a common challenge to long-term 

technology models. In our model, technologies and the associated strategies were selected based 

on whether technologies can be reasonably commercialized within the based on best available 

knowledge.  

Our model includes some technologies that are already available, but still cannot deployed at 

large scale cost-effectively. Examples of these technologies include liquid low-carbon biofuels for 

transportation, long-lasting batteries for heavy duty vehicles, and charging infrastructure networks. 

These technologies are included in the model, because their deployments are consistent with the 

current policy and technology trends, and their costs are likely to decrease with continued policy 

incentives and technology progress.  

Our model also includes some technologies that are not readily available for large scale 

deployment in California. These were selected because they were found to be essential in order to 

meet the 2050 target, and they are already existing in other regions/countries. Examples of these 

technologies mainly include BECCS. These technologies are included in the model because the 

model intend to explore and compare pathways towards net-zero GHG emissions in California and 

support future policy making. Therefore, as long as a technology is technically feasible and already 

being implemented elsewhere, it should be evaluated for California.  

In contrast, we exclude some other immature technologies. To be specific, we do not select a 

commercially immature technology that is not absolutely essential for achieving the 2050 target 

(e.g., using hydrogen as a major fuel). We also exclude a technology if it is considered in the 

literature or expert judgment to be infeasible for commercialization in California (e.g., using 

nuclear as a major energy source). 
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The projection and strategies chosen in the policies scenarios were also constrained by resource 

availability, based on the relevant literature and best available assessment.  These constraints 

included: 

• Overall grid electricity capacity, especially from the fire power plant, referring to CEC data 

(CEC, 2018c) 

• Optimal scenario should have the least BECCS usage, as long as this technology is not 

widely commercialized 

• Energy efficiency increase assumptions in individual sectors constrained by historical data 

and best available forecasts (International Energy Agency, 2018; U.S. Energy Information 

Administration, 2018)  

• Biofuel feedstocks availability based on best available forecast (Langholtz et al., 2016) and 

has no negative consequences for food production 

A.3.3 Strategies related to transportation sector 

Transportation electrification 

The transportation sector is the largest GHG contributor in California. Within the transportation 

sector, light-duty vehicles, including passenger vehicles (LDVs), minivans, sport utility vehicles 

and pickup trucks, are the biggest category of GHG emissions. In the policy scenarios, the most 

important strategy in the transportation sector is to replace internal combustion engine vehicles 

(ICE) into zero emission and near zero emission vehicles (all referred to as ZEVs), which mainly 

includes battery electric vehicles (BEVs), fuel cell electric vehicles (FCEVs), and plug-in hybrid 

vehicles (PHEVs). Following the long-term projection from the Mobile Source Strategies 

published by CARB (California Air Resources Board, 2016), 100% of all new LDV sales in 2050 
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will be ZEVs in the ZE, ADC and DD1 scenarios. In total, 30% of the on-road LDVs will be fully 

electric (20% BEV and 10% FCEV), 45% PHEV, and the remaining 25% are legacy ICEs for Net-

Zero and ADC scenarios. For DD1, 40% of the on-road LDVs will be fully electric (30% BEV 

and 10% FCEV), 30% PHEV, and the remaining 30% are legacy ICEs. Other on-road vehicles, 

including buses and freight trucks, are also electrified. The ZE, ADC and DD1 scenarios project 

that 33% of buses in California will be electrified, most of which are transit buses and school buses. 

Due to technology uncertainty, the policy scenarios assume that 10% of light- and medium heavy 

duty trucks (LHDTs and MHDTs) are electrified, most of which are drayage trucks and delivery 

trucks. Only 5% percentage of heavy-heavy duty trucks (HHDTs) are assumed to be electrified in 

2050, due to technology constraints. For off-road vehicles (e.g., airport and seaport vehicles, 

industrial vehicles, and construction vehicles), the policy scenarios assume that 33% buses and 10% 

trucks will be electrified in 2050. 

Biofuel 

Besides transportation electrification, the policy scenarios also replace conventional fossil fuels 

in the transportation sector into biofuels to reduce GHG emissions. Because freight transportation 

does not have a readily available electrification option for large-scale deployment to reduce GHG 

emissions, biodiesel would be required in order to reduce diesel related GHG emissions for freight 

trucks and locomotives. 

The ZE, ADC and DD1 scenarios assume that 50% of transportation fuels (excluding electricity) 

will be biofuels. This assumption extends the existing Low Carbon Fuel Standard (LCFS) in 

California. Biofuel feedstocks in the policy scenarios are assumed to be produced in the United 

States and to yield zero net CO2 emissions in tailpipe. The energy demand and GHG emissions in 

the processing phase (e.g., refinery) is quantified separately.  



117 

 

For the DD2 scenario, replacing conventional fossil fuel into biofuel is a key GHG mitigation 

strategy. In the DD2, we designed that on-road LDV to be composed of 3% BEV+90% ICE+7% 

PHEV, with 90% petroleum products replaced by biofuels. 

Smart growth 

In all four policy scenarios, we projected that through integrated land-use planning, 

transportation network development, and increasing use of telecommuting, average per capita 

VMT from LDVs will reduce 25% relative to the 2010 baseline, varied by regions (Table AA 3). 

This projection follows and extends the current requirements of SB 375 and regulations from 

CARB, as well as the most recent Regional Transportation Plan/Sustainable Communities Strategy 

(RTP/SCS) from Metropolitan Planning Organizations (MPOs) in California. Under the SB 375, 

California is implementing the sustainable community strategies in MPOs to reduce GHG 

emissions from transportation sector through land-use and transportation strategies. According to 

CARB, regions in California need to achieve 5-19% reduction in per capita GHG by 2035 (average 

of 18% statewide), excluding the benefits for state policy-related technology contributions. 

