10

15

20

25

30

https://doi.org/10.5194/egusphere-2026-5709
Preprint. Discussion started: 3 November 2026 EG U h
© Author(s) 2026. CC BY 4.0 License. spnere

Selective Impacts of Prior, Background-Concentration, and
Observation-Error Assumptions on Urban CO: Inversion Estimates

Munsu Park!, Sujong Jeong!, Sojung Sim?

'Department of Environmental Management, Graduate School of Environmental Studies, Seoul National University, Seoul,
08826, Republic of Korea
2Environmental Planning Institute, Seoul National University, Seoul, 08826, Republic of Korea

Correspondence to: Sujong Jeong (sujong@snu.ac.kr)

Abstract. Urban-scale COz inversions are increasingly used to constrain fossil fuel CO2 emissions; however, posterior
estimates can depend on the methodological assumptions used to define key inversion parameters. How these assumptions
selectively affect different aspects of posterior information remains unclear. Here we quantify the impacts of prior emissions,
background concentrations, and observation-error covariance assumptions on urban CO; inversion results. Using wintertime
Seoul, South Korea, as a case study to minimize biogenic flux uncertainties, we conducted 18 Bayesian inversions by
combining two prior emission inventories, three background concentration definitions, and three observation-error estimation
methods. We found that these assumptions affect distinct components of posterior emissions: the spatial distribution of
posterior estimates was primarily controlled by the choice of prior, whereas total emissions and their temporal variability were
more strongly influenced by observation-error and background-concentration assumptions. The spread in posterior estimates
arising from these methodological assumptions ranged from 25.6 % to 51.5 % of total emissions, exceeding the posterior
uncertainty estimated within individual inversion configurations. This result indicates that uncertainty estimates from a single
inversion setup may not fully capture the methodological uncertainty associated with input assumptions. Using parameter
sensitivity and an uncertainty reduction metric, we further identified a relatively robust configuration for the Seoul winter
daytime case and evaluated whether the inversion reduced the spread among the estimates relative to the prior spread. Our
results demonstrate that methodological assumptions can selectively shape urban CO: inversion estimates and highlight the

need to assess their impacts when interpreting posterior emissions.

1 Introduction

Urban areas cover approximately 3 % of the Earth but are home to 45 % of the world’s population (Liu et al., 2014; Ritchie et
al., 2024). Approximately 75 % of global energy consumption and 70 % of energy-related CO. emissions are generated in
urban areas (IEA, 2024; Seto et al., 2014). By 2050, cities are projected to accommodate two-thirds of global growth, thereby
exerting an increasingly significant impact on national CO2 emissions (Lugman et al., 2023; United Nations, 2025).
Consequently, the management of urban CO2 emissions has emerged as a critical strategy for effective global carbon reduction.

Along with this need, the critical role of city-level actions in reducing greenhouse gas emissions was emphasized at COP21 in
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Paris (UNFCCC, 2016). The European Union launched the “Climate-Neutral and Smart Cities”, selecting 112 European cities
as innovation hubs to advance carbon neutrality across the continent (European Commission, 2025). Similarly, the Cities
Climate Leadership Group (C40), a network of 96 cities worldwide, provides the Climate Action Planning Program and
supports joint efforts to achieve a 50 % reduction in emissions by 2030 (C40, 2025). To effectively support such urban CO2
management strategies, it is essential to develop a robust understanding of urban CO2 emissions. Accurate emission data that
capture spatiotemporal characteristics enable the identification of major sources, prioritization of reduction strategies, and
evaluation of policy effectiveness.

To understand urban carbon emissions, the bottom-up approach (“inventories”) has been widely used to estimate emissions
(Arioli et al., 2020; Gilfillan and Marland, 2021). This approach quantifies emissions by collecting activity data such as fuel
consumption, traffic volume, and energy use, and then applies emission factors through statistical methods. The resulting
inventories enable sector-specific emission analyses that help characterize urban emission patterns and inform appropriate
mitigation strategies. For instance, the bottom-up approach has identified dominant emission sectors, such as power plants,
heating, and building energy use (Cai et al., 2020; Sowka and Bezyk, 2018). Inventories have also been analyzed together with
demographic or air-pollution data to examine the drivers and associated characteristics associated with increasing CO:
emissions, such as population, urban sprawl, and air-pollutant sources, and to support city-specific mitigation strategies
(Lugman et al., 2023; Shahbazi et al., 2022).

Bottom-up approaches offer the advantage of providing urban carbon emissions at high resolution, reflecting local
characteristics. However, considerable time is required to compile emission estimates, resulting in time lags. These time gaps
can create delays in policy adoption, rendering appropriate reduction responses challenging. Uncertainties in bottom-up
inventories have also been addressed. Obtaining reliable activity data at finer resolution is challenging and lead to substantial
data gaps (Gurney et al., 2019; Newman et al., 2016). This challenge is particularly severe in developing countries, where the
availability of reliable, high-quality data remains limited (Bai et al., 2018). Furthermore, inventories derived by downscaling
global emissions data using spatial proxies are prone to misallocation of point sources and uncertainties inherent in the proxy
data themselves. Consequently, bottom-up approaches exhibit uncertainties ranging from 50 to 250 % in urban emission
estimates (Gately and Hutyra, 2017). Such inaccuracies can obscure the identification of major urban emission sources and
thereby hinder the design, implementation, and evaluation of effective mitigation strategies.

