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of Korea, ‘Climate Change Division, Office of Atmospheric Programs, Environmental Protection Agency, Washington,
DC, USA, *Kyungpook Institute of Oceanography, Kyungpook National University, Daegu, Republic of Korea, *School
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Abstract The perfluorocarbons (PFCs), tetrafluoromethane (CF,) and hexafluoroethane (C,Fg), are
potent greenhouse gases with very long atmospheric lifetimes. They are emitted almost entirely from
industrial sources, including the aluminum and rare earth metal smelting industries that emit them as
by-products, and the semiconductor and flat panel display manufacturing industries that use them and
vent unutilized amounts to the atmosphere. Despite extensive industrial efforts to quantify and curb

these emissions, “top-down” PFC emission estimates derived from atmospheric measurements continue
to rise and are significantly greater than reported process- and inventory-based “bottom-up” emissions.

In this study, we estimate emissions of CF, and C,F, from East Asia, where PFC emitting industries are
heavily concentrated, using a top-down approach (a Bayesian inversion) with high-frequency atmospheric
measurements at Gosan (Jeju Island, South Korea) for 2008-2019. We also compile and analyze the
available bottom-up CF, and C,F emissions in East Asia from industrial and government reports. Our
results suggest that the observed increases in global PFC emissions since 2015 are driven primarily by
China's aluminum industry, with significant contributions from Japan's and Korea's semiconductor
industry. Our analysis suggests that Chinese emissions occur predominantly from the aluminum industry,
although their emissions per production ratio may be improving. Our results for Japan and Korea find
significant discrepancies between top-down and bottom-up emissions estimates, suggesting that the
effectiveness of emission reduction systems (abatement) used in their semiconductor industries may be
overestimated. Overall, our top-down results for East Asia contribute significantly to reducing the gap in
the global PFC emission budgets.

Plain Language Summary CF, and C,Fs, emitted mainly from the aluminum and
semiconductor industries, are some of the longest-lived greenhouse gases known, and among the
compounds included under the United Nations Framework Convention on Climate Change in the
global effort to reduce greenhouse gas emissions and mitigate climate change. Despite significant
progress from both industries in understanding and reducing their emissions over the last 3 decades, the
global emissions of CF, and C,Fs modeled using atmospheric measurements continue to rise, and are
significantly larger than those currently reported by industry and government. In this study, we estimate
CF, and C,F, emissions over 2008-2019 in East Asia, where the aluminum and semiconductor industries
are heavily concentrated, using a regional inverse model framework combined with measurements at a
site in East Asia (Gosan, Jeju Island, South Korea). Our results confirm the dominant role of East Asian
emissions in the global budgets of CF, and C,Fg, led by emissions from China's aluminum industry.

Our regional emission estimates are significantly larger than those reported for this region, locating a
significant source of the global discrepancy between the reported and atmospheric measurements based
emissions for these compounds. We analyze key uncertainties that could lead to these discrepancies.

1. Introduction

Tetrafluoromethane (CF,, PFC-14, or CAS 75-73-0) and hexafluoroethane (C,Fs, PFC-116, or CAS 76-16-
4), are the two most abundant perfluorocarbons (PFCs) in the atmosphere (Hartmann et al., 2014; Miihle
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et al., 2010; Trudinger et al., 2016). Moreover, they are both potent greenhouse gases (GHGs) with long at-
mospheric lifetimes, currently estimated at 50,000 and 10,000 years, respectively, leading to global warming
potentials of 6,630 and 11,100, respectively, over a 100-year timescale (Myhre et al., 2013).

The primary aluminum smelting (AL) industry has been historically the largest source of PFCs, where elec-
trolytic reduction is used to extract aluminum from aluminum oxide (alumina, Al,Os), and emissions occur
during over-voltage conditions in the reduction cell due to restrictions in the feed of alumina and/or within
the cell, referred to as “anode effects” (Holiday & Henry, 1959; IAI, 2020; Taberaux, 1994; Wong et al., 2015).
These anode effect PFC emissions have been reported to be substantially reduced over time through process
improvements (IAI, 2020; Marks & Bayliss, 2012). However, recent studies have also identified PFC emis-
sions from previously unknown “low voltage anode effects” (Marks & Nunez, 2018; Ottinger & Cai, 2019;
Wong et al., 2015), which are reported to be especially important for China's AL industry due to their unique
design with large electrolytic reduction cells (Marks & Nunez, 2018), as we discuss in Section 3.1.

The rare earth metals smelting (RE) industry is another PFC source, as the electrolysis process is similar
to that of the AL industry (Cai et al., 2018; Vogel & Friedrich, 2015). PFC emission estimates from this in-
dustry are currently highly uncertain with a wide range of potential emissions suggested in literature (Cai
et al., 2018; Vogel & Friedrich, 2018), as we discuss in Section 3.3.

PFCs are used by the semiconductor (SC) manufacturing industry to produce plasmas for dry etching of wa-
fers and to clean chemical vapor deposition chambers. PFC emissions occur primarily through two mecha-
nisms. First, emissions occur when the supplied PFCs are not fully decomposed in plasma generation and
then vent to the atmosphere. Second, by-product emissions (e.g., of CF,) occur from decomposition of other
fluorinated compounds fed into the process (Bartos et al., 2006; Ottinger & Cai, 2019). Calculating these
emissions is complicated as usage rates (i.e., how much of the gas input is decomposed) and by-product
formations rates vary significantly by compound, process, and among individual facilities. The SC industry
has strived to reduce PFC emissions since the 1990s, mainly by replacing PFCs with alternatives (e.g., NF;
instead of C,F¢ for chemical vaporization deposition chamber cleaning), and by implementing abatement
technologies to destroy PFCs in facility waste gas streams (Arnold et al., 2013; Chang & Chang, 2006; Czer-
niak, 2018; WSC, 2020). Similar processes lead to PFC emissions from flat panel display (FPD) manufactur-
ing, but their reported consumption and emissions of CF, and C,F4 are comparatively small (as we discuss
in Sections 2 and 3.2).

Other minor industrial emission sources for PFCs include vented and leaked emissions from fluorochem-
ical production, and uses in circuit board waterproofing, photo-voltaic cell manufacture, and refrigerant
applications (Bogle & Ottinger, 2020). CF, is also emitted from the Earth's lithosphere, leading to a natural
atmospheric background (Deeds et al., 2008; Harnisch & Eisenhauer, 1998; Miihle et al., 2010; Trudinger
et al., 2016), but these emissions occur on geological time scales and are negligible compared to the indus-
trial sources.

Measurements of the Advanced Global Atmospheric Gases Experiment (AGAGE) have documented the
global increase in atmospheric concentrations of CF, and C,F¢ over the last few decades (Miihle et al., 2010;
Prinn et al., 2018; Trudinger et al., 2016). “Top-down” (TD) estimates of PFC emissions, derived from com-
bining these global measurements with atmospheric transport models, are significantly higher than the re-
ported “bottom-up” (BU) emissions derived from activity data (e.g., consumption, production, anode effect
occurrences) and corresponding emission factors for each of the industrial sources (Kim et al., 2014; Miihle
et al., 2010). Kim et al. (2014) further analyzed the global TD versus BU discrepancy using distinct C,Fs/
CF, emission ratios for the AL and SC industries, and reported that the increasing discrepancy since 2003 is
likely connected to the significant growth in China's AL industry. In addition, the latest results of the global
TD emissions for CF, and C,F, (Say et al., 2021) suggest a significant increase in emissions since 2015 for
both PFCs (as we discuss in Section 2).

In this analysis of CF, and C,F, emissions from East Asia we address some of the discrepancies and un-
certainties identified in these previous studies. A substantial portion of global industrial sources are con-
centrated in East Asia, with China now estimated to account for 55% of global AL production (IAI, 2020)
and 80% of global RE production (Smith, 2020), while China, Japan, South Korea (Korea), and Taiwan are
dominant entities in the global SC industry accounting for 66% of the global production capacity in 2011
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Figure 1. Map of East Asia, the regional focus of this study, with Gosan station (Jeju Island, Korea), the measurement site used in this study, shown in
black. Also shown in dots are locations of aluminum smelters, in red, researched for this study (see discussions in Section 4.3.1), and semiconductor foundry
locations, in blue, adopted from Miihle et al. (2019). Color scale represents transport model sensitivities estimated using FLEXPART for 2008 to Gosan (see

Section 4.2 for details).

