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Appropriate techniques to quantify greenhouse gas emission reductions in cities over time are necessary to
monitor the progress of these efforts and effectively inform continuing mitigation. We introduce a scaling
factor (SF) method that combines aircraft measurements and dispersion modeling to estimate urban emissions
and apply it to 9 nongrowing season research aircraft flights around New York City (NYC) in 2018-2020. This
SF approach uses a weighting function to focus on an area of interest while still accounting for upwind
emissions. We estimate carbon dioxide (CO,) emissions from NYC and the Greater New York Area (GNA) and
compare to nested inversion analyses of the same data. The average calculated CO, emission rates for NYC
and the GNA, representative of daytime emissions for the flights, were (49 + 16) kmol/s and (144 + 44) kmol/s,
respectively (uncertainties reported as +1c variability across the 9 flights). These emissions are within
~15% of an inversion analysis and agree well with inventory estimates. By using an ensemble, we also
investigate the variability introduced by several sources and find that day-to-day variability dominates the
overall variability. This work investigates and demonstrates the capability of an SF method to quantify
emissions specific to particular areas of interest.

Keywords: Urban emissions, Carbon dioxide, Emission quantification, Airborne greenhouse gas measurements,
Inventory scaling, New York City

1. Introduction Department of Economic and Social Affairs Population

Carbon dioxide (CO,) emissions from fossil fuel combus-
tion are the largest source of anthropogenic climate
change and urban areas are responsible for a large fraction
of these emissions (Intergovernmental Panel on Climate
Change [IPCC], 2013). According to 2015 inventory data
(Gurney et al., 2020a) and census urban area definitions
(U.S. Census Bureau, 2021c), 43.8% of CO, emissions
across the contiguous United States came from urban
areas and the urban share of emissions is expected to
increase as populations continue urbanizing (Interna-
tional Energy Agency, 2013; IPCC, 2013; United Nations
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Division, 2019). As such, cities have also been at the fore-
front of greenhouse gas (GHG) reduction efforts (Trencher
et al., 2016; Sethi et al., 2020). Many U.S. cities have set
goals for significant GHG reductions and several states
have passed legislation to invest in renewable energy
(Sierra Club, 2020). In particular, New York (NY) state
recently passed several laws outlining actions to signifi-
cantly reduce GHG emissions with set targets across sec-
tors. The Climate Leadership and Community Protection
Act sets a goal of net zero emissions from electricity,
including purchased electricity, by 2040 and an 85%
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Table 1. Statistics for 3 northeastern U.S. cities (U.S. Census Bureau, 2021b). DOI: https://doi.org/10.1525/

elementa.2021.00121.t1

Area Population Population Density Bottom-Up CO,
Urban Area (km?) (Million People) (People/km?) Emissions (kmol/s)
Greater New York Area (NY-NJ-CT) 8,936 18.4 2,054 103
Boston (MA-NH-RI) 4,852 4.2 862 26
Washington (DC-VA-MD) 3,423 4.6 464 20

Bottom-up emissions are from Vulcan (Gurney et al., 2020a), discussed further in the Methods and Materials section.

decrease across all sectors by 2050 (Kaminsky, 2019). In
addition to this, New York City (NYC) has passed the Cli-
mate Mobilization Act that includes several bills targeting
building emissions, the largest emitting sector for the city
when including indirect emissions (Cventure LLC et al.,
2017), with large fines for noncompliance (New York City
Council, 2019).

Several recent studies focused on the assessment of
large northeastern U.S. city emissions have been published
(McKain et al., 2015; Ren et al., 2018; Sargent et al., 2018;
Plant et al., 2019; Ahn et al., 2020; Lopez-Coto et al., 2020;
Floerchinger et al., 2021; Pitt et al., 2022). Table 1 high-
lights some key details about 3 of these northeastern U.S.
urban areas for context (U.S. Census Bureau, 2021b). It is
clear from Table 1 that the Greater New York Area (GNA),
or New York-Newark urban area as named in the Census
database (U.S. Census Bureau, 2021c), is significantly
larger (more urban sprawl) and denser than the previously
studied urban areas. Additionally, almost half of the CO,
emissions come from NYC, the dense core of the GNA. All
urban areas in Table 1, including the GNA, are those
defined by the U.S. census. Their definition of urbanized
areas can be summarized as a central urban core and any
densely settled surrounding territory (urban fringe) that
together has a minimum of 50,000 people, typically
including any contiguous urban fringe with at least
1,000 people per square mile (U.S. Census Bureau, 1995).

As cities enact laws with explicit reduction require-
ments, it becomes necessary to have high-precision emis-
sions monitoring techniques to inform progress. This is
often done using self-reported bottom-up inventories,
which involve combining emission factors (e.g., kmol
CO,/m? s for residential housing) with activity data (e.g.,
total area of residential homes, m?) to calculate emissions
across source categories. In addition to the self-reported
inventories that cities use, there are published bottom-up
inventories that utilize a combination of emission factors
and activity data, modeling, monitoring station data, fuel
statistics, and so on from agencies like the Energy Infor-
mation Agency and Environmental Protection Agency to
allocate emissions in a gridded field (Gurney et al., 2009;
Gurney et al.,, 2012; Gately & Hutyra, 2017). Gurney et al.
(2021) discuss in detail the large differences that can exist
between these self-reported inventories and published
inventories. There are also published disaggregated inven-
tories that rely instead on proxies to disaggregate reported
national total emissions to a gridded product. These can

be generated more regularly at a global scale but have
additional uncertainty due to the use of a proxy rather
than the relevant activity data (Janssens-Maenhout et al.,
2017; Oda et al., 2018; Gurney et al., 2019). These pub-
lished inventories can inform policy about emissions and
are often used as priors in atmospheric transport model-
ing efforts (Lamb et al., 2016; Gurney et al., 2019).

Bottom-up inventories rely on a vast amount of input
information, which makes them difficult and time-
consuming to develop. This leads to gaps between
emissions represented in inventories and present-day
emissions. Top-down studies fill this gap and provide an
independent estimate to compare to inventories by using
measurements to quantify emissions in near-real time
(Cambaliza et al., 2014; Lauvaux et al., 2016; Gourdji et
al., 2018; Pitt et al.,, 2018; Turnbull et al., 2019; Gurney et
al,, 2021). For example, Turner et al. (2020) and Yadav et
al. (2021) quantified CO, reductions during the COVID-19
pandemic and identified the economic sectors most
affected. Such a task would be impossible without both
high-quality inventories and recent high-precision mea-
surements. Timely information like this can be crucial to
inform policy makers about the impacts of legislation,
so they can adjust policy as needed to meet emission
reduction targets.

Three commonly used top-down methods for emission
quantification are the mass balance experiment, inverse
modeling, and inventory scaling. Mass balance experi-
ments provide a domain-total emission rate that can be
calculated relatively quickly based on a simple conceptual
model. However, it can be difficult to define an appropri-
ate background concentration and the area which the
calculated emission rate represents (Cambaliza et al.,
2014; O'Shea et al., 2014; Heimburger et al., 2017; Ren
et al., 2018; Ahn et al., 2020). Inverse modeling techniques
use a dispersion model to simulate concentration en-
hancements at the measurement locations based on an
initial emission map (prior), typically an emission inven-
tory. They then typically weight these data based on pre-
scribed error covariances of the transport model, prior,
and measurements to reach an optimized emission map
(posterior) that reduces the mismatch between the mod-
eled and measured enhancements (Michalak et al., 2004;
Mueller et al., 2008; Stohl et al., 2009; Lauvaux et al.,
2016; Lauvaux et al., 2020; Lopez-Coto et al., 2020).
Scaling approaches follow the same basic premise as an
inverse model except they optimize the entire emission
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map using a single scaling factor (SF). This assumes that
the spatial distribution of emissions in the prior is accu-
rate; however, it allows for a simpler approach to calculate
posterior emissions and their sensitivity to model para-
meters while avoiding the complexities associated with
defining error covariances (McKain et al., 2015; Pitt et
al,, 2018; Sargent et al., 2018; Feng et al.,, 2019; Kunik et
al., 2019; Pitt et al., 2022). Karion et al. (2019) and Nei-
ninger et al. (2021) discuss work using several of these
approaches and compare the results across them.

In this work, we introduce a variation of the SF
approach. This approach requires a prior emission map
of surface fluxes, a dispersion model to relate surface
emissions to downwind measurements, and measured
concentrations against which these modeled enhance-
ments are compared. No other measured quantities are
used. As legislation is limited to political boundaries, the
focus of an SF approach should be on such discrete areas
of interest (AOIs). However, measurements are influenced
by all sources upwind and not solely those within an AQI,
so modeled enhancements must incorporate all upwind
emissions (i.e., use a large modeling domain) to appropri-
ately compare to measured enhancements. As such, defin-
ing an appropriate background concentration to separate
the AOI from other upwind sources is crucial (Mueller et
al,, 2018; Pitt et al., 2018; Sargent et al., 2018). Here, we
begin with a simple long-range background based on the
lowest observed and modeled concentrations. This allows
us to relate measured and modeled enhancements as it
accounts for the regional background concentration that
only affects measurements, but the resulting enhance-
ments represent all upwind emissions within the modeled
domain (Lopez-Coto et al., 2020; Pitt et al., 2022). Using
these enhancements in an SF approach requires assuming
that the SF for the entire upwind region is the same as
that of just the AOL. This could be particularly problematic
with small AOIs such as cities where only a fraction of the
total emissions may originate from the AOI. For example,
one can imagine a prior with city emissions lower than
true emissions (SF = 2) while those in the surrounding
semirural area are slightly high (SF = 0.8). If this spatial
heterogeneity across the domain was ignored, the obser-
vational analysis for all upwind emissions would result in
a smaller SF than that of city emissions. If this smaller SF is
then applied to just the city, the AOI, the posterior city
emissions would be biased low. On the other hand, if the
upwind sources were unaccounted-for in the simulation
domain, the measured enhancements that originated in
those sources would be attributed to the AOI, causing the
city emissions to be biased high instead. Worse still, flights
are influenced by upwind sources to varying degrees,
meaning that this bias would vary from flight to flight,
increasing daily variability. To minimize these effects, we
have developed an SF approach that is specific to an AOI
by weighting modeled and measured enhancements by
the fraction of the modeled enhancements originated by
the emissions only in the AOI, in addition to accounting
for the long-range background.

