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Abstract Accurate quantification of hazardous material releases in cities is critical for emergency managers
aiming to mitigate health impacts and mortality in the population. Here, a study on the development and
evaluation of a high‐resolution (1‐km, 1‐hr) urban‐scale atmospheric inverse modeling system for the
Washington, DC, and Baltimore, MD, metropolitan area (DCBA) is presented to advance surface flux
quantification in urban and industrial areas where the potential for a hazardous release is high. The system
employs an inert tracer as a proof of concept for January 2019 and builds upon HYSPLIT atmospheric transport
and dispersion simulations driven by high‐resolution Weather Research and Forecasting (WRF) model
simulations that ingest urban meteorological observations, coupled with the CarbonTracker‐Lagrange (CT‐L)
inverse model tailored to account for hourly spatiotemporal fluxes. The system assimilates tower‐based tracer
observations from the National Institute of Standards and Technology (NIST) Northeast Corridor Urban Test
Bed and utilizes the 1‐km Vulcan and 4‐km GRA2PES bottom‐up inventories as prior knowledge of the tracer
fluxes. Numerical experiments using synthetic and actual data reveal that the system significantly improves the
quantification of flux strength (mean flux) and total mass released across the urban cores of Washington, DC,
and Baltimore, MD. Hourly flux variations are fairly well resolved when originating from a broad territory (city
scale), while the accuracy of source retrieval improves when flux estimates are aggregated to coarser spatial
resolutions (e.g., 4 km). This work has important implications for estimating hazardous releases from urban
areas for emergency response and hazard analysis.

Plain Language Summary Releases of hazardous materials into the atmosphere (emissions) during
emergency or accidental events in urban and industrial areas pose a threat to city populations. Exposure to
these harmful materials is primarily mediated by urban meteorology (e.g., wind), which determines how these
substances spread from release sources to surrounding areas. Therefore, it is essential to have tools that
estimate emission intensity, total emissions, temporal variation, and source location. This study presents and
evaluates a model that infers these emission characteristics from downwind atmospheric observations in
DCBA during January 2019. This type of approach, known as inverse modeling, employs a statistical
technique to adjust a prior assumption about emissions to make it more consistent with observations. Our
model is suitable for this purpose because its representation of the underlying urban atmospheric dispersion is
sufficiently accurate, and it achieves a more robust tuning of prior errors, which is necessary for this statistical
technique.
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1. Introduction
Accurate quantification of the sources, transport, and fate of atmospheric hazardous materials is fundamental for
effective emergency management, especially in urban and industrial areas where the potential for a hazardous
release is higher. Stakeholders often use so‐called bottom‐up methods to estimate the release of these materials,
based on emission factors multiplied by activity data (Fong et al., 2014). This type of release accounting often
lacks the spatial and temporal information critical for a rapid and effective emergency response. It has also been
shown that these types of methods can provide inconsistencies (Gurney et al., 2021). Therefore, complementary
methods that provide estimates with higher resolution and lower latency, such as top‐down inversion techniques,
are essential for first responders and emergency managers seeking to develop targeted strategies for mitigating the
impact of a hazardous release and protecting public health (Singh et al., 2015).

Urban‐scale top‐down atmospheric Bayesian inversions offer a different perspective for urban and industrial flux
quantification (i.e., emissions) (e.g., Breón et al., 2015; Ghosh et al., 2021; Hajny et al., 2022; Huang et al., 2019;
Kort et al., 2013; Kunik et al., 2019; Lauvaux & Davis, 2014; Lauvaux et al., 2016; Lopez‐Coto et al., 2017;
Vardag & Maiwald, 2024; Wu et al., 2018). They rely on direct atmospheric concentration measurements of
hazardous materials based on satellites, aircraft, mobile platforms, or fixed surface locations, spatially explicit
bottom‐up emissions inventories as prior information, along with atmospheric transport models (e.g., Gourdji
et al., 2018; Mallia et al., 2020; Nesser et al., 2024; Semerjian et al., 2024). Even though top‐down atmospheric
inversions have inherent uncertainties, they can provide an independent check of bottom‐up methods on shorter
time frames (e.g., Brioude et al., 2011; Feng et al., 2023; Hu et al., 2015, 2025; Itahashi et al., 2019; Nüß
et al., 2025; Qu et al., 2022).

Top‐down inversion methods for urban areas are most directly applicable and have primarily been applied to trace
gases that are long‐lived relative to the time scale of urban atmospheric transport and dispersion (e.g., CO, CH4,
and CO2) so that the significant added complexity introduced by atmospheric transformations can be avoided.
Atmospheric inversions of inert trace gases can uncover temporal patterns, trends, and anomalies in emissions at
urban scales (e.g., Brioude et al., 2011; Karion, Ghosh, et al., 2023; Lopez‐Coto, Ren, et al., 2020; Lopez‐Coto
et al., 2022; Pitt et al., 2022; Yadav et al., 2021; Yumimoto et al., 2014). Berchet et al. (2021) demonstrated with
synthetic data that analytical inversions are the most accurate method for linear tracer problems, followed by
variational and ensemble techniques.

Atmospheric transport models are used within trace gas inversion systems to link observations with surface
fluxes. Commonly, backward in time atmospheric dispersion simulations are performed originating at the point of
the observation in order to calculate all of the possible locations where surface fluxes may have influenced the
measurement, which is the footprint of the measurement. The use of the Hybrid Single‐Particle Lagrangian In-
tegrated Trajectory (HYSPLIT) model in these inversion methods has been advanced by the incorporation of the
Stochastic Time‐Inverted Lagrangian Transport (STILT) model dispersion algorithms into the HYSPLIT model,
allowing these STILT features to stay up to date (Loughner et al., 2021). In another study in Washington, DC, it
was found that the use of local meteorological data to enhance weather models through observational nudging is
essential to improve the accuracy of atmospheric transport and dispersion forecasts with the HYSPLIT model
(Lichiheb et al., 2024).

In addition, previous urban‐scale research argues that inversion performance is limited by both temporal reso-
lution and temporal correlations of prior errors. Bayesian inversions typically focus on constraining time‐
averaged emissions with the goal of deriving temporal patterns of posterior fluxes not driven by changes in
the prior (e.g., Ghosh et al., 2021; Karion, Ghosh, et al., 2023; Lauvaux et al., 2016; Lopez‐Coto, Ren, et al., 2020;
Lopez‐Coto et al., 2017; Nalini et al., 2022; Pitt et al., 2022; Yadav et al., 2021). Nevertheless, Super et al. (2021)
show that expected concentrations of inert trace gases used by the inversion algorithm (i.e., modeled observations
computed by convolving footprints with the prior to map surface fluxes into observational space) are affected
when realistic temporal variability is introduced into the prior, causing significant differences in results. More-
over, Kunik et al. (2019) demonstrated that proper characterization of temporal correlations of prior errors, along
with spatial correlations, is crucial for obtaining robust inverse fluxes.

For these reasons, further research on urban inverse modeling is required. The tracer experiment perspective can
be particularly helpful because the performance of atmospheric transport models can be estimated (Zan-
netti, 2013), and thus, inverse modeling. A requirement for tracers is that they must be relatively innocuous to
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human health (Rappolt & Kerrin, 2010). Due to this safety consideration—combined with the relatively high
density of CO2 monitoring networks—this compound has been employed as a “tracer of opportunity,” spanning
both global (e.g., Law et al., 2008) and urban‐scale applications (e.g., Lopez‐Coto, Hicks, et al., 2020; Martin
et al., 2019). In the Washington, DC, and Baltimore, MD, Metropolitan Area (DCBA), Martin et al. (2019) used
WRF‐Chem simulations to show that wintertime modeled observation error relative to measurements is domi-
nated by errors in model meteorology rather than by emission inventory errors, reinforcing the implications
identified by Lichiheb et al. (2024).

This study evaluates a high‐resolution (1 km, 1 hr) urban‐scale inverse modeling systemwith an inert tracer (CO2)
for DCBA in January 2019, based on both synthetic and actual data numerical experiments. It differs from
previous work for several key reasons: (a) the backbone of the system is the HYSPLIT model driven by high‐
resolution (1‐km) WRF simulations nudged with urban meteorological observations collected across DCBA,
which performs in reanalysis mode to generates the footprints; (b) the system adopts an hourly flux retrieval
resolution within the CarbonTracker‐Lagrange (CT‐L) analytical inverse model (Hu et al., 2019; NOAA Global
Monitoring Laboratory, 2019); (c) the data assimilation formulation explicitly represents temporal correlations in
prior emission errors in DCBA, in addition to spatial correlations; and (d) the system uses CO2 as a tracer of
opportunity to demonstrate its capability to infer emissions in complex urban environments, thereby informing
subsequent system developments to emergency response preparedness. The degree to which our inversion
system captures the flux characteristics of tracer emissions in DCBA provides a benchmark for the accuracy
of urban atmospheric modeling—including the application of the same underlying models for emergency
response, such as the urban atmospheric transport framework (i.e., HYSPLIT configuration, meteorological
nudging, and the spatial configuration of the observational network). Our premise is that before integrating the
nonlinearities inherent in the chaotic nature of emergencies (e.g., chemical transformations), an urban inversion
system must first undergo rigorous validation in an inert tracer environment. Consequently, the dense CO2

observation network, the ubiquity of CO2 emissions throughout DCBA, and the combination of other factors in
January 2019 provide a unique tracer of opportunity for this case study.

The structure of this paper is as follows: Section 2 describes the methodology, including the experimental setup
and the several components that are integrated in the system, Section 3 presents a detailed evaluation of the
capabilities and limitations of the urban‐scale inverse modeling system, and the conclusions of this study are
presented in Section 4.