(IC Insights, 2011). AGAGE observations at the Gosan station (Jeju Island, Korea, Figure 1) are ideal for
deriving TD regional emissions of halogenated trace gases in East Asia (Arnold et al., 2018; Fang, Park,
et al., 2019; Fang, Yao, et al., 2019; Kim et al., 2010; Li et al., 2011; Miihle et al., 2019; Park et al., 2021; Rigby
et al., 2019; Stohl et al., 2010). We take a similar approach in applying a Bayesian inverse method (FLEX-
INVERT+) (Thompson & Stohl, 2014) to estimate TD emissions of CF, and C,F4 in East Asia. Our results
are compared to BU emissions reported for China (IAI, 2020; Ottinger & Cai, 2019), Korea (GIR, 2020), and
Japan (GIO, 2020) to assess TD versus BU discrepancies on these regional scales, and put into the global
context with comparisons to recent trends in global TD CF, and C,F; emissions.

2. An Updated Look at the Discrepancies Between the Observation Based Top-
Down and Inventory Based Bottom-Up Global Emissions Estimates of CF, and
C,Fs

To assess East Asia’s role in the global budget discrepancies in CF, and C,Fs emissions, we first compile
the global total TD and BU emissions of CF, and C,F; as shown in Figure 2. The global TD emissions, de-
rived from global background measurements in the AGAGE network combined with a 12-box model (Say
et al., 2021), were relatively stable over 2008-2014, after which they substantially increased. Comparing

KIM ET AL.

30of 26



V ad |
AGU

Journal of Geophysical Research: Atmospheres 10.1029/2021JD034888

(a) 16| O~ Global TD (b) > 5;

| @ BUAL ~ ]

() BUSC |

14+ (7) BU misc. 4

e | o 20

s 7 5, ]

4 j o)) i

g s

P o 1.5

5 | S ]

g)) 8 % i

5 o § 1o

hy Ty ]

] y ]

O 4 O i

] 0.5+

2 |

0 0 |

60 60

g 50 + g 50+
-] -]

m 7 m 7

' 40 ' 40
[a] [m)]

= | O\0\0~c»—o/o_° = |

30— 30

I
2010

T T I I T I I
2013 2016 2019 2010 2013 2016 2019

Figure 2. Global top-down and bottom-up (BU) emissions of (a) CF, and (b) C,F, based on the Advanced Global Atmospheric Gases Experiment global
12-box model with uncertainties representing the sixteenth and eighty fourth percentiles of the model distribution (Say et al., 2021) and BU data for the
aluminum industry (IAI, 2020; Ottinger & Cai, 2019; Bogle & Ottinger, 2020), semiconductor industry (WSC, 2020), and other miscellaneous sources (Bogle &
Ottinger, 2020), see Section 2 and Table A1 for details.

2017-2019 to 2012-2014, the mean emissions increase by 2.71 + 0.09 Gg yr~* for CF, (+24 * 1% from 2012
to 2014) and by 0.29 + 0.15 Gg yr~* for C,Fs (+15 + 8% from 2012 to 2014).

The global BU emissions from AL industries in Figure 2 are derived from reports of the International Alu-
minum Institute (IAI, 2020), with additional corrections for low-voltage anode effect emissions and updated
emission factors from the 2019 Refinement to the 2006 IPCC Guidelines for National Greenhouse Gas In-
ventories (Bogle & Ottinger, 2020; Ottinger & Cai, 2019).

The global SC industry BU emissions are from the World Semiconductor Council (WSC), representing
the Semiconductor Industry Associations in China, Chinese Taipei, Europe, Japan, Korea and the United
States. The totals include emissions from member SC companies in those regions as well as from member
semiconductor companies in other regions (WSC, 2020). Some emissions are likely from SC manufacturers
not associated with the WSC, but those emissions are currently difficult to estimate.

We also include estimated BU emissions from miscellaneous sources including the FPD industry, chemical
production, circuit board waterproofing, and photo-voltaic cell (solar panel) manufacture, as reported by
Bogle and Ottinger (2020). Of note, emissions from photo-voltaic cell manufacture, calculated with updat-
ed emission factors derived from manufacturing based in the United States, are estimated to have grown
rapidly since 2005, and currently make up the largest portion among the miscellaneous sources in Figure 2.

Overall, these results suggest that over 2012%-2018%, 35% and 54% of the observed global TD emissions of
CF, and C,Fg, respectively, are not accounted in the reported global BU emissions, and that the global TD
versus BU discrepancies are stable over time for both species, even as both emission estimates are increasing
significantly. Annual global TD and BU emissions compiled for this study are listed in Table Al.
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3. Reported Bottom-Up East Asian Emissions
3.1. China’s Aluminum Industry Emissions From the International Aluminum Institute
3.1.1. General Methodology

Our BU estimates of China's AL industry PFC emissions are calculated based on reported production data
from IAI (2020) by applying a reported emission factor of 0.161 kg CF, and 0.013 kg C,F¢ per ton of alumi-
num produced (Ottinger & Cai, 2019). This emission factor was derived from a survey of 27 smelters in Chi-
na in 2008-2013 (Marks & Nunez, 2018), and would take into account emissions from anode effects at both
high and low voltages, being based on total emissions measured at the smelter exhausts. Of note, this emis-
sion factor is significantly larger than that reported for non-Chinese smelters (0.057 kg CF,, 0.0068 kg C,Fs
per ton of aluminum produced, over 2007-2019), while China's C,F¢/CF, ratio as derived from the survey
(0.081, by weight) is significantly smaller than that reported for non-Chinese smelters (0.119, by weight,
over 2007-2019) (IAI, 2020). These differences likely stem from the specific aluminum smelter technologies
used in China, based on modern large cells with more than 30 large anodes operating at high line currents
exceeding 350 kA without fully automated anode effect intervention strategies for reducing PFC emissions.
This design with high line currents can also lead to significantly larger low voltage anode effect emissions,
which consists of CF, (Marks & Nunez, 2018; Ottinger & Cai, 2019).

China's AL industry emission estimates are more uncertain than those derived for most smelters outside
China, because using a single production-based emission factor to estimate emissions (so-called Tier 1
method) is unlikely to represent the full variability of real-world emissions. Nearly all smelters outside
China have incorporated measurements of parameters which are more directly representative of the anode
conditions that lead to PFC emissions at each facility (e.g., over-voltage magnitudes and duration; so-called
Tier 2 or 3 methods), likely leading to more accurate emission estimates (Bartos et al., 2006; IAI, 2020; Ot-
tinger & Cai, 2019).

The Chinese AL industry emissions reported here are slightly higher than IAI's currently reported emis-
sions as we adopted updated emission factors of the IPCC 2019 refinement, which derive larger emission
factors based on the mean values of the 27-smelter survey (Ottinger & Cai, 2019), rather than the median
values currently used by the IAI (IAI, 2020).

3.1.2. Aluminum Bottom-Up Results

Our analysis of the AL industry's reporting for the period of 2008-2019, shown in Figure B1 and Table B1,
confirms the significant growth of China's AL industry and its dominant role in the global AL production
and PFC emissions. China's AL production has grown at a rate of 13% per year between 2008 and 2016, fol-
lowed by a plateau during 2017-2019. China's share of the global AL production over this period increased
from 36% in 2008%-2010% to 56% in 2017-2019, and on average accounted for 49% of the total global pro-
duction during 2008-2019. China's BU AL industry emissions account for 66% of the global BU AL industry
total CF, and C,F, emissions over 2008-2019, a significantly larger portion compared to China's share in
global production, and these percentages increase to 81% and 83% for CF, and C,Fs, respectively, when
considering only 2017-2019.

3.2. Semiconductor and Flat Panel Display Emissions From the National Inventory Reports for
Japan and Korea

3.2.1. General Methodology and Estimating Abatement

The National Inventory Reports (NIRs) of Japan (GIO, 2020) and Korea (GIR, 2020) are compiled in ac-
cordance with the United Nations Framework Convention on Climate Change and report BU estimates
of emissions from each country’s SC and FPD industries. One limitation is that industry emissions are not
specified per compound, but instead aggregated as CO,-equivalent quantities either by compound families
(Japan) or as industry totals (Korea) and in the case for Korea since 2016, further aggregated to totals for the
SC and FPD industries.
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To address this, we take the compound-specific annual consumption amounts for the SC and FPD indus-
tries reported in the NIRs and estimate the specific emissions of CF, and C,Fs following the IPCC Tier 2
methodology (Bartos et al., 2006) used in the NIRs (GIO, 2020; GIR, 2020).

The general IPCC Tier 2 formula for the SC and FPD industries (Bartos et al., 2006) takes into account the
significantly different utilization rates for each compound as well as different emission reductions from
abatement to incinerate any unutilized amounts in the effluent:

E=FCxPx(1-U)xA 1)

where E is the BU emission per compound (Mg), FC is the consumed amount of each compound (Mg), P
is the process supply rate taking into account the small amounts of compounds left in the gas cylinders at
end-of-use (decimal range of 0-1, specified as 0.9). U is the specific utilization rate for each compound (the
amount of PFC actually decomposed to a plasma, decimal range of 0-1). U can be specified for use case
(etching or chemical vaporization deposition chamber cleaning) and per each facility, but lacking detailed
data to apply these specific utilization rates, our study uses general compound-specific values for U. A is
the fraction of the effluent not treated with abatement and released to the atmosphere, and can be further
detailed as:

A=l-axd 2)

where a is the fraction of the effluent processed with abatement equipment (decimal range of 0-1), and d is
the destruction efficiency of the abatement equipment (decimal range of 0-1, specified as 0.9).

