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With the pending withdrawal of the United States from the Paris
Climate Accord, cities are now leading US actions toward reducing
greenhouse gas emissions. Implementing effective mitigation strat-
egies requires the ability to measure and track emissions over time
and at various scales. We report CO, emissions in the Boston, MA,
urban region from September 2013 to December 2014 based on
atmospheric observations in an inverse model framework. Continu-
ous atmospheric measurements of CO, from five sites in and around
Boston were combined with a high-resolution bottom-up CO, emis-
sion inventory and a Lagrangian particle dispersion model to de-
termine regional emissions. Our model—measurement framework
incorporates emissions estimates from submodels for both anthro-
pogenic and biological CO, fluxes, and development of a CO, con-
centration curtain at the boundary of the study region based on a
combination of tower measurements and modeled vertical concen-
tration gradients. We demonstrate that an emission inventory with
high spatial and temporal resolution and the inclusion of urban bi-
ological fluxes are both essential to accurately modeling annual CO,
fluxes using surface measurement networks. We calculated annual
average emissions in the Boston region of 0.92 kg Cm~2y~" (95%
confidence interval: 0.79 to 1.06), which is 14% higher than the
Anthropogenic Carbon Emissions System inventory. Based on the
capability of the model—measurement approach demonstrated here,
our framework should be able to detect changes in CO, emissions of
greater than 18%, providing stakeholders with critical information
to assess mitigation efforts in Boston and surrounding areas.

greenhouse gas emissions | inverse modeling | carbon dioxide |
biogenic fluxes

arbon dioxide (CO;) emissions from fossil fuels are the
dominant anthropogenic contributor to climate change (1).
Urban areas account for the majority of global fossil fuel CO,
emissions (2), and their contribution is expected to rise as the urban
population grows from the current 3.6 billion to an expected 6 billion
by 2050 (3). Due to the pending withdrawal of the United States
from the Paris climate accord, cities and states across the nation are
taking the lead in efforts to reduce greenhouse gas (GHG) emis-
sions, with 323 cities, including Boston, committing to emission
reduction targets (4). Because urban emissions are spatially con-
centrated and distinct in both spatial scale and governance, urban
areas provide a unique test bed to assess GHG mitigation strategies.
Verification of reported emissions and tracking over time are
essential to assessing the efficacy of GHG mitigation efforts. Car-
bon emissions can be estimated using “bottom-up” and/or “top-
down” methods, which are complementary to each other. Bottom-
up methods convolve reported fossil fuel usage from various source
sectors with the carbon content of the fuel (5, 6), while top-down
methods quantify emissions based on GHG concentration gradi-
ents measured in the atmosphere. Bottom-up emissions estimates
are limited in their ability to detect trends because methodologies
and available input data may change between assessments of dif-
ferent years. Uncertainties are also difficult to quantify due to the
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coarse scale of emissions reporting data and a lack of error esti-
mates in the reporting data, including emissions factors, activities,
and spatial distributions (7). Atmospheric GHG concentrations
alone are also unreliable for resolving trends in emissions because
they are highly dependent on wind patterns and weather, which
vary from year to year.

Here, we develop a top-down assessment based on inverse
modeling, which provides a straightforward approach to quan-
tifying uncertainties in emissions for the detection of trends due
to policy, regulation, or economic changes. The inverse model
can also serve to evaluate bottom-up inventories. Urban GHG
monitoring projects are underway in many cities, including Los
Angeles (8), Indianapolis (9), Salt Lake City (10), Paris (11),
Washington, DC (12), and Boston (13). These observational
networks provide an opportunity for top-down assessments of
GHG emissions using high-precision atmospheric measurements
that are highly intercomparable both within the network and
between networks, and offer long-term stability. Important work
has been done in each of these cities to design optimal sensor
placement, characterize CO, enhancements, and determine the
CO, concentrations at the boundaries of the study region (14,
15). Community-wide efforts are also underway to harmonize
city-scale observational networks and inverse modeling across
the United States (16) and internationally (17).