Here, we apply this SF approach to 9 nongrowing-
season flights downwind of NYC, the details of which are
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available in Supporting Information (SI) Table S1. We cal-
culate posterior emission rates for 2 AOIs: the 5 NYC bor-
oughs (Department of City Planning [DCP], n.d.) and the
larger GNA (U.S. Census Bureau, 2021c), which includes
NYC, and compare to an inversion analysis using the same
AOIs (Pitt et al., 2022). These AOIs are clearly outlined in
Figure 1A and B. Finally, we investigate multiple methods
of calculating the SF and discuss the variability in the
resulting posterior emission rates across SF calculation
method, flight day, choice of meteorological model out-
puts (MET) used in dispersion modeling, and choice of
prior. The different assumptions inherent in this method
make it a good complement to more complex inversion
approaches when the spatial distribution of prior emis-
sions is sufficiently accurate to reproduce the measured
plume structure.

2. Methods and materials

2.1. Flight design and equipment

All flights were conducted using Purdue University's Air-
borne Laboratory for Atmospheric Research (ALAR),
a modified twin-engine Beechcraft Duchess (Cambaliza
et al,, 2014; Heimburger et al., 2017). ALAR is equipped
with a GPS/INS (Global Positioning System/Inertial Navi-
gation System) system, a Best Air Turbulence probe for
high precision 3-dimensional winds (Garman et al., 2006;
Garman et al.,, 2008), and a Picarro Cavity Ring Down Spec-
trometer designed for measurements of CO,, methane
(CHy4), and water vapor (H,0; Crosson, 2008), although
this work focuses exclusively on CO, emissions.
Measurements are reported as dry air mole fractions, in
units of micromoles per mole of dry air, or parts per million
(ppm). Each flight included multiple in situ 3-point cali-
brations using National Oceanic and Atmospheric
Administration-certified standard cylinders of CO, and
CH4 (WMO-C0,-X2007, WMO-CH,4-X2004A; Dlugokencky
et al,, 2005; Tans et al., 2017; see SI section S1 for detailed
calibration information).

Over the course of the campaign, we used 2 different
G2301-f analyzers and a G2401-m analyzer. The G2301-f
analyzers were both run in low-flow mode, which measures
each species every approximately 1.2 s and approximately
1.4 s, respectively. The G2401-m analyzer measured each
species approximately every 2.3 s.We estimate the precision
of the CO, measurements to be 0.04 ppm based on the
average 1o variability during calibrations.

This campaign involved 9 flights around NYC in Febru-
ary/March of 2019 and 2020 and November of 2018 and
2019 when the biosphere was less active. Details about
the conditions of each flight are available in SI Table S1.
The flights are discussed throughout the text using
sequential research flight (RF) labels (e.g., RF4). Figure
1A and B shows the corresponding flight dates. Airborne
measurements are sensitive to emissions distributed over
a wide area relative to ground-based observations and can
capture any vertical variability in CO, concentrations. All
flights were conducted by flying multiple transects down-
wind of the AOIs at different heights within the boundary
layer. Within a given flight, the flight track across all trans-
ects was kept as constant as possible. Most flights also
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Figure 1. Flight tracks and carbon dioxide (CO,) priors. (A and B) All flight tracks overlaid on a state map (U.S. Census
Bureau, 2021a) with the areas of interest highlighted in green, (A) highlighting the Greater New York Area (GNA) and (B)
highlighting New York City. November 9, 2018, March 1, 2019, and March 27, 2019, had similar downwind passes over
the Hudson River and thus cannot be distinguished. Winds were from the east on November 9, 2018, March 1, 2019, and
March 27, 2019, west on November 15, 2019, and March 4, 2020, southwest on November 10, 2019, and February 16,
and north on March 26, 2019, and March 7, 2020. (C-F) Each CO, prior across the modeling domain overlaid on
a state map, with the GNA outlined in blue. All priors are in log;o (kg C/km* h) with the color scale saturated at
logyo (0) kg C/km? hr. Water areas differ as Vulcan and the Anthropogenic Carbon Emissions System are national and
thus do not extend beyond the coast, Emission Database for Global Atmospheric Research is global and includes marine
emissions, and Open-Source Data Inventory for Anthropogenic CO, does not include emissions over water. DOI: https://
doi.org/10.1525/elementa.2021.00121.f1
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Table 2. Names and acronyms for all ensemble members used. DOI: https://doi.org/10.1525/elementa.2021.00121.t2

Category Acronym Name
Meteorology model outputs HRRR High Resolution Rapid Refresh (National Oceanic and Atmospheric
(MET) Administration, 2020)
GFS Global Forecast System (National Oceanic and Atmospheric Administration, 2020)
NAMS North American Mesoscale Forecast System (National Oceanic and Atmospheric

Administration, 2020)

ERA5 European Centre for Medium Range Weather Forecasts Fifth Reanalysis
(Copernicus, 2020)

Turbulence parameterizations KBLT = 2 Kantha—Clayson (Kantha & Clayson, 2000)
KBLT = 5 Hanna (Hanna, 1982)
Priors ACES—2017 Anthropogenic Carbon Emissions System, a 1-km? bottom-up national prior
(Gately & Hutyra, 2017)
Vulcan—2015 A 1-km? bottom-up national prior (Gurney et al., 2020a)
EDGAR—2018  Emission Database for Global Atmospheric Research, an approximately 12-km?
disaggregated global prior (European Commission, 2019; Crippa et al., 2019)
ODIAC—2018  Open-Source Data Inventory for Anthropogenic CO,, a 1-km? disaggregated global
prior (Oda & Maksyutov, 2015)
SF calculation methods I Integral
OLS Ordinary least squares regression
MA Major axis regression
B Bayesian optimization
2B Bayesian optimization including a simultaneous linear background correction

(slope and intercept)

Prior acronyms include the year that the data represent.

included an upwind pass flown just before/after the
downwind passes to identify inflowing plumes of elevated
GHG concentrations. Flight tracks for the downwind
passes for all 9 flights are shown in Figure 1A and B with
the 2 AOIs, NYC, and the GNA, highlighted. Complete
flight tracks can be seen in Figure S1. The large urban
areas of Philadelphia (39.95 N, 75.18 W) and Washington,
DC-Baltimore (39.10 N, 76.85 W) are also clear in Figure
1B-E as emission hot spots to the southwest of NYC,
making them important potential upwind sources when
winds were from the southwest.

This work employs an ensemble approach to estimate
the variability in the result introduced by the various
inputs (transport models and emission inventories) as well
as SF calculation methods and avoids relying entirely on
any one particular member. We use a total of 4 meteorol-
ogy data products (MET), 2 turbulence parameterizations
in the dispersion model (making 8 different transport
models), 4 bottom-up inventories as priors, and 5 SF cal-
culation methods, all discussed in detail below and sum-
marized in Table 2. This results in a total of 160 ensemble
members per flight. The distributions of posterior emis-
sion rates across these 160 ensemble members times 9
RFs (1,440 individual posterior emission rates) are dis-
cussed in the results. Relying on the mean of a plausible
group of, for example, MET, mitigates potential errors in
any one particular MET while also allowing us to estimate

the contribution of MET uncertainty (quantified as the
spread in the posterior emission rate across the 8 trans-
port models) to the overall posterior emission rate
uncertainty.

2.2. Transport modeling
The surface influence, or footprint, of flight data was
determined using the Hybrid Single Particle Lagrangian
Integrated Trajectory Model (HYSPLIT) v 5.0.0 (Draxler &
Hess, 1998; Stein et al., 2016; Loughner et al,, 2021). A
footprint, or influence function, represents the measure-
ment’s sensitivity to surface emissions, providing a quanti-
tative link between measured enhancements in
concentration and upwind surface fluxes. Each HYSPLIT
run was repeated using 4 different publicly available MET
as an input and 2 different parameterizations of vertical
velocity variance, Kantha—Clayson (Kantha & Clayson,
2000) and Hanna (Hanna, 1982), as described in Table 2
(see Table S2 for the spatiotemporal resolution of each
MET). Footprints were generated on a large modeling
domain, bounded by 34.4 N, 444 N, 83.7 W, and 69.7 W
at a resolution of 0.08 x 0.08, as shown in Figure 1B-E, to
ensure that potentially significant upwind sources were
included in the simulation.

Measured concentrations were block-averaged to
a 1-min resolution for all flight data within the boundary
layer. HYSPLIT particle releases for each minute consisted
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of approximately 1,000 particles distributed across the
locations flown during that minute. Modeled anthropo-
genic CO, enhancements along the flight track were then
simulated by multiplying footprints (ppm-(l{‘;—zgl) or mole
fraction/flux) from the HYSPLIT dispersion model (Draxler
& Hess, 1998; Stein et al., 2016; Loughner et al., 2021)
with emissions from one of the 4 priors (converted to
units of ”n‘:‘z‘;[). Modeled biogenic CO, enhancements were
then calculated in the same manner using the vegetation
photosynthesis and respiration model (VPRM; Mahadevan
et al., 2008; Gourd;ji et al., 2022) and added to modeled
anthropogenic enhancements. This simulates the mixing
ratio enhancement in CO, (ppm) relative to a long-range
background value at the boundary of the domain, and this
background must be subtracted from measured concen-
trations to compare the measured enhancements with

these modeled enhancements.

2.2.1. Background calculations

We calculate the long-range background using a percentile
method. We define times when we sampled background
air using both measured and modeled data to mitigate the
potential risk of selecting background times with large
modeled enhancements in cases where the modeled
plume is mislocated. First, we add the 1-min block-
averaged modeled and measured data pointwise. Then,
we identify the timestamps with concentrations between
the first and fifth percentile of concentrations from this
combined data set. These timestamps represent back-
ground air sampling for the data sets. The measured back-
ground is then defined as the average of all measured data
during these timestamps, and the modeled background is
the average of all modeled data during these timestamps.
As the timestamps chosen to represent background are
partially dependent on the modeled data, this process is
done separately for every flight and for every unique
ensemble member to yield slightly different backgrounds.

2.3. Prior emissions

We use 2 published bottom-up national priors, Anthropo-
genic Carbon Emissions System (ACES) version 2.0 (Gately
& Hutyra, 2017) and Vulcan version 3.0 (Gurney et al.,
2020b) as well as 2 global disaggregated priors, Open-
Source Data Inventory for Anthropogenic CO, (ODIAC)
version 2019 (Oda & Maksyutov, 2015), and Emission
Database for Global Atmospheric Research (EDGAR) ver-
sion 5 (Crippa et al., 2019; European Commission, 2019)
to calculate modeled anthropogenic CO, emissions. Both
ACES and Vulcan are hourly, 1-km? national bottom-up
CO, priors. As bottom-up products, they both incorporate
data from emission factors and activity data, modeling,
fuel statistics, and so on to allocate emissions in a gridded
field. They generally make use of similar methods and data
sets, but there are still several methodological differences
that can lead to some significant gridcell differences, as
discussed in detail by Gurney et al. (2020b). For the anal-
yses using Vulcan and ACES, Canadian emissions within
the domain are taken from EDGAR since ACES and Vulcan
do not extend beyond the United States. EDGAR (Janssens-
Maenhout et al., 2017; Crippa et al., 2019; European

Hajny et al: A spatially explicit inventory scaling approach to estimate urban emissions

Commission, 2019) is a monthly, 0.1° (approximately 12
km? for the northeast United States) global prior that dis-
aggregates national emissions using nationally specific
activity data and emission factors combined with the
appropriate proxies for different economic sectors (e.g.,
human population, road density). It also makes use of the
Carbon Monitoring for Action database for point sources.
Lastly, ODIAC (Oda & Maksyutov, 2015; Oda et al., 2018) is
a monthly, 1 km?, global prior that disaggregates the Car-
bon Dioxide Information Analysis Center national emis-
sions primarily by using the Carbon Monitoring for Action
database for point sources and night-light satellite data for
nonpoint sources. For all analyses, we use annually aver-
aged emissions for the most recent year available for each
prior, which is indicated in Table 2. We also regridded all
priors to match the extent and resolution of the domain
using a conservative regridding scheme provided by the
Python package XESMF (Zhuang, 2021).