By-product emissions (BPE) (e.g., CF, emissions from use of C,Fs) are known to make significant contribu-
tions to the total emissions, and are calculated using a formula similar to Equation 1:

BPE =FCxBxPxA 3)

where the U in Equation 1 is replaced with B, the by-production rate specified for each compound (decimal
range of 0-1).

The value of A (the effective abatement rate) in both Equations 1 and 3 is a significant source of uncertainty
in our compound-specific calculations, as it is currently not directly reported, and likely to have changed
significantly over time. To assess this value from the reported data, we first calculate compound specific
emissions assuming a is 0 (i.e., no abatement occurs, and A is 1), and refer to this estimate as “consumption
based.” We then estimate A for each year based on the following formula:
N

A=Eypey ! ,Z. E; x (GWP,) 4)
where Ecqpeq is the reported aggregated CO,-equivalent emissions for each year, the variable i represents
each of the N compounds that are included in the aggregation, and the E; and GWP; are the consump-
tion-based emissions (i.e., emissions calculated assuming no abatement) and CO,-equivalent GWPs of each
compound, respectively. The number of compounds that are considered in Equation 4 can vary depending
on the NIR reporting of the E ;.. For Japan, where Eq is available specifically for PFCs, we consider the
emissions of CF,, C,Fg, C;Fs, and ¢-C,F; in determining A. For Korea, where Eq,q is reported for all con-
sumed compounds, we also account for CHF;, CH,F,, and SFs in the calculations. By applying the annual
A derived from this method to the consumption-based emissions, we derive annual compound-specific
emissions after abatement.

The reporting format in Korea's NIR has changed since 2016 to report CO, equivalent emissions for SC and
FPD combined and so A for 2016 through 2018 in the SC industry cannot be directly calculated for those
years. As such, we assume the 2015 value for A in 2016-2018, taking into account that the A calculated for
the combined SC and FPD industries remains consistent from 2015 through 2018, as shown in Table B3.

Japan's NIR also reports PFC emissions from fugitive leaks during PFC production and recycling of cyl-
inders at end-of-use, but as these emissions are reported only for all PFCs aggregated in CO,-equivalent
quantities, it is difficult to assess how these emissions impact our analysis. The NIR does note that signif-
icant emission reductions from this sector were achieved 2011 onwards due to installation of abatement
equipment. Emissions from Japan's aluminum industry is reported to have been only about 1% or less of the
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SC emissions with abatement, and zero since 2015, and thus is not considered here. The Korean NIR reports
no aluminum production in Korea since 1990, while fugitive emissions from PFC production are stated to
be likely, but not currently calculated due to lack of industry reported data.

3.2.2. Semiconductor Bottom-Up Results

Our estimates of BU emissions for Japan and Korea, both consumption-based and with abatement, along
with estimated abatement rates for each country are detailed in Tables B2 (Japan) and B3 (Korea). Our re-
sults suggest that abatement is a significant factor in the reported CF, and C,Fs emissions, reducing Japan's
SC emissions by 50% and FPD emissions by 86%, while reducing Korea's SC emissions by 31% and FPD
emissions by 55%, on average over 2008-2018. Our results suggest that SC industry's abatement generally
lags the abatement in the FPD industry. Also notable is that Korea's abatement has increased significantly
in recent years. SC industry consumption and emissions are shown to be significantly larger than those
of FPD industry in both countries, especially for C,Fs where consumption in the FPD industry has ceased
since 2008 for Korea and 2013 for Japan.

The SC emissions derived in this study can be compared to the global consumption and emissions reported
annually in the joint statements of the World Semiconductor Council (WSC, 2020), shown in Figure 2 and
detailed in Table B4. For the period of 2012-2018 and taking into account our estimates for abatement, we
find that the reported BU SC CF, emissions for Japan and Korea make up 70% of the reported global BU SC
industry totals, based on consumption equal to 55% of the global totals. For C,Fs over the same period, our
BU SC emissions (with abatement) in Japan and Korea make up only 29% of the global industry totals based
on 34% of the global consumption, a smaller proportion of the global totals compared to CF,. This may sug-
gest that C,F phase-out for replacements such as NF; (Arnold et al., 2013; Czerniak, 2018; WSC, 2020) has
progressed more in Japan and Korea compared to other regions. Overall, our results, with our accounting
for abatement, are in reasonable agreement with the World Semiconductor Council's global report, which
suggests that our estimates of abatement in Japan and Korea are in line with those assumed in the industry.

Comparing the reported BU emission quantities of the SC and FPD industries, we find that SC emissions
account for 94% and 96% of total CF, emissions for Japan and Korea, respectively, and 100% for C,Fs in both
countries, over 2008-2018, after accounting for abatement. This is due to a combination of significantly
larger consumption of PFCs in the SC industry, especially for C,F¢ which the FPD industry reports zero con-
sumption since 2008 for Korea and 2013 for Japan, and higher adoption of abatement in the FPD industry
(based on our analysis of abatement rates for both industries, refer to Tables B2 and B3 for details). As such,
our analysis for Japan and Korea will focus on the SC industry, unless stated otherwise.

3.3. Other Sources of PFCs in East Asia

Current estimates of PFC emissions from China's RE industries are highly uncertain. While the general
processes of PFC emissions are similar to those in the AL industry, an accurate assessment of the emission
characteristics in the RE industry has been difficult, with the few existing studies finding a large range of
possible emission factors (Cai et al., 2018; Vogel & Friedrich, 2018). Accurate accounting of total production
is also difficult due to a substantial amount of illegal mining, estimated to be up to 45% of the legally re-
ported mining (and production) in one study (Vogel & Friedrich, 2018). Combined, the estimated emissions
reported range from being insignificant to more than 100% of the global TD emission totals (Vogel & Frie-
drich, 2018). Further efforts to constrain these emissions from BU are beyond the scope of this study. Also,
the PFC emissions from China's SC and FPD industries, while certain to exist, are difficult to estimate due
to lack of industry information. The potential size of PFC emissions from these industries will be further
discussed in Section 5.2 when comparing the available AL industry BU emissions in China to those derived
from TD methods.

PFC emissions from Taiwan's SC industry are certain to exist, but we were unable to access the data neces-
sary to derive BU estimates. PFC emissions from North Korea are likely to be negligible given our under-
standing of the industries responsible for their emissions.
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4. Model Prior Emission Distributions and Magnitudes Used for the Inverse
Modeling of Regional Emissions of CF, and C,F, in East Asia

The spatial distribution, quantity, and uncertainties of the prior flux field can influence the posterior emis-
sions estimate from Bayesian inversion frameworks. For example, if the prior emission uncertainty is too
small, and the observation uncertainty too large, then the inversion will be too strongly tied to the prior
emissions. In addition, a prior for CF, and C,F, based on the best available BU information (see Section 3) is
still likely to be highly uncertain, as past studies of PFC emissions from China have shown TD emissions de-
rived from observations that were substantially larger than the reported BU estimates (Arnold et al., 2018;
Kim et al.,, 2010; Li et al., 2011; Saito et al., 2010). Also changes in global TD emissions (Say et al., 2021)
suggest that regional emissions in East Asia are likely to have changed significantly over time. Therefore,
we use an ensemble of nine inversions with a range of prior emissions, which were produced by combining
three different prior flux distributions with three different total prior emission magnitudes with correspond-
ing uncertainties.

Our prior distributions are based on the best information available as of 2010 (see Section 4.1), while our
magnitudes start from the mean of the BU emissions for 2008-2010, the initial 3 years in our study period,
and further adjusted as explained in Section 4.2. We keep the nine emission magnitudes and distribution
combinations constant for all years (2008-2019). This ensures that the year-to-year trends in the posterior
results are not biased by a change in the priors and are more likely driven by observations. Of note, the range
of emission magnitudes and uncertainties were determined by repeated inversions, and examining the con-
vergence of the posterior emissions starting from different prior estimates, as will be further discussed in
the following sections.

4.1. Prior Distributions

The first examined prior distribution is based on 2010 global population (CIESIN et al., 2005). This is not re-
alistic given our understanding that industrial PFC emission sources are localized, but does have the benefit
of reducing prior emissions in many of the unlikely regions with low population, for example, the Tibetan
Plateau in China. Population distribution has often been used as a reasonable first approximation when
more specific information is not available (Fang, Park, et al., 2019; Fang, Yao, et al., 2019; Stohl et al., 2010).