2. Materials and Methods
2.1. Experimental Design

The urban inverse modeling system has been built upon Observing System Simulation Experiments (OSSEs) and
actual data inversions assimilating CO2 atmospheric concentration measurements collected on 3–29 January
2019, in an urban network of towers in DCBA that forms part of the NIST Northeast Corridor Urban Test Bed
(NIST‐NEC‐DCBA) (Karion et al., 2020). The selected time period (January 2019) is methodologically ad-
vantageous for several reasons: (a) DCBA has an existing dense measurement tower network that includes
background sites; (b) biogenic fluxes, which are known to be challenging to model, are small compared to
anthropogenic CO2 fluxes during winter (Winbourne et al., 2022; Yadav et al., 2021), so CO2 atmospheric
concentrations are primarily shaped by urban meteorology, that is, while emissions themselves vary mainly with
anthropogenic activity, meteorology determines how those emissions accumulate and are observed in urban CO2

concentrations; (c) there are other bottom‐up and top‐down estimates for January 2019; and (d) while accidental
releases can occur in any season, this case study offers an opportunity to evaluate the system during winter, when
more typical temperature inversions lead to greater accumulation of pollutants at the surface, thus representing a
worst‐case scenario from an emergency response preparedness perspective.

Here, the current configuration of the urban inverse modeling system is examined using four baseline numerical
experiments, summarized in Table 1 and briefly outlined below. Tests 01‐a and 02‐a assimilate actual mea-
surements of the atmospheric tracer, which differ in the emission data products used to provide the prior fluxes.
Test 01‐a uses the Vulcan v3.0 data set (Gurney et al., 2020a, 2020b) for January 2015, which is a time‐varying
(1‐hr) high‐resolution (1‐km) prior that is able to spatially resolve localized and linear sources. In contrast, test
02‐a uses a preview release of the GReenhouse gas And Air Pollutants Emissions System (GRA2PES) for
January 2019, developed by the NOAA Chemical Sciences Laboratory (CSL) and NIST (Lyu et al., 2025;
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NOAA Chemical Sciences Laboratory & National Institute of Standards and Technology, 2023), which is a
time‐varying (1‐hr) 4‐km resolution prior currently provided for three representative days of week in each month
(weekdays, Saturdays and Sundays). The objective of test 02‐a is to evaluate the combined effect of using (a) a
coarser prior and (b) a distinct inventory (GRA2PES) developed using alternative methods and data sources. Tests
01‐s and 02‐s are configuration‐mirrored experiments to, respectively, tests 01‐a and 02‐a (i.e., same atmospheric
transport, observation noise, priors, error covariance, domain, and grid) that assimilate synthetic data generated
from the Anthropogenic Carbon Emission System version 2 (ACES; Gately & Hutyra, 2022) for January 2017,
which is another time‐varying high‐resolution product (1‐km, 1‐hr) with data closer to our study period (January
2019). The OSSEs serve for two purposes: (a) to provide insights into the skill of the system to detect the un-
derlying tracer flux characteristics under controlled settings given the prior specification; and (b) to serve as
benchmarks for evaluating the responses observed in the experiments conducted with actual data. Accordingly,
the information provided by both tests 01‐s and 02‐s, and derived sensitivity inversions, is required to obtain a
comprehensive understanding of the system performance (Michalak et al., 2017).

To guide the reader, this chapter proceeds as follows: Sections 2.2 and 2.3 describe, respectively, the model
domain and system framework utilized in the actual data numerical experiments. The inversion system frame-
work description is followed by dedicated subsections for describing the system components. Next, in Sec-
tion 2.4, it is explicated how the synthetic data numerical experiments are constructed. Finally, the metrics used to
estimate the model performance are described in Section 2.5.

2.2. Model Domain

A map of the DCBA model domain is presented in Figure 1, which includes the locations of the observational
network of NIST‐NEC‐DCBA. The green circle markers indicate the locations of the NIST towers used in the
inversions, the blue triangles denote the NIST sites used to provide the boundary (background) concentrations,
and the white square markers represent the meteorological data network incorporated into the high‐resolution
meteorological modeling. The NIST sites (green circles and blue triangles) also provide meteorological obser-
vations that are used within the meteorological model. With respect to the modeling domain, the inner white box
in Figure 1 indicates the boundaries of the region (south: 38.4°; north: 39.6°; west: − 77.8°; east: − 76.2°), where
hourly fluxes are constrained on a regular latitude‐longitude grid with a nominal resolution of 1 km (i.e., 0.01°
latitude by 0.01° longitude resolution). The high‐resolution (1 km) meteorological modeling domain covers the
outer white box. As shown in Figure 1, the NIST towers used in the inversions are located in a high‐ and medium‐
intensity developed urban area according to the National Land Cover Database (U.S. Geological Survey, 2024). A
subsequent analysis of the average afternoon HYSPLIT‐calculated surface sensitivities across the domain in
January 2019 (Figure S1 in Supporting Information S1) reveals that the urban corridor can be effectively observed
by the tower network, as the surface sensitivity is higher than in peripheral areas. This region has been referred to
as the central subdomain, as it is used to evaluate the skill of the system in the urban corridor.

2.3. Inversion System Framework

The data assimilation technique of CT‐L is analytical and computes the algebraic solution of the Gaussian
Bayesian inverse problem outlined by Tarantola (2005) using the algorithms described by Yadav and Micha-
lak (2013) to reduce the computational cost of performing large linear space–time inverse problems (details in

Table 1
Summary of Baseline Inverse Modeling Experiments Carried Out in This Work (Same = Identical to Test 01‐a) (Detailed Metadata on Input Data Sets Utilized in the
Modeling Setup is Presented in Table S5 in Supporting Information S1)

Test
ID Observational data Prior fluxes Atmospheric transport model

Data assimilation
framework

Temporal covariance of
prior errors

Retrieval
resolution

01‐a Actual measurements 1‐km Vulcan (Prior 1) 1‐km WRF‐HYSPLIT adjusted
with urban meteorological
observations

CT‐L v0.2.0 Weekly‐cosinusoidal 1‐km, 1‐hr

02‐a Actual measurements 4‐km GRA2PES (Prior 2) Same Same Same Same

01‐s 1‐km ACES‐derived synthetic data 1‐km Vulcan (Prior 1) Same Same Same Same

02‐s 1‐km ACES‐derived synthetic data 4‐km GRA2PES (Prior 2) Same Same Same Same
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Text S1 in Supporting Information S1). This unusual feature of CT‐L allows calculating the exact mathematical
solution to the optimal value (̂s) and its uncertainty (Vŝ), unlike ensemble or variational approaches, which are
given by,

ŝ = sp + (HQ)T (HQHT + R)− 1 (z − Hsp), and (1)

Vŝ = Q − (HQ)T (HQHT + R)− 1 HQ, (2)

where ŝ (m × 1) is the posterior best estimate of the unknown true fluxes with units of μmol/m2/s, sp (m × 1) is
the prior estimate of ŝ, z (n × 1) is a vector of observed tracer enhancements as given by Equation 3 in units of
μmol/mol or ppm, H (n × m) is a matrix of HYSPLIT‐calculated footprint values that describes the relationship
between the observable tracer and the fluxes, Q (m × m) is a covariance matrix of prior errors describing the
expected deviations between the prior and true fluxes, and R (n × n) is a covariance matrix of errors associated
with the measurements and modeling, also known as model‐data mismatch errors. The product of the second and
third terms in Equations 1 and 2, (HQ)T (HQHT + R)− 1, corresponds to the Kalman gain matrix, which de-
termines the weight given to the observed data relative to the prior state (Berchet et al., 2021).

In the model domain, an assimilation time interval of 27 days (3–29 January 2019) is adopted, incorporating the
available afternoon (12:00–17:00 ET) tracer enhancements. Observations falling outside the 12:00–17:00 ET
time window are excluded from the inversion although footprints associated with the assimilated observations are
not restricted exclusively to the afternoon hours. Consequently, we use the available footprints to constrain sp, but
limited here the analysis of flux retrievals to the afternoon, when there is generally more confidence in atmo-
spheric transport modeling, that is, when the planetary boundary layer is higher and well‐mixed (e.g., Breón
et al., 2015). A preliminary assessment of the system showed a decreasing retrieval skill as time goes
backward—from the afternoon to morning, early morning, and night— with residual retrieval at early morning
and practically no retrieval at night (Cahuich‐López et al., 2024). This pattern is expected because we are con-
straining our fluxes only with afternoon data; thus, the surface sensitivities associated with these observations
decrease as temporal lag increases.

Figure 1. Observational network and domain of the urban inverse modeling system in the DCBA. The yellow box delimits the central subdomain region, with an
enlarged view in the right panel, where the surface sensitivities associated with the NIST‐NEC‐DCBA tower network are higher.
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In the context of matrix dimensions, our inverse problem has n (953 observations) andm (p× r) dimensions, where
p = 648 time steps, and r = 19,200 grid cells (i.e., 120 × 160 grid cells) which leads to 12,441,600 unknowns
(648 × 19,200). The otherwise ill‐posed problem is regularized through the inclusion of the prior information and
its associated error covariance matrix, which incorporates spatial and temporal correlations (described in Sec-
tion 2.3.3). This structure allows to spread out observational information in space and time and reduces the degrees
of freedom in the model space (Bannister, 2008; Hu et al., 2015; Kountouris et al., 2015; Singh et al., 2015),
thereby meaningfully constraining such a large parameter space primarily in the afternoon time interval.