Consequently, GHG reductions required by SB 375 are commonly considered equal or similar to 

VMT reductions. Therefore, our projection linearly extends the 30-year (2005-2035) reduction 

trend in SB 375 into 40 years (2010-2050) and projects 25% per capita VMT reduction as the smart 

growth strategy contribution in the policy scenarios. For freight truck activities, we estimated that 

annual average VMT per vehicle in 2050 could reduce 10% below the BAU vehicle activities in 

2050 projected by the CARB EMFAC 2017, due to integrated increase in transportation network, 

goods distribution efficiency, and reduction in urban sprawling. The potential impacts of 

connected and automated vehicles were not included for analysis, due to the high uncertainties in 

technology and policy trends.   
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Table AA 3 SB 375 regional targets and projected light-duty VMT reductions by region in 2050 

attributed to smart growth 

MPO Covering Counties 

SB 375 Targets by 

Region 

Projected 

2050 VMT 

Reductions  

2020 2035 2050 

MTC/ABAG 

Alameda, Contra Costa, Marin, Napa, San 

Francisco, San Mateo, Santa Clara, Solano, 

Sonoma 

10% 19% 26% 

SACOG 
El Dorado, Placer, Sacramento, Sutter, 

Yolo, Yuba 
7% 19% 26% 

SANDAG San Diego 15% 19% 26% 

SCAG 
Imperial, Los Angeles, Orange, Riverside, 

San Bernardino, Ventura 
8% 19% 26% 

          

FCOG Fresno 6% 13% 22% 

KCOG Kern 9% 15% 22% 

KCAG Kings 5% 13% 22% 

MCTC Madera 10% 16% 22% 

MCAG Merced 10% 14% 22% 

SJCOG San Joaquin 12% 16% 22% 

StanCOG Stanislaus 12% 16% 22% 

TCAG Tulare 13% 16% 22% 

    

AMBAG Monterey, San Benito, Santa Cruz  3% 6% 10% 

BCAG Butte 6% 7% 10% 

SLOCOG San Luis Obispo 3% 11% 16% 

SBCAG Santa Barbara 13% 17% 24% 

SRTA Shasta 4% 4% 6% 

TMPO Tahoe Region 8% 5% 8% 

    

Not in MPOs all other 21 counties N/A N/A 10% 

SB 375 targets, although set in the unit of per capita GHG reduction, exclude technology benefits from 

fuel economy and EVs, and is therefore often considered equal to VMT reductions 

Acronyms:  
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MPO: Metropolitan Planning Organization; 

VMT: vehicle miles traveled; 

MTC: Metropolitan Transportation Commission; 

ABAG: Association of Bay Area Governments; 

SACOG: Sacramento Area Council of Governments; 

SANDAG: San Diego Association of Governments; 

SCAG: Southern California Association of Governments; 

 FCOG: Fresno Council of Governments; 

KCOG: Kern Council of Governments; 

KCAG: Kings County Association of Governments; 

MCTC: Madera County Transportation Commission; 

MCAG: Merced County Association of Governments; 

SJCOG: San Joaquin Council of Governments; 

StanCOG: Stanislaus Council of Governments; 

TCAG: Tulare County Association of Governments; 

 AMBAG: Association of Monterey Bay Area Governments; 

BCAG: Butte County Association of Governments; 

SLOCOG: San Luis Obispo Council of Governments; 

SBCAG: Santa Barbara County Association of Governments; 

SRTA: Shasta Regional Transportation Agency; 

TMPO: Tahoe Metropolitan Planning Organization 

 

Transportation energy efficiency 

Policy scenarios in this model also considers energy efficiency increases. According to EMFAC 

207 and fueleconomy.gov, fuel efficiencies for ICE LDVs have increased 10% from 2005 to 2015, 

which is approximately 1% per year. Therefore, a conservative annual average efficiency increase 

rate of 0.8% is applied into the ICE LDVs (and the combustion portion of PHEVs) for future years. 

For EVs (and the electricity portion of the PHEVs), we also calculated the historical energy 

efficiency increases from fueleconomy.gov, and applied a conservative estimates of 20% overall 

energy efficiency increase from 2010 to 2050, considering the uncertainties in future. For HDVs, 
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the historical energy efficiency increases in the EMFAC 2017 model varies by vehicle category. 

Therefore, a conservative annual average efficiency increase rate of 0.5% is applied. For other 

modes of transportation, we assumed the same mild energy efficiency increase rates as the HDVs. 

A.3.4 Strategies related to industrial sector 

Energy efficiency 

According to US EIA SDAS, industrial energy efficiency in California has increased by 10% 

from 2005 to 2015, which is approximately 1% per year. Meanwhile. US EIA Energy Outlook 

2018 also projects that energy intensity in the industrial sector in the United States will decline by 

about 0.6%/year towards 2050 in their baseline case (U.S. Energy Information Administration, 

2018). Therefore, the policy scenarios applied the average number of 0.8%/year as the future year 

energy efficiency increase rate from 2010 to 2050 in the model. This number is applied to the BAU 

energy projection prior to other active energy efficiency increase strategies selected in the scenario, 

such as electrification and cogeneration.   

Cogeneration and electrification 

Cogeneration, or combined Heat and Power (CHP), is the simultaneous generation of electrical 

or mechanical power and useful thermal energy from a single fuel source. Compared to systems 

that generate electricity and thermal energy separately, cogeneration facilities can increase 

efficiency, leading to reduced fuel use, pollution, and greenhouse gas (GHG) emissions. Having 

recognized the benefits of cogeneration, California has set ambitious goals for developing CHP 

resources. Governor Edmund G. Brown Jr.’s 2010 Clean Energy Jobs Plan calls for 6,500 

megawatts (MW) of new cogeneration capacity by 2030 (CEC, 2018b). The industrial sector is the 

major sector of implementing cogeneration technology in the policy scenarios, due to its large 

thermal energy demand. Together with cogeneration, the industrial sector needs to be electrified 
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as well so that the energy supply chain and the energy demand chain can match. In the base year 

2010, electricity accounts for 19% of the primary energy consumption in the industrial sector. This 

model tested the industrial sector 2050 energy profiles for policy scenarios based on the 

combination of cogeneration penetration and electrification rate.  

Figure AA 1 shows the total GHG emissions in the industrial sector with respect to 

electrification rate and cogeneration rate at 35% biofuel rate. In the energy intensive industries, 

including oil and gas production, refinery, and mineral industries, lower levels of electrification 

rates could be applied considering the technology applicability. The extra electricity generated 

from cogeneration facilities in energy intensive industries is aggregated into grid electricity so that 

can be distributed to other sectors.   