Significance

Cities are taking a leading role in US efforts to reduce greenhouse
gas emissions, and require traceable methods to assess the efficacy
of their efforts. In this study, we developed an inverse model
framework that quantified emissions in the Boston urban region
over 16 months and is capable of detecting changes in emissions of
greater than 18%. We show that a detailed representation of ur-
ban biological fluxes and knowledge of the spatial and temporal
distribution of emissions are essential for accurate modeling of
annual CO, emissions. Across the globe, it is possible to quantifi-
ably assess the efficacy of mitigation efforts by developing
frameworks similar to the one we present here for Boston.
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To date, few studies have rigorously quantified urban emissions
based on long-term atmospheric measurements. Lauvaux et al. (9)
reported that total emissions from Indianapolis in the 2012-2013
dormant season were 20% higher than the Hestia inventory; this
study included only anthropogenic emissions, and not biogenic
fluxes. Staufer et al. (11) included anthropogenic and nonurban
biogenic fluxes over a full year in Paris, France, and estimated that
emissions were 20% lower than the Airparif inventory. Only pe-
riods with wind directions within +15° of the Paris transect from
upwind to downwind sites were included, limiting the available data
to 8% of collected hours. We present a top-down study to quantify
urban emissions for over a full year. We show that detailed spatial
and temporal representations of anthropogenic emissions and both
urban and rural biological fluxes must be employed.

Model and Measurement Framework

We quantified CO, emissions in the Boston urban region from
September 2013 to December 2014 by modeling the changes in
CO, concentrations as air traveled from the boundary, a 90-km
radius around Boston, to our two sites in the urban core (Fig. 1). A
single multiplicative scaling factor (SF) was calculated for the
prior anthropogenic emissions in each season to best match the
observed atmospheric gradient. The modeled CO, enhancement
(ACO,) expected from the prior emissions was determined using
the Hybrid Single-Particle Lagrangian Integrated Trajectory
(HYSPLIT) model (18), which followed an ensemble of 1,000
particles released at the urban measurement sites backward in
time based on wind fields and turbulence from the North Amer-
ican Mesoscale Forecast System (NAM) at 12-km resolution.
Although meteorological driver fields are at 12-km resolution,
Lagrangian particle dispersion models such as HYSPLIT can
simulate transport on a finer scale because particle locations are
not restricted to a grid and meteorological fields are interpolated
to subgrid-scale locations. HYSPLIT produces an influence
function known as the “footprint” (units: parts per million CO,
per unit flux) that quantifies the particles’ sensitivity to surface
emissions, linking upwind surface fluxes to changes in atmospheric
concentration at the receptor. For comparison, footprints were
also calculated using the Stochastic Time-Inverted Lagrangian
Transport (STILT) model driven by wind fields from the Weather
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Fig. 1. Map of measurement stations in the Boston network including two
urban sites: BU, 29-m height, and COP, 215-m height; and three boundary
sites: HF, CA, and MVY. Blue shading represents 2014 average afternoon CO,
emissions. The 90-km-radius circle bounds the region in which emissions
were optimized. The red (purple) contour encloses 50% of the average 2014
footprint (sensitivity area) initiated at the COP (BU) site and including only
wind directions within +40° of the HF or CA boundary sites.
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Research and Forecasting (WRF) mesoscale meteorological
model at 1.33-km resolution in the near field (19, 20). (See SI
Appendix, sections S4 and S5 for further details and validation of
both the WRF-STILT and NAM—-HYSPLIT models.) A more
explicit calculation of mixing layer height in HYSPLIT and STILT
was implemented near the urban measurement sites to more ac-
curately account for particle interaction with the surface before
they became fully mixed through the planetary boundary layer
(PBL) (SI Appendix, section S3, Figs. S7 and S8, and Table S4).