Our second prior distribution adjusts the population prior distribution by flattening the emissions (i.e., all
grids are assigned uniform prior emission fluxes) for regions in the model domain with high sensitivity,
namely the Chinese provinces of Anhui, Beijing, Hebei, Jiangsu, Liaoning, Shandong, Shanghai, Tianjin
and Zhejiang, referred to as “eastern China,” the Korean Peninsula, and the regions of Chiigoku, Kansai,
Kyushi,Okinawa, and Shikoku in Japan, referred to as “western Japan” (Park et al., 2021; Rigby et al., 2019).
Flattened priors can be unbiased in terms of emission locations, such that the distribution of emissions in
the posterior could point to likely emission hot spots, but such inference is reasonable only in regions where
the influence on the observations is relatively strong. Also, for China, uniformly distributing the country to-
tal emissions led to problematic biases in the prior distribution, for example, assigning significant emissions
in western regions with low transport sensitivity where we do not expect any emissions, while also leading
to significantly lower prior emissions in eastern China compared to the other distributions as emissions are
evenly spread to other regions of the country. As such, we chose to flatten the prior only in the high sensi-
tivity regions where such an approach can potentially add meaningful information through the inversion
(Figure 1), while leaving the low sensitivity regions with the population density distribution.

Our third prior distribution is a specific point source distribution based on likely locations of PFC emis-
sion sources. We identified approximate locations of 127 AL smelters in China (web-based search in 2011),
then identified exact coordinates through Google Earth™, which was possible due to the distinct physical
structure of AL smelters (e.g., multiple smelter lines can be seen at 36°53'17.84"N, 101°43'25.46"E (Qinghai
Aluminum) with their distinct elongated buildings (hundreds of meters to 1 km) and flu gas collecting and
treatment systems). We found information on 2011 manufacturing capacities for 106 smelters, while the
mean of these known production capacities were assigned to the other 21 smelters. These manufacturing
capacities provided the basis for disaggregating AL industry total emissions to each AL smelter location.
The location of SC foundries in China, Japan, Korea, and Taiwan were adopted from Miihle et al. (2019,
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also web-search based). As information on SC production capacities were not readily available, all loca-
tions were presumed to have equal emission strengths. This point source distribution, while potentially the
most realistic, can also be problematic in the inversion due to inaccuracies in the prior information. This
is especially true for our case of keeping the prior distribution constant for all years, as we potentially add
bias by not accounting for changes in specific industry source locations and/or strengths changing over
time. To ensure that the inversion model can deal with these uncertainties based on the information in the
observations, we apply 10% of the total country-specific emissions as a “base” prior distribution based on
population density, ensuring that some minimum prior emissions are applied to all grids.

Prior distributions beyond our model domain are not expected to influence our results, but to ensure that
these distributions are not completely unrealistic, we apply a population density distribution for these
regions.

The resulting three prior distributions are shown in Figure C1.

4.2. Prior Magnitudes

Our prior magnitudes for Japan and Korea are based on the BU emission estimates before abatement for
SC and FPD industries from their NIRs (Section 3.2), assuming that these estimates represent a theoretical
upper limit of emissions. The “base” emission magnitudes are derived from the mean of 2008-2010, while
two others are half of (x0.5, “low”) and twice (X2, “high”) the base emissions. Uncertainties are 30% (base),
15% (high), and 45% (low), respectively, resulting in identical absolute uncertainties for the base and high
magnitude priors and slightly smaller absolute uncertainties for the low magnitude prior. The uncertainty
for the low magnitude prior was adjusted based on preliminary inversion tests showing that the combina-
tion of small prior magnitude and high absolute uncertainty introduced instabilities in the inversion results.

For China, we begin with separate emission estimates for AL and SC/FPD industries. Our Chinese AL
industry emission estimates are detailed in Section 3.1, and our priors use the mean of the 2008-2010 emis-
sions. For China's SC/FPD emissions, our study lacked access to the relevant industry activity data, so we
use the ratio of installed SC production capacity between China and Korea, reported to be 0.53 as of July
2011 (IC Insights, 2011) multiplied by the base emission magnitudes for Korea as detailed above. Prelimi-
nary inversion tests, as well as top-down results from previous studies (Arnold et al., 2018; Kim et al., 2010;
Li et al., 2011; Saito et al., 2010) showed that the total prior emissions derived this way for China are sig-
nificantly lower than the expected emissions. As such, we derive prior emissions that are x1.5 (“low”),
%x2.5 (“base”), and x3.5 (“high”) for CF, and x3 (“low”), x4.5 (“base”), and x6 (“high”) for C,Fs of the
mean 2008-2010 emissions, chosen such that the high prior magnitude approximately matches the highest
posterior emissions in our results, while relatively lower priors are also tested to ensure that the inversion
is not biased by the high prior magnitudes. We assign high uncertainties to these prior magnitudes, 100%,
60%, and 50% for the low, base, and high priors, respectively, such that the absolute uncertainties are ap-
proximately matched among the different prior magnitudes, and the the magnitude of the prior uncertainty
(3.72 Gg CF,4, 0.796 Gg C,Fy) is closely aligned to the magnitude range of the prior magnitudes (4.96 Gg CF,,
0.796 Gg C,Fe).

For Taiwan, where direct reporting of BU emissions is not available, we take the ratio of Taiwan's installed
production capacity to those of Korea, reported to be 1.25 as of July 2011 (IC Insights, 2011) and multiplied
it by the priors derived for Korea, assuming that all emissions will be from SC/FPC industries. For North
Korea, where we do not expect any significant PFC emissions, we apply 10% of the emissions assigned in
Korea (South) as a default value, but do not discuss the results.

Emissions in regions not specified above are not expected to make a detectable impact on our results, either
due to lack of sensitivity in our observations or being outside the model domain, but to ensure the priors
emissions in these regions are not unrealistic, we assign the remaining quantities of the mean global TD
total emissions for 2008-2010 after removing the emissions we apply to East Asia. In addition, no emissions
are assigned to ocean grids, as PFC emissions from the oceans are highly unlikely to influence our results.

The resulting base, high, and low prior magnitudes and uncertainties derived for China, Japan, Korea, and
Taiwan are shown in Table C1.
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Figure 3. Time series of in situ observations of (a) CF, and (b) C,Fs at Gosan (black). Also shown are statistically
determined background (green) and modeled concentrations based on convolution with transport and prior (blue)
or posterior (red) emissions in the FLEXINVERT+ inverse modeling scheme. The prior used for these modeled
concentrations is the flattened distribution at base magnitudes, see Section 4.3 for details. Shown below is the total
measurement uncertainty (UNC,,,s, in black) assigned for these observations, as well as the components that define
it, namely the instrumental uncertainty (UNCj,, in gray), the background uncertainty (UNCyy,, in green), and the
model representation uncertainty (UNC,yq, in purple), plotted over time for (c) CF, and (d) C,F. See discussions in
Sections 4.1 and 4.2 for details regarding the specific definitions of these uncertainties.

5. Top-Down Inverse Modeling of Regional Emissions of CF, and C,F, in East
Asia

5.1. In-Situ Observations at Gosan (Jeju Island, Korea)

Atmospheric concentrations of CF, and C,Fs, shown in Figure 3, are measured in-situ at Gosan (126.16°E,
33.29°N, 17 m above ground, 89 m above sea level: Figure 1) with a “Medusa” gas chromatograph mass
spectrometer (GC-MS) instrument (Arnold et al., 2012; Miller et al., 2008) as part of the AGAGE network.
The measurements have a temporal frequency of approximately 2 h and are reported as dry air mole frac-
tions on SIO-05 calibration scales (Prinn et al., 2018). Here we use measurements from November 2007 to
December 2019. Analytical precisions are calculated daily based on the variability (standard deviation) of
the working standard measured between each observation (10-11 measurements per day). While typical
values are below 0.3% for CF, and below 1% for C,Fs of the observed atmospheric concentrations, they
change significantly over time due to instrumental problems, as shown in Figure 3 (UNCj,). These ana-
lytical precisions defined here contributed to the total measurement uncertainty assigned in our model, as
further discussed in Section 5.2.

So-called “background” conditions, during which the mole fractions measured at Gosan are minimally
influenced by emissions in East Asia, were derived using a statistical approach developed within AGAGE,
which uses a 121-day moving window to identify positive outliers from a Gaussian distribution that rep-
resent pollution events (O'Doherty et al., 2001). “Enhancement” concentrations over background, used in
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the model framework, were calculated by first binning the concentrations during background conditions
by month, then linearly extrapolating between the monthly mean background concentrations (assumed
to represent the fifteenth of each month) to derive background concentrations at each measurement time,
and subtracting these extrapolated background concentrations from the corresponding measured concen-
trations. The uncertainty of our background is defined as the variability (standard deviation) of the concen-
trations in the monthly binned background, and linearly extrapolated from month to month similarly to
the background concentrations. Note that our background uncertainty typically increases during summer
when southern transport tends to increase the background concentration variability (Figure 3, UNCyg; Li
et al., 2018). This background uncertainty defined here contributes to the total measurement uncertainty
used in our model, as further discussed in Section 5.2.