Measured concentrations represent bulk emissions
from all upwind sources, including both anthropogenic
emissions and biogenic emissions, but all priors used only
represent anthropogenic emissions. To incorporate bio-
genic CO, emissions into the modeled emissions, we also
used a modified version of VPRM (Mahadevan et al.,
2008), described in detail by Gourdji et al. (2022). VPRM
is an empirical model optimized using flux tower data. It
calculates net ecosystem exchange (respiration + photo-
synthesis) as a function of the enhanced vegetation index,
land surface water index, temperature, and photosynthet-
ically active radiation using a combination of in situ mea-
surements and remote sensing. We used hourly fluxes for
the dates of the flight data, generated at a 0.02°
resolution.

2.4. Weighting approach

Figure 2 shows 3 examples of the measured and modeled
enhancements, the modeled enhancements originating
only from the AOIs, and the weighting functions. It is clear
from Figure 2 (A, C, and E) that AOI and non-AOl
enhancements show concurrent peaks in many cases. As
previously mentioned, the long-range background sub-
tracted from both measured and modeled values allows
them to be directly compared but does not address
sources upwind of the AOI overlapping with those of the
AOI (e.g., Philadelphia in RF5). To address this problem,
we have developed a weighting function to better isolate
the enhancements of specific AOIs.

We calculate a weighting function for 2 different AOIs,
the 5 NYC boroughs (including water areas; DCP) and the
GNA (U.S. Census Bureau, 2021c), which includes NYC, as
highlighted in Figure 1B and A, respectively. The weight-
ing function is defined pointwise (Weighting,) as the frac-
tion of modeled enhancements, that is, the product of
prior and footprint, from the AOI (Modeledao;,) divided
by the modeled enhancements for the entire domain
(Modeled,oa,) as shown in Equation 1. As the weighting
function is calculated using modeled enhancements, it
relies somewhat more heavily on the modeling (MET and
prior) than simply using a long-range background. This
approach, like all scaling approaches, is also entirely
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Figure 2. Example time series of measured carbon dioxide (CO,) enhancements, modeled CO, enhancements,
and weighting functions. Measured and modeled CO, enhancements over time for the flights on (A and B) March 1,
2019, (C and D) March 27, 2019, and (E and F) November 10, 2019, using global forecast system modeled winds and
the Vulcan prior. (A, C, and E) Use New York City (NYC) as the area of interest (AOI) and (B, D, and F) use the Greater
New York Area. Each valley—peak—valley represents a downwind transect covering the extent of the plume. Upwind
data are included for the flights with upwind transects, typically with near O weighting for NYC. The shaded regions
represent the modeled enhancements that originated from the AQI, red lines represent the modeled enhancements
from all upwind sources, and the green dashed lines represent the weighting functions. The flight on November 10,
2019, has smaller weighting and a larger mismatch between measured and modeled enhancements because of the
SW winds mixing significant Philadelphia emissions with those from the AOI. DOI: https://doi.org/10.1525/
elementa.2021.00121.f2

reliant on the prior for the spatial distribution of emis- SF and can be thought of as an additional background
sions. Weights are then multiplied with total modeled subtraction that is specific to the AOL

enhancements, meaning the sum of AOI and non-AQl Modeledso;

enhancements (i.e., the solid red line in Figure 2) and Weighting, = —————. (1)
. . . Modeled, o,

measured enhancements after subtracting their respective '

long-range backgrounds. This weighting allows us to min- Flights with significant influence upwind of the AOI,

imize the effect of non-AOI sources before calculating an  such as the flight on November 10, 2019 (RF5), would be
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poorly suited to any SF approach without some way to
isolate the AOI, as the measurements are heavily influ-
enced by non-AOI emissions. In such cases, one likely
cannot assume that the SF for the AOI is consistent with
that for all upwind sources either, and therefore, the influ-
ence of these non-AOI emissions could limit the number
of usable flights (to seven of the nine in our case) if it is
unaccounted-for. However, with the weighting approach,
these flights can still be used, as non-AOI emissions are
deweighted appropriately to focus the SF primarily on the
AOL Weighting should also reduce the variability from
flight to flight as the footprints are more comparable
flight-to-flight without the influence of regions farther
upwind.

2.5. SF approaches

We calculated SFs, which represent the factor by which the
weighted modeled enhancements need to be multiplied
to best match the weighted measured enhancements,
using 5 methods. We calculated a single SF for each
ensemble member for each flight (i.e., not per transect).
The ensemble approach allows us to balance the benefits
and drawbacks of each technique. For example,
regression-based approaches would be more heavily
impacted by a poor correlation between measured and
modeled enhancements, which could occur if plumes are
offset due to prior or transport model error. Bias correc-
tion methods would, on the other hand, be most impacted
by background errors. Posterior emission totals for the
AOIs were then calculated by multiplying these SFs by the
total prior emissions within the AOIs, which can be seen in
Figure 1B—E (see Figure S2 for the priors shown over the
AOIs only).

2.5.1. Integral (1) SF method

The first method was an integral ratio SF (I). We integrated
weighted enhancements across each flight for both
measured and modeled enhancements. The ratio of these
integrated enhancements gives an SF for that flight
(Equation 2)

> (Weight,[CO20bs; — BGobs])
> (Weight,[CO2mod,; — BGmod]) '

Here, COyops and CO,,,04 represent the measured and
modeled mole fractions, respectively, while BG,ps and
BGnoq represent the measured and modeled long-range
background mole fractions, Weight represents the weight-
ing function and the index i represents the index of the 1
min measurements along the flight.

Integral SF =

(2)

2.5.2. Regression (ordinary least squares [OLS] and
major axis [MA]) SF methods

We also calculated SFs using an OLS and MA fit of
weighted modeled enhancements (y) against weighted
measured enhancements (x) across a flight. The slope of
this fit is the reciprocal of the SF for this approach. This
was done with the intercept forced to zero as this can
partially mitigate the impact of poor correlation on the
slope (see SI Section S2).

Hajny et al: A spatially explicit inventory scaling approach to estimate urban emissions

2.5.3. Bayes (B and 2B) SF methods

Lastly, we calculated SFs using 2 different approaches that
rely on Bayes's Theorem, described more thoroughly in SI
section S3. Broadly, these involve minimizing the differ-
ences between measured and modeled enhancements,
similar to regression approaches, but including a regular-
ization term that considers the uncertainties and prior
knowledge of the SF, similar to an inversion. Optimum
SFs were obtained by minimizing the cost function ]
(Enting, 2002; Tarantola, 2005):

J0) =310 2) Py (= 4) + (H() =) R HO) =),

(3)

where A is the state vector (i.e., SF), A, is the first guess or
a priori state vector, P, is the a priori error variance matrix,
which represents the uncertainties in our a priori knowl-
edge about the state vector, and R is the model-data error
covariance matrix, which represents the uncertainties in
the modeled enhancements H(\) and the observations y,
also known as model-data mismatch. In our case, R is
a diagonal covariance matrix that includes background
uncertainty, measurement uncertainty, and transport
modeling uncertainty added in quadrature.

The first approach (B) optimizes a single SF using the
analytical solution to Equation 3. In the second approach
(2B), 3 parameters are simultaneously optimized in the
same manner. In this case, the first term is the SF, the
second term is an offset to account for potential back-
ground bias (i.e., intercept), and the third term is the
slope of a linear trend to account for spatial gradients in
the background. In this work, we chose as prior SFs A, =
[1 0 0] with prior uncertainties P, = [1 1 0.1] for 2B and
for B we use A, = [1] and P, = [1].

3. Results and discussion

We report posterior anthropogenic emission rates based
on the range of results across the various MET, SF meth-
ods, flight days, and priors using the standard deviation
across posteriors, one category at a time. These provide
information about the variability in posterior emission
rates introduced by each of these aspects of the ensemble.
We then present campaign-averaged emission rates for
both AOIs as NYC represents a more policy-relevant area,
while the wider GNA better represents the area of sensi-
tivity for our flights. The campaign average, representative
of daytime emissions during our flight days, is the average
posterior for the AOI across all 160 ensemble members
and 9 flights (for a total of 1,440 calculated posterior
emission rates).

In this work, the biogenic fluxes from VPRM are used
solely to ensure the best possible comparison between
measured and modeled enhancements. The VPRM mod-
eled emissions are generally small and, after background
subtraction, have little effect on the modeled enhance-
ments. However, they have a more significant effect on
the weighting functions as the rural areas outside of the
AOIs have more significant biogenic emissions, thus
affecting the ratio between AOI and non-AOI emissions
(i.e., the weighting functions). This means that ignoring
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the biogenic contribution would have led to an overesti-
mation of the AOIs emission rates. This can be seen in SI
Figures S3 and $4.

3.1. Posterior emission rates

The posterior emission rates across the ensemble are
shown in Figure 3 and summarized in Table 3. Across
all parameters, the campaign-averaged posterior emission
rate for NYC is (49 * 16) kmol/s (mean + 1c), and for the
GNA, it is (144 + 44) kmol/s, with the bounds represent-
ing the 1o variability across the 9 flights. We rely on the
daily variability when discussing the campaign-averaged
posterior emission rates because the daily variability incor-
porates both real variability in emissions and apparent
variability caused by methodological sources, including
those that are not captured by the ensemble spread, which
are discussed in detail below.