The footprints were convolved with a prior emissions estimate
based on the sum of the 1-km, 1-h resolution Anthropogenic Car-
bon Emissions System (ACES) inventory (21) and the urban-
Vegetation Photosynthesis Respiration Model (urbanVPRM)
(22). The ACES inventory includes all major carbon-emitting sec-
tors using an extensive database of high-resolution spatial proxies,
including archived data of roadway-level vehicle traffic (21, 23) as
well as human respiration. UrbanVPRM combines satellite-derived
land surface greenness, impervious surface area data, and field
measurements of aboveground biomass and productivity in urban
plots to produce a detailed representation of urban and nonurban
biological fluxes in Massachusetts. This model represents a signifi-
cant improvement over existing biological flux models that are
based on data from the Moderate Resolution Imaging Spectror-
adiometer (MODIS) satellite, which fails to retrieve images of
vegetation in urban areas and therefore assigns no biological flux
there (S Appendix, Fig. S1). The convolution of footprints and prior
fluxes weights the grid cells in the flux models according to their
influence on the measured CO, enhancement at the urban site.

The observed ACO, was calculated from the difference be-
tween urban measurements at Boston University (BU) or Copley
Square (COP) and estimates of CO, concentrations in air entering
the urban domain, based on measurements at Harvard Forest in
Petersham, MA (HF), Canaan, NH (CA), or Martha’s Vineyard,
MA (MVY) (Fig. 1 and SI Appendix, section S1 and Table S1).
The urban sites at BU and COP are only 1.7 km apart but sample
at 29 m and 215 m above ground level, respectively, providing a
direct observation of the surface layer vertical gradient. The up-
stream site assigned to each particle was chosen based on the
azimuth at which the particle exited the 90-km radius circle
around Boston (SI Appendix, section S3) as it traveled backward in
time. CO, concentrations measured at HF and CA typically agree
well (SI Appendix, Table S2 provides R* and RMSE for pairs of
background sites), indicating that they are representative of the air
in the region absent influence of the urban center.

Measurements made during times of easterly flow (exit azimuth
0° to 120°) were discarded due to greater uncertainty in modeling
sea breezes and lack of a suitable boundary site. We compared the
use of all exit angles between sites, except for east winds, with
constraints allowing only particles which exited within a certain
angle of each site. We found the best model-measurement
agreement using exit angles within +40° of HF or CA, excluding
winds from the direction of the MVY site, which are more difficult
to model; this was the condition used in Results (comparisons in-
cluding the MVY site were also very good, and are shown in S/
Appendix, section S6 and Table S5). A time delay between the
upwind and downwind sites was used based on the travel time of
each released particle to the edge of the 90-km circle.

There is significant diurnal variability in CO, concentrations of
air entering the urban domain, with two causes: variability of the
PBL height and diel variations of upwind fluxes, particularly bio-
genic fluxes during the growing season (Fig. 2). Additionally, our
boundary sites sample at 29 m to 100 m above ground level, but
particles released at the urban sites exit the domain at a range of
heights, typically from 200 m to 700 m above ground, and there is
a significant gradient in atmospheric CO, concentration across
those altitudes. These factors present a unique challenge when
estimating boundary CO, concentrations. To address these issues,
we implemented a method for calculating the CO, concentration
of air entering the urban domain by constructing a vertical CO,
profile from the observations at each boundary site. The site at HF
samples just above the tree canopy, where uptake of CO, by the

Sargent et al.
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Fig. 2. Observed CO, concentration at HF (black) and calculated boundary con-
centration as a function of altitude for (Left) January 2014 and (Right) July 2014.

forest can lead to a significant vertical gradient in the surface layer
during summertime. Following Potosnak et al. (24), we used eddy
flux measurements made at the same location to adjust measured
CO; concentrations at 29 m to their expected value at 200 m, the top
of the stratified surface layer (ST Appendix, section S3 and Fig. S2).
In our boundary curtain, CO, concentrations at HF exponentially
increased from the observed value at 29 m to the flux-corrected PBL
value between 29 and 200 m. At CA and MVY, tower measure-
ments were taken as representative of the ground to 200 m.