 

 Figure AA 1 Total GHG emissions attributed to the industrial sector with respect to different 

electrification rate and cogeneration rate, including GHG emitted from electricity generation  
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A.3.5 Strategies related to commercial and residential sectors 

Building efficiency 

Currently, California has stringent building energy efficiency standards for residential and 

nonresidential buildings, which are updated on an approximately three-year cycle. Meanwhile, 

California has also identified that increasing building efficiency is a key policy trend to help reduce 

energy consumption and GHG emissions in the long run. In our model, the building efficiency 

increase include general improvements in building heat preservation, space heating and cooling 

system efficiencies, water heating systems, and various appliance efficiencies. Medium energy 

efficiency rates from previous studies and reports (America’s Energy Future (Project) et al., 2010; 

DOE, 2015; U.S. Energy Information Administration, 2018; Williams et al., 2012) were applied 

into the model.  Table AA 4 shows the energy efficiency rates by appliance and energy type in the 

commercial and residential sectors used in the policy scenarios. For the BAU scenario in Chapter 

2, no energy efficiency increase rates were applied; while in Chapter 3, baseline energy efficiency 

increase rates (i.e., ½ of policy scenario rates) were applied to the BAU scenario. 

Table AA 4 Energy efficiency increase rates in residential and commercial buildings and 

appliances used for policy scenarios 

Residential and Commercial Buildings Annual Efficiency Increase 

Electricity   

Electric Efficiency, averaged 1.1% 

Lighting 2.1% 

Space Heating 0.8% 

Cooling 1.0% 

Water Heating 1.0% 

Cooking  0.5% 

Other 1.2% 

    

Natural Gas   

Natural Gas Efficiency, averaged 0.7% 
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Space Heating 0.9% 

Water Heating 0.9% 

Cooking  0.2% 

Other 0.4% 

 

Electrification and rooftop solar 

Electrification with grid electricity decarbonization is a key pathway towards net-zero emission 

in this dissertation project. Meanwhile, the new 2019 building standards by California Energy 

Commission (CEC) mandates rooftop solar to be installed for all new residential buildings 

constructed in 2020 and beyond.  In the base year 2010, electricity accounts for 41% and 53% of 

the primary energy consumption in the residential and commercial sectors, respectively. This 

model tested the two sectors’ 2050 energy profiles for policy scenarios based on the electrification 

rate (50%-100%) and the rooftop capacity (0-50%).  Figure AA 2 shows the net GHG emissions 

from residential and commercial sectors with different combination of electrification rate and the 

rooftop PV capacity. Compared to the industrial electrification, the electrification and rooftop solar 

technologies in the residential and commercial sectors are even more readily available. The 

selection of electrification rates and PV penetration in each individual policy scenarios mainly 

considers the GHG reduction target and multi-sector consistency.   
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Figure AA 2 Total GHG emissions attributed to the residential and commercial sectors with 

respect to different electrification rate and rooftop PV penetration rate, including GHG emitted 

from electricity generation (except CCS offsets, solid lines). The dashed line shows the 

combustion emissions from residential and commercial sectors with respect to different 

electrification rate. 

Distributed generation  

The DG strategy builds small-scale cogeneration facilities on-site or close to consumers to 

generate useful thermal and electricity energies that can be distributed locally. In addition, DG can 

minimize transmission loss and further reduce energy consumption. This strategy is also supported 

by the state government that the California Public Utilities Commission’s (CPUC's) Self-

Generation Incentive Program (SGIP) is providing incentives to support existing, new, and 

emerging distributed energy resources (CPUC, 2018). The ADC and DD1 scenarios projects that 
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30% of energy demand in the residential and commercial sector is supplied by DG (ADC assumes 

30% biofuel and DD1 assume 10% biofuel). The DD2 scenario projects that 45% of energy 

demand in the residential and commercial sector is supplied by DG, with 35% renewable fuel. 

A.3.6 Strategies related to electricity generation sectors 

Mitigation strategies in the electricity generation mainly includes changes in generation mix to 

reduce carbon intensity, and CCS to capture tailpipe CO2 emissions. The electricity sector carbon 

intensity needs to be significantly reduced in order to meet the statewide GHG reduction target. In 

2018, California governor Jerry Brown signed the SB 100, setting a 100% carbon-free electricity 

goal for the state by 2045 and 60% renewables by 2030(De León, 2018). To achieve deep 

decarbonization, renewable electricity facilities, mainly biomass, wind and solar, will replace the 

place of natural gas-fired power plants in the current generation mix.  

Electricity decarbonization 

In the policies scenarios, several types of low/zero carbon electricity generation technologies 

were used to meet load growth and replace fossil fuel plants, including biomass, wind, and solar. 

Nuclear energy was maintained at a minimal level, and not considered as a strategy for the 

electricity decarbonization, mainly considering its controversial environmental and social impacts. 

For biomass renewable energy, the model also implemented the CCS to capture tailpipe CO2 

emissions and provide negative net GHG, which is discussed in the following section  

Several technology- and policy-based considerations constrained/optimized the composition of 

generation mix. First, the Renewable Portfolio Standards (RPS) calls for California to meet a 

statewide Renewable Energy Standard of 33% in 2020 and 50% in 2030. These levels of renewable 

generation is attained in our model in the respective target years, and then maintained overtime. 
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Second, 28% of electricity in California was imported from out-of-state sources in the base year, 

therefore the percentage of electricity imports in the policy scenarios should not exceed this 

number to constrain air pollution emissions and other impacts on other states. Third, in the BAU 

scenario, 57% of electricity from in-state electricity is generated from fire power plants (including 

natural gas, coal, and biomass), therefore, the total share of in-state electricity generated from fire 

power plants in the policy scenarios should not exceed the BAU scenario (57%). Last, considering 

the technology uncertainty of BECSS, the share of BECCS is another constrain criteria, both in 

terms of percentage and total generation. The energy consumption and the GHG emission 

projections from the electricity generation sector in the policy scenarios are modeled based on the 

following three equations. 