The campaign-averaged posterior emission rates are
larger than any of the prior emission rates (colored
lines in Figure 3), but this is as expected given the
priors are annual averages while all flights occurred
during daytime hours in the nongrowing season when
anthropogenic emissions tend to be larger. To more
appropriately compare to the inventories, we use emis-
sion rates from the hourly ACES (year 2017) and Vulcan
(year 2015) inventories for the dates and times that
best represent the flights as was done in Pitt et al.
(2022; abbreviated as ACI for the Anthropogenic Car-
bon Emissions System inventory and VUI for Vulcan in
Figure 3, see SI section S4 for a detailed description).
The average emission rates for these representative
inventories are summarized in Table 3. For ACES, the
average representative emission rates are (46 + 9)
kmol/s for NYC (7% less than our posterior estimate)
and (145 + 21) kmol/s for the GNA (<1% greater than
our posterior estimate). For Vulcan, the average repre-
sentative emission rates are (52 + 10) kmol/s for NYC
(6% greater than our posterior estimate) and (124 +
20) kmol/s for the GNA (14% less than our posterior
estimate). Bounds here represent the 1o variability
across 45 representative days. Agreement for both AOIs
is within the daily variability of the representative
inventories and well within the daily variability of the
posterior emission rates. This level of agreement for
both AOIs, even though the SFs differ by as much as
50%, supports the argument that using weighting
functions helped us to separate AOI emissions from
non-AOI emissions. Although it is difficult to directly
compare these emission rates to the NYC self-reported
inventory (SRI), a recent study by Gurney et al. (2021)
compared annual 2015 Vulcan emissions with the 2015
NYC SRI, considering only source categories for which
the SRI did not include any indirect emissions (i.e.,
Scope 2 or 3). That study found that the total NYC
CO, emissions over these source categories in the SRI
were 19% lower than the equivalent Vulcan estimates.

3.2. Sources of variability
The variability in the posterior emission rate with respect
to the prior used is 14% for NYC and 8.1% for the GNA
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(Figure 3A and B). This is an improvement from the var-
iability across the prior emission rates, which show 44%
variability in NYC and 35% variability in the GNA across
the 4 priors, driven largely by ODIAC. If ODIAC is
excluded, then the variability in the posterior emission
rate drops to 6.6% for NYC and 7.9% for the GNA. This
is still an improvement from the variability in the prior
emission rates excluding ODIAC, which are 9.1% for NYC
and 13.3% for the GNA. The variability across the trans-
port models (MET and turbulence parameterizations) is
5.4% for NYC and 5.7% for the GNA (Figure 3C and D).
Additionally, posterior emission rates using the vertical
turbulence option based on Hanna (1982; HYSPLIT setting
kblt = 5) are consistently lower than those based on
Kantha—Clayson (Kantha & Clayson, 2000; HYSPLIT setting
kblt = 2), with mean posterior emission rates that are, on
average, 3.3% lower. This feature was seen in Pitt et al.
(2022) as well. The variability across the 5 SF calculation
methods is only 2.2% for NYC and 3.6% for the GNA
(Figure 3E and F), making this the smallest source of
variability. Finally, the daily posterior emission rate vari-
ability is 32% for NYC and 31% for the GNA (Figure 3G
and H), making it a larger source of variability than all
other terms combined in quadrature, that is, an estimate
of the method's uncertainty (15% for NYC and 10% for
the GNA).

These variabilities are summarized in Table 3 and com-
bined to provide an estimation of the overall variability for
the posterior emission rates as in Lopez-Coto et al. (2020)
and Pitt et al. (2022). Combining these terms assumes that
they are independent sources of variability, which is
unlikely to be true. Additionally, the choice of ensemble
members (MET, priors, etc.) could impact the ensemble
spread across these parameters. Therefore, the estimated
variabilities may not represent the true uncertainties, but
they do still provide an estimate of the likely variability
introduced by the various model choices. If this SF
approach is used over larger timescales to assess trends,
then the daily variability is also a relevant part of the
campaign-averaged posterior variability. This results in
a combined variability more comparable to the uncertain-
ties for individual mass balance experiment approaches
(Cambaliza et al., 2014; O'Shea et al., 2014; Heimburger
et al., 2017; Ren et al., 2018; Ahn et al., 2020). It is worth
noting that while the calculated daily variability is large
(approximately 32%), the 95%, 2-sided confidence inter-
vals (f_y/2n-1 X s/VN, too7s, 5 = 2.306) of our cam-
paign mean with 8 degrees of freedom (N — 1) are
smaller (approximately 25%) and can potentially be fur-
ther reduced by adding additional flights.

Real variability in the inventories themselves is signif-
icant, including a factor of >1.5 change between summer
and winter and day-to-day variability of >15% (see Figure
S6). This intraannual variability alone is much larger than
the annual reductions that policies for many cities, includ-
ing NYC, would require. The daily variability in posterior
emission rates is even larger than that of the representa-
tive days in ACES (19% for NYC and 15% for the GNA) or
Vulcan (19% for NYC and 16% for the GNA). Potential
reasons for this increased daily variability with the SF
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Figure 3. Boxplots of the posterior carbon dioxide (CO,) emission rates for New York City (NYC) and the
Greater New York Area (GNA). Boxplots of the ensemble of posterior CO, emission rates for NYC and the GNA,
grouped by (A and B) prior, (C and D) meteorological model outputs (MET), (E and F) scaling factor calculation
method, and (G and H) flight day. Boxes indicate the 25th—75th percentile, whiskers extend to the most extreme data
point within 1.5 times the interquartile range of the box, and circles mark any data outside these bounds. ACI and VUI
represent the Anthropogenic Carbon Emissions System and Vulcan inventories for similar days and times as the flights
(see SI Section S4 for details). The MET are abbreviated as ER for the European Centre for Medium Range Weather
Forecasts Fifth Reanalysis, GF for the Global Forecast System, HR for the High Resolution Rapid Refresh, and NA for
the North American Mesoscale Forecast System, while the 2 and 5 represent the Kantha—Clayson (Kantha & Clayson,
2000) and Hanna (Hanna, 1982) turbulence parameterizations, respectively. DOI: https://doi.org/10.1525/
elementa.2021.00121.f3
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Table 3. Posterior emission rates and relative 1o variabilities across each parameter. DOI: https://doi.org/10.1525/

elementa.2021.00121.t3

GNA NYC
Value SF Inversion VUI ACI SF Inversion VUI ACl
Posterior (kmol/s) 144 125 124 145 48.6 44.6 515 455
Daily variability 31% (44) 31% (39)  16% (20)  14% (21) 32% (16) 41% (18)  19% (9.8) 19% (8.8)
Prior variability 81% (12)  7.9% (9.9) NA NA 13.6% (6.6) 5.7% (2.5) NA NA
MET variability 57% (8.2) 3.8% (4.7) NA NA 54% (2.6) 49% (2.2) NA NA
SF method variability ~ 3.6% (5.2) NA NA NA 2.2% (1.1) NA NA NA
Combined variability ~— 33% (47)  33% (41) NA NA 35% (17) 41% (18) NA NA

The values in parentheses indicate the absolute 1o variability in kmol/s. GNA = Greater New York Area; NYC = New York City;

ACI = Anthropogenic Carbon Emissions System inventory; VUI =

approach are largely the same as previously discussed for
inversions (Lopez-Coto et al., 2020; Pitt et al., 2022). The
likely causes can be summarized as: (1) spatiotemporal
aliasing, (2) day-to-day variability in transport model
performance, (3) underestimated daily variability in
inventories, and (4) interannual variability. The aliasing
stems from the fact that each flight samples a somewhat
different footprint, that is, is more sensitive to different
parts of the AOI. Additionally, some sources have large
hourly variability and are sampled at somewhat different
times on different flights. These two effects cause spatio-
temporal variability in emissions to appear as daily variabil-
ity in emissions, as discussed in detail in Lopez-Coto et al.
(2020). Increasing the number of simultaneous measure-
ments was suggested by Lopez-Coto et al. (2020) as a way
to at least partially alleviate this spatiotemporal aliasing.
The transport model ensemble cannot account for poor
performance across the ensemble and the performance will
vary by day. The daily variability of emissions is underesti-
mated by inventories because the temporal profiles of emis-
sions used in inventories rely on some degree of
interpolation or proxy data that can smooth out some tem-
poral variability (making it akin to a climatology rather than
a weather of emissions). The daily variability for the years
that we flew also may have been larger than that of the
inventory years, which are 2017 for ACES and 2015 for
Vulcan. Lastly, the flights cover 2 winters (November
2018-March 2020), and some interannual variability in
emissions may exist.

3.3. Comparison to inversion

These flights were also analyzed using a nested Bayesian
inversion with similar ensemble members in Pitt et al.
(2022). The data processing (long-range background, mod-
eling parameters, etc.) of this work matches the base case
of Pitt et al. (2022). This allows for a direct comparison of
the results using these 2 different techniques as summa-
rized in Table 3. The campaign-averaged posterior emis-
sion rate calculated in this work using an SF approach is
9.1% greater than the inversion-based campaign-averaged
posterior emission rate for NYC and 15% greater for the
GNA. This is well within the 1o combined variability of

Vulcan inventory; SF = scaling factor; NA = not applicable.

either method and both approaches show good agree-
ment with representative inventory estimates from ACES
and Vulcan, providing confidence in both approaches and
in the inventories. Daily average emission rates are also
highly correlated between methods, with a Pearson corre-
lation that is over 0.9 for both AOIs. Additionally, the
relative contribution of the different sources of variability
is quite similar between the methods.

Interestingly, the SF approach shows more consistent
relative daily variability (i.e., as a percentage) between
the two AOIs than the inversion analysis, which exhibits
increased relative variability for NYC. This increased rel-
ative variability for NYC is also observed in the represen-
tative inventories, although with lower values. However,
in absolute terms (kmol/s), the SF approach shows larger
variability for the GNA and almost the same variability
for NYC. Both this and the larger campaign-averaged
posterior emission rate of the SF approach are due to
the different assumptions inherent to these approaches.
Inversions directly optimize both AOI and non-AOI
sources and can adjust the spatial distribution of the
prior although they default to the prior value in areas
that have no data with footprint influence. The SF
approach with a weighting function applies a single SF
to the prior AOI, so it assumes that the prior distribution
is accurate (as does any scaling approach) and it can only
separate AOI from non-AOI emissions by assuming the
AOI: non-AOl emission ratio in the prior is accurate.
Finally, although the ensemble constructed and methods
used were different, Lopez-Coto et al. (2020) also saw
similar component variabilities in a study using flight
data in an ensemble of inversions for the Washington,
DC-Baltimore metropolitan area. The authors saw 33%
daily variability, 7%—15% variability across transport
models (MET and turbulence parameterizations, includ-
ing an experimental turbulence parameterization in HYS-
PLIT), and 11% variability across priors (including a flat
prior with no spatial information).