Above 200 m at all sites, we constructed CO, profiles using
monthly mean vertical gradients from Carbon Tracker CT2015 (CT)
(25) (SI Appendix, Fig. S4), adjusted as described below to match
our measurement-based estimate at 200 m. We tested this approach
by comparing CT profiles to aircraft flask profiles, and found that
CT showed good agreement with the observed gradients (SI Ap-
pendix, Fig. S3). During the growing season, afternoon CT profiles
show no change in concentration from the surface to ~1,000 m; we
therefore apply observed CO, concentrations to all levels up to
1,000 m in the afternoon. Nighttime and morning concentrations at
the towers are elevated relative to afternoon observations, but, with
increasing altitude, they decrease toward observed afternoon con-
centrations at a rate determined by CT profiles. In the winter, in
addition to this decrease in nighttime concentration toward after-
noon values, an additive offset of typically less than 3 ppm was
applied with altitude at all hours (SI Appendix, section S2). Fig. 2
shows example winter and summer boundary profiles at HF, in-
cluding both the flux correction and CT-based altitude adjustment.
The boundary CO, concentration for each Lagrangian particle was
then determined based on the altitude at which the particle exited
the study region, and all particle contributions were averaged.

Modeled CO, was calculated as the sum of boundary CO, and
modeled ACO,,

CO;[model] = CO,[boundary] + footprint * prior inventory

Optimized emissions were determined for each season by
calculating a multiplicative SF for prior anthropogenic emissions
that gives the best fit to observed afternoon CO, concentrations.
SF was determined by dividing the mean observed anthropogenic
enhancement for all afternoons in a given season by the mean
modeled anthropogenic enhancement:

SF =mean(CO;[obs, urban] — CO; [boundary]
— ACO;bio]) /mean(ACO; [anthrop))

optimized emissions =SF * prior emissions
Uncertainties in optimized emissions were calculated through a

bootstrap analysis that accounted for variations of hourly and
daily observed and model enhancements and boundary CO,, as

Sargent et al.

well as uncertainties in prior emissions and atmospheric trans-
port (SI Appendix, section S9).

Results

We quantified average annual anthropogenic emissions in the study
region to be 0.92 kg C-m~2y~! [0.79 to 1.06, 95% CI] based on
the average of results from the BU and COP sites. Prior emissions
were scaled by a factor of 1.14 [+0.18,-0.16, 95% CI] for the full
study period, and by 1.04 [+0.19,—0.16] in the winter (Fig. 3). The
18% model uncertainty is somewhat higher than the stated 8.6%
uncertainty in the prior ACES inventory; however, the inverse
model uncertainty is more comprehensive than the bottom-up
inventory uncertainty, which reflects uncertainties in the raw
data sources, but not the uncertainties in emissions factors or in
downscaling methods which are difficult to quantify. We expect
our inverse model framework to be capable of detecting changes
in emissions on the order of the model uncertainty, 18%.

We optimized emissions separately based on observations
from each site, and adjusted emissions with a single mean SF in
each season for all hours and grid cells. A benefit of this method
is that the very good model-measurement correlation (Fig. 4
and SI Appendix, Fig. S14; R* = 0.67 for daily afternoon averages,
R? = 0.81 for 7-d running average) is independent of the scaling
of emissions, and demonstrates the fidelity of the model in
reproducing daily and weekly variability. We focused the optimi-
zation on measurements in the urban core during afternoon hours
[1100 hours to 1600 hours local time (LT)], when the atmosphere
is turbulent and relatively well mixed, because the surface influ-
ence is less susceptible to uncertainty in the modeled height of the
PBL. Particles released from 1100 hours to 1600 hours LT had a
mean time to the 90-km boundary of 3.7 h, with 85% of trajec-
tories reaching the boundary within 7 h. Therefore, emissions were
optimized from ~700 hours to 1600 hours LT most days, with the
majority of the footprint influence representing ~9 h to 16 h.