𝐺𝑛𝑜𝑛−𝑒𝑛𝑒𝑟𝑔𝑦 + 𝐺𝑎𝑙𝑙−𝑠𝑒𝑐𝑡𝑜𝑟 + 𝐺𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦  = 𝑡𝑎𝑟𝑔𝑒𝑡 

𝐺𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦 = 𝐶𝐼𝑚𝑖𝑥  × 𝐸𝑛𝑒𝑟𝑔𝑦 

𝐶𝐼𝑚𝑖𝑥 =  ∑ 𝐶𝐼𝑖  × 𝑝𝑖 

The first equation describes that the overall GHG cap the electricity generation sector (Gelectricity) 

in is determined by the total target (0 for the Net-Zero scenario, and 86 for other scenarios), the 

energy-related GHG emissions in all other economic sectors (Gall-sector), and the non-energy related 

GHG emissions (Gnon-energy). The second equation describes that Gelectricity is equal to the total 

electricity demand multiplied by mix carbon intensity (CImix, unit: gCO2e per MJ) of unit 

electricity generation. The third equation describes that the CImix is equal to the carbon intensity 

of each source (CIi) and the share of each source (pi) in the grid generation mix.  
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Each of the three low-carbon generation sources has its own advantages and drawbacks in terms 

of technological maturity, waste management, life cycle pollution impacts, fossil fuel use, water 

use, energy storage requirements, and system vulnerability that are difficult to quantify today. To 

neutralize the risks of individual energy source, our study selected a mixed electricity profile as 

the Net-Zero scenario, consisting of comparable shares of each energy source. It should be noted 

that the share of BECCS is also mainly constrained by GHG sink demand. 

The selected electricity generation mix for the Net-Zero scenario did not rely heavily on 

technology breakthroughs of one particular technology. In the generation mix, 21% of electricity 

was supplied by wind, 13% solar (not counting self-consumption of rooftop PV), 35% by 

bioenergy (including 25% BECCS), 10% by natural gas (including 8% NGCCS), and 16% from 

hydro power in 2050 (Figure AA 3a). To support different research purposes, the electricity 

generation mix of the ADC, DD1 and DD2 scenarios varied by focusing on specific type(s) of 

energy sources. To be specific. ADC used minimal biofuel, DD1 relies mostly on clean energy 

sources, and DD2 relied heavily on biofuels without applying BECCS, the generation mix of these 

three scenario are also shown in Figure AA 3. 
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Figure AA 3 Grid electricity mix in 2050 in the (a) Net-Zero scenario; (b) ADC scenario; (c) 

DD1 scenario; (d) DD2 scenario. 

Carbon capture and sequestration 

CCS technology captures CO2 emission at the tailpipe, reducing the overall GHG emissions 

from combustion sources. In this model, CCS is designed as a detachable component of all fire 

power plants, including conventional natural gas power plants and biomass power plants. For 

natural gas power plants, the implementation of CCS technology can help reduce its GHG 
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emissions to near-zero level; for biomass power plants, CCS technology can help generate negative 

GHG emissions to offset emissions in other sectors. Such negative GHG emissions sources are 

required for the achievement of net-zero emission. 

Implementation of CCS requires more energy consumption in the process of carbon capture, 

reducing the overall energy efficiency of power plants. The level of such “energy penalty” has 

been estimated by previous studies (Mletzko et al., 2016; Rubin et al., 2015; Supekar and Skerlos, 

2015). In Chapter 2, we applied a constant 20% increase in energy consumption in natural gas 

combined cycle.  

For biomass power plants, the life cycle net GHG emission rates from the BECCS power plants 

varies by co-firing rate and capture rate, referring to previous study (Fajardy and Mac Dowell, 

2017). Considering technology availability, we assumed a constant 85% co-firing rate over time 

for Chapter 2. The carbon capture efficiency of CCS technology in our model improved over time, 

and will finally achieve 80% in 2050 for Net-Zero and ADC, which is a conservative estimate 

compared to previous study, and is assumed no difference between natural gas power plants and 

biomass power plants. Our sensitivity analysis results show that under the Net-Zero scenario, a 10% 

increase in carbon capture efficiency can reduce GHG by 8.5 MMtCO2e in 2050.  

A.3.7 Strategies related to non-energy GHG emissions 

Waste management 

Methane emissions, which mainly come from the agricultural sector as well as from landfill, 

wastewater, waste treatment facilities, are the largest non-energy GHG emission sources in 

California in the base year and BAU scenario. A broad waste management with several highlighted 

aspects is included in the model as a key strategy to tackle non-energy GHG emissions. In total, 
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the low emission scenario projects that 70% of methane emissions from dairy manure and other 

livestock and 95% from landfill be reduced in 2050. Such projections of significantly reduce 

methane emissions is an extension of the existing policies in California. In addition to direct 

climate benefit of GHG reduction, waste management strategies to reduce methane emissions from 

agricultural and landfill can also support the RPS goal and the LCFS requirement, by converting 

wasted methane into bioenergy sources.  

Agriculture represents the largest methane source in California (i.e., 57% in the base year). 

Agricultural methane mainly come from diary manure, dairy enteric and non-diary livestock 

domestication. Currently, the SB 1383 requires that CARB to develop a manure management 

strategy that will reduce dairy and livestock sector methane emissions by 40% from 2013 levels 

by 2030. Accordingly, policy makers are aiming to structure incentives, policies, regulations, and 

research to support significant methane emission reductions from dairy manure management, 

including (1) switching from Flush Water Lagoon Systems, (2) Pasture-Based Dairy Management, 

and (3) Installing Anaerobic Digestion Systems. Meanwhile, CARB is also developing and 

investigating strategies to reduce methane emissions from enteric fermentation include increasing 

production efficiencies to reduce the amount of methane produced for a given amount of product, 

breeding animals for lower methane production, gut microbial interventions, and changes to 

nutrition and animal management. Regarding to landfill, currently, California law (i.e, AB 341) 

requires reducing, recycling, or composting 75 percent of solid waste generated by 2020(CARB, 

2017). The State also has specific regulations (e.g., AB 1981 and AB 1933) for diverting organic 

waste to reduce methane emissions. Eliminating the disposal of organics in landfills also align 

California with a growing range of efforts to do so in other states and countries. Waste management 

strategies to reduce methane emissions from agricultural and landfill can provide a variety of 
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environmental and economic benefits. Besides GHG reduction, better usage of waste methane as 

an energy source directly supports the RPS goal in the electricity generation sector and the LCFS 

requirement in the transportation sector.  