4, Conclusions
The SF ensemble approach used here avoids many of the
issues faced when applying a mass balance method or
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nonweighted SF methods to calculate urban emissions, by
directly relating emissions to a source area and prior using
transport modeling. It is also simpler to apply than a full
inverse modeling approach making it useful for broad
applications. Since the approach relies on different under-
lying assumptions, it provides a good complement to
these alternative methods and has been shown here to
provide similar results to an inverse modeling study using
the same data. Both approaches also agree well with
inventory estimates for both AOIs. This level of agreement,
especially given the GNA had SFs as much as 50% larger
than NYC SFs, supports the claim that the weighting func-
tion is able to reduce the effect of non-AOI emissions.
This case adds to the literature showing that CO, inven-
tory estimates, as well as transport models, are generally
able to represent measurements relatively well (Lauvaux
et al., 2016; Sargent et al., 2018; Ahn et al.,, 2020; Lau-
vaux et al., 2020; Lopez-Coto et al., 2020). The variability
due to meteorology and that due to the priors were both
relatively large sources of posterior emission rate vari-
ability, which suggests that improvements in both trans-
port modeling (both HYSPLIT and the meteorological
models that feed it) and bottom-up inventories are nec-
essary to further reduce uncertainties in quantification
methods such as this. This approach also resulted in pos-
terior emission rates that were broadly consistent across
priors even though EDGAR is a 10x coarser global prod-
uct and ODIAC was initially biased quite low for the
region. However, the SFs are sensitive to a number of
errors as shown by the previous work (Pitt et al., 2018;
Sargent et al., 2018; Karion et al., 2019) as well as here
and, thus, a careful model-data screening must be done
to avoid large excursions in the estimations. Examples
include most SF approaches used require a high correla-
tion between modeled and measured enhancements, any
SF approach requires an accurate spatial distribution of
prior emissions, there must not be significant upwind
sources outside the model domain, and sources outside
an AOI must be considered.

The inclusion of the upwind sources in the simula-
tion domain (i.e., using a large domain) combined with
the weighting function allows this approach to appro-
priately differentiate between emissions from particular
AOIs and emissions from farther upwind, addressing the
last two concerns. This allows us to focus on emissions
within political and legal boundaries, such as cities, that
are of particular interest for emissions quantification
and trend analysis. Additionally, the ensemble approach
used here can partially minimize the influence of some
of the other limitations, and thus, it is preferred as
opposed to a single SF method, prior, and MET. Top-
down approaches such as this allow us to compare/con-
trast results with developed emission inventories and
quantify emissions in near-real time. Future work more
thoroughly comparing this ensemble SF approach to
inversion as well as mass balance methods would be
of value as these top-down approaches continue to be
employed and further refined.

Hajny et al: A spatially explicit inventory scaling approach to estimate urban emissions

Data accessibility statement

Aircraft measurement data used in this study are available
from the Harvard Dataverse at https://doi.org/10.7910/
DVN/UECQXX.

Supplemental files
The supplemental PDF file for this article includes the
following:

Table S1. Conditions and date of each flight.

Table S2. Spatiotemporal resolutions of the gridded
archive meteorological model outputs (MET) files.

Table S3. Details of calibration cylinders used.

Figure S1. Flight tracks and time series of measured
carbon dioxide (CO,) enhancements, modeled CO,
enhancements, and weighting functions.

Figure S2. Carbon dioxide priors zoomed to the
Greater New York Area.

Figure S$3. Boxplots of posterior carbon dioxide emis-
sion rates demonstrating the impact of biogenic
emissions.

Figure S4. Example enhancement time series with and
without biogenic emissions.

Figure S5. Example regression scaling factor plots
showing the effect of correlation.

Figure S6. Boxplots of inventory emissions showing
seasonal and diurnal profiles.

Text S1. Calibration cylinder details.

Text S2. The effect of correlation on regression scaling
factors.

Text S3. Detailed Bayesian scaling factor methods.

Text S4. Representative inventory values.

Acknowledgments

The authors thank air traffic control in and around New York
City for their support with our flight patterns and the Jon-
athan Amy Facility for Chemical Instrumentation at Purdue
University for continued assistance in maintaining equip-
ment in the Airborne Laboratory for Atmospheric Research.

Funding

We thank the National Institute of Standards and Technol-
ogy (NIST) for partial support of this work, via Award Nos.
70NANB16H262 and 70NANB19H167. K. R. Gurney
acknowledges the support from the National Aeronautics
and Space Administration (NASA) grant NNX14AJ20G and
the NASA Carbon Monitoring System program, Under-
standing User Needs for Carbon Information project (sub-
contract 1491755).

Competing interests

The authors have no competing interests, as defined by
Elementa, that might be perceived to influence the
research presented in this article. Paul B. Shepson is an
Associate Editor at Elementa. He was not involved in the
review process of this article.

Author contributions
Contributed to flight measurements and flight design:
KDH, CREF, ILC, JRP, T], RK, BHS, JT, PBS.

220z aunr gz uo 3sanb Aq Jpd*1.21.00" 1 202 eIUBWSIR/E9G6 | 2/1.2100/L/0LAPd-8oIHe/BjUBWSle/NPa’ssaidon auluo//:dpy Wwoly papeojumoq


https://doi.org/10.7910/DVN/UECQXX
https://doi.org/10.7910/DVN/UECQXX

Hajny et al: A spatially explicit inventory scaling approach to estimate urban emissions

Contributed to acquisition and proper use of inventory
data: CKG, KRG, LRH, GSR.

Contributed to analysis and interpretation of data:
KDH, CRF, ILC, JRP, CKG, KRG, LRH, MS, PBS, SW.

Drafted and/or revised this article: KDH, CRF, ILC, JRP,
CKG, KRG, LRH, GSR, MS, AJT, PBS, SW.

Approved the submitted version for publication: All
Authors.

Disclaimer

Certain commercial equipment, instruments, or materials
are identified in this article to specify the experimental
procedure adequately. Such identification is not intended
to imply recommendation or endorsement by National
Institute of Standards and Technology nor is it intended
to imply that the materials or equipment identified are
necessarily the best available for the purpose.

References

Ahn, DY, Hansford, JR, Howe, ST, Ren, XR, Salawitch,
RJ, Zeng, N, Cohen, MD, Stunder, B, Salmon, OE,
Shepson, PB, Gurney, KR, Oda, T, Lopez-Coto, I,
Whetstone, J, Dickerson, RR. 2020. Fluxes of
atmospheric greenhouse-gases in Maryland
(FLAGG-MD): Emissions of carbon dioxide in the
Baltimore, MD-Washington, D.C. Area. Journal of
Geophysical Research: Atmospheres 125(9):
€2019JD032004. DOI: https://dx.doi.org/10.1029/
2019JD032004.

Cambaliza, MOL, Shepson, PB, Caulton, DR, Stirm, B,
Samarov, D, Gurney, KR, Turnbull, J, Davis, K],
Possolo, A, Karion, A, Sweeney, C, Moser, B, Hen-
dricks, A, Lauvaux, T, Mays, K, Whetstone, J,
Huang, J, Razlivanov, I, Miles, NL, Richardson,
SJ. 2014. Assessment of uncertainties of an
aircraft-based mass balance approach for quantify-
ing urban greenhouse gas emissions. Atmospheric
Chemistry and Physics 14(17): 9029-9050. DOI:
https://dx.doi.org/10.5194/acp-14-9029-2014.

Copernicus. 2020. Copernicus Climate Change Service
(C3S). 2017. ERA5: Fifth generation of ECMWF
atmospheric reanalyses of the global climate. Avail-
able at https://cds.climate.copernicus.eu/cdsapp.
Accessed 1 June 2020.

Crippa, M, Oreggioni, G, Guizzardi, D, Muntean,
M, Schaaf, E, Lo Vullo, E, Solazzo, E, Monforti-
Ferrario, F Olivier, J, Vignati, E, European
Commission, Joint Research Centre. 2019. Fossil
CO, and GHG emissions of all world countries:
2019 Report. Publications Office of the European
Union. Available at http://publications.europa.eu/
publication/manifestation_identifier/PUB_KJNA
29849ENN. Accessed 18 November 2019.

Crosson, ER. 2008. A cavity ring-down analyzer for mea-
suring atmospheric levels of methane, carbon diox-
ide, and water vapor. Applied Physics B 92(3):
403-408. DOI: https://dx.doi.org/10.1007 /s00340-
008-3135-y.

Cventure, LLC, Pasion, C, Oyenuga, C, Gouin, K. 2017.
City of New York inventory of New York City's

Art. 10(1) page 13 of 17

greenhouse gas emissions. Mayor’s Office of Sus-
tainability. Available at https://www1.nyc.gov/
assets/sustainability/downloads/pdf/GHG_
Inventory_2017.pdf. Accessed 4 February 2020.

Department of City Planning. n.d. NYC borough bound-
aries (water areas included). Available at https://
data.cityofnewyork.us/City-Government/Borough-
Boundaries-Water-Areas-Included-/tv64-9x69.
Accessed 1 September 2020.

Dlugokencky, EJ, Myers, RC, Lang, PM, Masarie, KA,
Crotwell, AM, Thoning, KW, Hall, BD, Elkins,
JW, Steele, LP. 2005. Conversion of NOAA atmo-
spheric dry air CH,4 mole fractions to a gravimetri-
cally prepared standard scale. Journal of Geophysical
Research: Atmospheres 110(D18). DOI: https://dx.
doi.org/10.1029/2005)JD006035.

Draxler, R, Hess, G. 1998. An overview of the HYSPLIT 4
modeling system for trajectories, dispersion, and
deposition. Australian Meteorological Magazine 47:
295-308.

Enting, IG. 2002. Inverse problems in atmospheric constit-
uent transport. Cambridge, UK: Cambridge Univer-
sity Press. Available at http://public.eblib.com/
choice/publicfullrecord.aspx?p=217899. 24 Sep-
tember 2020.

European Commission. 2019. EDGAR v5.0 global green-
house gas emissions. Available at https://edgar.jrc.
ec.europa.eu/overview.php?v=50_GHG. Accessed
18 November 2019.

Feng, S, Lauvaux, T, Keller, K, Davis, KJ, Rayner, P, Oda,
T, Gurney, KR. 2019. A road map for improving the
treatment of uncertainties in high-resolution
regional carbon flux inverse estimates. Geophysical
Research Letters 46(22): 13461-13469. DOI: https://
dx.doi.org/10.1029/2019GL082987.

Floerchinger, C, Shepson, PB, Hajny, K, Daube, BC,
Stirm, BH, Sweeney, C, Wofsy, SC. 2021. Relative
flux measurements of biogenic and natural gas-
derived methane for seven U.S. Cities. Elementa: Sci-
ence of the Anthropocene 9(1). DOI: https://dx.doi.
org/10.1525/elementa.2021.000119.

Garman, KE, Hill, KA, Wyss, P, Carlsen, M, Zimmer-
man, JR, Stirm, BH, Carney, TQ, Santini, R, Shep-
son, PB. 2006. An airborne and wind tunnel
evaluation of a wind turbulence measurement sys-
tem for aircraft-based flux measurements. Journal of
Atmospheric and Oceanic Technology 23(12):
1696-1708. DOI: https://dx.doi.org/10.1175/
JTECH1940.1.