2.3.1. Atmospheric Transport Model and Its Drivers

2.3.1.1. High‐Resolution Meteorological Modeling

In this study, meteorological fields are generated utilizing the Weather Research and Forecasting (WRF; version
4.5.2) model (Powers et al., 2017), configured with three nested domains at horizontal grid spacings of 9, 3, and
1 km. The innermost 1‐km domain encompassed the DCBA area (see Figure 1) and provided meteorological
inputs for HYSPLIT backward dispersion simulations. The vertical grid consisted of 55 layers, with the lowest
mid‐layer height at ∼15 m AGL and the model top set at ∼16,000 m AGL (100 hPa). Simulations are initialized
by the Global Data Assimilation System (GDAS; National Centers for Environmental Prediction/National
Weather Service/NOAA/U.S. Department of Commerce, 2015) in 0.25‐degree spatial resolution and available
every 6 hr, while the output from the coarser domains provides the initial and boundary conditions for the inner
domains. Each WRF run spans 30 hr, including a 6‐hr spin‐up period starting at 18:00 UTC the previous day.

WRF physics schemes (Skamarock et al., 2021) include the Rapid Radiative Transfer Model for radiation, WSM6
for microphysics, the Grell 3D ensemble for the sub‐grid cloud, the Noah land surface model, the MM5 Monin‐
Obukhov surface scheme, and the Shin‐Hong scheme for the planetary boundary layer (PBL) parameterization.
To improve the accuracy of meteorological fields for dispersion modeling, four‐dimensional data assimilation
(FDDA; so‐called “nudging”; Reen, 2016) is applied using analysis nudging for the outer domains and obser-
vational nudging for the innermost domain with u‐ and v‐wind measurements from NIST‐NEC‐DCBA towers.
Observational nudging settings include: a 1‐hr observational time window, a wind nudging coefficient of
6.4 × 10− 3 s, and a 100‐km horizontal radius of influence.

Statistical metrics were computed using NIST tower observations in the DCBA domain (shown in Table S1 in
Supporting Information S1) to evaluate the WRF meteorological fields later used for dispersion simulations. The
mean absolute error (MAE) was in the range of 0.849°C–1.138°C for temperature, 0.326 ms− 1 to 0.597 ms− 1 for
wind speed, and 5.332°–20.729° for wind direction. We also computed the statistics using surface observations
from three major airports in the DCBA region that were not included in the nudging process (shown in Table S2 in
Supporting Information S1). The maximum MAE values from these independent sites were 1.556°C for tem-
perature, 1.386 ms− 1 for wind speed, and 25.982° for wind direction. These results fall within the statistical
benchmark established for air quality studies by Emery and Tai (2001), which recommend MAEs < 2 K for
temperature, <2 ms− 1 for wind speed, and<30° for wind direction. Furthermore, our evaluation aligns with Deng
et al. (2017), who reported comparable MAEs (2.2°C for temperature, 0.8 ms− 1 for wind speed, and 19° for wind
direction) for WRF simulations used to drive an urban CO2 inversion system, demonstrating that the WRF
meteorological fields in this study meet established performance standards for urban modeling applications.

2.3.1.2. Lagrangian Particle Dispersion Modeling (HYSPLIT)

The WRF simulations described above are used to drive HYSPLIT (Draxler & Hess, 1998; Stein et al., 2015)
backward dispersion simulations to obtain footprints for each measurement. Simulations are initiated at each
location every hour and run for 12 hr backward in time, with 1,000 particles released throughout the first hour of
each simulation to correspond with the hourly averaged measurement. The simulation is run with vertical velocity
computed from the horizontal velocity divergence, rapid convection when CAPE exceeded 500 J/kg (Draxler &
Hess, 1997), boundary layer stability derived from heat and momentum fluxes (Draxler & Hess, 1997), the
Beljaars and Holtslag (1991) turbulence scheme for stable surface conditions and the Betchov and Yaglom (1971)
turbulence scheme for unstable conditions (Draxler & Hess, 1997), boundary layer height taken directly from the
input meteorology with a minimum boundary layer height of 150 m, and the STILT dispersion scheme (Lin
et al., 2003; Loughner et al., 2021). The minimum boundary layer height is applied at all locations and all times in
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order to prevent the output vertical resolution from being too fine, which can result in noisy results. The output
vertical resolution of the calculated footprint is 0.5× the boundary layer height.

2.3.2. Observational Data and Error Covariance Specification

The NIST urban testbed system is a set of dense surface tower networks that observe inert trace gas atmospheric
concentrations (details in Text S2 in Supporting Information S1). One testbed is located in Indianapolis, another
in Los Angeles, and the third is situated in the Northeast Corridor, with a special focus on the DCBA. For our first
attempt with this urban system, we are focused on the NIST‐NEC‐DCBA measurements.

Hourly urban atmospheric enhancements of the inert tracer are given by (Yadav et al., 2021),

z = zmeas − zback − zbio, (3)

where zmeas represents atmospheric concentration measurements of CO2 from NIST‐NEC‐DCBA, zback the
background calculated concentrations, and zbio atmospheric CO2 enhancements associated with biosphere ac-
tivity. zback is estimated from mean afternoon values derived from the background towers located at the outskirts
of the domain, similarly to Karion et al. (2021) after subtracting the in‐domain contribution estimates (details in
Text S3 in Supporting Information S1). zbio consists of modeled atmospheric enhancements generated from
Vegetation Photosynthesis and Respiration Model (VPRM) fluxes from Gourdji et al. (2022) and Gourdji and
Marrs (2021). Fluxes are regridded on the model domain and convolved with the HYSPLIT footprints calculated
for the system. Given that the case study is conducted during the winter, we have assumed that the biospheric
fluxes are perfectly well known (details in Text S4 in Supporting Information S1). Therefore, the resultant values
from Equation 3 represent tracer enhancements associated with local urban and industrial sources, and these are
assimilated by the inversion system.

The model‐data mismatch covariance matrix (R) represents the uncertainty of the observational constraint, which
includes measurement uncertainties and modeling that relates surface fluxes to observational signals uncertainties
(Kountouris et al., 2018). Here,R is expressed as a diagonal matrix, as in previous urban inversion studies of inert
trace gases (e.g., Gourdji et al., 2018; Hajny et al., 2022; Huang et al., 2019; Karion, Ghosh, et al., 2023; Kort
et al., 2013; Lopez‐Coto et al., 2017; Vardag & Maiwald, 2024), where diagonal elements (variances) have four
independent contributions based on Karion, Ghosh, et al. (2023) (details in Text S6.1 in Supporting
Information S1),

σ2r =
(OBSsd)2

N
+ (OBSunc)2 + (bg)2 + var(Hsp), (4)

where the first term is the standard deviation of the 1‐min observational means within each hour, divided by the
number of minutes sampled (N); the second term is the measurement uncertainty; the third term represents the
uncertainty in the background CO2 estimation method; and the fourth term represents the atmospheric transport
modeling uncertainty estimated through the intermodel variance of simulated CO2 atmospheric enhancements, as
in previous works (e.g., Engelen et al., 2002; Hajny et al., 2022; Lopez‐Coto, Ren, et al., 2020; Pitt et al., 2022).
For the latter, HYSPLIT is driven by two different high‐resolution meteorological models: an in‐house developed
research model (i.e., 1‐km nudged WRF) and an operational model (3‐km HRRR), whose resulting footprints are
convolved with the prior to obtain the modeled enhancements.

The approach implemented in Equation 4 results in a mean combined standard uncertainty (i.e., the average of
individual

̅̅̅̅̅
σ2r

√
values across each NIST‐NEC‐DCBA site) ranging from 3.84 to 5.49 ppm, while the signal‐to‐

noise ratio ranges from 0.53 to 1.3, depending on the NIST site and prior fluxes used to calculate the spread of
simulated CO2 atmospheric concentrations. The signal‐to‐noise ratio per site is defined here as the ratio between
the mean value of the atmospheric enhancement and the mean combined standard uncertainty.

2.3.3. Prior Emissions and Error Covariance Specification

Another key input to the Bayesian inversion system is a priori information of the urban and industrial emissions
for the region that is improved to a posteriori when the tracer enhancements are assimilated (Singh et al., 2015).
As mentioned earlier, the prior information is provided by two different emission inventories resolved spatially
and temporally which differ in their native spatial resolution, methods and data sources: 1‐km hourly Vulcan v3.0
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over January 2015, regridded on the domain and shifted to match the day of the week in January 2019 (prior 1);
and an early release of the 4‐km hourly GRA2PES product over January 2019, regridded on the domain as well
(prior 2) (details in Text S5 in Supporting Information S1).

The prior error covariance matrix (Q), which represents the uncertainty in the prior fluxes, is constructed using a
decaying exponential function in space and time as follows,

Q = (σσT) × (D⊗ E), (5)

where σ (m × 1) is a vector of time‐varying prior uncertainties, × denotes element‐by‐element multiplication, ⊗
denotes the Kronecker product, and D (p × p) and E (r × r) are square and symmetric matrices that describe
temporal and spatial isotropic correlations of the prior errors. Given the available information about the un-
certainties of the priors (Gurney et al., 2020a, 2020b), the construction of Q for this case study involves pre-
scribing 1σ = 50% the prior flux magnitude at the grid cell level (details in Text S6.2 in Supporting
Information S1). This uncertainty value is also considered appropriate to minimize flux overfitting at the pixel
level based on preliminary work.