Recently, inverse modeling has emerged as a promising top-down approach for independently verifying and improving
emission inventories. By constraining inventories with atmospheric observations and atmospheric transport models, this
approach has been applied in many cities to evaluate inventories and reduce their uncertainties, including Tokyo (Ohyama et
al., 2023), Beijing (Che et al., 2022), Seoul (Sim and Jeong, 2025), Salt Lake City (Kunik et al., 2019; Mallia et al., 2020),
Mexico City (Che et al., 2024), Washington D.C (Lopez-Coto et al., 2020), Indianapolis (Lauvuax et al., 2016), New York
City (Pitt et al., 2022), and Paris (Nalini et al., 2022). Additionally, inverse modeling has been conducted to detect emission
changes from events such as COVID-19 in Paris (Nalini et al., 2022) and sporadic sources such as wildfires in the California

Bay Area (Hamilton et al., 2024). More recently, inverse modeling has been extended to characterize urban emission patterns
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through sector-specific emission adjustments, such as those in Indianapolis (Nathan et al., 2018), Paris (Nalini et al., 2022),
and the Los Angeles Basin (Roten et al., 2023).

The use of inverse modeling has increased; however, this approach requires numerous input variables and assumptions, that
can influence the resulting emission estimates (Chandra et al., 2022; Lauvaux et al., 2016; Zhang et al., 2024). Although such
sensitivity has also been reported at the regional and national scales, it is likely to be even more pronounced at the urban scale,
where emissions are resolved at finer resolution and estimates depend more sensitively on modelling assumptions (Zhang et
al., 2024). For example, sensitivity analyses conducted within individual studies have shown that differences in model
configuration values can lead to substantial discrepancies in urban emission estimates. In the Indianapolis flux experiment,
differences in model parameter values introduced systematic uncertainties of up to 25 % even for the same city (Lauvaux et
al., 2016). Similarly, studies estimating the 2019 CO2 emissions in Paris showed different values of 3.53, 5.75, and 9.21 Mt
COz depending on the methods for background concentration definitions and the spatial correlation length of prior errors (Lian
et al., 2023; Nalini et al., 2022).

This sensitivity is likely to be further amplified by differences in the estimation of key input variables across urban inverse
modelling studies. At the urban scale, approaches used to estimate key inputs vary considerably among studies. For prior
emissions, recent studies have utilized CO2 emissions inventories ranging from global datasets (e.g., Open-source Data
Inventory for Anthropogenic CO2 (ODIAC) and the Emission Database for Global Atmospheric Research (EDGAR)) to
region-specific datasets (e.g., Origins.Earth for Ile-de-France, Hestia for Salt Lake City, and Vulcan for U.S cities), with certain
studies incorporating multiple inventories across spatial scales. Background concentration definitions also differ substantially,
between percentile-based statistical approaches and methods that use high-altitude site measurements. Similarly, observation
error assumptions vary across studies, including approaches based on residual error, diagnostics, and the summation of error
methods.

Despite these differences, relatively few studies have focused on how variations in input estimation approaches affect inversion
results at the urban scale. At global and regional scales, coordinated inverse model intercomparison studies, such as TransCom
3, RECCAP, and OCO-2 MIP, have been conducted to systematically identify and reduce discrepancies across different
modelling frameworks (Crowell et al., 2019; Gurney et al., 2003; Kong et al., 2022; Peylin et al., 2013). However, comparable
efforts at the urban scale remain limited. Most previous studies have focused on estimating constrained emissions using a
single set of methodological assumptions, evaluating sensitivity only by adjusting parameter values within that framework.
However, this approach cannot fully capture the differences in emission estimates arising from fundamentally different input
assumptions across studies. Indeed, this limitation has been discussed in previous studies, which emphasized the need for
explicit comparisons across different methodological configurations (Cai et al., 2025).

Thus, this study aims to provide a quantitative assessment of how different methodological assumptions for input parameters
affect urban CO2 emissions estimates. We focus on a methodological sensitivity experiment by comparing emission estimates

derived under different assumption configurations. This enables us to examine how methodological choices for each parameter
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influence the different aspects (e.g., total fluxes and spatiotemporal variability) of posterior emissions and identify the
uncertainty arising from these assumption choices.

Seoul is a densely populated megacity characterized by substantial CO2 emissions, complex topography, and diverse land-use
patterns. The Han River bisects the city and forests cover 25.3 % of its total area (Korea Forest Service, 2021), reflecting its
heterogeneous urban environment. This natural complexity combined with diverse land-use types, results in large
spatiotemporal heterogeneity of emission sources, with annual CO> fluxes ranging from 1.09 kg C m? yr! to 16.28 kg C m™
yr! across different urban land-use categories (Park et al., 2022; Hong et al., 2023). Given this complexity, methodological
assumptions in inverse modelling are expected to have a distinct influence on emissions estimates. Consequently, such
variability makes Seoul a suitable testbed for systematically evaluating the sensitivity of urban-scale inversion results to
different parameter assumptions. Using Seoul as a case study, the primary objective of this study is to systematically identify

how the choice of input estimation approaches affects CO2 emission estimates within an urban inverse modelling framework.