Garman, KE, Wyss, P, Carlsen, M, Zimmerman, JR,
Stirm, BH, Carney, TQ, Santini, R, Shepson, PB.
2008. The contribution of variability of lift-induced
upwash to the uncertainty in vertical winds deter-
mined from an aircraft platform. Boundary-Layer
Meteorology 126(3): 461-476. DOI: https://dx.doi.
org/10.1007 /s10546-007-9237-y.

Gately, CK, Hutyra, LR. 2017. Large uncertainties in
urban-scale carbon emissions: Uncertainties in
urban carbon emissions. Journal of Geophysical

220z aunr gz uo 3sanb Aq Jpd*1.21.00" 1 202 eIUBWSIR/E9G6 | 2/1.2100/L/0LAPd-8oIHe/BjUBWSle/NPa’ssaidon auluo//:dpy Wwoly papeojumoq


https://dx.doi.org/10.1029/2019JD032004
https://dx.doi.org/10.1029/2019JD032004
https://dx.doi.org/10.5194/acp-14-9029-2014
https://cds.climate.copernicus.eu/cdsapp
http://publications.europa.eu/publication/manifestation_identifier/PUB_KJNA29849ENN
http://publications.europa.eu/publication/manifestation_identifier/PUB_KJNA29849ENN
http://publications.europa.eu/publication/manifestation_identifier/PUB_KJNA29849ENN
https://dx.doi.org/10.1007/s00340-008-3135-y
https://dx.doi.org/10.1007/s00340-008-3135-y
https://www1.nyc.gov/assets/sustainability/downloads/pdf/GHG_Inventory_2017.pdf
https://www1.nyc.gov/assets/sustainability/downloads/pdf/GHG_Inventory_2017.pdf
https://www1.nyc.gov/assets/sustainability/downloads/pdf/GHG_Inventory_2017.pdf
https://data.cityofnewyork.us/City-Government/Borough-Boundaries-Water-Areas-Included-/tv64-9x69
https://data.cityofnewyork.us/City-Government/Borough-Boundaries-Water-Areas-Included-/tv64-9x69
https://data.cityofnewyork.us/City-Government/Borough-Boundaries-Water-Areas-Included-/tv64-9x69
https://dx.doi.org/10.1029/2005JD006035
https://dx.doi.org/10.1029/2005JD006035
http://public.eblib.com/choice/publicfullrecord.aspx?p=217899
http://public.eblib.com/choice/publicfullrecord.aspx?p=217899
http://public.eblib.com/choice/publicfullrecord.aspx?p=217899
Available at https://edgar.jrc.ec.europa.eu/overview.php?v=50_GHG
Available at https://edgar.jrc.ec.europa.eu/overview.php?v=50_GHG
Available at https://edgar.jrc.ec.europa.eu/overview.php?v=50_GHG
https://dx.doi.org/10.1029/2019GL082987
https://dx.doi.org/10.1029/2019GL082987
https://dx.doi.org/10.1525/elementa.2021.000119
https://dx.doi.org/10.1525/elementa.2021.000119
https://dx.doi.org/10.1175/JTECH1940.1
https://dx.doi.org/10.1175/JTECH1940.1
https://dx.doi.org/10.1007/s10546-007-9237-y
https://dx.doi.org/10.1007/s10546-007-9237-y

Art. 10(1) page 14 of 17

Research: Atmospheres 122(20): 11242-11260. DOL:
https://dx.doi.org/10.1002/2017JD027359.

Gourdji, SM, Karion, A, Lopez-Coto, I, Ghosh, S, Muel-
ler, KL, Zhou, Y, Williams, CA, Baker, IT, Haynes,
K, James, W. 2022. A modified vegetation photo-
synthesis and respiration model (VPRM) for the east-
ern USA and CANADA, evaluated with comparison
to atmospheric observations and other biospheric
models. Journal of Geophysical Research: Biogeos-
ciences 127. DOI: https://dx.doi.org/10.1029/
2021JG006290.

Gourdji, SM, Yadav, V, Karion, A, Mueller, KL, Conley, S,
Ryerson, T, Nehrkorn, T, Kort, EA. 2018. Reducing
errors in aircraft atmospheric inversion estimates of
point-source emissions: The Aliso Canyon natural
gas leak as a natural tracer experiment. Environ-
mental Research Letters 13(4): 045003. DOI:
https://dx.doi.org/10.1088/1748-9326/aab049.

Gurney, KR, Liang, J, O'Keeffe, D, Patarasuk, R, Hutch-
ins, M, Huang, J, Rao, P, Song, Y. 2019. Comparison
of global downscaled versus bottom-up fossil fuel
CO, emissions at the urban scale in four U.S. urban
areas. Journal of Geophysical Research: Atmospheres
124(5): 2823-2840. DOI: https://dx.doi.org/10.
1029/2018)D028859.

Gurney, KR, Liang, J, Patarasuk, R, Song, Y, Huang, ],
Roest, G. 2020a. The Vulcan version 3.0 high-
resolution fossil fuel CO, emissions for the United
States. Journal of Geophysical Research: Atmospheres
125(19): €2020JD032974. DOI: https://dx.doi.org/
10.1029/2020JD032974.

Gurney, KR, Liang, J, Roest, G, Song, Y, Mueller, K,
Lauvaux, T. 2021. Under-reporting of greenhouse
gas emissions in U.S. cities. Nature Communications
12(1): 553. DOI: https://dx.doi.org/10.1038/
s41467-020-20871-0.

Gurney, KR, Mendoza, DL, Zhou, Y, Fischer, ML, Miller,
CC, Geethakumar, S, de la Rue du Can, S. 2009.
High resolution fossil fuel combustion CO, emission
fluxes for the United States. Environmental Science &
Technology 43(14): 5535-5541. DOI: https://dx.doi.
org/10.1021/es900806c.

Gurney, KR, Razlivanov, I, Song, Y, Zhou, Y, Benes, B,
Abdul-Massih, M. 2012. Quantification of fossil
fuel CO, emissions on the building/street scale for
a large US. city. Environmental Science & Technology
46(21): 12194-12202. DOI: https://dx.doi.org/10.
1021/es3011282.

Gurney, KR, Song, Y, Liang, J, Roest, G. 2020b. Toward
accurate, policy-relevant fossil fuel CO, emission
landscapes. Environmental Science & Technology
54(16): 9896-9907. DOI: https://dx.doi.org/10.
1021/acs.est.0c01175.

Hanna, SR. 1982. Applications in air pollution modeling,
in Nieuwstadt, FTM, van Dop, H eds., Atmospheric
turbulence and air pollution modelling. Dordrecht,
The Netherlands: Springer: 275-310.

Heimburger, AMF, Harvey, RM, Shepson, PB, Stirm,
BH, Gore, C, Turnbull, J, Cambaliza, MOL,
Salmon, OE, Kerlo, AEM, Lavoie, TN, Davis, K],

Hajny et al: A spatially explicit inventory scaling approach to estimate urban emissions

Lauvaux, T, Karion, A, Sweeney, C, Brewer, WA,
Hardesty, RM, Gurney, KR. 2017. Assessing the
optimized precision of the aircraft mass balance
method for measurement of urban greenhouse gas
emission rates through averaging. Elementa: Science
of the Anthropocene 5(0): 26. DOI: https://dx.doi.
org/10.1525/elementa.134.

International Energy Agency. 2013. World energy out-
look 2013. Paris, France: OECD Publishing. Available
at https://www.iea.org/reports/world-energy-
outlook-2013. Accessed 4 February 2020.

IPCC. 2013. Climate change 2013: The physical science
basis. Contribution of Working Group I to the Fifth
Assessment Report of the Intergovernmental Panel on
Climate Change. Cambridge, UK: Cambridge Univer-
sity Press. Available at https://www.ipcc.ch/report/
ar5/wg1/. Accessed 9 May 2019.

Janssens-Maenhout, G, Crippa, M, Guizzardi, D, Mun-
tean, M, Schaaf, E, Dentener, F Bergamaschi, P,
Pagliari, V. 2017. EDGAR v4.3.2 Global Atlas of the
three major greenhouse gas emissions for the period
1970-2012. Earth System Science Data 11(3):
959-1002.

Kaminsky, T. 2019. Climate Leadership Community Pro-
tection Act. Available at https://www.nysenate.gov/
legislation/bills/2019/s6599. Accessed 30 January
2020.

Kantha, LH, Clayson CA. 2000. Small scale processes in
geophysical fluid flows. San Diego, CA: Academic
Press.

Karion, A, Lauvaux, T, Lopez Coto, I, Sweeney, C, Muel-
ler, K, Gourdji, S, Angevine, W, Barkley, Z, Deng,
A, Andrews, A, Stein, A, Whetstone, J. 2019. Inter-
comparison of atmospheric trace gas dispersion
models: Barnett shale case study. Atmospheric Chem-
istry and Physics 19(4): 2561-2576. DOI: https://dx.
doi.org/10.5194/acp-19-2561-2019.

Kunik, L, Mallia, DV, Gurney, KR, Mendoza, DL, Oda, T,
Lin, JC. 2019. Bayesian inverse estimation of urban
CO, emissions: Results from a synthetic data simu-
lation over Salt Lake City, UT. Elementa: Science of
the Anthropocene 7(1): 36. DOI: https:/dx./doi.org/
10.1525/elementa.375.

Lamb, BK, Cambaliza, MOL, Davis, K], Edburg, SL, Fer-
rara, TW, Floerchinger, C, Heimburger, AMF,
Herndon, S, Lauvaux, T, Lavoie, T, Lyon, DR,
Miles, N, Prasad, KR, Richardson, S, Roscioli,
JR, Salmon, OE, Shepson, PB, Stirm, BH, Whet-
stone, J. 2016. Direct and indirect measurements
and modeling of methane emissions in Indianapolis,
Indiana. Environmental Science & Technology 50(16):
8910-8917. DOI: https://dx.doi.org/10.1021/acs.
est.6b01198.

Lauvaux, T, Gurney, KR, Miles, NL, Davis, KJ, Richard-
son, SJ, Deng, A, Nathan, BJ, Oda, T, Wang, JA,
Hutyra, L, Turnbull, J. 2020. Policy-relevant assess-
ment of urban CO, emissions. Environmental Science
& Technology 54(16): 10237-10245. DOI: https://
dx.doi.org/10.1021/acs.est.0c00343.