The temporal and spatial correlation patterns needed to construct D and E in Equation 5 are estimated, respec-
tively, based on autocorrelation and semivariogram analyses of the hourly afternoon prior errors (details in Text
S6.2 in Supporting Information S1). Errors for this purpose are estimated by twomethods: (a) 1σ, and (b) based on
a surrogate state, utilized as the “true” fluxes (1‐km, 1‐hr ACES January 2017; Gately &Hutyra, 2022) to measure
errors according to Bannister (2008). The resultant autocorrelograms show that afternoon temporal correlations at
the metropolitan scale have a distinctive shape, characterized by a consistent weekly‐cosinusoidal pattern of the
error correlations in DCBA from both 1σ and the errors derived from a surrogate state (Figure S5 in Supporting
Information S1). This persistent pattern suggests that the uncertainty of afternoon urban emissions on a given day
of the week (e.g., Thursday) can predict, to some extent, the uncertainty of urban emissions on the afternoon of the
same day the following week, as well as 2 and 3 weeks after that day. Therefore, to represent the weekly cycle of
the uncertainty described by the autocorrelograms, the temporal correlations of prior errors in this study are
given by,

D = [(exp(−
Xτ
lτ
)) (

cos(2πXTF) + 1
2

)], (6)

where F is a weekly frequency in cycles per day (F = 0.143), Xτ is the lag time expressed in days, and lτ =
14 days. Correlations are assumed only across days at the same time of the day (i.e., intraday correlations are
ignored and given a value of zero). With respect to spatial correlations, semivariogram analyses indicated a
correlation length of 10 km. This parameter ranges from 6 to 25 km, although 10 km is the most typical quantity
(e.g., Ghosh et al., 2021; Kunik et al., 2019; Lopez‐Coto, Ren, et al., 2020; Lopez‐Coto et al., 2017; Pitt
et al., 2022).

2.4. Observing System Simulation Experiments

Tests 01‐s and 02‐s are built with the same general settings as the actual data tests 01‐a and 02‐a, including
assimilation time interval (3–29 January 2019), prior fluxes, atmospheric transport model, domain, and grid
resolution (Table 1). Likewise, only afternoon tracer observations (12:00–17:00 ET) are assimilated. For the
OSSEs, synthetic true observations for the tower sites are derived by transporting surface fluxes in the DCBA
domain from the ACES emission data product for January 2017 using our HYSPLIT calculated footprints (H).
Again, ACES is a high‐resolution (1‐km, 1‐hr) CO2 emissions data product, similar to Vulcan v3.0, but with data
available closer to the study period. Figure 2 presents the spatial and temporal patterns of the reference flux
scenarios adopted in the OSSEs, including the synthetic true and priors: 1‐km Vulcan v3.0 January 2015 (prior 1/
tests 01‐s) and 4‐km GRA2PES January 2019 (prior 2/tests 02‐s). The Vulcan 2015 fluxes are significantly larger
than those in the truth and GRA2PES inventories (Figures 2a–2c). This is especially true on weekdays, where
those differences can reach up to 100% of the truth (i.e., ∼4 μmol/m2/s) in terms of average domain flux
(Figure 2d).
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To mimic the errors associated with the NIST‐NEC‐DCBA tower network and their effects on the flux retrievals,
synthetic observations are perturbed with Gaussian noise scaled proportionally to the mean combined standard
uncertainty of the actual tracer enhancements. We used their site‐dependent signal‐to‐noise ratios (Tables S3 and
S4 in Supporting Information S1), analogously to Hu et al. (2015). Furthermore, the magnitude of the Gaussian
noise is expressed as variance in the diagonal Rmatrix to maintain consistency (e.g., Berchet et al., 2021; Lopez‐
Coto et al., 2017) andQ is treated with the same assumptions as the prior error covariance matrix in the actual data
inversions. In this way, OSSEs use analogous parameterizations for the error covariance operators.

However, we note that the baseline OSSEs do not explicitly represent incoming airflow (background) or biogenic
contributions, and that the same atmospheric transport is used in both inversions and the synthetic data generation.
Furthermore, given that the background was not considered, the reference experiments assimilate all the afternoon
data. Nonetheless, because both background and biogenic contributions impact the signal‐to‐noise ratio, the
procedure used to construct the synthetic observations indirectly reflects their effects. Details on the OSSE setup
are described in Text S7 in Supporting Information S1.

2.5. Metrics and Assessment Criteria

OSSEs are adopted as a diagnostic tool at both the aggregate (city) scale and grid scale levels. At the grid scale
level, we use metrics such as Normalized Mean Bias (NMB) and Mean Absolute Percentage Error (MAPE) to
assess model bias and accuracy (Boylan & Russell, 2006; Morley et al., 2018),

NMBj =
∑

C
k=1 ( x0,k − xt,k)
∑

C
k=1xt,k

· 100,and (7)

Figure 2. Reference flux scenarios adopted in the synthetic data numerical experiments 01‐s and 02‐s. The figure displays maps of the averaged fluxes of (a) synthetic
true (1‐km ACES), (b) prior 1 (1‐km Vulcan), and (c) prior 2 (4‐km GRA2PES) for 3–29 January 2019; and (d) the time series of average domain flux related to each
reference scenario. The colorbar in maps is truncated.
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MAPEj =
1
C
∑
C

k=1

⃒
⃒
⃒
⃒
⃒

x0,k − xt,k
xt,k

⃒
⃒
⃒
⃒
⃒
· 100, (8)

where x0,k and xt,k are, respectively, the prediction (from the prior or posterior state) and true flux values from
ACES at the grid cell j, and C is the number of afternoon flux time steps.

The statistical self‐consistency of the inversion system is evaluated utilizing the reduced chi‐square value (χ2red)
under the assumption of Gaussian and unbiased errors (Michalak et al., 2017; Tarantola, 2005; Yadav et al., 2019)
as follows,

χ2 = (z − Hŝ)T R− 1 (z − Hŝ) + (̂s − sp)T Q− 1 (̂s − sp), and (9)

χ2red =
χ2

v
, (10)

where v is the number of degrees of freedom (i.e., the number of observations), and the other terms have been
defined previously. Since computing the solution is numerically expensive, we use the methods described by
Kunik et al. (2019) (details in Text S8 in Supporting Information S1). χ2red ≈ 1 is generally perceived as an
indicator of correct assumptions made in Q and R, as it indicates a close alignment of the prescribed errors with
model residuals (e.g., Karion, Ghosh, et al., 2023; Kunik et al., 2019; Remaud et al., 2022; Yadav et al., 2019,
2021).

Other metrics involved comparing the prior and posterior analytical uncertainties to calculate the uncertainty
reduction to provide insights into the increase in confidence in the inverse fluxes (details in Text S9 in Supporting
Information S1). Furthermore, correlation, Root Mean Square Error (RMSE), and bias of modeled enhancements
allow for verifying whether the posterior fluxes capture the data (e.g., Kunik et al., 2019; Yadav et al., 2021).

During the preparation of this manuscript, Grammarly, Microsoft Copilot, and Gemini were utilized as editing
tools to improve the readability and flow of the text. The authors carefully reviewed and edited the outputs and
take full responsibility for the content.

3. Top‐Down Trace Gas Flux Quantification in DCBA (January 2019): Results and
Discussion
3.1. Analysis and Interpretation of OSSEs

3.1.1. OSSEs Performance at the City‐Scale Level

In this and the following subsections, the results of the baseline experiments are examined for the 12:00–17:00 ET
emission interval. Figure 3 shows domain scale top‐down (posterior) estimates, compared to the truth and prior.
The left panel (Figure 3a) presents the central tendency indicators and variability of the total emission rate (i.e.,
aggregated flux values across all pixels within the domain area at each hourly time step). The truth exhibits
73.2 kmol/s ± 8.1 kmol/s (mean ±1 standard deviation) compared to prior 1/tests 01‐s and prior 2/tests 02‐s that
show, respectively, 87.6 kmol/s ± 15.4 kmol/s and 76.3 kmol/s ± 3.4 kmol/s. In contrast, the posterior estimates
reveal, respectively, 74.8 kmol/s ± 12.3 kmol/s and 72.4 kmol/s± 4.3 kmol/s, with the mean of both posteriors of
73.6 kmol/s± 9.3 kmol/s, as shown by the horizontal dashed line in Figure 3a. Clearly, posterior estimates reflect
the constraining data, as they are more closely aligned with the truth. Initially, the estimates from the prior 1/tests
01‐s showed the greatest bias and dispersion relative to the truth (Figure 3a, second box). The system adjusted the
variability of the total emission rate—that from prior 1 has decreased (Figure 3a, fourth box) and that from prior 2
has increased (Figure 3a, fifth box)—such that the posterior data are in greater agreement with the true values.
Therefore, this analysis demonstrates that the model reduces bias and adjusts the prior dispersion toward more
realistic values.

However, while both OSSEs have used the same observations and prior error spatial and temporal correlation
scales, the variability associated with the posterior estimates was not identical (Figure 3a). This is expected and is
primarily attributed to the inherent characteristics of the prior flux fields and the grid cell level uncertainty (1σ)
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assumed for the priors, corresponding to 50% of the grid‐cell level prior fluxes in the baseline inversions, as this
provides inversions with leeway to adjust the fluxes (e.g., Pitt et al., 2022; Yadav et al., 2021). Since the un-
certainty is linked to the prior structure, it differs for each case in terms of granularity and magnitude.