During the summer afternoons, biogenic uptake of CO, almost
completely balanced anthropogenic CO, emissions. Therefore,
we did not attempt to compute SFs for June, July, and August
because the model uncertainty is larger than the near-zero av-
erage afternoon enhancement (Fig. 5); our data show that these
two components of CO, flux essentially cancel on summer af-
ternoons in Boston.

The results for the SF include only wind directions within +40°
of the HF or CA boundary sites, which account for 48% of the days
during the 13-mo optimization period. However, less stringent
wind constraints, which excluded only easterly winds and included
70% of days from the study period, produced similar optimized
emissions (SI Appendix, Table S5). Fig. 1 shows the region
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Fig. 3. Seasonal prior and optimized anthropogenic CO, emissions for
September 2013 to December 2014 based on the NAM—HYSPLIT model for
the average of the BU and COP sites. SON, September to November; DJF,
December to February; MAM, March to May; ANN, annual.
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Fig. 4. Observed (Obs), scaled model (Model), and boundary (Bound) CO, at COP. (Left) Seven-day running average afternoon (1100 hours to 1600 hours Eastern
Standard Time) concentrations for entire study period, 2013-2014. (Right) Modeled vs. observed daily afternoon average CO, enhancement above boundary
concentration for the optimized model, for entire study period, September 2013 to December 2014, excluding June, July, and August. Dashed line is one-to-one.

containing 50% of the footprint, or surface influence, affecting the
BU and COP sites, where emissions are best constrained using our
model (SI Appendix, Fig. S10 compares the footprint influence for
different wind selection criteria). The region stretches ~45 km
from Boston, from southwest of the city to northwest of the city.

The model PBL height was the main factor which accounted
for differences in calculated footprints for NAM—HYSPLIT and
WRF-STILT simulations. To assess the model simulations, we
used observations from a Sigma Space Mini Micropulse Lidar
(hereafter, “Lidar”) located at the BU site, combined with an
image processing algorithm, to retrieve daytime PBL heights for
the entire study period. While summary verification measures
(such as bias, rms error, and correlation coefficients) were
comparable for the two models, and similar in magnitude to
those found by Lauvaux et al. (9), there were key differences in
their error characteristics. In the afternoon, WRF—-STILT more
often underestimated the PBL height compared with Lidar
measurements, leading it to underestimate the afternoon CO,
enhancement at the 215-m COP site (SF > 1) and overestimate
the enhancement at the 29-m BU site (SF < 1) (Table 1 and S/
Appendix, Figs. S11-S13). The WRF-STILT model thus simu-
lates a larger vertical gradient in CO, concentrations, on aver-
age, than exists in the atmosphere in the afternoon. (For further
discussion, see SI Appendix, section S7.)

We used the SFs from the NAM—HYSPLIT model because it
showed better agreement with afternoon Lidar PBL height,
leading to better day-to-day correlation with observed CO, en-
hancements (SI Appendix, Table S6). NAM—HYSPLIT also
more accurately captured the atmospheric vertical CO, gradient
between the BU and COP sites, showing no systematic bias with
altitude (Table 1 shows no significant difference in SF between
the BU and COP sites; see SI Appendix, Fig. S16). The NAM—
HYSPLIT and WRF-STILT models produced similar opti-
mized emissions in the afternoon after averaging SFs from BU
and PRU (Table 1). The sensitivity of these models to PBL
height demonstrates that modeled vertical mixing is a source of

systematic bias in the calculation of top-down emissions, drawing
attention to the need for more accurate vertical mixing and PBL
height simulations in models.

This study quantifies emissions using a detailed representation
of urban biological fluxes in a top-down framework. In Boston,
ACES prior anthropogenic emissions would reproduce observed
afternoon CO, enhancements very well from October to April,
but, when plant photosynthetic uptake is active (May to Sep-
tember), anthropogenic enhancements alone are significantly
greater than observed enhancements (Fig. 5). Including bi-
ological fluxes provided consistent agreement between observa-
tions and model across all seasons.