2 Materials and Methods

This section describes the inverse methodology, input data used in the inversions (including both common and varying
components), experimental design, and analytical methods used in this study. Building on the Bayesian inverse modelling
framework for Seoul (Sim and Jeong, 2025), this study revisited the December 2021 case by focusing on methodological
comparisons among the estimation approaches for prior emissions, background concentrations, and observation error

covariances. December provides a controlled wintertime period in which uncertainties in biogenic fluxes are expected to be

minimized. The inversion was conducted at a fine scale with a spatial resolution of 0.01°x0.01° and a temporal resolution of

1 h. The Seoul domain and outer domain used in the inversion system are illustrated in Fig. 1.
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Figure 1. Map of Seoul, including six ground-based observation sites: Gwanak Mountain (GWA), N Seoul Tower-High (NSTrx), N
Seoul Tower-Low (NSTL), Yongsan Building (YSB), Olympic Park (OLP), and Seoul National University (SNU). (a) Outer domain
for biogenic fluxes in Seoul, outlined by the red box. (b) Distribution of the six observation sites (yellow circles) within the unshaded
region, representing the study domain, Seoul. The base map was obtained from VWorld Satellite Imagery, Ministry of Land,
Infrastructure and Transport, Republic of Korea.

2.1 Inverse Methodology

In this study, our Bayesian inverse framework assimilates atmospheric CO2 observations to optimize prior COz emissions by
accounting for uncertainties in both observations and prior emissions. By minimizing the mismatch between the observed and
modeled CO:2 enhancements from prior and the deviation from the prior emissions, the cost function is expressed as follows

in Eq. (1) (Enting, 2002; Tarantola, 1987):
L= %(z— Hs)"R™1(z — Hs) +%(s —sp)TQ‘l(s—sp) )

The solution that minimizes this cost function Ly , called the posterior CO2 emission estimates (8), is described as Eq. (2)

(Rodgers, 2000):
§=s5,+ (HQT(HQH" + R)™'(z — Hs,) )

Where s,, is the prior vector of anthropogenic COz fluxes with dimensions (m X 1), with m equal to the number of grid cells
in the study domain multiplied by the number of flux-data timesteps in this study. H is the Jacobian matrix of the footprint
values obtained from the atmospheric transport model, with dimensions (n X m), where n is the number of assimilated
observations. This matrix serves as the observation operator, quantifying the sensitivity of the observed enhancements at the
measurement sites to surface emissions. Q (m X m) is the prior error covariance matrix, and R (n X n) is the observational
error covariance matrix. The vector z is the observed anthropogenic CO: enhancements with dimensions (n X 1),
corresponding to the COz concentrations attributable to anthropogenic CO2 emission sources.

For calculating the enhancement z, we defined z as Eq. (3):
Z=1Zops — Zpg — Hsy;0 (3)

Where z,,,¢ represents the dataset from the observation sites and zy,, is the background concentration. To separate biological

influences, the biogenic CO2 enhancement was calculated by multiplying the biogenic CO: fluxes Sj;, by the matrix H.

The uncertainty of the posterior emission estimates can be described using Eq. (4):

V; =Q— (HQ)"(HQH" + R)™'(HQ) “
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2.2 Common Input Data
2.2.1 Ground-Based Observations

Six measurement sites within the Seoul COz observational network were used in this study, as shown in Fig. 1b (yellow
markers). Gwanak Mountain (GWA) and Seoul National University (SNU) are located in southern Seoul. The N Seoul Tower-
High (NSTu), N Seoul Tower-Low (NSTL), and Yongsan Building (YSB) are situated in central Seoul, while Olympic Park
(OLP) is located in eastern Seoul. GWA and NSTu are considered suitable for capturing CO2 enhancements originating from
outside Seoul. GWA is located in an outlying area with no nearby sources. Although the NSTw is located in central Seoul, its
inlet is situated above the nocturnal Planetary Boundary Layer Height (PBLH), allowing it to predominantly reflect inflow
from outside Seoul during nighttime. YSB is surrounded by commercial areas, whereas OLP is influenced by nearby traffic
sources. SNU and NSTL are located near vegetated areas. GWA, NSTL, and OLP were equipped with cavity ring-down
spectroscopy instruments, whereas NSTu, YSB, and SNU were equipped with SNUCO2M instruments employing non-
dispersive infrared absorption (Li-850). The instrument information, location, above ground level (AGL) of inlet heights, and
mean daytime CO:z concentrations for the six sites are summarized in Table 1. Each site exhibits different distributions
influenced by the surrounding CO2 emission sources and the AGL of the inlet. The GWA and NSTu sites, with relatively high
inlet heights, exhibited lower CO2 concentrations and smaller variability. YSB, which is located in central Seoul and is sensitive

to various emission sources, recorded high concentrations with large variability.

Table 1. Information of the CO, measuring sites used in this study.