Many of the gaps in the measurement data occurred in summer and early autumn, when operations were
interrupted due to typhoons and heavy rains. One significant gap from October 2016 to April 2017 is due
to extensive damage from typhoon Chiba. These data gaps impact the performance metrics of our model
results, as further discussed in Section 5.3.

5.2. Inverse Model Approach

FLEXINVERT+ is a Bayesian inversion framework for estimating surface-atmosphere fluxes of various
trace gases combining atmospheric measurements of trace gas mole fractions, modeling of air transport
from sources to the measurement location within the model domain, and a prior flux field with predefined
uncertainties. The model minimizes the following cost function (Thompson & Stohl, 2014):

J(p)=1/2x(p—po)TB_l(p—po)+I/ZX(H(p)—y)TR_l(H(p)—y) 5)

where p is the state vector, p, is its prior estimate, y is the measured enhancements over “background”
(i.e., mole fractions in the air entering the model domain), B is the prior error covariance matrix, H is the
atmospheric transport function (chemical removal of the PFCs during transport is negligible), and R is the
measurement error covariance matrix. See Thompson and Stohl (2014) for further details.

We use the temporal resolution of the measured enhancements (approximately 2-hourly) and all hours of
the day, with no temporal averaging for the inversion. The assigned total uncertainty for each enhancement
(UNCiyeas) is calculated as the quadratic sum of three terms:

UNC, ... = \/(UNC-

inst

J' + (UNCyq )| + (UNC g )* (6)

where UNC;, refers to the instrumental analytical uncertainty, based on repeated measurements of the
working tank, and UNCyy, refers to the uncertainty of our background estimates, based on the monthly
standard deviations observed in our background observations (see Section 5.1 for details). UNC,oq refers
to any additional model representation uncertainty associated with the model representation of this meas-
urement (i.e., due to the finite resolution and atmospheric transport errors), which is difficult to estimate
directly. As such, we assume an arbitrary value of 0.2 ppt for CF, and 0.04 ppt for C,Fg, which are approxi-
mately equal to the mean UNCy, values for 2008-2019. The timeseries for UNCpneas, UNCipg;, UNCpyq, UN-
Cmod for CF, and C,Fg are presented in Figures 3c and 3d, respectively. One feature of UNC,,,; is significant
seasonal variability, driven by the increase in UNCyy, over the summer months, where southern transport
generally increases the variability of our background values (Li et al., 2018). Another significant feature is
a general increase in UNC,,, for CF, after 2014, driven by an increase in UNC, for CF,, reflecting instru-
mental problems.

Air transport to Gosan is estimated using the FLEXPART Lagrangian particle dispersion model version 10.4
(Pisso et al., 2019), driven by global meteorology from the National Centers for Environmental Prediction’s
Climate Forecast System Reanalysis model at 0.5° X 0.5° spatial and 1-hourly temporal resolution (Saha
et al., 2010, 2011). In FLEXPART, 50,000 virtual particles were released during a 30-min window centered
around each measurement time and tracked backwards in time for 20 days. Footprint sensitivities (i.e., how
sensitive the measurements at Gosan are to emissions from each 0.5° x 0.5° grid in the modeling domain)
are estimated from the lower 100 m of the model output (Stohl et al., 2010).
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Our inverse modeling domain covers the wider East Asian region, including all of China (70°-155°E, 10°-
55°N). The inverse calculation of emissions is carried out over a variable sized grid (Figure C2), aggregating
the base grids at a resolution of 0.5° X 0.5° to larger grid sizes with decreasing sensitivity. By default, the
final exported posterior disaggregates these larger grids back to the base grid resolution based on prior
distribution. All ocean grids are ignored assuming negligible PFC emissions. The inverse calculations are
performed independently for each calendar year from January to December, and no multi-year smoothing
is applied to the results, thus keeping each annual inversion result independent. We assume that our ap-
proach of deriving baseline from observations (see Section 5.1) is an acceptable approximation of the PFC
concentrations in air entering the model domain, and that it would sufficiently account for the atmospheric
variability and trends outside of our model's spatial and temporal domain. We assume a spatial error corre-
lation length of 200 km in our priors, while temporal error correlations were not considered.

We employ a number of diagnostics for each annual inversion model run to analyze the performance. The
reduced chi-square for each inversion run is equal to half the value of the cost function divided by the
number of observations and is an approximate measure for the appropriateness of the uncertainties, which
when well-chosen should result in a reduced chi-square value close to 1. The information content of the
observations was also calculated for each inversion run. It is a measure of the factor by which uncertainty
decreases as more observations are added, a generalization of the scalar concept of signal-to-noise ratio
(Rodgers, 2000), and calculated using the following formula:

Information content = 0.5 x 1n(|B . A'1|) @

where B refers to the prior error covariance matrix, and A refers to the posterior error covariance matrix.

Other diagnostics are calculated at the regional scale. Error reduction is calculated for each region as:

) O-post

Error Reduction (%) =1- 8)

Z O-prior
where o is the uncertainty of each grid cell within the region, and presented as a percentage. The posterior
convergence for each region is calculated as the ratio of the range of posterior magnitudes to the range of
prior magnitudes (see Section 4 for details on the nine priors used in each annual inversion run), such that
a quantity closer to zero represents better convergence, and presented in percent units. Relative posterior
uncertainty is the ratio of the range of posterior magnitudes against the mean posterior value, and also pre-
sented in percent units. We also calculate the annual minimum, maximum, and standard deviations of the
nine posterior magnitudes per region.

5.3. Modeled Regional Emissions Results

Here we focus on the results and diagnostics of the model posterior for the full model domain in East Asia.
In Section 6, we will discuss how we derive robust national emissions for individual countries from our East
Asian posterior.

Overall, our results over East Asia, shown in Figure 4 (see Table C2 for details), suggest that the inverse
model produces robust posteriors from the range of priors applied over this domain. We find significant
error reductions within East Asia of 32% for CF, and 31% for C,Fs (mean over 2008-2019) while our East
Asian posterior converge to within 16% of the prior range for CF,, and 12% for C,F (mean over 2008-2019).
The uncertainties we report for the posterior emissions is the range of minimum and maximum among the
nine annual posterior emissions (based on the nine priors used each year, see Section 4 for details), and
we find that this range is equal to 16% of the posterior emissions for CF,, 14% for C,Fg, when assessed over
2008-2019 (see relative uncertainty in Figure 4). The Taylor diagrams illustrating our strong posterior con-
vergence is presented in Figure C3. The reduced chi-square values calculated for each year, shown in Fig-
ure 4 for CF, and C,Fg, range from 0.7-3.5, suggesting that our definitions of the prior (detailed in Section 4)
and measurement uncertainties (detailed in Sections 5.1 and 5.2) are generally sound. Refer to Section 5.2
for specific definitions of the diagnostics discussed above.
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Figure 4. Top-down annual emissions of (a) CF, and (b) C,Fs estimated for the East Asian domain (China, Japan, Korea, and Taiwan) during 2008-2019 using
the FLEXINVERT+ inversion framework, with associated model diagnostics plotted for posterior error reduction, posterior convergence, relative uncertainty,
reduced chi-square value, information content value, and the number of observations used in the annual inversions. Refer to text in Section 5.2 for detailed
descriptions of these diagnostics, and Section 5.3 for discussions of these results.

To show how the different spatial distributions test our inverse model framework, we compare the annual
East Asian posterior emissions by prior distribution in Figure 5. When aggregated over East Asia, we find
that the convergence for a given prior distribution (i.e., posterior convergence in varying the prior and prior
error magnitudes within the same prior distribution) can be better than convergence between different
prior distributions, with the point source prior distribution resulting in higher posterior for some years. As
such, our results suggest that the prior distribution is an important driver of uncertainty in our inversion
framework, as the spatial locations of the emissions are difficult to fully resolve within the model, especially
in our case of using only one observation site, and emphasize the importance of testing different prior dis-
tributions to better assess the systematic uncertainties in the posterior results.

These uncertainties from prior distributions are to be expected given that our study is based on one ob-
servation site, and the spatial distribution of the posterior emissions still carries substantial uncertainties.
For this reason, we focus our analysis on the large scale, that is, the annual totals at regional scales, and do
not focus on the finer spatial patterns in the posterior results. The uncertainties at large scales are smaller
than at finer scales owing to the negative correlations between grid cells in the posterior covariance matrix,
where these negative correlations indicate where two grid cells cannot be independently resolved.