Other strategies to reduce non-energy GHG 

In addition to waste management, the low emission scenarios also projects 70% GHG 

reductions from all other non-energy sources compared to BAU. The methods to reduce these non-

energy emissions include (but not limit to) development of low- emissions cement manufacturing, 

reduction of high GWP gases in industrial and commercial applications, fuel management, forest 

management. We did not design a sector-by-sector, technology-by-technology projection method 

for non-energy GHG reductions in this model. This is mainly because the overall contribution of 

non-energy GHG, although significant, is not as big as energy-related emissions; meanwhile, the 

scientific knowledge to support a technology-based quantitative forecasts for non-energy emission 

is insufficient for now. Instead, we developed a policy-oriented projection method that projects 

2050 GHG reduction targets based on the trends of existing policies(California Air Resources 

Board, 2017b). The level of projected GHG reductions from these sources also considers the 

consistency with GHG reduction levels in other sectors and sources. 
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Appendix B 

Air Quality Simulation Methods and Model 

Performance 

This part of the work is mainly conducted by my collaborators at UCLA Joint Institute for 

Regional Earth System Science & Engineering (JIFRESSE). 

B.1 Simulation parameters and model performance for 

Chapters 2 &3 

B.1.1 Boundary conditions and configuration of WRF-Chem 

In Chapters 2 and 3, we use two nested domains for air quality simulation: Domain 1 covers 

the western U.S. and its surrounding areas at a 12 km×12 km horizontal resolution; Domain 2 

covers California with a 4 km×4 km resolution (Figure AB 1). The vertical resolution of WRF-

Chem includes 24 layers from the surface to 100 hPa, with denser layers at lower altitudes to 

resolve the planetary boundary layer (PBL). We employ an extended Carbon Bond 2005 (CB05) 

(Yarwood et al., 2005) with chlorine chemistry (Sarwar et al., 2008) coupled with the Modal for 

Aerosol Dynamics in Europe/Volatility Basis Set (MADE/VBS) (Ahmadov et al., 2012; Wang et 

al., 2015). MADE/VBS uses a modal aerosol size representation and an advanced secondary 

organic aerosol (SOA) module based on the VBS approach. The aqueous-phase chemistry is based 

on the AQChem module used in the Community Multiscale Air Quality (CMAQ) model (Wang et 

al., 2015). The anthropogenic emissions outside California are derived from the 2011 National 
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Emission Inventory (NEI, https://www.epa.gov/air-emissions-inventories/national-emissions-

inventory-nei). Note that the NEI has been updated only about every three years, and 2011 is the 

closest year to our simulation periods. We scale the NEI 2011 inventory to the 2010 levels 

according to the Air Pollutant Emissions Trends Data (U.S. EPA, 2017a) from EPA. The 

meteorological initial and boundary conditions have been described in the main text. The chemical 

initial and boundary conditions were extracted from the output of the Model for Ozone and Related 

Chemical Tracers version 4 (MOZART-4; https://www.acom.ucar.edu/wrf-chem/mozart.shtml). 

A 6-day spin-up period is used to minimize the influence of initial conditions on simulation results. 

The physical options used include the National Center for Environmental Prediction, Oregon State 

University, Air Force, and Hydrologic Research Lab’s (NOAH) land-surface module(Chen and 

Dudhia, 2001a), the Yonsei University (YSU) PBL scheme (Hong et al., 2006), the Grell-Freitas 

cumulus scheme (Grell and Freitas, 2013), the Morrison double-moment scheme for cloud 

microphysics (Morrison et al., 2009), and the Fu-Liou-Gu (FLG) radiative transfer scheme (Fu 

and Liou, 1992; Hong et al., 2006; Zhao et al., 2016a). This model also considers aerosol direct 

radiative effects and first and second aerosol indirect effects on grid-scale clouds following our 

previous study (Zhao et al., 2017a). 

 

http://www.epa.gov/air-emissions-inventories/national-emissions-inventory-nei
http://www.epa.gov/air-emissions-inventories/national-emissions-inventory-nei
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Figure AB 1 Illustration of the two modelling domains used in Chapters 2 and 3.   
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B.1.2 Evaluation of meteorological and air quality simulations 

We compare the meteorological predictions with observational data obtained from the National 

Climatic Data Center (NCDC), where hourly or 3-hour observations of wind speed at 10 m (WS10), 

temperature at 2 m (T2), and water vapor mixing ratio at 2 m (Q2) are available for 134 sites 

distributed within the modeling domain. We apply a number of statistical indices to quantitatively 

evaluate the model performance, as summarized in Table AB 1. These indices include mean 

observation (Mean OBS), mean simulation (Mean SIM), mean bias (MB), gross error (GE), root 

mean square error (RMSE) and index of agreement (IOA), which are defined in Emery et al. (2001). 

In general, the model predictions agree fairly well with surface meteorological observations. The 

performance statistics for WS10, T2 and Q2 are within the benchmark ranges proposed by Emery 

et al. (2001), except that the MB for T2 in January and the GEs for T2 slightly exceed the ranges. 

Note that these benchmark values are proposed based on the performance of a series of model 

simulations with four dimensional data assimilation (FDDA). Nevertheless, FDDA is not utilized 

here to allow full aerosol-radiation-cloud interactions, therefore slight exceedance in some cases 

is deemed reasonable. 

We evaluate the simulated concentrations of O3, PM2.5 and its major chemical composition, 

including sulfate (SO4
2-), nitrate (NO3

-), black carbon (BC), and organic carbon (OC), using 

surface observations from the Air Quality System (AQS, https://www.epa.gov/aqs), the 

Interagency Monitoring of Protected Visual Environments (IMPROVE, 

http://vista.cira.colostate.edu/improve/), and the Clean Air Status and Trends Network 

(CASTNET, http://www.epa.gov/castnet/). Statistics of model performance are summarized in 

Table AB 2. The statistical indices used include Mean OBS, Mean SIM, normalized mean bias 

(NMB), normalized mean error (NME), mean fractional bias (MFB), and mean fractional error 
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(MFE), as documented in previous studies (Boylan and Russell, 2006; Yu et al., 2006). Figure AB 

1 further compares the simulated and observed monthly average PM2.5 concentrations and monthly 

average maximum daily 8-h average (MDA8) O3 concentrations in each individual monitoring site. 