Site code Full name Instrument Lat. (°N) Long. (°E) AGL (m) Mean daytime CO»
concentration + 1o (ppm)

GWA Gwanak Mountain PICARRO  37.443 126.967 231.004 446.2 (£ 15.1)
G2401

NSTu N Seoul Tower-High Li-850 37.551 126.988 335.763 4459 (£ 11.8)

NSTL N Seoul Tower-Low PICARRO  37.551 126.988 180.763 455.3 (£22.8)
G2401

OLP Olympic Park PICARRO  37.521 127.116 6.017 455.1 (£20.4)
G2401

YSB Yongsan Building Li-850 37.523 126.963 97.717 477.4 (£ 34.0)

SNU Seoul National University Li-850 37.463 126.956 28.380 462.9 (£21.7)

In this study, only daytime observations (12:00-16:00 KST, 03:00-07:00 UTC) after December 3 were used for assimilation,
considering the errors related to the nocturnal PBLH and the spin-up period of the atmospheric transport model. A total of 924

observations were used in the model. The distribution of the observed concentrations is shown in Fig. S1 of the Supplement.

6
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2.2.2 Atmospheric Transport Model: WRF-STILT

A Stochastic time-inverted Lagrangian transport (STILT) model (Fasoli et al., 2018; Lin et al., 2003), coupled with weather
research and forecasting (WRF) was used to generate footprint values. WRF-STILT has been widely used for urban-scale
inverse modelling (Che et al., 2024; Kunik et al., 2019; Sim and Jeong, 2025). In WRF-STILT, particles are released from
receptors based on WRF meteorological fields. By tracking particle trajectories, footprint values representing the sensitivity
of concentrations at observation sites (receptors) to upwind surface fluxes are generated.

WRF meteorological fields were generated for December 2021 using a configuration similar to that described by Sim and
Jeong (2025), with additional enhancements. Specifically, we added observation nudging and incorporated operational sea
surface temperature and sea ice analysis (OSTIA) sea surface temperature (SST) data to enhance the accuracy of WRF
simulations. Observation nudging included wind, temperature, and water vapor mixing ratio data from four Korea
Meteorological Administration automated synoptic observation system (ASOS) sites located within the innermost WRF
domain, domain 3 (information on domain 3 and the ASOS sites information is shown in Fig. S4 and Table. S1 in the
Supplement, respectively). OSTIA SST fields were also used since they provide higher-resolution SST inputs and have been
reported to demonstrate high accuracy over the Korean Peninsula (Xie et al., 2008; Lee et al., 2010; Mun et al., 2017). With
these improvements, the simulated meteorological fields showed high agreement with the observed wind speed, wind direction,
temperature, and relative humidity. The wind speed mean bias error was 0.87 m s!, and the index of agreement (IOA) and
correlation coefficients (r) exceeded 0.74 across all four variables. Detailed descriptions of the WRF configuration and
validation of the meteorological outputs against observations are provided in Text S1 of the Supplement.

For STILT, an ensemble of 1000 particles was released from each of the six receptor locations at the AGL of the measurement
inlet and traced backward for 24 hours. In the inversion framework, these 24-hours backward footprint files were assembled
into a Jacobian matrix (H) organized according to the temporal structure of the prior emissions. Since emission corrections
were performed following this temporal structure, CO2 enhancement at a single observation site contributed to updating
emission estimates over the preceding 24-hour period, similar to four-dimensional data assimilation. A further explanation of
the footprint calculations in STILT and the monthly averaged footprint values for the six sites can be found in Text S2 of the

Supplement.

2.2.3 Biogenic CO: Fluxes

Urban CO: concentrations are influenced not only by anthropogenic emissions but also by biospheric activity. Considering
these biospheric contributions, biogenic CO: fluxes (sp;, ) for December 2021 were obtained from the Carbon Simulator from
Space (CASS). CASS is a data-driven terrestrial carbon flux that estimates net ecosystem exchange (NEE) using
meteorological variables such as air temperature, humidity, photosynthetically active radiation (PAR), and satellite vegetation
indices with coefficients optimized using a random-forest model. The biogenic NEE CO: fluxes utilized in this study

encompassed the region from Seoul to Gyeonggi Province (Fig. 1a, outer domain). The spatiotemporal distributions of biogenic
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CO:z fluxes are shown in Fig. S7 of the Supplement. Within the Seoul domain, CASS showed relatively strong CO2 uptake
near the GWA region and northwest Seoul. In the outer domain, strong uptake was also evident in the northeastern region of

Gyeonggi Province. The daytime NEE CO: fluxes over the domain were -2.8 + 0.99 pmol CO> m? s™!.

2.3 Methodologically Varied Inputs
2.3.1 Background Concentration

The observed atmospheric CO2 concentrations (Z,,s) include contributions from local anthropogenic emissions as well as
externally transported COa, reflecting atmospheric transport and mixing processes. To estimate the CO2 enhancement
attributable to anthropogenic emissions, it is essential to determine appropriate background concentrations (z) that exclude
local emission influences for Seoul. Selecting an appropriate background is critical in inverse modeling, because lower
background values can result in overestimated emissions for the region (Che et al., 2022; Pisso et al., 2019). Previous studies
on urban COz inversion have employed various methods to estimate background concentrations. Sim and Jeong (2025)
provided a comprehensive overview of background treatment, including the use of upwind sites, designated background sites,
and statistical definitions derived from each observation site. Other studies have also used clean air stations (Pisso et al., 2019),
upwind concentrations estimated using atmospheric transport models (Hamilton et al., 2024), and boundary concentrations
simulated using atmospheric transport models (Lian et al., 2023).