The one limited case where we may have some meaningful information is in the case of our flattened prior,
where we apply an unbiased flat prior distribution in the grids with relatively high sensitivity to Gosan (see
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Figure 5. Annual posterior results for (a) CF, and (b) C,F, by prior distribution type, namely population (“pop,” in red), flattened (“flat,” in green), and point
source (“psrc,” in blue), as well as for all nine runs combined (“ALL,” in purple). The error bars represent the minimum and maximum values of the three
model runs (base, high, low prior magnitudes in case) performed for each prior distribution or the nine model runs for a particular year.

Section 4.1 for details). Our results shown in Figure 6 suggest that the hotspot locations in eastern China
and Korea for CF, may have shifted significantly over time, while the C,F; source locations remain more or
less the same. We also note that for the non-flattened grids, the spatial distribution in our posterior largely
follows the prior distribution by design, especially in the grids that are less sensitive to Gosan (as discussed
in Section 5.2), and so our posterior distribution outside the flattened region should not be interpreted as
resolved through the inverse model. Spatial plots of the other prior and posterior distributions are presented
in, Figures C4 (CF,) and C5 (C,F).

One general feature of our results is year-to-year variability in the posterior emissions and also the various
model diagnostics. While each of our annual posteriors are derived independent of each other, we also note
significant differences in how each of the annual inversion model runs are constrained, as shown in the
model diagnostics in Figure 4. As such, it's difficult to determine to what extent these year-to-year varia-
bilities are driven by actual emission changes as opposed to increased model uncertainties due to weaker
constraint. Generally, we see that the broad trends in our model diagnostics follow the number of observa-
tions used in each annual inversion. However, model performance will also be strongly influenced by the
seasonal coverage of those observations and the year-to-year variability in transport patterns, for example,
the frequency of southern transport events in summer (Li et al., 2018), and these nuanced differences may
be better captured in the information content value (see Section 5.2 for definition).

Comparing our results between CF, and C,Fs, we note that the year-to-year variability in their emissions do
not seem correlated, and that the results for C,Fs have generally larger year-to-year variability and smaller
information content values, likely due to the fact that the smaller emission magnitudes and observed con-
centrations for C,F; significantly reduce our model performance for this species. Also of note is 2016, where
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Figure 6. Spatial map of the flattened prior distribution for (a) CF, and (d) C,Fs, with the mean posterior emissions derived in FLEXINVERT+ for 2012-2014
of (b and d) and 2017-2019 (c and f) for CF, and C,Fs, respectively, plotted as difference from the prior. Plots for other prior distributions, as well as the standard
deviations per each grid for 2017-2019 are available in supporting information (Figures C3 and C4).

the information content value is at minimum, and discussions presented later in Section 7 will show that
the posterior emissions derived for CF, are somewhat low compared to adjacent years when viewed in con-
text of other emissions data. While the information content value provides a qualitative metric for why the
2016 posterior may be more uncertain, it is difficult to identify the exact set of model constraints that led to
the posterior being particularly low for this specific year.

To test our ability to identify emission changes at annual scales, we performed a set of model inversions
where the annual division were shifted to November, allowing the inversion to target Chinese emission re-
ductions during the financial crisis over November 2008 to March 2009. This alternate model configuration
derives emissions in China for November 2008-October 2009 that are 51% lower than the mean emissions
in November 2007-October 2008 and November 2009-October 2010, and significantly different from the re-
sults of the annual runs on calendar year divisions (Figure C6). This suggests that our inversion framework
may be capable of identifying year-to-year differences in emissions under specific conditions, but further
analysis into quantifying temporal uncertainties were beyond the scope of this work. Also, detecting emis-
sion changes at sub-annual scales is likely to be difficult given the seasonality of wind advection to Gosan.

6. Estimating Top-Down National Emissions From Inverse Modeling

Here we disaggregate the inverse model posterior results along the borders of China, Japan, Korea, and
Taiwan, to compare them to reported national bottom-up emissions (see Section 7 for details). This disag-
gregation occurs during the post processing of the inverse model posterior and requires further analysis on
the added uncertainties at these reduced spatial domains and the influence of diminishing sensitivities for
regions far away from the measurement site. The national emissions derived are shown in Figure 7.

For China, while we find significant error reductions (32% for CF,, 27% for C,Fs, mean over 2008-2019)
and posterior convergence (17% for CF, and C,Fs, mean over 2008-2019), the model performance is also
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Figure 7. Top-down annual emissions of (a) CF, and (b) C,Fs estimated for China (red), Korea (green), Japan (purple), and Taiwan (orange) during 2008-2019
using the FLEXINVERT+ inversion framework, with associated model diagnostics plotted for (c) CF, and (d) C,Fs, namely posterior error reduction, and
posterior convergence (see text in Section 5.2 for detailed descriptions and discussions of these diagnostics). The bars shown for the priors in (a and b) show
the three prior magnitudes (“low,” “base,” and high”) tested in this study (see Section 4 for details), and the uncertainty plotted on the posterior emissions are
the range of results from the 9-member inversion ensemble. The solid horizontal lines in the graph highlight the mean emissions for the periods of 2012-2014
and 2017-2019 for each region, respectively. Note that Taiwan's emissions show strong bimodality, therefore our study takes the mean emissions from 2008,
2012-2013, and 2016-2019 as the mean emissions for Taiwan during 2008-2019. See discussions in Section 6 for details.

significantly worse in the western subregions less sensitive to Gosan. This point is illustrated in Figure 8,
separating out eastern China (as defined in Rigby et al. (2019) and Park et al. (2021), and our priors de-
scribed in Section 4.2) where the robust error reductions and convergence are close to those of Korea, and
the rest of China where the model metrics are significantly worse. It is notable that much of the year-to-year
variability in the total Chinese posterior emissions is driven by the variability in the rest of China, while
emissions derived for eastern China are generally more stable year-to-year. An additional consideration is
that the Tibetan Plateau makes up a large portion of western China to which Gosan observations are in-
sensitive, and our inversion effectively ignores this region by prescribing negligible prior, following the low
population density in this area (see Section 4.1 for details), and in how those priors are largely unchanged
during the inverse model calculation.
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Figure 8. Comparison of model posterior emissions and diagnostics for China (in solid lines and open circles), eastern China (dashed lines in filled circles; see
Section 4.1 for the geopolitical definition), and rest of China (in dotted lines and plus symbol). The bars shown for the priors in (a and b) show the three prior
magnitudes (“low,” “base,” and high”) tested in this study for China and eastern China (see Section 4 for details), and the uncertainty plotted on the posterior
emissions are the range of results from the 9-member inversion ensemble. Refer to Section 5.2 for definitions of the model diagnostics, and see Section 6 for

detailed discussions of these results.

For Japan, we find that posterior error reduction and convergence is generally lower than the other East
Asian countries, with mean error reductions of 18% for CF, and 33% for C,Fs, and mean convergence of
42% for CF, and 17% for C,Fs over 2008-2019. In addition, as with China, we find that model performance
is significantly reduced in comparing the more sensitive western Japan (as defined in Rigby et al. (2019)
and Park et al. (2021), and also in the priors described in Section 4.2) to the rest of Japan, as shown in Fig-
ure 9. We also find that significant year-to-year variabilities exist in western Japan that generally follow the
variability patterns in rest of Japan, suggesting that the model constraint even in the more sensitive western
Japan may be relatively poor.

For Korea (South), our results show robust constraint on the posterior emissions with the highest error
reductions (60% for CF,, 69% for C,Fs, mean over 2008-2019) and best posterior convergence (17% for
CF,4, 6% for C,Fs, mean over 2008-2019) among the East Asian countries considered in this study. Model
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magnitudes (“low,” “base,” and high”) tested in this study for Japan and western Japan (see Section 4 for details), and the uncertainty plotted on the posterior
emissions are the range of results from the 9-member inversion ensemble. Refer to Section 5.2 for definitions of the model diagnostics, and see Section 6 for
detailed discussions of these results.

performance is similarly robust for both CF, and C,Fs, and these results are to be expected given its relative-
ly close proximity to Gosan.

Given the increased spatial and year-to-year uncertainties discussed above, we conclude that our discus-
sions of national emissions in China, Japan, and Korea should be limited to those after multi-year averaging
and in analyzing long-term trends, where the effects of the underconstrained spatial uncertainties that
lead to the year-to-year variabilities can be substantially reduced. Specifically, we focus our discussions in
Section 7 on broad changes in total emissions between 2012-2014 and 2017-2019, or on long-term trends
during 2008-2019, over spatial scales of East Asia or for China, Japan, and Korea, and do not discuss any of
the spatial patterns within the national borders.

For Taiwan, we find that despite relatively robust model metrics, with posterior error reductions of 47% for
CF, and 61% for C,Fs over 2008-2019, the posterior emissions are strongly bimodal, such that some years
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Table 1

Comparison of Top-Down Emissions for CF, and C,F Globally and in East Asia From 2012-2014 to 2017-2019. Full Results for All Years are Available Table C2

CF4 (Ggyr™) C2F6 (Ggyr™)

Years

Global

unc.