We separated out the impact of the urban biosphere, defined
as grid cells where the MODIS net primary productivity (NPP)
product did not estimate any biological flux but the urbanVPRM
product produces a flux estimate. The urban biosphere alone
took up an average 69% of the afternoon anthropogenic en-
hancement during July in the 90 km around Boston, as measured
at COP, and 36% during September. Accounting for urban and
nonurban biological activity, the model found that 100% of the
afternoon anthropogenic enhancements measured at COP were
offset in July, 58% of the enhancement was offset in September,
and 20% of the enhancement was offset as late as October. Note
that the impact of CO, uptake by the urban biosphere is am-
plified at our sites (60 to 70% of the total biological uptake,
compared with 11%, on average, in Massachusetts) because they
are more strongly influenced by the nearby urban areas than the
farther afield suburban and rural areas. As we were not able to
calculate an SF in the summer, these results are based on the
unscaled model and its overall good agreement with observations
(Fig. 5 and SI Appendix, Table S6). In the winter, ecosystem
respiration produced 17 to 20% of the total CO, flux in the
domain but only 5% of the footprint-scaled enhancement at
COP (this does not include human respiration, which we con-
sidered anthropogenic emissions). Sensitivities analyses for
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8' < < Fig. 5. CO, averaged by hour of the day at COP for
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Table 1. SFs for afternoon emissions at BU and COP sites using NAM-HYSPLIT or WRF-STILT
models for annual average (excluding summer) and each season

Season BU HY COP HY All HY BU WRF COP WRF All WRF

ANN 1.10 1.18 1.14 [+0.18,-0.16] 0.78 1.49 1.15 [+0.41,-0.30]
SON 1.27 1.30 1.29 [+0.26,-0.22] 0.75 1.34 1.05 [+0.47,-0.39]
DJF 1.03 1.04 1.04 [+0.19,-0.16] 0.62 1.43 1.01 [+0.60,-0.47]
MAM 1.01 1.19 1.11 [+0.38,-0.31] 1.01 1.74 1.36 [+0.81,-0.57]

“All” includes both BU and COP sites, and uncertainty
values represent 95% confidence intervals.

Indianapolis suggest ecosystem respiration could be as large as
15% of winter flux (26) in that city.

Although summer results were not used to calculate annual SFs,
model—observation correlation and mean agreement (Fig. 5 and
SI Appendix, Table S6) provide confidence in the lack of model
bias during the included transitional seasons, when biological
fluxes were still important. The inclusion of CO, uptake from the
urban biosphere was therefore essential to accurately calculating
emissions in the urban region during the 5 mo of the growing
season. Differing from our results, Staufer et al. (11) found that
the biogenic signal had only a small impact on inversion results in
Paris, but one reason may be that their ecosystem model did not
include urban biological fluxes. The seasonal amplitude of their
optimized emissions was larger than that of the prior, a result that
could, in part, be due to missing biological uptake in the summer.

With a measurement network limited to a small number of
urban sites, we cannot strongly constrain the spatial distribution of
emissions in the region, and thus we rely on the spatial distribution
in the ACES prior inventory. The results are sensitive to the high-
resolution spatial information in ACES; using grid sizes greater
than 5 km, or insufficiently precise localization of emissions,
produced significantly different optimized emissions for Boston.
Model results using 1-, 2-, 5-, and 10-km gridded prior inventories
showed that SFs increased with grid size (Table 2). If the coarser
scale (5 km to 10 km) emissions priors had been used, the mod-
eled CO, enhancement would have been underestimated by 15 to
30% compared with the higher-resolution model. A flat prior,
which averaged emissions over land in rings bounded at 20, 40,
and 90 km around Boston, underestimated the CO, enhancement
even more, by ~50%. (See SI Appendix, section S8 and Table S7,
for comparison of ACES with other inventories.)