In this study, we estimated 12 background concentrations using 12 statistical methods. These methods used observations from
high-altitude sites, representative global or regional background sites, and upwind sites assumed based on the modeled wind
field in Seoul. We compared simulated enhancements from the prior (H - 5,,) with observed enhancements (z) derived under
12 different background concentrations and selected 3 methods showing higher consistency between H - s, and z. The selected
methods were as follows: (1) 5" percentile within a 24-hour window at each site (BC1); (2) daily minimum values at the
central, high-altitude urban site NSTu (BC2); and (3) two-day moving average from the suburban, high-altitude site GWA
(BC3). Further details regarding this sensitivity test are provided in Text S3 of the Supplement.

Each site exhibited different z values according to three different methods (Fig. 2). At the high-altitude sites GWA and NSTw,
the enhancement values derived using BC1 were higher than BC3-derived enhancements, whereas all other sites showed the
order BC2 > BC3 > BC1 (Fig. 2a). Although BC2 and BC3 yielded similar distributions and temporal patterns, the ACO>
derived using BC1-derived exhibited distinct differences. BC1, which applies a statistical approach to each site, showed a
narrower distribution, indicating lower variability and more stable background concentrations. This distinct BC1 pattern was
particularly pronounced at the OLP and SNU sites. As shown in the daily timeseries in Fig. 2b, BC1 exhibited relatively stable
temporal variability, whereas BC2 and BC3 showed similar temporal variations but weaker agreement with BC1, with

correlation coefficients dropping to 0.34 at OLP and 0.65 at SNU.
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Figure 2. (a) Boxplots of ACO; at different observation sites under varying background concentrations and (b) time series of daily
mean ACO; with error bars indicating daytime temporal variability (+ 1 ). Temporal correlation coefficients between different
background concentrations are shown in red text; ri2 (BC1 and BC2), r;3 (BC1 and BC3), and r;3 (BC2 and BC3).

2.3.2 Prior Emissions and Prior Error Covariance

In this study, fossil fuel CO2 (ffCO2) emission inventories served as the prior (s,) for inversions. We conducted inversions for
Seoul using two distinct prior emissions data sets: the regional dataset of the Korea Carbon Project (KCP) and the global
dataset ODIAC. The KCP v2025 datasets provides comprehensive estimates of carbon emissions (COz and CHa4), sinks, and
net flux for the Korean Peninsula. Region-specific emission inventories such as KCP have also been utilized for urban-scale
inversions. For instance, the Hestia and Vulcan inventories have been used for U.S cities such as Boston (Sargent et al., 2018),
Salt Lake City (Mallia et al., 2020), Indianapolis (Lauvaux et al., 2016), New York (Pitt et al., 2022), and the San Francisco
Bay Area (Hamilton et al., 2024; Roten et al., 2023), as well as UNAM-EMI for Mexico City (Che et al., 2024), and
Origins.Earth for Paris (Lian et al., 2022; Nalini et al., 2022). KCP ffCO: emissions are disaggregated into five sectors: “Power
generation,” “Buildings,” “Manufacturing,” “Transportation (On-road),” and “Transportation (Airport).” Sector-specific
emissions at the administrative district level are estimated using domestic activity data and the highest tier methodology. The
higher spatial resolution (0.01°) emissions are produced through spatial allocation proxies. In this study, we used KCP
anthropogenic CO2 data for December 2021 at 1 hour temporal and 0.01° spatial resolutions. We also employed ODIAC
version 2022 (Oda et al., 2018; Oda and Maksyutov, 2011). ODIAC has been widely adopted in urban-scale studies of cities,
including Indianapolis, Mexico City, Salt Lake City, Tokyo, Beijing, Riyadh, and Paris (Cai et al., 2025; Che et al., 2022; Che
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et al., 2024; Kunik et al., 2019; Lian et al., 2022; Mallia et al., 2020). ODIAC integrates bottom-up fossil fuel carbon emission
data from CDIAC, point source information from the CARMA database, and spatial allocation using satellite-based nighttime
light data as spatial proxies (Oda et al., 2018). Previous studies have manually corrected the locations of point sources due to
their occasional misallocation in ODIAC (Kunik et al., 2019; Ohyama et al., 2023; Sim and Jeong., 2025). ODIAC includes
two major point sources along Seoul: the Danginri Power Plant operated by Korea Midland Power Co., Ltd. (KOMIPO) and
the Korea District Heating Corporation Gangnam Branch. However, their geolocations in ODIAC deviate from their actual

locations; therefore, we manually relocated these point sources, as shown in Fig. S8 of the Supplement. Since ODIAC provides

monthly data at 1 x 1 km?, we applied temporal downscaling using hourly and weekly scaling factors from Nassar et al. (2013).