To assess the total effect over time, Figure 3b compares the sum of total emission rates over the month for the
truth, prior, and posterior scenarios in carbon mass units (i.e., cumulative monthly emissions). The associated
uncertainty is expressed as 95% confidence intervals (CI). From this assessment, it follows that cumulative
emissions arising from the synthetic true are 0.427 megatons of carbon (MtC), and prior estimates exhibit an
overestimation compared to the truth, reporting emissions of 0.511 MtC ± 0.033 MtC, 95% CI
(0.445 MtC ± 0.027 MtC, 95% CI) from the prior 1/Test 01‐s (prior 2/Test 02‐s) (Figure 3b). It is of particular
interest to note that the prior 1 does not match the truth within the confidence intervals. The system adjusted these
estimates downward with narrower confidence intervals, corresponding to 0.436 MtC ± 0.022 MtC, 95% CI
(0.422 MtC ± 0.019 MtC, 95% CI) for the posterior 1/Test 01‐s (posterior 2/Test 02‐s) (Figure 3b). This led to
posterior cumulative emissions that agreed with the truth within 2.3% (1.1%) within the confidence intervals,
indicating that the model leads to a stable solution and is reliable for total mass accounting of the emitted tracer
across DCBA.

While these baseline results demonstrate the overall stability of the system, to further examine the convergence of
total estimates toward the observational constraints, we performed additional sensitivity inversions by setting the
prior uncertainty (1σ) to 100% and 200% of the prior fluxes (details in Text S10 in Supporting Information S1).
These additional analyses reinforce the idea that the system is driven by a top‐down signal, as increasing the error
in the prior leads to greater reductions in uncertainty. However, for the cases evaluated here, we observed that
sensitivity inversions of the Test 01‐s succeeded in reducing discrepancies relative to the true value at the domain
level (i.e., by 0.6%–1%), whereas sensitivity inversions of the Test 02‐s did not (i.e., by 2.1%–3.5%). Never-
theless, a closer examination at the subdomain level in the Washington, D.C., and Baltimore, MD, areas reveals
that this is a consequence of the physical adjustments made by the system to correct spatial error cancellations in

Figure 3. Posterior flux estimates derived from tests 01‐s and 02‐s, with comparisons made against the synthetic true and
priors to evaluate model performance on a metropolitan scale. (a) Boxplot of total domain CO2 emission rate and (b) bar chart
of cumulative CO2 emissions (in carbon equivalents) for 3–29 January 2019, during afternoon hours (12:00–17:00 ET). In
panel (a), the bottom and top box edges indicate the 25th and 75th percentiles; the whiskers extend above and below the box
up to 1.5 times the interquartile range; the+markers indicate the outliers; the red line represents the median; the black square
markers the mean; and the horizontal dotted line the mean of both posteriors. The error bars in panel (b) represent the
uncertainty of aggregated emissions (details in Text S9 in Supporting Information S1), shown as 95% confidence intervals.
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the prior inventory and converge toward the true value in those specific regions, where the uncertainty reduction is
even more pronounced (e.g., up to 66.7% in Baltimore, and 64.2% in DC) due to the concentration of the
observational network.

3.1.2. OSSEs Performance at the Grid‐Scale Level

Figure 4 presents 1‐km resolution flux maps averaged over the afternoon (12:00–17:00 ET) for the synthetic true,
prior, and posterior scenarios, as well as average emission residuals (prior minus true, and posterior minus true).
The upper row shows test 01‐s‐derived estimates (Figures 4a–4e), while the bottom row shows test 02‐s estimates
(Figures 4f–4j). By examining the first row, particularly the last two columns (Figures 4d and 4e), it is visibly
discernible that the inversion system yielded a noticeable reduction in residuals across multiple pixels, especially
in the Washington DC and Baltimore MD urban cores [i.e., mean emissions differences from ∼35 μmol/m2/s
(prior minus true; Figure 4d) to ∼10 μmol/m2/s (posterior minus true; Figure 4e)]. This is related to the fact that
the Vulcan data set is a high‐resolution prior that contains more information about fine‐scale features, which are
often co‐located with the synthetic true features from ACES, thereby leading to the correct assignment of high
prior uncertainty values to those pixels and greater flexibility for the inversion to adjust them. For the case of the
prior 2/test 02‐s (bottom row; Figures 4f–4j), the differences between the spatial patterns of the original and final
emission residuals were less pronounced (Figures 4i and 4j). The main factor contributing to the observed result
was the limited spatial granularity of the coarser 4‐km‐resolution GRA2PES, which led to the loss of fine‐scale
features and hindered accurate uncertainty assignment.

The NMB was calculated to quantify the model bias at the pixel level, and Figures 5a–5d present the spatial dis-
tribution of the estimated afternoon NMB (12:00–17:00 ET) in the central subdomain area. By comparing
Figures 5a and 5b (test 01‐s) and Figures 5c and 5d (test 02‐s), it is confirmed that the test 01‐s‐derived estimates
achieved the largest bias reduction: NMBmedians shifted from 89%, 58%, and 70% in the prior state (Figure 5a) to
29%, 25%, and 54% in the posterior state (Figure 5b), respectively, for the areas within the beltways surrounding
Baltimore, MD [delimited here by (− 76.5° longitude; 39.38° latitude; − 76.74° longitude; 39.19° latitude)],
Washington, DC (− 76.82° longitude; 39.02° latitude; − 77.18° longitude; 38.78° latitude), and the entire central
subdomain region. This NMB behavior indicates that the use of a high‐resolution prior (1‐km Vulcan) yields a
significant reduction in systematic errors in hotspot areas, where higher prior uncertainty values coincide with a
greater density of the NIST tower network (i.e., Baltimore and DC; see Figure 1).

In terms of MAPE, Figures 5e–5h reveal that test 01‐s‐derived estimates were more accurate. MAPE medians
shifted from 94%, 74%, and 82% in the prior state (Figure 5e) to 54%, 52%, and 69% in the posterior state

Figure 4. Comparison of synthetic true, prior, and posterior flux estimates at the pixel level. The top panel presents test 01‐s‐derived estimates, showing afternoon‐
averaged (12:00–17:00 ET) flux maps of (a) synthetic true, (b) prior, (c) posterior, and residuals: (d) prior minus true and (e) posterior minus true. The bottom panel (f–j)
presents the same analyses for test 02‐s‐derived estimates. Both colorbars are truncated.
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(Figure 5f), respectively, for the areas within the beltways surrounding Baltimore, MD, Washington, DC, and the
entire central subdomain region. The metrics obtained were less ideal than the NMB, suggesting that the system
struggles to accurately assign hourly flux peaks, since MAPE penalizes overprediction more severely (Morley
et al., 2018). This finding is not unexpected, given the sparsity and relatively high noise of the observations used
to pinpoint where tracer releases are occurring. To the best of our knowledge, flux accuracy metrics are not
typically reported at the pixel level in urban inversions and other evaluations based on aggregated scales, or the
downwind observations themselves are preferred (Michalak et al., 2017). Regardless, synthetic data inversions
with Vulcan are found to capture temporal variability (approximately half in DC and Baltimore), which can be
reconstructed more accurately when flux data are aggregated over the domain area, as explained in Figure 3a.

We performed an additional analysis with fluxes regridded at a coarser spatial resolution of 4 km to align with the
native scale of prior 2 (Figure S2 in Supporting Information S1). By regridding to a 4‐km nominal resolution, both
systematic and overall discrepancies were further reduced. Although inverse fluxes derived from test 01‐s still
achieved the best performance, we estimate that median NMB values derived from test 02‐s more closely aligned
with them (denoted below in parentheses): − 1% (6%); 2% (20%); and 39% (45%) for the areas within the beltways
surrounding Baltimore, MD, Washington DC, and the entire central subdomain region, respectively. Regarding
theMAPE, the corresponding median values were 31% (40%), 36% (37%), and 52% (58%) for test 01‐s (test 02‐s).
This evidence indicates that posterior fluxes become less biased and noisy, suggesting that solving for fluxes at a
1 km grid resolution, followed by a regridding to a coarser spatial resolution (4 km for the cases analyzed here),
provides a means to improve total mass counting and attribution at the individual grid cell level, particularly
within the Baltimore and DC beltways. The cause of this behavior lies not only in the aggregation of fluxes but
also, significantly, in atmospheric transport, since the signal observed at the measurement sites is amplified when
the mass originating from individual 1 km cells is aggregated into 4 km (16 cells). Consequently, the observation
network exhibits greater representativeness regarding fluxes aggregated at this spatial resolution.

To summarize, the overall performance of the inverse model at the pixel level is fairly good. Systematic errors at
the pixel level are significantly reduced in hotspot regions, primarily when the system uses a 1‐km resolution
prior. This means that granular details of the urban corridor can be more effectively resolved when the prior
estimates contain a similar resolution to the truth. This idea is consistent with Lopez‐Coto, Ren, et al. (2020), who
found that fine‐scale features are only resolved in the modeling results when high‐resolution data products are
used as priors. McDonald et al. (2014) similarly found that transport infrastructure cannot be resolved in emission

Figure 5. Maps of tests 01‐s and 02‐s‐derived NMB and MAPE in the afternoon time window (12:00–17:00 ET) in the central subdomain region. The top row presents
the NMB values for prior 1 (1 km Vulcan; a), posterior 1 (b), prior 2 (4 km GRA2PES; c), and posterior 2 (d). Bottom row (panels e–h) shows the MAPE values for the
same flux scenarios. The median values for the areas within the beltways surrounding Baltimore, MD, and Washington, DC, are indicated in each panel, as well as the
median for all the central subdomain areas. Both colorbars are truncated.
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inventories until getting a resolution of 1 km or finer. Finally, there is still room for improvement in terms of
hourly flux variation at the 1‐km pixel level.