For PM2.5 and its chemical components, the WRF-Chem simulations agree reasonably well with 

observations. The NMBs of PM2.5 concentration range from -14% in July to +9% in April. The 

performance statistics for PM2.5 generally meet the model performance goal (i.e., MFB within ±30% 

and MFE ≤ 50%) proposed by Boylan and Russell (2006a), indicating an overall good model-

measurement agreement. The BC concentrations are significantly overestimated by 55%, probably 

attributable to the absence of BC aging in the model, leading to a reduced fraction of hydrophilic 

BC and thus reduced wet deposition. The OC concentrations are underestimated by 32%, which is 

a common problem in most chemical transport models. Although the inclusion of multi-

generational aging of SOA based on the VBS scheme has significantly reduced the 

underestimation (Ahmadov et al., 2012),some important chemical processes, such as the photo-

oxidation of primary organic aerosols and intermediate volatility organic compounds (Zhao et al., 

2016b),are still missing in model, likely accounting for the underestimation that still exists. The 

concentrations of SO4
2- and NO3

- are either overestimated or underestimated, depending on the 

simulation period. The NMBs are all within ±20% except for the SO4
2- in January (54%) and NO3

- 

in October (62%); the larger biases in the two cases are possibly due to uncertainties in emission 

inventory or aerosol chemistry. For O3, the model is able to capture the spatial variability but 

slightly underestimates the daily maximum 1-h and 8-h average O3 concentrations by 14% and 12% 

on average, respectively. The underestimation occurs in nearly all months but the NMBs are all 

within ±18%. Possible reasons for the underestimation include the absence of lightening NOx 

emissions and stratosphere O3 intrusion in the model. The gas chemistry scheme may also be partly 
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responsible for the underestimation. A sensitivity run using the Regional Atmospheric Chemistry 

Mechanism (RACM) scheme shows improved O3 simulation results (mean NMBs are -8% and -

5% for daily maximum 1-h and 8-h average O3 concentrations, respectively), although the model 

performance for particulate matter is not as good as the current simulation results. 

Table AB 1 Statistics of model performance at a 4 km×4 km horizontal resolution for 

meteorological predictions. 

Variable Index Unit Jan Apr Jul Oct Benchmark 

Wind speed (WS10) 

 

Mean OBS (m/s) 3.40 4.08 3.82 3.48  

Mean SIM (m/s) 3.24 3.73 3.40 3.29  

MB (m/s) -0.15 -0.35 -0.41 -0.19 ≤±0.5 

GE (m/s) 1.51 1.54 1.40 1.40 ≤2 

IOA       0.71 0.74 0.73 0.74 ≥0.6 

Temperature (T2) 

 

Mean OBS (K) 282.05 287.72 296.10 290.67  

Mean SIM (K) 283.37 287.34 295.97 290.83  

MB (K) 0.72 -0.38 -0.12 0.16 ≤±0.5 

GE (K) 2.69 2.09 2.31 2.68 ≤2 

IOA     0.91 0.94 0.96 0.93 ≥0.8 

Water vapor mixing 

ratio (Q2) 

Mean OBS (g/kg) 4.10 5.81 8.12 6.77  

Mean SIM (g/kg) 3.84 5.62 7.79 6.33  

MB (g/kg) -0.26 -0.19 -0.33 -0.45 ≤±1 

GE (g/kg) 0.83 0.85 1.21 1.08 ≤2 

IOA        0.86 0.89 0.87 0.90 ≥0.6 

Note: benchmark ranges are proposed by Emery et al.(Emery et al., 2001)  
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Table AB 2 Statistics of model performance at a 4 km×4 km horizontal resolution for chemical 

predictions 

 Month 
Site 

number 

Mean 

SIM 

Mean 

OBS 

NMB 

(%) 

NME 

(%) 

MFB 

(%) 

MFE 

(%) 

1-h O3 

Jan 66 67.5 70.3 -4 22 -5 25 

Apr 71 95.4 109.4 -13 17 -12 18 

Jul 73 108.7 129.7 -16 20 -16 21 

Oct 75 86.3 105.1 -18 21 -18 23 

Average  89.5 103.6 -14 20 -13 22 

8-h O3 

Jan 66 59.0 58.4 1 26 0 30 

Apr 71 85.7 99.0 -13 18 -13 19 

Jul 73 97.3 115.3 -16 20 -16 22 

Oct 75 76.9 90.9 -15 22 -16 24 

Average  79.7 90.9 -12 21 -11 24 

PM2.5 

Jan 64 11.11 10.91 2 42 14 52 

Apr 66 8.00 7.31 9 45 17 46 

Jul 63 7.75 9.01 -14 38 -15 40 

Oct 65 7.83 7.92 -1 48 -6 48 

Average  8.67 8.79 -1 43 2 46 

BC 

Jan 29 0.34 0.28 22 61 37 68 

Apr 29 0.27 0.13 102 112 50 62 

Jul 31 0.30 0.18 62 82 37 54 

Oct 28 0.26 0.15 70 82 46 60 

Average  0.29 0.19 55 79 42 61 

OC 

Jan 29 0.59 1.06 -44 59 -61 78 

Apr 29 0.57 0.76 -26 49 -38 63 

Jul 31 0.91 1.20 -24 50 -31 56 

Oct 28 0.54 0.82 -34 59 -60 75 

Average  0.65 0.96 -32 54 -48 68 

NO3
- 

Jan 11 4.71 4.82 -2 48 12 72 

Apr 20 1.46 1.25 16 75 -30 90 

Jul 14 1.02 1.02 -1 74 -28 95 

Oct 8 3.38 2.09 62 93 2 76 

Average  2.64 2.30 15 65 -11 83 

SO4
2- 

Jan 34 0.56 0.37 54 94 70 83 

Apr 34 0.76 0.91 -16 52 2 52 

Jul 34 0.89 1.11 -20 42 -10 44 

Oct 33 0.72 0.60 19 52 29 50 

Average  0.73 0.75 -2 53 23 57 
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Figure AB 2 Observed (dots) and simulated (contours) monthly mean PM2.5 concentrations (a-

d) and monthly mean MDA8 O3 concentrations (e-h) in January (a, e), April (b, f), July (c, g), 

and October (d, h) at a 4 km×4 km horizontal resolution . 
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B.2 Simulation parameters and model performance for 