For the daytime period in December, KCP showed a mean emission (% 16) of 37.1 (+ 51.06) pmol CO2 m? 5!, while ODIAC
exhibited slightly lower values of 35.0 (+ 38.94) pmol CO2 m? s'!. Total daytime emissions were also higher for KCP at 624.7
Gg CO:2 compared to 590.2 Gg COz of ODIAC. Fig. 3 presents the spatiotemporal distribution of prior emissions from KCP
and ODIAC. KCP allocates emissions over the Han River to account for road transport emissions from bridges crossing it.
ODIAC, however, does not consider emissions over water bodies, as indicated by the absence of emissions over the Han River
(Fig. 3b). KCP also includes more than two point-sources, resulting in greater spatial heterogeneity in the emission distribution
(Fig. 3a). The monthly averaged daytime emission differences between the two priors (Fig. 3c) revealed that KCP allocates
higher emissions over the Han River area, exceeding 40 umol CO2 m? s!. KCP generally showed higher emissions, except in
regions influenced by biogenic fluxes (Fig. S7). Figure 3d shows the daily averaged timeseries for both priors for December
2021. KCP exhibited a continuous increasing trend with variations ranging from 10 to 45 pmol CO2 m? s™!. ODIAC employs
temporal proxies to allocate hourly variability, yielding more consistent temporal variation with a narrower range of 20—40
pumol CO2 m? s, Both priors demonstrated similar day of week variations, with lower emissions on weekends. However, KCP

showed varying values for the same day of the week depending on the period within the month.
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Figure 3. Spatial distribution and time series of daytime-averaged prior emissions from KCP and ODIAC over Seoul in December
2021. (a—) Monthly mean spatial distributions: (a) KCP; (b) ODIAC; and (c) difference (KCP — ODIAC). (d) Time series of daily
mean emissions with error bars indicating daytime temporal variability (= 1 ¢) for KCP (blue) and ODIAC (orange).
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The prior error covariance (Q) assumes uncertainties that account for the spatiotemporal heterogeneity of prior emissions. The
matrix Q is composed of the prior uncertainty (o), temporal covariance (D), and spatial covariance (E) using the Kronecker

product, shown in Eq. (5) (Yadav and Michalak, 2013):
Q =I,(DXE)I, )

Here, I,; is the diagonal matrix of the prior uncertainty (o). Both the temporal (D) and spatial (E) covariance structures follow

the exponential decay equations in Eq. (6) and Eq. (7):

D = exp(—79) (6)
E = exp(—3) @)

Where X, denotes the time difference between time steps and X represents the separation distance between grid cells. These
are divided by the temporal correlation range parameter () and the spatial correlation range parameter (L), respectively.

Although the method for estimating the prior error covariance remains consistent across configurations, its values differ
because the underlying prior datasets are different. Specifically, the two prior datasets, KCP and ODIAC, have different
uncertainties. KCP provides uncertainty estimates, with a mean uncertainty-to-emission ratio of 13.9 % for December 2021.
For ODIAC, we assigned relative uncertainties of 15 % to point sources and 85 % to all other areas within Seoul, following
Ohyama et al. (2023). Grid cells containing the Han River were allocated a minimum uncertainty of 1 pmol COz m? s,
adopting the approach followed by Kunik et al. (2019) and Sim and Jeong (2025). The resulting mean uncertainty of the
emission ratio for ODIAC was 84.7 %, which is approximately eight times larger than that of KCP. The detailed spatiotemporal
variability of these uncertainties is presented in Text S4.1 of the Supplement. The spatial and temporal correlation range
parameters were also set separately for each prior, because these parameters depend on the target city and emission dataset.
Following Kunik et al. (2019) and Sim and Jeong (2025), we estimated [, using the lagged autocorrelation function and [
using variogram analysis, as described in Text S4.2 of the Supplement. Based on these analyses, [, and [; were set to 5 h and

7 km for KCP, and 9 h and 10 km for ODIAC, respectively.

2.3.3 Observation Error Covariance

The observation error covariance (R), also referred to as the model-data mismatch error represents uncertainties derived from
both observations and transport models (Kunik et al., 2019; Stohl et al., 2009). Recent studies have employed various
approaches to estimate the matrix R, with most adopting a diagonal matrix R as the summation of different uncertainty sources.
The sources vary considerably in previous studies. For example, Vardag and Maiwald (2024) composed R as the sum of the
instrument, representation, and transport model errors. Jones et al. (2021) and Hamilton et al. (2024) considered the background,