3.1.3. Statistical Self‐Consistency of OSSEs

In the inversion, the prior and observational error covariance operators (Q and R in Equation 1) weight the
solution, assigning greater weight to the prior or the observations depending on the associated uncertainty.
Therefore, it is essential to employ tools to assess whether the uncertainties required by the inversion technique
have been correctly quantified. In this work, we computed the reduced chi‐square (χ2red) on the model residuals
arising from each OSSE to gain insights into the statistical consistency of the inverse fluxes. Consequently, the
reduced chi‐square values derived were 1 and 0.99, respectively, for the tests 01‐s and 02‐s; that is, in both cases, a
value close to or equal to the ideal value of one was achieved (e.g., Karion, Ghosh, et al., 2023; Kunik et al., 2019;
Remaud et al., 2022; Yadav et al., 2019, 2021). These results suggest that the model fit is reasonable, given that
the model residuals are consistent with the prescribed errors at the collective level. This indicates that the as-
sumptions made to construct both Q and R are acceptable from a joint perspective.

3.2. Analysis and Interpretation of Inversions From Observational Data

Grounded in OSSE‐derived confidence, we now examine the outcomes derived from the actual measurements.
The system configuration and assimilation setup from the OSSEs were preserved, with only some parameters
pertinent to the actual data inversions being changed. The constraining atmospheric enhancements over DCBA
were calculated by subtracting estimates of the background and biogenic contributions from the observed mole
fractions at the towers, as explained in Equation 3. Regarding the background calculation procedure, out of 1,600
afternoon concentration measurements that were made during the time period of 1 January–1 February 2019, 347
(21.69%) were discarded due to either particles not exiting the domain or exiting toward the northeast quadrant
where there is no background site. Of those, 1 (0.06%) was due to particles not exiting the domain (i.e., a 12‐hr
HYSPLIT simulation was not long enough for the particles to exit), 341 (21.31%) were due to particles exiting
toward the northeast, and 5 (0.31%) were due to a combination of particles not exiting the domain and particles
exiting toward the northeast.

To quantify the impact of missing background information on constraining fluxes and, consequently, uncertainty
reduction, we compared the baseline synthetic data experiments 01‐s and 02‐s with two different sensitivity cases.
The baseline experiments used a configuration file that incorporated all afternoon measurement data within the
assimilation time interval (i.e., 3–29 January 2019) while the sensitivity cases used a configuration file that did not
include measurement data due to missing background information (i.e., sensitivity inversions B1 and B2; see
Table S6 in Supporting Information S1). These additional analyses, as expected, showed a smaller uncertainty
reduction compared to the baseline OSSEs, although the differences were not substantial (i.e., 29.8%–34.6% for
baseline OSSEs; 26.1%–30.7% for sensitivity runs), while the posterior cumulative emissions continued to
overlap with the true value within the 95% CI (Figure S10 in Supporting Information S1). Therefore, this behavior
suggests that the inversion system remains reliable for counting the tracer emissions at the city‐scale level despite
the data wasted/unused due to the lack of background information.

3.2.1. Emission Rates and Monthly Cumulative Emissions

Afternoon (12:00‐17:00 ET) total emission rates and monthly cumulative emissions in DCBA are presented in
Figure 6, with comparisons made against the bottom‐up (prior) emission estimates. The boxplots in the left panel
(Figure 6a) show that posterior estimates for the total emission rate are 62.7 kmol/s ± 11.7 kmol/s (mean ±1
standard deviation) and 60.1 kmol/s ± 8.4 kmol/s compared to, respectively, 87.6 kmol/s ± 15.4 kmol/s (prior 1/
tests 01‐a) and 76.3 kmol/s ± 3.4 kmol/s (prior 2/tests 02‐a). Both posterior distributions have shifted downward
with respect to the prior states and are centered very close to 61.4 kmol/s, the mean emission rate of both pos-
teriors. The system also adjusted the variability, notably for the prior 2 (GRA2PES 2019; Figure 6a, fourth box),
where the spread was increased in the posterior estimates, allowing for a closer overlap between the two posterior
distributions. Similar behavior was detected in the OSSEs, where the system also adjusted the variability in the
posteriors to account for the synthetic true flux spread. Therefore, we can interpret this behavior as the system
capturing the actual variability of the fluxes in DCBA.
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Estimates of afternoon monthly emissions in DCBA from the inversion system are presented in Figure 6b. This
analysis reveals 0.366MtC± 0.021 MtC, 95% CI (0.351MtC± 0.017 MtC, 95% CI) for the posterior 1/tests 01‐a
(posterior 2/tests 02‐a), and, again, 0.511 MtC ± 0.033 MtC, 95% CI (0.445 MtC ± 0.027 MtC, 95% CI) for the
prior 1/test 01‐s (prior 2/test 02‐s). As in the OSSEs, both posteriors agree within narrower confidence intervals,
which indicates that the inversion system not only detects lower emissions for January 2019 but also increases the
accuracy of the total monthly emissions in DCBA. The uncertainty reduction achieved by both synthetic and
actual data inversions is discussed further in Section 3.2.3. Concerning the existing discrepancy between the
bottom‐up and top‐down approaches, we deduce that the mismatch with Vulcan 2015 is more significant as it
reports a 4‐year lagged emission period (January 2015) compared to the atmospheric observations from which
emissions are inferred (January 2019).

The emission rate estimates for January 2019 can be compared with Lopez‐Coto, Ren, et al. (2020), who used two
airborne platforms that flew simultaneously over DCBA during 5 days in February 2016, mainly during the
afternoon hours. A mean domain emission rate of 87 kmol/s ± 28 kmol/s for DCBA was estimated, higher, but
still consistent within one standard deviation with the top‐down estimate derived by our inversion system (i.e.,
61.4 kmol/s ± 10.2 kmol/s). Interestingly, the mean domain emission rate derived from Lopez‐Coto, Ren,
et al. (2020) is more closely aligned with the bottom‐up estimates from our high‐resolution prior, Vulcan January
2015 (i.e., 87.6 kmol/s ± 15.4 kmol/s; Figure 6a). This is likely related to real temporal variability or trends in
urban and industrial emissions, as the study period of Lopez‐Coto, Ren, et al. (2020) is closer in time to Vulcan
January 2015 than the period of this study, where the time lag is approximately 3 years.

An additional earlier study by Yadav et al. (2021) obtained top‐down estimates of CO2 for January 2019 by
adopting as a priori a temporally smoothed version of Vulcan over 2015. While Yadav et al. (2021) also reported
lower domain‐monthly emissions estimates for January 2019 than Vulcan, the two top‐down estimates do not
coincide within the 95% CI. According to Yadav et al. (2021), the mean domain emission rate estimated is
2.093 ktC/hr ± 0.322 ktC/hr, 95% CI, compared to 2.711 ktC/hr ± 0.152 ktC/hr, 95% CI, obtained during the
afternoon in the present study. Some of the key technical aspects that may explain this variation in results include
differences in the atmospheric transport model choice—HYSPLIT‐WRF_1km nudged in this study versus
STILT‐NAMS_12km in Yadav et al. (2021)—that can contribute to a divergence in model outputs, as demon-
strated by Munassar et al. (2023). Yadav et al. (2021) also assumed a larger prior uncertainty (i.e., 100% of the
prior flux magnitude, compared to 50% in this study), which allows for greater leeway in adjusting the prior.

Figure 6. Same as Figure 3, but derived from actual data numerical experiments 01‐a and 02‐a.
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Another key difference is that while both inversions used afternoon observations only, Yadav et al. (2021) solved
for 4‐day average fluxes rather than hourly fluxes, which allowed the system to adjust the full‐day emission. In
contrast, the inversion system presented here generally allows the fluxes during periods unconstrained by ob-
servations to revert to the prior. Specifically, early morning and nighttime periods tend to lack available foot-
prints, which causes a residual retrieval in the early morning and practically no retrieval at night.

3.2.2. Spatial Distribution of Releases

Figure 7 displays afternoon (12:00–17:00 ET) average flux maps with data regridded at a nominal resolution of
4 km to provide insight into spatial patterns during January 2019. From Subsection 3.1.1, it was learned from
synthetic data that larger bias and accuracy corrections can be achieved through a 4‐km regridding for both tests
01‐s and 02‐s. Therefore, we chose to assess the spatial distribution of the releases derived from actual obser-
vations at a spatial resolution of 4 km (the native resolution of GRA2PES). In terms of the change from prior to
posterior state, areas with large adjustments are revealed within the beltways surrounding Washington, DC, and
Baltimore, MD. This is especially true in the test 01‐a‐derived posterior, where spatial features of areas emitting
more than 20 μmol/m2/s have decreased within the political boundaries of Washington, DC, and Baltimore, MD
(indicated by light blue, green, and red tones in Figure 7b). This pattern also occurs across clusters of pixels both
on and off the beltways.