China Japan Korea  EastAsia unc. Global wunc. China Japan Korea EastAsia unc.

2012-2014
2017-2019
Diff.

(%)

11.23

13.94

2.71
24

0.05
0.07
0.09

5.12 0.21 0.22 5.55 0.15 1.93 0.05 1.09 0.13 0.054 1.27 0.11
6.61 0.44 0.46 7.51 0.92 222 0.14 1.16 0.13 0.048 1.34 0.12
1.49 0.23 0.24 1.96 0.93 0.29 0.15 0.07 0.00 0.007 0.07 0.16

29 109 109 35 17 15 8 7 1 —-12 5 13

(2008, 2012-2013, and 2016-2019) show significantly higher emissions compared to the others. These bi-
modal patterns are likely driven by year-to-year variabilities in southern transport in the summer months,
but identifying the specific model mechanisms that cause these bimodal patterns was beyond the scope of
this work. As such, we report the mean of the years with significant posterior (2008, 2012-2013, and 2016—
2019) to represent the mean emissions for Taiwan over 2008-2019, with uncertainties equal to the standard
deviation of those years, and assume no significant trend in the emissions can be detected over this period.

Our nationally aggregated posterior results are in general agreement within the reported uncertainties of
previous studies (Arnold et al., 2018; Kim et al., 2010; Li et al., 2011; Saito et al., 2010), as shown in Fig-
ure C7, although we note significant differences in how the uncertainties are defined for each study, and
that the comparison is limited in scope, especially for C,Fs. The full table of the inverse model results and
diagnostics per region are presented in supporting information (Table C3), and a plot of the posterior results
per country and subregion by prior distribution is available in Figure C8.

7. Discussion

7.1. Increases in Global PFC Emissions From 2012-2014 to 2017-2019

Our results for TD CF, emissions in East Asia (Table 1, Figure 10) identify an increase of 1.96 + 0.93 Gg yr™*

in 2017-2019 compared to 2012-2014, a 35 + 17% mean increase in emissions over this period. This is
well matched with the increase in global emissions of 2.71 + 0.09 Gg yr™" from 2012-2014 to 2017-2019,
suggesting that East Asian CF, emissions are likely a strong driver for the global increase in CF, emissions
since 2012-2014. China is likely to be the largest contributor to this increase in terms of magnitude, but
the largest percentage increase is found in Korea, where CF, emissions are shown to have doubled from
2012-2014 to 2017-2019.

For C,F, emissions, our results for China, Japan, and Korea do not increase significantly from 2012-2014 to
2017-2019 (+0.07 = 0.16 Gg yr '), and contrast the increase in mean global emissions (+0.29 + 0.15 Gg yr™*
or 15 + 8% yr™"). The more or less stagnant C,F emissions for Japan and Korea are consistent with the
reported phase out of C,Fs in their SC and FPD industries (GIO, 2020; GIR, 2020), and it seems less likely
that emissions from these two countries would contribute significantly to an increase in global emissions.
China's C,F, emissions are calculated to have increased by 0.07 + 0.14 Gg yr™' from 2012-2014 to 2017-
2019, equal to a 7 + 12% increase over this period, but the statistical significance of this increase is difficult
to assess given the large year-to-year variability in the posterior results for C,Fg, which are more likely a
reflection of systematic uncertainties in the inversion rather than changes in annual emissions. As such,
our TD results are inconclusive in identifying East Asia’s role in the global increase in C,F¢ emissions from
2012-2014 to 2017-2019.

Overall, the TD East Asian emissions derived in this study (China, Japan, Korea, and Taiwan) are a dom-
inant portion of the global TD emissions, equal to 52 (43-61)% and 67 (57-79)% over 2008-2019 and 55
(44-65)% and 64 (54-73)% over 2017-2019 for CF, and C,Fs, respectively, taking into account the uncertain-
ty range in both the global and East Asian TD totals. Our results emphasize the importance of accurately
accounting for emissions in this region in understanding the global budgets of these compounds.
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Figure 10. Top-down annual emissions of (a) CF, and (b) C,Fs estimated for East Asia during 2008-2019 using the FLEXINVERT+ inversion framework. The
top plot shows the prior and posterior emissions for China (red), Japan (purple), Korea (green), and Taiwan (orange), while the bottom plot shows the total East
Asian emissions as a percentage of the total global top-down emissions described in Section 2. The bars for the priors show the three prior magnitudes (“low,”
“base,” and high”) tested in this study. The uncertainty bars on the posterior emissions are the range of results from the 9-member inversion ensemble. The gray
lines in the graph highlight the mean East Asian emissions for the periods of 2012-2014 and 2017-2019, respectively. Note that Taiwan's emissions are assumed
to be constant, based on mean results from 2008, 2012-2013, and 2016-2019.

7.2. Trends in China'’s Top-Down and Bottom-Up Emission Estimates

The comparison of the long-term trends of China’s TD PFC emissions and AL industry BU emissions (BU,y,)
can help assess changes in emission characteristics from China's AL industry, and help infer the emission
magnitudes of other sources for which reporting is limited, including China's RE, SC, and FPD sectors. Our
analysis, presented in Figure 11 as 1-BU,./TD, suggests that the large discrepancy between the two esti-
mates in the early years have been decreasing significantly over time. 1-BU4;/TD for CF, is now approach-
ing zero, which means agreement between TD and BUy;, in recent years, while significant disagreement
remains for C,Fs between the TD and BU,;, emissions, with 60% of the TD C,F, emissions missing in the
BU,L C,Fs for 2017-2019. Despite these differences, our study finds that the TD versus BUy;, discrepancy in
both CF, and C,Fs have decreased at a similar rate when comparing 2017-2019 to 2008-2010 (—3.5% and
—2.2% per year on average for CF, and C,F, respectively).

To further analyze industry-specific emissions in China, we performed a vector analysis of China's TD CF,
and C,Fs emissions (Kim et al., 2014), using a combination of observed or reported C,F4/CF, emission ratios
from China's AL and SC industries (see Text D1). Our results are significantly affected by uncertainties in
our TD emissions and choice of industry emission ratios, but suggest that on average over 2008-2019, the
AL industry is likely the dominant source of China's CF, emissions (76%), while China's C,Fs emissions are
more skewed toward the SC industry (63%). Comparing 2017-2019 to 2012-2014, our results show that the
AL industry emissions for both PFCs increased by 42% (1.6 Gg yr ' CF,, 0.15 Gg yr ' C,F,) while the SC
industry emissions remained nearly identical for CF, (3% decrease, —0.04 Gg yr ') and slightly decreased for
C,Fs (11% decrease, —0.080 Gg yr ). This suggests that China's increase in PFC emissions over this period
has been dominated by the AL (and potentially the RE) sector, which is in line with the significant increase
in Chinese AL (and RE) production over the same period (Figure 11).

The overall decrease in discrepancy between China's TD and BU,;, PFC emissions could suggest that Chi-
na's AL industry has significantly improved its PFC emissions-per-production ratio over time, and that the
recently revised IPCC emission factors for China (Ottinger & Cai, 2019) used in this study closely match
real-world conditions in recent years, but underestimate emissions for previous years. Our results of the
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(a) 40,000 CF, and C,F; discrepancy reducing at a similar rate, and those from our
1 China AL (Gg) vector analysis, are in line with this hypothesis. An alternate scenario
,§ 30,000 ORI A..,.‘--A"' could be that the observed decrease in the overall discrepancy is driven by
é , RE (Mg) emission reductions from other sources such as RE, SC, and/or FPD in-
DS_’ 20,000 g dustries, but we lack industry reporting that could support this hypothe-
, sis. Further analysis into the changes in industry emission characteristics
10,000 over time was deemed beyond the scope of this work, given the limited
) 06 availability of relevant industry information.
_ : Regarding the PFC emission magnitudes from China’s RE, SC, and FPD
e 0.4 industries, one interpretation of the good agreement in recent years be-
; | tween TD and BUy;, for CF, could be that CF, emissions from the other
@ 02 industries are relatively small, at least over the last few years. In addition,
] the source of the significant discrepancy found for C,Fy is not likely to be
E; 1 in the AL or RE industries given what is known about their emission ra-
(&) 0 tios being skewed toward CF,, which could suggest that China's SC and/
1 or FPD industries consume and emit a significant amount of C,F,, which
-0.2- is in line with our results in the vector analysis of Chinese PFC emissions.
() ] Overall, our analysis finds clues to identifying the emission magnitudes
] of China's RE, SC, and FPD sectors, and a more thorough analysis could
é 0.8 be a subject for future studies when more industry data is available.
= SN
a\?f 0.7 7.3. Abatement Efficiencies in the Semiconductor Industry
8 Our study identifies significant differences between TD and NIR reported
%) 0.6 BU emissions in Japan and Korea, where SC and FPD industry emissions
] dominate total emissions (Figure 12). Here, we focus on the comparison
1 ‘ ‘ ‘ of broad trends from 2012 to 2018 (based on NIR data availability).
2013 2016 2019
For CF, in Japan, we find that the disagreement between TD and BU in-
Figure 11. (a) China’s aluminum (AL) and rare earths (RE) production creases over time, in line with the increasing trend in consumption rather

compared to the discrepancy between China's top-down (TD) and AL
industry bottom-up emissions (BUy,y) for (b) CF, and (c) C,Fs. Ideal
agreement is achieved when 1-(BU,;/TD) equals zero. Note the unit

than the constant trend in the reported BU emissions after abatement.
We find a similar disagreement in Korea, where the TD CF, emissions are

differences in production for AL (Gg) and RE (Mg) industries. found to step up in 2015, which is more in line with increased consump-

tion over 2015-2018, and in disagreement with the reported BU emis-
sions that suggest a significant step down in emission in 2015.