instrument, transport, and source distribution errors. More comprehensive sources have been considered in studies of Salt Lake
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City, typically accounting for errors related to the finite number of particles, vertical and horizontal wind transport, background
concentrations, biospheric flux, and grid cell aggregation (Kunik et al., 2019; Mallia et al., 2020; Mallia et al., 2023).
Additionally, certain studies have incorporated temporal and spatial correlation structures into the matrix R using double
exponential decay functions applied to these summed error terms. For instance, studies in the Los Angeles Basin considered
various errors (e.g., instrument, stochastic, and PBL errors) and subsequently applied exponential decay terms (Roten et al.,
2022). Similarly, in New York, measurement, model, and background errors were considered with correlation length scales of
1 km and 1 h, as reported for atmospheric trace gases in urban environments (Pitt et al., 2022). The matrix R has also been
estimated by indirect methods. For Tokyo, R was estimated using the relative residual error method suggested by Heald et al.,
(2004). which computes the matrix R using the relative residual standard deviation between simulated and observed ACO2
(Ohyama et al., 2023). Diagnostic methods have also been adopted in previous studies. Sim and Jeong. (2025) used the
Hollingsworth-Lonnberg method (Hollingsworth and Lonnberg, 1986; Rutherford, 1972). Bréon et al. (2015) specified R as a
diagonal matrix with a value of 3 ppm, determined using a diagnostic method following Desroziers et al. (2005). Alternatively,
other studies have incorporated spatial gradients between observation sites. Lian et al. (2021) allocated consistent R values,
differentiated for urban-suburban and suburban-suburban pairs, within a diagonal matrix.

In this study, we employed three commonly used assumptions for estimating observation error: (1) the relative residual error
method (Rres; Heald et al., 2004; Ohyama et al., 2023), (2) the uncertainty summation method (Rsum; Mallia et al., 2020),
and (3) the diagnostics method (RDx; Desroziers et al., 2005). Detailed descriptions of these three methods and their
applications in the Seoul inversion framework are provided in Text S5 of the Supplement.

Since the estimation of R depends on both the prior emissions and background concentration methods, combining two prior
emissions with three background approaches yields six distinct model configurations, each producing different matrix R values
despite using the same observation error estimation method. Figure 4 presents the diagonal elements of R averaged over the
six configurations (n X 1). The standard deviation shown in Fig. 4a reflects both the variability across the six configurations
and the temporal fluctuations at each observation site. Across all sites, mean R values followed the order Rres > RDx > Rsum.
The standard deviations of Rres and Rsum include temporal fluctuations at each site, whereas RDx assumes temporally
constant observation errors. Thus, the standard deviation of RDx represents only the variability across the six configurations
and is particularly large at OLP, YSB, and SNU. All three methods assigned the largest observational errors to YSB, a site
strongly influenced by emissions. Figure 4b illustrates the temporal variability. The Rres method is proportional to z,;,, and
therefore exhibits larger fluctuations than the other methods. This approach assigns higher errors to larger concentration
enhancements and lower errors to smaller enhancements. In contrast, Rsum shows highly stable temporal variability. The weak
temporal correlation of 2.8 h assigned to Ry, qnswing and the 1.5 % uncertainty based on the observed concentrations at NSTw,
YSB, and SNU (which use Li-850) resulted in slightly stronger temporal correlations than those at sites using PICARRO

sensors (Fig. S12). RDx remained constant throughout the period owing to its inherent assumption of no temporal variability.
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Figure 4. (a) Mean diagonal elements of R and their standard deviation at each site under three different observation error
assumptions. (b) Time series of daily mean diagonal elements of R, with error bars indicating daytime temporal variability (+ 1 o)
at each site. All values are averaged across six inverse modeling configurations: two prior emission inventories (KCP and ODIAC)
and three background concentrations (BC1, BC2, and BC3).

2.4 Study Design

We constructed 18 inversion cases by combining two prior inventories (KCP and ODIAC), three background concentration

methods (BC1, BC2, and BC3), and three observation error covariance assumptions (Rres, Rsum, and RDx), as summarized

in Table 2. These cases were used to estimate the ffCO2 emissions over Seoul in December 2021. We analyzed the estimates

only during the daytime, considering errors related to the transport model.

Table 2. List of the inversion configurations.

Inversion case

Prior Emissions

Background Concentrations

Observation Error

KCP_BC1_Rres KCP
KCP_BC1_Rsum KCP
KCP_BC1_RDx KCP
KCP_BC2_ Rres KCP
KCP_BC2 Rsum KCP
KCP_BC2 RDx KCP

BC1
BC1
BC1
BC2
BC2
BC2

Rres
Rsum
RDx
Rres
Rsum

RDx
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KCP_BC3 Rres KCP BC3 Rres
KCP_BC3 Rsum KCP BC3 Rsum
KCP_BC3 RDx KCP BC3 RDx
OD BCl1 _Rres ODIAC BC1 Rres
OD BCl Rsum ODIAC BC1 Rsum
OD BCl RDx ODIAC BCl1 RDx
OD BC2 Rres ODIAC BC2 Rres
OD BC2 Rsum ODIAC BC2 Rsum
OD BC2 RDx ODIAC BC2 RDx
OD BC3 Rres ODIAC BC3 Rres
OD BC3 Rsum ODIAC BC3 Rsum
OD BC3 RDx ODIAC BC3 RDx

2.4.1 Intercomparison of 18 Inversion Cases

To assess the impact of different assumptions on the estimates, we compared 18 inversion results, focusing on the total fluxes,
temporal variability, and spatial distribution of posterior emissions. The performance of each inversion case was further
evaluated by comparing the simulated ACO: from prior (H - 5,,) and posterior fluxes (H - §) with observed ACO: (z).