Chapter 4 

We simulated the PM2.5 and O3 concentrations for Chapter 4 using the WRF-Chem (version 

3.9.1) to a domain covering the western U.S and its surrounding areas at a 12 km×12 km horizontal 

resolution. The vertical resolution of WRF-Chem includes 24 layers from the surface to 100 hPa, 

with denser layers at lower altitudes to resolve the planetary boundary layer (PBL). The 

meteorological initial and boundary conditions were generated from the Final Operational Global 

Analysis data (ds083.2) of the National Center for Environmental Prediction (NCEP) at a 1.0º × 

1.0º and 6-h resolution. The chemical initial and boundary conditions were extracted from the 

simulation results of the Model for Ozone and Related Chemical Tracers version 4 (MOZART-4) 

for 2012 (Emmons et al., 2010; NCAR, 2018). A 6-day spin-up period was used to minimize the 

influence of initial conditions on simulation results. The physical options used included the 

National Center for Environmental Prediction, Oregon State University, Air Force, and Hydrologic 

Research Lab’s (NOAH) land-surface module (Chen and Dudhia, 2001b), the Yonsei University 

(YSU) PBL scheme (Hong et al., 2006), the Grell-Freitas cumulus scheme (Grell and Freitas, 

2014), the Morrison double-moment scheme for cloud microphysics (Morrison et al., 2009), and 

the Fu-Liou-Gu (FLG) radiative transfer scheme (Fu and Liou, 1992; Gu et al., 2011, 2006; Zhao 

et al., 2016b). With respect to the chemical scheme, we employed an extended Carbon Bond 2005 

(CB05) (Yarwood et al., 2005) with chlorine chemistry (Sarwar et al., 2008) coupled with the 

Modal for Aerosol Dynamics in Europe/Volatility Basis Set (MADE/VBS) (Ahmadov et al., 2012; 

Wang et al., 2015). MADE/VBS uses a modal aerosol size representation and an advanced 



141 

 

secondary organic aerosol (SOA) module based on the VBS approach. The aqueous-phase 

chemistry was based on the AQChem module used in the Community Multiscale Air Quality 

(CMAQ) model (Wang et al., 2015). This model also considered aerosol direct radiative effects 

and first and second aerosol indirect effects on grid-scale clouds following our previous study 

(Zhao et al., 2017b). 

Considering a large computational burden, the simulation periods were held in January, April, 

July, and October 2012, representing seasonal air pollution levels in winter, spring, summer, and 

fall, following a number of previous studies (Wang et al., 2015; B. Zhao et al., 2013; Zhao et al., 

2017b). For anthropogenic emissions, we used the National Emission Inventory (NEI) (U.S. EPA, 

2016a). The NEI is updated only about every three years, and 2011 is the closest year to our 

simulation period. The air pollutant emissions changed slightly from 2011 to 2012, and we scaled 

the NEI 2011 inventory to the 2012 levels according to the NEI trend report (U.S. EPA, 2017a). 

The biogenic emissions were calculated online using the Model of Emissions of Gases and 

Aerosols from Nature (MEGAN) (Guenther et al., 2006). Dust emissions were calculated online 

following Zhao et al. (2010), as based on the Goddard Chemical Aerosol Radiation Transport 

(GOCART) dust emission scheme (Ginoux et al., 2001b). Sea-salt emission calculation followed 

previous studies (Gong, 2003; C. Zhao et al., 2013). The wildfire emissions were calculated using 

the Brazilian Biomass Burning Emission Model (3BEM) (Longo et al., 2010) with input from the 

Moderate Resolution Imaging Spectroradiometer (MODIS) fire product (NASA, 2018). The 

plume rise of wildfire was calculated online following (Freitas et al., 2007) and (Freitas et al., 

2010).  

We compare the meteorological predictions with observational data obtained from the National 

Climatic Data Center (NCDC), where hourly or 3-hour observations of wind speed at 10 m (WS10), 
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temperature at 2 m (T2), and water vapor mixing ratio at 2 m (Q2) are available for 416 sites 

distributed within the modeling domain. We apply a number of statistical indices to quantitatively 

evaluate the model performance, as summarized in Table AB 3. These indices include mean 

observation (Mean OBS), mean simulation (Mean SIM), mean bias (MB), gross error (GE), root 

mean square error (RMSE) and index of agreement (IOA), which are defined by Emery et 

al.,(2001). In general, the model predictions agree fairly well with surface meteorological 

observations. The performance statistics for WS10, T2 and Q2 are within the benchmark ranges 

proposed by Emery et al., (2001), except that the MB for T2 in April and the GE for T2 slightly 

exceed the ranges. Note that these benchmark values are proposed based on the performance of a 

series of model simulations with four dimensional data assimilation (FDDA). Nevertheless, FDDA 

is not utilized here to allow full aerosol-radiation-cloud interactions, therefore slight exceedance 

in some cases is deemed reasonable. 

We compared the simulated and observed monthly average PM2.5 concentrations and monthly 

average of daily maximum 8-h O3 concentrations in each individual monitoring site (Figure AB 

3). The model reproduces the magnitude and spatial distribution of PM2.5 concentrations fairly 

well, with an overall slight underestimation of 6%. A number of statistical indices were applied to 

quantitatively assess the model performance based on previous studies  (Boylan and Russell, 2006; 

Yu et al., 2006; B. Zhao et al., 2013; Zhao et al., 2017a, 2017b). Statistics of model performance 

for daily maximum 1-h, 8-h average, and PM2.5 concentrations, as well as PM chemical predictions 

are summarized in Table AB 4. The indices include Mean OBS, Mean SIM, normalized mean bias 

(NMB), normalized mean error (NME), mean fractional bias (MFB), and mean fractional error 

(MFE), as documented in previous studies (Boylan and Russell, 2006; Yu et al., 2006). For O3, the 

model is able to capture the spatial variability but slightly underestimates the daily maximum 1-h 
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and 8-h average O3 concentrations by 15% and 12% on average, respectively. The underestimation 

occurs in nearly all months but the NMBs are all within ±20%. Regarding to predictions of PM2.5 

and its chemical components, the statistics in Table AB 4 indicated reasonably good model-

measurement agreement. The NMBs of PM2.5 concentration range from -24% in July to +10% in 