220z aunr gz uo 3sanb Aq Jpd*1.21.00" 1 202 eIUBWSIR/E9G6 | 2/1.2100/L/0LAPd-8oIHe/BjUBWSle/NPa’ssaidon auluo//:dpy Wwoly papeojumoq


https://dx.doi.org/10.1002/2017JD027359
https://dx.doi.org/10.1029/2021JG006290
https://dx.doi.org/10.1029/2021JG006290
https://dx.doi.org/10.1088/1748-9326/aab049
https://dx.doi.org/10.1029/2018JD028859
https://dx.doi.org/10.1029/2018JD028859
https://dx.doi.org/10.1029/2020JD032974
https://dx.doi.org/10.1029/2020JD032974
https://dx.doi.org/10.1038/s41467-020-20871-0
https://dx.doi.org/10.1038/s41467-020-20871-0
https://dx.doi.org/10.1021/es900806c
https://dx.doi.org/10.1021/es900806c
https://dx.doi.org/10.1021/es3011282
https://dx.doi.org/10.1021/es3011282
https://dx.doi.org/10.1021/acs.est.0c01175
https://dx.doi.org/10.1021/acs.est.0c01175
https://dx.doi.org/10.1525/elementa.134
https://dx.doi.org/10.1525/elementa.134
https://www.iea.org/reports/world-energy-outlook-2013
https://www.iea.org/reports/world-energy-outlook-2013
https://www.ipcc.ch/report/ar5/wg1/
https://www.ipcc.ch/report/ar5/wg1/
https://www.nysenate.gov/legislation/bills/2019/s6599
https://www.nysenate.gov/legislation/bills/2019/s6599
https://dx.doi.org/10.5194/acp-19-2561-2019
https://dx.doi.org/10.5194/acp-19-2561-2019
https:/dx./doi.org/10.1525/elementa.375
https:/dx./doi.org/10.1525/elementa.375
https://dx.doi.org/10.1021/acs.est.6b01198
https://dx.doi.org/10.1021/acs.est.6b01198
https://dx.doi.org/10.1021/acs.est.0c00343
https://dx.doi.org/10.1021/acs.est.0c00343

Hajny et al: A spatially explicit inventory scaling approach to estimate urban emissions

Lauvaux, T, Miles, NL, Deng, A, Richardson, SJ, Cam-
baliza, MO, Davis, KJ, Gaudet, B, Gurney, KR,
Huang, J, O'Keefe, D, Song, Y, Karion, A, Oda, T,
Patarasuk, R, Razlivanov, I, Sarmiento, D, Shep-
son, P, Sweeney, C, Turnbull, J, Wu, K. 2016.
High-resolution atmospheric inversion of urban
CO, emissions during the dormant season of the
Indianapolis flux experiment (INFLUX). Journal of
Geophysical Research: Atmospheres 121(10):
5213-5236. DOI: https://dx.doi.org/10.1002/
2015JD024473.

Lopez-Coto, I, Ren, X, Salmon, OE, Karion, A, Shepson,
PB, Dickerson, RR, Stein, A, Prasad, K, Whet-
stone, JR. 2020. Wintertime CO,, CH,, and CO emis-
sions estimation for the Washington, DC—Baltimore
metropolitan area using an inverse modeling tech-
nique. Environmental Science & Technology 54(5):
2606-2614. DOI: https://dx.doi.org/10.1021/acs.
est.9b06619.

Loughner, CP, Fasoli, B, Stein, AF, Lin, JC. 2021. Incor-
porating features from the stochastic time-inverted
Lagrangian transport (STILT) model into the hybrid
single-particle Lagrangian integrated trajectory
(HYSPLIT) model: A unified dispersion model for
time-forward and time-reversed applications. Jour-
nal of Applied Meteorology and Climatology 60(6):
799-810. DOI: https://dx.doi.org/10.1175/JAMC-D-
20-0158.1.

Mahadevan, P, Wofsy, SC, Matross, DM, Xiao, X, Dunn,
AL, Lin, JC, Gerbig, C, Munger, JW, Chow, VY, Got-
tlieb, EW. 2008. A satellite-based biosphere param-
eterization for net ecosystem CO, exchange:
Vegetation photosynthesis and respiration model
(VPRM). Global Biogeochemical Cycles 22(2). DOI:
https://dx.doi.org/10.1029/2006GB002735.

McKain, K, Down, A, Raciti, SM, Budney, J, Hutyra, LR,
Floerchinger, C, Herndon, SC, Nehrkorn, T, Zah-
niser, MS, Jackson, RB, Phillips, N, Wofsy, SC.
2015. Methane emissions from natural gas infra-
structure and use in the urban region of Boston,
Massachusetts. Proceedings of the National Academy
of Sciences 112(7): 1941. DOI: https://dx.doi.org/
10.1073/pnas.1416261112.

Michalak, AM, Bruhwiler, L, Tans, PP. 2004. A geostatis-
tical approach to surface flux estimation of atmo-
spheric trace gases. Journal of Geophysical Research:
Atmospheres 109(D14). DOI: https://dx.doi.org/10.
1029/2003)JD004422.

Mueller, KL, Gourdji, SM, Michalak, AM. 2008. Global
monthly averaged CO, fluxes recovered using a geos-
tatistical inverse modeling approach: 1. Results
using atmospheric measurements. Journal of Geo-
physical Research: Atmospheres 113(D21). DOI:
https://doi.org/10.1029/2007JD009734.

Mueller, KL, Yadav, V, Lopez-Coto, |, Karion, A, Gourdji,
S, Martin, C, Whetstone, J. 2018. Siting back-
ground towers to characterize incoming air for
urban greenhouse gas estimation: a case study in
the Washington, DC/Baltimore area. Journal of

Art. 10(1) page 15 of 17

Geophysical Research: Atmospheres 123(5):
2910-2926. DOI: https://dx.doi.org/10.1002/
2017JD027364.

National Oceanic and Atmospheric Administration.
2020. READY—Gridded data archives. Available at
https://ready.arl.noaa.gov/archives.php. Accessed 4
February 2020.

Neininger, BG, Kelly, BFJ, Hacker, JM, Lu, X,
Schwietzke, S. 2021. Coal seam gas industry meth-
ane emissions in the Surat Basin, Australia: Compar-
ing airborne measurements with inventories.
Philosophical Transactions of the Royal Society A:
Mathematical, Physical and Engineering Sciences
379(2210): 20200458. DOI: https://dx.doi.org/
10.1098/rsta.2020.0458.

New York City Council. 2019. Press release: Council to
vote on Climate Mobilization Act ahead of earth day.
Available at https://council.nyc.gov/press/2019/
04/18/1730/. Accessed 4 February 2020.

0Oda, T, Maksyutov, S. 2015. ODIAC fossil fuel CO, emis-
sions dataset (ODIAC2019). Center for Global Environ-
mental Research, National Institute for Environmental
Studies. DOL: https://dx.doi.org/10.17595/20170411.
001. Accessed 28 November 2019.

0Oda, T, Maksyutov, S, Andres, R]. 2018. The open-source
data inventory for anthropogenic CO,, version 2016
(ODIAC2016): A global monthly fossil fuel CO,
gridded emissions data product for tracer transport
simulations and surface flux inversions. Earth Sys-
tem Science Data 10(1): 87-107. DOIL: https://dx.
doi.org/10.5194/essd-10-87-2018.

O'Shea, SJ, Allen, G, Fleming, ZL, Bauguitte, SJB, Per-
cival, CJ, Gallagher, MW, Lee, ], Helfter, C,
Nemitz, E. 2014. Area fluxes of carbon dioxide,
methane, and carbon monoxide derived from air-
borne measurements around greater London: A case
study during summer 2012. Journal of Geophysical
Research: Atmospheres 119(8): 4940—4952. DOI:
https://dx.doi.org/10.1002/2013JD021269.

Pitt, JR, Allen, G, Bauguitte, S, Gallagher, M, Lee, J,
Drysdale, W, Nelson, B, Manning, A, Palmer, P.
2018. Assessing London CO,, CH4 and CO emissions
using aircraft measurements and dispersion model-
ling. Atmospheric Chemistry and Physics Discussions
1-22. DOI: https://dx.doi.org/10.5194/acp-2018-
1033.

Pitt, JR, Lopez-Coto, I, Hajny, KD, Tomlin, J, Kaeser, R,
Jayarathne, T, Stirm, BH, Floerchinger, CR,
Loughner, CP, Gately, CK, Hutyra, LR, Gurney,
KR, Roest, GS, Liang, J, Gourdji, S, Karion, A,
Whetstone, JR, Shepson, PB. 2022. New York City
greenhouse gas emissions estimated with inverse
modeling of aircraft measurements. Elementa: Sci-
ence of the Anthropocene 10(1). DOI: https://dx.
doi.org/10.1525/elementa.2021.00082.

Plant, G, Kort, EA, Floerchinger, C, Gvakharia, A,
Vimont, I, Sweeney, C. 2019. Large fugitive meth-
ane emissions from urban centers along the U.S.
East Coast. Geophysical Research Letters 46(14):

220z aunr gz uo 3sanb Aq Jpd*1.21.00" 1 202 eIUBWSIR/E9G6 | 2/1.2100/L/0LAPd-8oIHe/BjUBWSle/NPa’ssaidon auluo//:dpy Wwoly papeojumoq


https://dx.doi.org/10.1002/2015JD024473
https://dx.doi.org/10.1002/2015JD024473
https://dx.doi.org/10.1021/acs.est.9b06619
https://dx.doi.org/10.1021/acs.est.9b06619
https://dx.doi.org/10.1175/JAMC-D-20-0158.1
https://dx.doi.org/10.1175/JAMC-D-20-0158.1
https://dx.doi.org/10.1029/2006GB002735
https://dx.doi.org/10.1073/pnas.1416261112
https://dx.doi.org/10.1073/pnas.1416261112
https://dx.doi.org/10.1029/2003JD004422
https://dx.doi.org/10.1029/2003JD004422
https://doi.org/10.1029/2007JD009734
https://dx.doi.org/10.1002/2017JD027364
https://dx.doi.org/10.1002/2017JD027364
https://ready.arl.noaa.gov/archives.php
https://dx.doi.org/10.1098/rsta.2020.0458
https://dx.doi.org/10.1098/rsta.2020.0458
https://council.nyc.gov/press/2019/04/18/1730/
https://council.nyc.gov/press/2019/04/18/1730/
https://dx.doi.org/10.17595/20170411.001
https://dx.doi.org/10.17595/20170411.001
https://dx.doi.org/10.5194/essd-10-87-2018
https://dx.doi.org/10.5194/essd-10-87-2018
https://dx.doi.org/10.1002/2013JD021269
https://dx.doi.org/10.5194/acp-2018-1033
https://dx.doi.org/10.5194/acp-2018-1033
https://dx.doi.org/10.1525/elementa.2021.00082
https://dx.doi.org/10.1525/elementa.2021.00082

Art. 10(1) page 16 of 17

8500-8507. DOI: https://dx.doi.org/10.1029/
2019GL082635.