For the case of test 02‐a, which uses as prior information a contemporaneous bottom‐up inventory to the ob-
servations (GRA2PES 2019), the difference in spatial patterns between the prior and posterior average maps is
less pronounced (Figures 7d and 7e). However, the top‐down estimates show that this inventory was over-
estimating by ∼10 μmol/m2/s along several sections of the urban corridor, as evidenced by spatial features
emitting 10 to 19 μmol/m2/s (blue tones) and 20 to 29 μmol/m2/s (light blue tones) that are reduced in size.
Consequently, both top‐down estimates broadly agree on the average flux patterns, especially those in the heart of

Figure 7. Top‐down derived afternoon‐averaged (12:00–17:00 ET) flux maps at 4 km resolution for 3–29 January 2019. The top row shows estimates from test 01‐a,
including (a) prior, (b) posterior, and (c) posterior minus prior. The bottom row (d–f) presents the same estimates derived from test 02‐a. Both colorbars are truncated,
and diamond markers in the third column indicate the location of the NIST‐NEC‐DCBA tower network.
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urban centers, which are dominated by features emitting 10 to 19 μmol/m2/s (blue tones; Figures 7b and 7e).
These results suggest that the use of the atmospheric tracer improved the estimation of the geographic distribution
of emission sources, as observed in previous urban‐scale studies (Brioude et al., 2013; Lopez‐Coto, Ren,
et al., 2020). Most of the corrections are negative and concentrated where greatest measurement coverage coexists
with higher prior uncertainty values, as shown by the mean residual maps (posterior minus prior) presented in
Figures 7c and 7f. Nevertheless, even for some pixels that are located apart from the NIST‐NEC‐DCBA tower
network (e.g., Brandon Shores power plant) both analyses reveal significant corrections (i.e., more negative than
− 40 μmol/m2/s) due to their large values of prior fluxes.

3.2.3. Diagnostic Analysis and OSSEs Results Integration

Figure 8 presents the agreement between the model and observations. To generate the model forecasts, the
HYSPLIT‐calculated footprints associated with each NIST‐NEC‐DCBA site were convolved with the surface
fluxes associated with the prior (Hsp) and posterior (Hŝ) estimates. The output of this procedure is modeled
atmospheric dry mole fractions of CO2 (in units of μmol/mol, or ppm), which are then evaluated in terms of
correlation coefficient, RMSE, and bias (calculated as the mean modeled enhancement minus the mean observed
enhancement). Given this, the most significant changes were revealed for test 01‐a, where the metrics for Hŝ
showed a better agreement with observations than those corresponding to Hsp (Figures 8a–8c). The mean cor-
relation coefficient across all sites was increased from 0.59 to 0.76, the mean RMSE was decreased from 9 to
4.01 ppm, and the mean bias was reduced from 4.52 to 1.04 ppm, respectively. These average values represent the
general tendencies across sites, but we can highlight that for sites such as NWB.55 and NEB.67 over Baltimore,
the prior bias was very significant at 4.73 and 7.09 ppm, respectively, and this was reduced by the posterior to 0.39
and 1.78 ppm, respectively (Figure 8c). For the case of the test 02‐a (Figures 8d–8f), a better agreement with the
observations for all NIST sites was also achieved. The mean correlation across sites was updated from 0.63 to
0.78, mean RMSE from 6.61 to 3.65 ppm, and mean bias from 3.15 to 0.86 ppm. Therefore, these analyses
demonstrate that the system is effectively using the atmospheric tracer to adjust the prior estimates, and the
remaining mismatch shown by the statistical metrics for Hŝ is determined by the balance between prior and

Figure 8. Statistical evaluation of model‐observation agreement for the inert tracer (CO2) at the NIST‐NEC‐DCBA tower sites. The left column (a–c) presents statistics
obtained from test 01‐a, including (a) correlation coefficient, (b) Root Mean Squared Error, and (c) bias between observed and modeled concentrations (in μmol/mol, or
ppm) from both prior (Hsp; indicated by blue bars) and posterior fluxes (Hŝ; indicated by red bars). The right column (d–f) presents the same analysis from test 02‐a.

Journal of Geophysical Research: Atmospheres 10.1029/2025JD045557

CAHUICH‐LÓPEZ ET AL. 17 of 25

 21698996, 2026, 16, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025JD

045557 by N
ational Institute O

f Stds and T
echnology, W

iley O
nline L

ibrary on [25/08/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



model‐data uncertainties. The reduced chi‐square statistic applied to our model residuals was 0.78 for both tests
01‐a and 02‐a. Both values are slightly less than one, but still close, suggesting that the prescribed uncertainties
remain valid and that the system is statistically self‐consistent.

The monthly mean afternoon (12:00–17:00 ET) uncertainty reduction across the domain (URdomain) was 38.2%
(test 01‐a) and 34.4% (test 02‐a). For the analogous synthetic data inversions, URdomain was 34.6% (test 01‐s) and
29.8% (test 02‐s). In contrast, Lopez‐Coto et al. (2017) estimated an average uncertainty reduction of
28.2%–30.5% in February 2013 for the urban land use in DCBA, depending on the compactness of the NIST‐
NEC‐DCBA monitoring network within a synthetic data framework. Yadav et al. (2021) calculated a monthly
mean uncertainty reduction close to 20% in DCBA for January 2019. Lauvaux et al. (2016) estimated an un-
certainty reduction of the order of 30% for the Indianapolis urban area. While the domain uncertainty reductions
achieved by our system are comparable to previous studies, it is important to clarify that the cited metrics—and
those derived in this study—are not strictly equivalent. Our reported values pertain to monthly emissions across
the entire domain and explicitly include covariances, following Kountouris et al. (2015) and Thompson
et al. (2011) (details in Text S9 in Supporting Information S1). In contrast, Lopez‐Coto et al. (2017) and Lauvaux
et al. (2016) observed, respectively, the average and approximate pixel values for urban land use areas. Yadav
et al. (2021) estimated the mean for the entire DCBA domain, likely without considering covariances, as they
cited Deng et al. (2007). To illustrate this discrepancy, when we recalculated our uncertainty reduction following
Deng et al. (2007) methodology, our estimates decreased to 16.6%–11.8% (18.1%–11.4%) for the actual (syn-
thetic) data experiments. This significant variation shows the impact of not accounting for covariances when
characterizing the uncertainty reduction for a study region.

Our analyses indicated that actual data inversions incorporated relatively more information from the observa-
tional data network compared to synthetic data inversions. Additional analyses of the spatial patterns of uncer-
tainty reduction reinforced this systematic reduction in uncertainty (Text S12 in Supporting Information S1). The
differences between the two approaches are partially explained by the construction of the synthetic atmospheric
enhancements themselves, where, for convenience, certain simplifications were assumed, consisting of scaling
the synthetic noise magnitude using the monthly signal‐to‐noise ratio of the actual observations. While this
approach captures the typical magnitude of errors, the error structure in real‐world observations is more complex,
which can lead to further uncertainty reduction. That is, the uncertainty of the data has a time‐varying atmospheric
transport modeling component that sometimes imposes low reliability and, at other times, high confidence for a
given atmospheric enhancement, depending on the divergence of the two HYSPLIT backward dispersion sim-
ulations used to calculate it.

3.3. Discussion and Outlook

We have evaluated a high‐resolution urban inverse modeling system in DCBA during January 2019, using an inert
tracer (CO2) as a proof of concept. The system was first examined in a configuration‐mirrored OSSE framework
that replicates the signal‐to‐noise ratio of the actual data monitoring network, atmospheric transport, assimilation
interval, prior fluxes, error covariance parameterizations, domain, and grid. Synthetic data experiments showed
that the system can determine the underlying flux characteristics of the tracer with acceptable accuracy as
measured by total emission rate, cumulative monthly emissions and pixel‐level diagnostics (i.e., emission re-
siduals, NMB, MAPE), mainly at the areas within the beltways surrounding Baltimore, MD, and Washington,
DC. With increased confidence in the reliability of the fluxes derived from the system, downwind actual ob-
servations of the tracer in January 2019 revealed lower total emission rates and monthly cumulative emissions
than the two bottom‐up inventories adopted as priors. These top‐down flux estimates for January 2019, along with
the associated uncertainty reduction, align with previous top‐down wintertime estimates, although some varia-
tions occur, and we identify factors that may explain them. This is especially true compared with Yadav
et al. (2021), who also reported lower top‐down emission estimates than Vulcan January 2015 at DCBA. Their
estimates do not overlap within the 95% CI, suggesting variations resulting from the configuration of each inverse
modeling system. However, the modeled enhancements from posterior fluxes consistently showed higher cor-
relation and lower systematic and random errors than the priors, reinforcing the idea that our system is effectively
linking atmospheric tracer concentration measurements to urban anthropogenic surface fluxes in DCBA.
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The system utilized footprints calculated by a 1‐km WRF‐HYSPLIT simulation nudged with urban meteoro-
logical observations collected at multiple sites across DCBA. These high‐resolution enhanced source‐receptor
sensitivities were utilized to constrain hourly 1‐km surface fluxes, incorporating spatiotemporal correlations in
Q to propagate the observational information. For Bayesian urban‐scale inverse modeling of inert trace gases,
high‐resolution retrieval resolution is rare but includes 1‐km, 6‐hr (Breón et al., 2015; Kunik et al., 2019; Lian
et al., 2022; Mallia et al., 2020); 4‐km, 2‐hr (Brioude et al., 2011); and 1‐km, 1‐hr (Wu et al., 2018). Among these
studies, only Wu et al. (2018) utilized a customized WRF simulation to drive a Lagrangian Particle Dispersion
Model, while only Kunik et al. (2019) explicitly approximated spatiotemporal correlations using a decaying
exponential model with ordinary spatial and temporal e‐folding lengths, both within an OSSE framework. Our
parametrization ofQ differs fromKunik et al. (2019) in the treatment of temporal correlations, in which, given the
hourly flux resolution we aimed for in our system, the correlation structure of afternoon prior uncertainties in
DCBA was estimated to follow a weekly cosinusoidal pattern, and we imposed a correlation function to represent
this periodic behavior in Q. The application of this parameter, along with the others mentioned, was evaluated
here on both synthetic and actual data frameworks.