These results show that, for an inverse analysis, the necessary
scale of the inventory is dictated by the scale of the footprint near
the receptor. With increasing grid size, strong local sources are
spread out over a larger area and, if the footprint near the re-
ceptor does not cover the larger grid box, the model underesti-
mates the enhancement of CO, at the receptor. We found little
difference between SFs obtained from 1- and 2-km grids, in-
dicating that a 2-km grid is likely small enough to capture the
variability in emissions. However, future work such as comparison
with higher spatial resolution priors in the near field will be nec-
essary to verify that a 1-km grid sufficiently captures source vari-
ability. Small grid sizes are necessary for measurement sites with
strong, spatially nonuniform emissions nearby, although not for
sites downwind of cities and away from strong emitters. However,
measurements at downwind sites are very sensitive to dispersion of
the urban plume and to model wind directions, and such sites are
not always available. Boston requires the placement of sensors
within the city to capture the urban enhancement, as emissions are
lofted above the surface layer over the ocean as they exit the city.
During times of westerly winds, CO, concentrations measured at
Thompson Island in Boston Harbor typically show enhancements
relative to HF of less than half of those observed at PRU.

Some other cities have constructed GHG measurement net-
works with sensors in the midst of strong urban emissions (8-11).
Our results are in agreement with those of Feng et al. (8), who
found that a 1.3-km resolution prior inventory better reproduced
CO, variability across Los Angeles than a 10-km prior. We

Sargent et al.

is calculated using the bootstrap method; bracketed

conclude that a spatially explicit prior inventory, with realistic
spatial and temporal distributions, and the inclusion of biological
fluxes, are necessary features for an accurate assessment of top-
down emissions. The inverse modeling approach can then give
strong constraints on total emissions in the urban domain.

Our results also demonstrate the importance of an accurate as-
sessment of the CO, concentrations at the boundary of the study
area. We developed a boundary CO, curtain tied to surface mea-
surements and varying with altitude that produced significantly
better agreement with observations than using either a simple dif-
ference between surface observations or a curtain from the CT
model. Over the entire 16-mo study period, using a simple differ-
ence method (accounting for transit time to the receptor but not the
vertical gradient in atmospheric CO,) produced an average model
CO, enhancement 57% greater than observations, compared with
18% lower than observations with our upwind boundary curtain.
Our boundary curtain and a CT boundary produce similar agree-
ment with observations when averaged over the full year, but the CT
boundary data have seasonal biases, leading to model enhance-
ments 25% greater than observations in the winter, 30% greater in
March and April, and 50% greater in May and September, com-
pared with 4%, 7%, and 32% lower than observations, respectively,
with our upwind boundary curtain (SI Appendix, Fig. S15). The ef-
ficacy of our boundary curtain was similar for simulations using the
WRF-STILT model (SI Appendix, section S3). The comparison
with CT confirms the importance of using observations to account
for CT biases, as also shown for Indianapolis (9) and Paris (15).

We also note that it was very important to include a correction
for the surface layer gradients associated with uptake or emission
by the forest at the HF site (24), which samples near the forest
canopy top. In the growing season, this correction increased af-
ternoon boundary CO, by 2.6 ppm on average, significantly im-
proving the model fit to observations (SI Appendix, Fig. S15). We
infer that treatment of surface layer fluxes and gradients is needed
when using data from towers in the inversion framework, espe-
cially for upwind boundary sites in forests or agricultural areas.