For C,F, our results suggest that the TD versus BU disagreement in Japan may be increasing in time, while
the two estimates for Korea are found to be broadly in agreement, although we note year-to-year variability.
On average, Japan's TD is higher than the BU by 0.11 Gg yr™' over 2012-2018, which is equal to x3.6 of the
reported BU emissions with abatement over this period.

Our findings of generally large TD versus BU discrepancies in CF, suggests that the uncertainties in the
emissions of CF, are significant in the SC and FPD industries. Our results are in line with past studies
finding that CF, is difficult to destroy in real world abatement conditions (Choi et al., 2012; Ou Yang
et al., 2009), and the possibility of CF, being produced from the abatement of NF; (Czerniak et al., 2007; Ot-
tinger & Cai, 2019). The results in Korea are especially striking, in that since 2015, where reporting suggests
a significant decrease in emissions due to an increase in abatement, we find that TD emissions have actually
increased for CF,, but not for C,Fs. Overall, our results suggest that abatement efficiencies are a significant
uncertainty in the current BU calculations for the SC and FPD industries, especially for CF,, and call for
efforts to identify and apply abatement rates reflective of real-world conditions.

The gradual increase in Japan's TD versus BU discrepancy is a topic for further research, especially for C,Fg
where the trend contradicts the gradual decrease in consumption over this period. One specific concern will
be to account for emissions from other sources, such as fugitive emissions during PFC production, for which
data availability is currently limited.
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Figure 12. Japan (left) and Korea's (right) top-down emissions compared to bottom-up reported consumption emissions (accounting for estimated abatement)
for (a) CF, and (b) C,Fs.

7.4. Reassessing Global Top-Down Versus Bottom-Up Discrepancies

Does the upward revision of PFC emissions identified for East Asia in this study (i.e., modeled TD emis-
sions in East Asia from Section 6 minus the reported BU for China’s AL industry from Section 3.1, and NIR
reported emissions for Japan and Korea from Section 3.2) close the gap in global TD and BU PFC emissions
discussed in Section 2? The full uncertainties in this comparison are difficult to quantify, as the uncertain-
ties in the reported BU emissions are difficult to define, and the modeled TD uncertainties as defined in our
study may still underestimate the true uncertainties of the posterior results, as indicated by the significant
year-to-year swings in the posterior emissions. Therefore, our assessment focuses on broad qualitative com-
parisons, with uncertainties based only on the TD results rather than on a full analysis of all uncertainties.

Our results for 2012-2018, where all the relevant BU reporting is available, are presented in Figure 13 and
suggests that the upward revision of East Asian emissions identified in this study can help to significantly
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Figure 13. Emission differences between top-down (TD) and bottom-up estimates globally (black line) and for East
Asia (totals in black dot, with a break-up of China (red), Japan (purple), and Korea (green) as offset stacked bars) for
(a) CF, and (b) C,Fs. Error bars represent uncertainties in the TD only and underestimate the total uncertainties in this
comparison. Note that the regional discrepancy in some years is negative. See discussions in Section 5.4 for details.

close the gap in the global budget imbalance in CF, and C,Fs. Overall, the increase in emissions TD versus
BU in East Asia accounts for 25% and 77% of the global discrepancy in CF, and C,Fs, respectively, on average
over this period, but we note that the East Asian contributions for CF, increase to 32% of global emissions
when excluding the large negative TD-BU difference in 2016.

Our results suggest that while accurate accounting of Chinese PFC emissions is important to understanding
the global budget discrepancies for these compounds, the upward revision of emissions for China alone
may not explain all of the missing emissions in the global BU to TD comparison. This is especially true
for C,Fs, where the upward revision of emissions for Japan are also found to make a significant contribu-
tion to the total East Asian upward revision. Beyond East Asia, Say et al. (2021) recently reported TD PFC
emissions from northwest Europe, estimating total TD emissions of 0.13 Gg yr™' (219% of the reported
BU) and 0.036 Gg yr™' (179% of the reported BU) that is, an increase above the reported BU emission
estimates of 0.066 Gg yr™' and 0.016 Gg yr™", averaged 2012-2018, for CF, and C,F,, respectively. For Aus-
tralia, Dunse et al. (2019) estimated TD emissions over 2005-2017 for CF, (0.076 + 0.024 Gg yr™") and C,F,
(0.008 + 0.002 Gg yr™), finding that the reported BU emissions are lower by about 50% and 36%, and also
that the TD versus BU discrepancy may be growing significantly since 2016. These findings are generally
in line with our results in finding the reported BU emissions to be significantly underestimated at regional
scales, but the relatively small emission magnitudes in these studies suggest that larger emissions and TD
versus BU discrepancies could exist elsewhere. TD emission estimates are currently lacking in most other
regions around the world, and extending observations and TD estimates will therefore be crucial to fully
closing the global budget discrepancies for these PFCs.

8. Summary and Conclusions

Emissions of CF, and C,Fs from East Asia were estimated for 2008-2019 using a Bayesian inverse model
(Thompson & Stohl, 2014) with atmospheric measurements at Gosan (Jeju Island, Korea). To assess the
overall systematic uncertainties of our model framework, we used an ensemble of nine prior scenarios
based on three different spatial distributions and three magnitudes with corresponding uncertainties, the
range for which were determined through test inversion runs. The posterior results show overall signifi-
cant error reductions and strong convergence at the annual scale, but also reveal some limitations of the
single station inversion, including significant year-to-year variability in the results. This study therefore
emphasizes our larger-scale modeled results, including the trends in totals for East Asia, and nationally for
China, Japan, and Korea. We also note that significant uncertainties exist in our model results for western
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China and eastern Japan, and emphasize the need for more observations that can help better resolve these
uncertainties.

Our results suggest that the global increase in CF, emissions from 2012-2014 to 2017-2019 (Say et al., 2021)
are likely driven by increased emissions from East Asia, however the evidence for East Asian emissions
driving the global C,F, increase during the same period is less certain. Our results nevertheless confirm the
dominant role of East Asian emissions in the global PFC budgets.

Our modeled CF, emissions from China for recent years are well-matched with emissions reported for the
Chinese aluminum industry (IAI, 2020; Bogle & Ottinger, 2020), suggesting that CF, emission characteris-
tics from this industry may have improved over time, and also that CF, emissions from China's other indus-
tries may be relatively small. For C,Fs, the proportional differences between our modeled Chinese emissions
and those reported for their aluminum industry decrease with time at a rate similar to that of CF,, however
this difference still remains large. Our results for China suggest that aluminum industry emissions domi-
nate CF, emissions, while C,Fs emissions are similarly large for their semiconductor and flat panel display
industries, and emissions from other sectors such as rare earths may be relatively small.

In comparing our modeled emission results for Japan and Korea with reported semiconductor emissions for
these countries (GIO, 2020; GIR, 2020), we find that CF, emissions more closely follow trends in increasing
consumption than in emissions after abatement, suggesting that the 90% abatement efficiency typically as-
sumed in the industry is unrealistic. This comparison for C,Fs shows a better overall match, although there
may be additional C,F, sources in Japan.

The underestimation of emissions in East Asia identified in this study can explain a significant portion of
the global discrepancies between the PFC emissions reported from industry and government versus those
derived from atmospheric observations, but significant gaps remain. Expanding regional atmospheric meas-
urements and emissions analysis to currently undersampled regions of the world (Dunse et al., 2019; Say
et al., 2021) will be crucial in fully understanding the budgets of these PFCs, and in ensuring that industry
efforts to curb these emissions have the intended real-world impacts.

Data Availability Statement

CF, and C,F; observations at Gosan used in this study are available at the AGAGE website (http://agage.
mit.edu/data).
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