April. The performance statistics for PM2.5 meet the model performance criteria (i.e MFB, within 

±60% and MFE, ≤ 75%) proposed by Boylan and Russell (2006) in all months, and meet the model 

performance goal (MFB within ±30% and MFE ≤ 50%) in all months except January, indicating 

an overall good model-measurement agreement. The BC concentrations are significantly 

overestimated by 105%, probably attributable to the absence of BC aging in the model, leading to 

a reduced fraction of hydrophilic BC and thus reduced wet deposition. The OC concentrations are 

underestimated by 29%, which is a common problem in most chemical transport models (Heald et 

al., 2005; Zhao et al., 2016b). Although the inclusion of multi-generational aging of SOA based 

on the VBS scheme has significantly reduced the underestimation (Ahmadov et al., 2012), some 

important chemical processes, such as the photo-oxidation of primary organic aerosols and 

intermediate volatility organic compounds (Bin Zhao et al., 2015; Zhao et al., 2016b), are still 

missing in model, likely accounting for the underestimation that still exists. The concentrations of 

SO4
2- and NO3

- are either overestimated or underestimated, depending on the simulation period. 

The NMBs are all within ±35% except for the SO4
2- in January, which is overestimated by 62% 

possibly due to uncertainties in emission inventory or aerosol chemistry. A sensitivity run using 

the Regional Atmospheric Chemistry Mechanism (RACM) scheme shows improved O3 simulation 

results (mean NMBs are -8% and -5% for daily maximum 1-h and 8-h average O3 concentrations, 

respectively), although the model performance for particulate matter is not as good as the current 

simulation results. 
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Table AB 3 Statistics of model performance at a 12 km×12 km horizontal resolution for 

meteorological predictions. 

Variable Index Unit Jan Apr Jul Oct Benchmark 

Wind speed 

 (WS10) 

 

Mean OBS (m/s) 4.24 4.54 3.9 4.04  

Mean SIM (m/s) 4.13 4.06 3.41 3.73  

MB (m/s) -0.12 -0.49 -0.50 -0.30 ≤±0.5 

GE (m/s) 1.76 1.69 1.53 1.53 ≤2 

IOA       0.75 0.74 0.66 0.75 ≥0.6 

Temperature 

 (T2) 

 

Mean OBS (K) 276.6 285.65 296.34 285.94  

Mean SIM (K) 276.97 284.98 295.95 286.16  

MB (K) 0.37 -0.68 -0.39 0.22 ≤±0.5 

GE (K) 2.77 2.31 2.27 2.37 ≤2 

IOA     0.94 0.95 0.96 0.96 ≥0.8 

Water vapor 

mixing ratio 

(Q2) 

Mean OBS (g/kg) 3.21 4.83 8.83 5.27  

Mean SIM (g/kg) 3.28 4.88 8.89 5.21  

MB (g/kg) 0.07 0.05 0.06 -0.06 ≤±1 

GE (g/kg) 0.64 0.77 1.35 0.82 ≤2 

IOA        0.89 0.91 0.86 0.93 ≥0.6 
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Figure AB 3 Observed (dots) and simulated (contours) monthly mean PM2.5 concentrations 

(upper row), monthly mean daily maximum 8-h O3 concentrations (middle row), and monthly 

mean daily maximum 1-h O3 concentrations (bottom row), in January , April, July , and October 

2012 at a 12 km×12 km horizontal resolution . 
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Table AB 4 Statistics of model performance at a 12 km×12 km horizontal resolution for chemical 

predictions. 

 Month 
Site 

number 

Mean 

SIM 

Mean 

OBS 

NMB 

(%) 

NME 

(%) 

MFB 

(%) 

MFE 

(%) 

1-h O3 Jan 139 70.9 74.6 -5 18 -6 21 

 Apr 165 94.9 117.9 -20 21 -21 23 

 Jul 169 108.4 124.0 -13 18 -13 19 

 Oct 170 82.3 100.5 -18 22 -19 23 

 Average  89.1 104.2 -15 20 -15 22 

8-h O3 Jan 139 64.7 64.2 1 21 1 26 

 Apr 165 87.8 107.9 -19 21 -20 23 

 Jul 169 99.7 111.6 -11 18 -11 20 

 Oct 170 75.6 88.6 -15 22 -15 24 

 Average  81.9 93.1 -12 20 -11 23 

PM2.5 Jan 154 5.8 5.8 -1 57 37 65 

 Apr 157 5.7 5.2 10 49 27 51 

 Jul 154 5.1 6.7 -24 41 -19 43 

 Oct 155 5.3 5.5 -4 52 4 50 

 Average  5.5 5.8 -6 49 12 52 

BC Jan 118 0.3 0.2 74 118 59 81 

 Apr 119 0.3 0.1 177 190 70 78 

 Jul 121 0.3 0.2 76 115 29 57 

 Oct 116 0.3 0.1 125 147 52 70 

 Average  0.3 0.2 105 137 52 72 

OC Jan 117 0.4 0.6 -39 69 -48 74 

 Apr 119 0.4 0.5 -20 58 -30 60 

 Jul 121 0.7 1.2 -42 64 -52 77 

 Oct 116 0.8 0.8 -6 79 -31 73 

 Average  0.6 0.8 -29 68 -40 71 

NO3
- Jan 66 1.0 0.9 12 84 65 110 

 Apr 90 0.3 0.5 -32 75 -66 109 

 Jul 32 0.3 0.5 -34 73 -90 126 

 Oct 22 0.8 0.7 14 74 -24 100 

 Average  0.6 0.7 -5 77 -29 111 

SO4
2- Jan 125 0.5 0.3 62 97 68 78 

 Apr 125 0.9 0.7 23 64 35 59 

 Jul 122 0.9 0.9 -2 50 10 51 

 Oct 123 0.7 0.5 23 53 33 52 

 Average  0.7 0.6 18 60 37 60 

 Note: Observations of O3 are obtained from the Air Quality System (AQS), the Interagency Monitoring 

of Protected Visual Environments (IMPROVE), and the Clean Air Status and Trends Network (CASTNET), 

while those of PM2.5 and its chemical constituents are from AQS and IMPROVE. 
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