Ren, X, Salmon, OE, Hansford, JR, Ahn, D, Hall, D,
Benish, SE, Stratton, PR, He, H, Sahu, S, Grimes,
C, Heimburger, AME Martin, CR, Cohen, MD,
Stunder, B, Salawitch, RJ, Ehrman, SH, Shepson,
PB, Dickerson, RR. 2018. Methane emissions from
the Baltimore-Washington area based on airborne
observations: Comparison to emissions inventories.
Journal of Geophysical Research: Atmospheres
123(16): 8869-8882. DOI: https://dx.doi.org/ 10.
1029/2018JD028851.

Sargent, M, Barrera, Y, Nehrkorn, T, Hutyra, LR, Gately,
CK, Jones, T, McKain, K, Sweeney, C, Hegarty, J,
Hardiman, B, Wang, JA, Wofsy, SC. 2018. Anthro-
pogenic and biogenic CO, fluxes in the Boston
urban region. Proceedings of the National Academy
of Sciences 115(29): 7491. DOL: https://dx.doi.org/
10.1073/pnas.1803715115.

Sethi, M, Lamb, W, Minx, J, Creutzig, F 2020. Climate
change mitigation in cities: A systematic scoping of
case studies. Environmental Research Letters 15(9):
093008. DOI: https://doi.org/10.1088/1748-9326/
ab9off.

Sierra Club. 2020. 100% Commitments in cities, counties,
& states. Available at https://www.sierraclub.org/
ready-for-100/commitments. Accessed 31 January
2020.

Stein, A, Draxler, R, Rolph, G, Stunder, B, Cohen, M,
Ngan, F 2016. NOAA’s HYSPLIT atmospheric trans-
port and dispersion modeling system. Bulletin of the
American  Meteorological ~ Society 96(12):
150504130527006. DOI: https://dx.doi.org/10.
1175/BAMS-D-14-00110.1.

Stohl, A, Seibert, P, Arduini, J, Eckhardt, S, Fraser, P,
Greally, BR, Lunder, C, Maione, M, Miihle, J,
O'Doherty, S, Prinn, RG, Reimann, S, Saito, T,
Schmidbauer, N, Simmonds, PG, Vollmer, MK,
Weiss, RF Yokouchi, Y. 2009. An analytical inver-
sion method for determining regional and global
emissions of greenhouse gases: Sensitivity studies
and application to halocarbons. Atmospheric Chem-
istry and Physics 9(5): 1597—1620. DOI: https://dx.
doi.org/10.5194/acp-9-1597-2009.

Tans, PP, Crotwell, AM, Thoning, KW. 2017. Abundances
of isotopologues and calibration of CO, greenhouse
gas measurements. Atmospheric Measurement Tech-
nigues 10(7): 2669-2685. DOI: https://dx.doi.org/
10.5194/amt-10-2669-2017.

Tarantola, A. 2005. Inverse problem theory and methods
for model parameter estimation. Society for Indus-
trial and Applied Mathematics (Other Titles in
Applied Mathematics). DOI: https://dx.doi.org/10.
1137/1.9780898717921.

Trencher, G, Castan Broto, V, Takagi, T, Sprigings, Z,
Nishida, Y, Yarime, M. 2016. Innovative policy

Hajny et al: A spatially explicit inventory scaling approach to estimate urban emissions

practices to advance building energy efficiency and
retrofitting: Approaches, impacts and challenges in
ten C40 cities. Environmental Science & Policy 66:
353-365. DOI: https://dx.doi.org/10.1016/].envsci.
2016.06.021.

Turnbull, JC, Karion, A, Davis, KJ, Lauvaux, T, Miles,
NL, Richardson, SJ, Sweeney, C, McKain, K, Leh-
man, SJ, Gurney, KR, Patarasuk, R, Liang, J, Shep-
son, PB, Heimburger, A, Harvey, R, Whetstone, ]J.
2019. Synthesis of urban CO, emission estimates
from multiple methods from the Indianapolis flux
project (INFLUX). Environmental Science & Technol-
ogy 53(1): 287-295. DOI: https://dx.doi.org/10.
1021/acs.est.8b05552.

Turner, AJ, Kim, J, Fitzmaurice, H, Newman, C,
Worthington, K, Chan, K, Wooldridge, PJ, Koéeh-
ler, P, Frankenberg, C, Cohen, RC. 2020. Observed
impacts of COVID-19 on urban CO, emissions. Geo-
physical Research Letters 47(22): e2020GL090037.
DOI: https://dx.doi.org/10.1029/2020GL090037.

United Nations Department of Economic and Social
Affairs Population Division. 2019. World urbani-
zation pospects: The 2018 revision. New York, NY:
United Nations.

U.S. Census Bureau. 1995. Urban and rural classification.
Available at https://www.census.gov/programs-
surveys/geography/guidance/geo-areas/urban-
rural.html. Accessed 20 May 2022.

U.S. Census Bureau. 2021a. Cartographic boundary files.
Available at https://www.census.gov/geographies/
mapping-files/time-series/geo/cartographic-
boundary.html. Accessed 22 May 2022.

U.S. Census Bureau. 2021b. Counts and percentages of
various characteristics of urban and rural areas in
the United States, Puerto Rico and the Island Areas.
Available at https://www.census.gov/programs-
surveys/geography/guidance/geo-areas/urban-
rural/ua-facts.html. Accessed 7 September 2021.

U.S. Census Bureau. 2021c. TIGER/line shapefiles from
the geography program. Available at https://www.
census.gov/geographies/mapping-files/time-series/
geo/tiger-line-file.html. Accessed 18 February 2021.

Yadav, V, Ghosh, S, Mueller, K, Karion, A, Roest, G,
Gourdji, SM, Lopez-Coto, I, Gurney, KR, Parazoo,
N, Verhulst, KR, Kim, J, Prinzivalli, S, Fain, C,
Nehrkorn, T, Mountain, M, Keeling, RF, Weiss,
RE Duren, R, Miller, CE, Whetstone, J. 2021. The
impact of COVID-19 on CO, emissions in the Los
Angeles and Washington DC/Baltimore Metropoli-
tan Areas. Geophysical Research Letters 48(11):
€2021GL092744. DOI: https://dx.doi.org/10.1029/
2021GL092744.

Zhuang, J. 2021. xESMF: Universal regridder for geospa-
tial data. DOI: https://dx.doi.org/10.5281/zenodo.
1134365. Accessed 22 February 2021.

220z aunr gz uo 3sanb Aq Jpd*1.21.00" 1 202 eIUBWSIR/E9G6 | 2/1.2100/L/0LAPd-8oIHe/BjUBWSle/NPa’ssaidon auluo//:dpy Wwoly papeojumoq


https://dx.doi.org/10.1029/2019GL082635
https://dx.doi.org/10.1029/2019GL082635
https://dx.doi.org/10.1029/2018JD028851
https://dx.doi.org/10.1029/2018JD028851
https://dx.doi.org/10.1073/pnas.1803715115
https://dx.doi.org/10.1073/pnas.1803715115
https://doi.org/10.1088/1748-9326/ab99ff
https://doi.org/10.1088/1748-9326/ab99ff
https://www.sierraclub.org/ready-for-100/commitments
https://www.sierraclub.org/ready-for-100/commitments
https://dx.doi.org/10.1175/BAMS-D-14-00110.1
https://dx.doi.org/10.1175/BAMS-D-14-00110.1
https://dx.doi.org/10.5194/acp-9-1597-2009
https://dx.doi.org/10.5194/acp-9-1597-2009
https://dx.doi.org/10.5194/amt-10-2669-2017
https://dx.doi.org/10.5194/amt-10-2669-2017
https://dx.doi.org/10.1137/1.9780898717921
https://dx.doi.org/10.1137/1.9780898717921
https://dx.doi.org/10.1016/j.envsci.2016.06.021
https://dx.doi.org/10.1016/j.envsci.2016.06.021
https://dx.doi.org/10.1021/acs.est.8b05552
https://dx.doi.org/10.1021/acs.est.8b05552
https://dx.doi.org/10.1029/2020GL090037
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural.html
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural.html
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural.html
https://www.census.gov/geographies/mapping-files/time-series/geo/cartographic-boundary.html
https://www.census.gov/geographies/mapping-files/time-series/geo/cartographic-boundary.html
https://www.census.gov/geographies/mapping-files/time-series/geo/cartographic-boundary.html
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural/ua-facts.html
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural/ua-facts.html
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural/ua-facts.html
https://www.census.gov/geographies/mapping-files/time-series/geo/tiger-line-file.html
https://www.census.gov/geographies/mapping-files/time-series/geo/tiger-line-file.html
https://www.census.gov/geographies/mapping-files/time-series/geo/tiger-line-file.html
https://dx.doi.org/10.1029/2021GL092744
https://dx.doi.org/10.1029/2021GL092744
https://dx.doi.org/10.5281/zenodo.1134365
https://dx.doi.org/10.5281/zenodo.1134365

Hajny et al: A spatially explicit inventory scaling approach to estimate urban emissions Art. 10(1) page 17 of 17

How to cite this article: Hajny, KD, Floerchinger, CR, Lopez-Coto, |, Pitt, JR, Gately, CK, Gurney, KR, Hutyra, LR, Jayarathne, T,
Kaeser, R, Roest, GS, Sargent, M, Stirm, BH, Tomlin, J, Turner, AJ, Shepson, PB, Wofsy, S. 2022. A spatially explicit inventory
scaling approach to estimate urban CO, emissions. Elementa: Science of the Anthropocene 10(1). DOI: https://doi.org/
10.1525/elementa.2021.00121

Domain Editor-in-Chief: Detlev Helmig, Boulder AIR LLC, Boulder, CO, USA

Associate Editor: Andrea Pozzer, Max Planck Institute for Chemistry, Mainz, Germany

Knowledge Domain: Atmospheric Science

Published: June 28, 2022  Accepted: May 25, 2022  Submitted: December 20, 2021

Copyright: © 2022 The Author(s). This is an open-access article distributed under the terms of the Creative Commons

Attribution 4.0 International License (CC-BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original author and source are credited. See http://creativecommons.org/licenses/by/4.0/.

A2 ELEMENTA Elem Sci Anth is a peer-reviewed open access OPEN ACCESS
|\ ool dntopeens journal published by University of California Press. a

220z aunr gz uo 3sanb Aq Jpd*1.21.00" 1 202 eIUBWSIR/E9G6 | 2/1.2100/L/0LAPd-8oIHe/BjUBWSle/NPa’ssaidon auluo//:dpy Wwoly papeojumoq




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 266
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 266
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 900
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /CreateJDFFile false
  /Description <<
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9
      /MarksWeight 0.125000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
  /SyntheticBoldness 1.000000
>> setdistillerparams
<<
  /HWResolution [288 288]
  /PageSize [612.000 792.000]
>> setpagedevice