Conclusions

With the pending withdrawal of the United States from the Paris
climate accord, many cities and states have proposed strategies
to reduce GHG emissions at the local level. For example, Boston
has set a target of reducing GHG emissions to 25% less than
2005 levels by 2020, and becoming carbon neutral by 2050 (27).
It will be essential to put in place rigorous measurements of
actual emissions to assess the efficacy of these efforts. Bottom-
up emissions inventories may change methodologies between
assessments with improvement in data availability, and have poorly
constrained uncertainties, making them difficult to use for trend

Table 2. SF at COP as function of grid size of prior inventory

Season 1 km 2 km 5 km 10 km
ANN 1.18 1.16 1.41 1.39
SON 1.30 1.16 1.36 1.37
DJF 1.05 1.13 1.40 1.32
MAM 1.19 1.21 1.48 1.48
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detection. However, top-down assessments provide quantifiable
uncertainties and may be made consistent over long timescales. As
the accuracy of atmospheric transport models improves, our
framework allows for transparent retrospective refinements in
emissions estimates. This study used 16 mo of CO, measurements
at two sites in Boston and three boundary sites outside the city with
a high-resolution modeling framework to quantify average an-
thropogenic emissions in the region to be 0.92 kg Cm™2y~ (95%
CI: 0.79 to 1.06), which is 14% higher than that calculated by the
ACES inventory. The modeled CO, enhancement also showed
very good correlation with observations on daily and weekly
timescales. Using continuous, long-term measurements, we have
demonstrated the capability of our model-measurement frame-
work in Boston to detect changes in emissions on the order of 18%,
the model uncertainty (95% CI). This network and overall mod-
eling strategy is therefore ready to be applied in Boston to evaluate
the efficacy of local GHG mitigation strategies as the city works
toward its goal of becoming carbon neutral.

Our model-measurement framework includes several inno-
vations which will be important to leverage for future inversions of
tower and satellite data. One key development is constructing a
CO, concentration curtain, tied to surface measurements but
varying with altitude, which improved the agreement between the
average modeled and observed enhancements by ~40% compared
with a simple difference method. This study also used a detailed
representation of urban biological fluxes (which are typically zero
in MODIS-based biological flux models), finding that the urban
biosphere took up over half of the anthropogenic CO, emissions
that reached the Boston sites on summer afternoons. Without
representation of urban biological fluxes, accurate calculation of
inverse emissions in cities was not possible during at least the 5 mo
during the growing season. As NASA’s Orbital Carbon Observatory-
2 (OCO-2) satellite and the future OCO-3 and Geostationary
Carbon Observatory (GeoCarb) satellites provide increasingly
robust GHG datasets, we have shown that a detailed assessment of
biological fluxes, boundary tracer concentrations, and time delays
for air to transit the region, must be included in inverse analyses to
achieve successful emissions monitoring. These satellites will also
be an important resource for the improvement of boundary tracer
assessments in the future.
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Our results also demonstrate that high-quality, spatially and
temporally explicit prior inventories of anthropogenic emissions
are essential to obtaining accurate emissions assessments. For
our Boston sites, 5-km resolution of the prior inventory leads to a
15% underestimate of the CO, enhancement compared with
1-km resolution (30% in the winter). High-resolution inventories
are important for any measurement site within a city or near
strong emissions, to allow Lagrangian particles to sample the
spatially variable emissions field; such sites are currently oper-
ating in several established monitoring networks (8-10). Hence,
to obtain accurate emissions assessments from the growing
number of urban measurement networks, it will be essential for
local governments to also obtain comprehensive bottom-up
emissions inventories. Cities are leading GHG reduction ef-
forts, but most are not yet investing in such detailed inventories
or emissions reduction validation. Our work has demonstrated
that atmospheric observations coupled with high-quality, spa-
tially resolved inventories provide the foundation for cities to
rigorously assess their GHG mitigation strategies.

The Paris climate accord is dependent upon accurate accounting
of emissions from each country; without good data to assess how
well countries or cities are meeting their targets, the utility of the
agreement breaks down. This study presented several advances to
inverse modeling techniques and demonstrated that the resulting
framework enables us to constrain emissions in Boston within
+18%. Improved transport models and remote sensing data should
allow us to narrow this uncertainty. Similar frameworks could be
applied around the world to verify emissions reductions goals and
help cities and countries to meet their international commitments.
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