We carried out a synthetic numerical experiment as a diagnostic tool but also performed an actual data analysis
that can only succeed if the underlying urban atmospheric transport and dispersion modeling, as well as the tuning
of prior error statistics, are sufficiently accurate (e.g., Martin et al., 2019). However, we must acknowledge that
the overall uncertainty in the dispersion simulations, is determined by, but not limited to, the meteorological
inputs. Future work should quantify total uncertainty in dispersion simulations by explicitly addressing other
factors such as modeled mixing processes using ensembles (e.g., Ngan et al., 2019), and its impact on the flux
retrievals. Other major contributors to the overall uncertainty budget include the inversion method and setup, as
well as how the background concentration is determined.

The limits on the flux quantification that our approach can achieve were also determined. The inversions yielded a
stable solution when fluxes were aggregated at the domain scale, both in synthetic and actual data frameworks. To
further test this interpretation, we performed additional sensitivity inversions at coarser spatial aggregations of
our 1 km spatial resolution prior Vulcan (i.e., 10 km and domain‐level) with uncertainty set at 50% (baseline),
100%, and 200% of the prior flux magnitude (details in Text S11 in Supporting Information S1). This analysis
suggests that there are no statistically significant differences in afternoon cumulative emissions and afternoon
mean emission rates derived at 10 km resolution compared to the baseline experiments obtained at 1 km resolution
(i.e., cumulative emissions within 95% posterior CIs; mean rates agree within one posterior standard deviation).
However, the truth monthly emissions may not fall within the confidence intervals when using the baseline prior
uncertainty (i.e., 50% of the prior fluxes). In the most extreme case, when prior spatial information is lacking (i.e.,
a spatially uniform or “flat” prior), total emissions reliability can only be achieved in the central region of the
subdomain (delimited in Figure 1), provided that the prior uncertainty is increased up to 200% of the prior fluxes.
Therefore, these additional analyses indicate that, when omitting prior information about small‐scale features at
much coarser spatial resolutions than 1–4 km, confidence can only reasonably be placed at the subdomain level,
subject to the condition that the prior uncertainty is scaled as needed.

This study also aimed to estimate the model performance at the pixel level and found that baseline inversions at
such a fine resolution of 1 km still depend heavily on prior distributions, as shown by Lopez‐Coto, Ren,
et al. (2020) and McDonald et al. (2014). In our OSSEs, a high‐resolution (1‐km) prior (prior 1/test 01‐s) allowed
us to retrieve fairly well the average and total flux estimates over pixels in the DC (median posterior NMB 25%;
median prior NMB 58%) and Baltimore (median posterior NMB 29%; median prior NMB 89%) urban cores.
However, a more modest bias reduction was observed when the prior information was provided by a different
coarser 4‐km emission data product (prior 2/test 02‐s). A post‐processing step consisting of regridding to a coarser
spatial resolution (4 km) was necessary to improve the mean and cumulative flux estimates, suggesting that
retrieval errors are partially explained by spatial resolution. The remaining discrepancies arise in part from the
alternative methods/data sources utilized to develop the GRA2PES inventory. Furthermore, our analysis indicates
that retrieving hourly temporal variations at the 1‐km level is difficult, even with our high‐resolution prior, which
again is ameliorated when fluxes are aggregated at a 4‐km level (i.e., test 01‐s: DC median posterior MAPE 36%;
Baltimore median posterior MAPE 31%). Therefore, the spatial inference of emissions at a resolution of 1–4 km
does not constitute a robust solution and should be interpreted with caution. Singh et al. (2015) argue that the
accuracy of source retrieval is limited by the imbalance between the number of observations and the degrees of
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freedom in the model space, the lack of priori information, measurement and model errors, and the limited and
sparse nature of observations.

Regarding methodological assumptions and limitations, the primary weakness is the prior uncertainty estimation
approach, which assigned a 50% prior flux value at the grid cell level for the baseline inversions based on
available information about the uncertainty of the emission inventories considered here (Gurney et al., 2020a,
2020b). Since this estimation is intrinsically linked to the prior flux structure, our posterior estimates reflect
significant spatial adjustments only in cells with high emissions, that is, a greater flexibility for the inversion over
those pixels. This configuration makes the system vulnerable to missing large sources when they are located in
pixels where little emissions are allocated in the prior. Furthermore, while tracer concentrations in winter are
primarily influenced by meteorology, the flexibility of the inversion to adjust fluxes based on the magnitude of
prior emissions means that our solution is limited by the accuracy of the prior in estimating winter anthropogenic
emissions, which may lead to biases in the flux corrections. Future research to address this limitation includes
setting a floor of prior uncertainty to give inversions more leeway to adjust anywhere (e.g., Lopez‐Coto, Ren,
et al., 2020); adjusting the uncertainty in known large sources and neighboring pixels (e.g., Yadav et al., 2021);
and infer the prior uncertainties from the observations themselves (e.g., Hu et al., 2015). On the other hand,
estimates of prior flux residuals can be improved by comparing prior fluxes with in situ measurements of real‐
world fluxes, such as power‐plant data reported in the USA EPA Continuous Emission Monitoring System
(https://campd.epa.gov/) or eddy covariance measurements (e.g., Wesloh et al., 2024), whenever possible. This
will allow for a more realistic estimate of prior flux residuals, thereby improving our understanding of the spatial
and temporal correlation structures of prior flux errors.

A limitation in the OSSE‐based assessment of the system that must be acknowledged is that the same atmospheric
transport and dispersion scheme is used in both synthetic data generation and inversions, leading to inadequate
representation of the effects of systematic atmospheric transport model biases and potentially overestimating
performance. Future OSSEs should adopt “bad transport” approaches, in which a different atmospheric transport
model is used in synthetic data generation (e.g., Chevallier et al., 2010). Additionally, although the studies of
Hegarty et al. (2013) and Selvaratnam et al. (2023) suggest that using different meteorological input data within
the same Lagrangian Particle Dispersion Model is the primary way to reveal uncertainties in atmospheric
transport (i.e., 1 km nudged WRF and 3 km HRRR), uncorrelated transport model errors are assumed and do not
consider their potential coupling with prior errors. Future studies should explore HYSPLIT‐based ensemble
inversion frameworks driven by different meteorological models with different internal parameterizations
(e.g., mixing processes) to address these limitations, by sampling uncertainties in both the prior and the transport
representation, recognizing that the true magnitude and structure of these errors and their interactions are not
precisely known.

Despite the above limitations, the evidence provided by this case study demonstrates that the urban‐scale inverse
modeling system can improve wintertime emission data in DCBAwith CO2 as a tracer, particularly in terms of the
flux strength (mean flux) and total mass released across the urban cores of DC and Baltimore. These metrics are
fundamental for assessing accidental urban/area‐source releases in emergency response scenarios. Consequently,
the main long‐term implication of this study is that the modeling framework informs the design of subsequent
system developments that potentially incorporate chemical transformations. This is especially true for the urban
atmospheric transport framework (i.e., HYSPLIT configuration, meteorological nudging, and the spatial
configuration of the observational network), which will enable estimation of urban‐ and neighborhood‐scale
releases of more reactive or short‐lived substances associated with emergency response. Furthermore, while
acknowledging that analytical solvers are typically employed for inverse linear problems (Berchet et al., 2021),
the methodological approach used here to characterize model‐data and prior uncertainty structure in this complex
urban environment may prove useful for integration into more complex numerical solvers.

In the short term, we plan a summertime case study with the same inert tracer to adapt the inversion framework to
capture summer physics and emissions. Based on this wintertime baseline, tailored configurations and parame-
terizations will be implemented—especially for boundary‐layer representation, boundary conditions, and the
quantification of biogenic fluxes—that will allow constraining the tracer fluxes over a full calendar year. Other
upcoming initiatives include reducing uncertainties in nighttime and morning urban atmospheric transport
modeling, as well as incorporating a second function to model intraday prior error temporal correlations. These
approaches would allow for the assimilation of additional data beyond afternoon observations, as implemented
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here and in previous urban‐scale studies (e.g., Breón et al., 2015; Karion, Ghosh, et al., 2023; Kunik et al., 2019;
Lopez‐Coto, Ren, et al., 2020; Wu et al., 2018; Yadav et al., 2021), and testing alternative prior error structures to
evaluate their effects on the inverse modeling, including the accuracy of source retrieval.

4. Conclusions
This study developed and evaluated a high‐resolution (1‐km, 1‐hr) urban‐scale atmospheric inverse modeling
system for the Washington, DC, and Baltimore, MD, metropolitan area (DCBA) using an inert tracer (CO2) in
January 2019 as a proof of concept. Observing System Simulation Experiments (OSSEs) and actual data in-
versions demonstrated that the system reliably quantifies urban surface fluxes. Flux strength, temporal variations,
and cumulative emissions at the city scale are significantly improved. At the source (grid‐cell) scale, OSSEs
indicated that a high‐resolution prior (1‐km Vulcan) improved the estimation of flux strength and total emissions
within the Baltimore, MD, andWashington, DC, beltways. In contrast, when the systemwas challenged to resolve
the truth at finer scales, spatial regridding to a coarser resolution (e.g., 4 km) was necessary to improve these
estimates. The system consistently detected lower emission estimates in DCBA than the bottom‐up inventories
(priors) for January 2019 (i.e., 0.366 MtC ± 0.021 MtC, 95% CI; and 0.351 MtC ± 0.017 MtC, 95% CI), aligning
more closely with observed tracer enhancements and previous wintertime top‐down estimations. Therefore,
because inert trace gases ubiquitously emitted across cities are among the most challenging targets for top‐down
atmospheric inversions, this study concludes that the proposed framework can contribute to the development of
future systems aimed at emergency‐response preparedness.
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