Based on the 18 inversion results, we compared the contributions of the different assumptions applied to each input (prior
emissions, background concentrations, and observation error covariances) to the posterior emission estimates. For total fluxes,
and the analysis of variance (ANOVA) was conducted to assess which parameter assumptions exerted a greater effect on
changes in total emissions. Effect sizes were quantified using partial eta squared (npz), representing the proportion of variance
in posterior emissions explained by each parameter assumption (Lakens, 2013). For the temporal variability and spatial
distribution of posterior emissions, similarity among the estimates was quantified using correlation coefficients (r).
Correlations between inversion pairs sharing the same assumption were compared with those derived from different
assumptions, and a paired t-test was applied to assess which input assumptions caused larger changes in temporal variability
and spatial distribution. Effect sizes for the paired comparisons were evaluated using “Relative Change” (%) to quantify the
magnitude of changes in similarity, and Cohen’s d, to assess the consistency of parameter influence across inversion cases
(Cohen, 1988; Lakens, 2013).

Both ANOVA and paired t-tests were conducted primarily considering the main effects of each parameter. Interaction effects
were also examined as supplementary diagnostics to assess whether the influence of one parameter assumption depended on
the configuration of another. Because the number of inversion configurations was limited (N = 18) and the inversion cases
were not fully independent, as multiple configurations shared common inputs and configurations, statistical significance was

interpreted with caution. Therefore, p-values were used only as reference indicators and the relative influence of each parameter
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was evaluated primarily based on effect size. Detailed methods for the ANOVA and paired t-tests including definitions of the

statistical metrics are provided in Text S6 of the Supplement.

2.4.2 Parameter Sensitivity

To quantify the uncertainty arising from different assumptions, we defined parameter sensitivity as the deviation in posterior
estimates resulting from the choice of parameter assumptions. For each of the 18 model configurations, we identified a
corresponding group of 6 configurations to calculate this sensitivity. This group includes the baseline configuration itself and
five variations derived by changing only one parameter at a time. Given our experimental design (two priors, three background
concentrations, and three observation errors), this group comprises the baseline, one case with a different prior, two cases with
different backgrounds, and two cases with different observation errors.

Parameter sensitivity was calculated using Eq. (8), based on the definition of posterior uncertainty in different inversions by

Zhang et al. (2024), where it is provided as the standard deviation of estimates across different inversions.

Parameter Sensitivity = \/% X Yo (x; — w? ®)

Where x; represents the emission value for the ith configuration in the subset, and y is the mean of these six estimates. We
quantified parameter sensitivity across the 18 inversion cases as described in Section 3.3 and derived robust emission estimates
for Seoul considering the parameter sensitivity described in Section 3.4. The contribution of each assumption to the sensitivity
was estimated from the standard deviation across the results obtained by varying the prior emissions, background

concentrations, and observation errors.

2.4.3 Uncertainty Reduction Ratio

Finally, we examined whether the divergence between the posterior estimates under different assumptions surpassed the
divergence of prior emissions. If the posterior discrepancies exceed those of the priors, the inversion system may not effectively
constrain the fluxes, indicating limited robustness of the inversion system to different methodological assumptions. To evaluate
this performance, we computed the Uncertainty Reduction Ratio (URR) by adopting an approach similar to that of Zhang et
al. (2024), as defined in Eq. (9):

URR = —In (Uposteriors) (9)

Opriors

Where 0,,.44,s denotes the standard deviation between two priors (KCP and ODIAC), and 0,4steriors represents the standard

deviation of posterior estimates.
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3 Results

3.1 Intercomparison of 18 Posterior Estimates

EGUsphere\

The summarized results from the 18 inversion cases are listed in Table 3, including the mean and total daytime posterior CO:

emissions, mean daytime posterior uncertainties, the agreement between posterior-simulated CO2 enhancements (ACO2,mod)

and observed COz enhancements (ACOz,0bs), and the prior-to-posterior emission changes.

Table 3. Comparison of inversion results across different inversion configurations. The table presents the mean and total daytime
posterior CO; emissions, the relative change in total emissions, mean daytime posterior uncertainties, and observation-space
performance metrics for the 18 posterior cases, including the Pearson correlation coefficient (r) and Mean Absolute Error (MAE)
between ACO2, moa and ACO2, ons. The change in total emissions (%) was calculated as ((Total posterior — Total prior) xTotal prior!

%100 %). The correction magnitude represents the sum of absolute emission changes ((3|posterior-prior|)x(>prior)'x100 %).

Inversion case Mean Total Change in Mean Correlation MAE (+ 1) Correction
daytime CO2 daytime total daytime coefficient Magnitude
emissions COz emissions  posterior (r) (%)
(umol m2s™") emissions (%) uncertainty

(Gg CO) (umol m2s7h)

KCP _BC1 Rres 23.49 395.68 -36.66 1.98 0.33 11.7 (= 12.9) 36.7

KCP BC1 Rsum 33.97 572.22 -8.40 2.32 0.31 11.7(*10.7) 9.9

KCP BC1 RDx 3523 593.31 -5.02 2.33 0.27 121 (x11.4) 6.5

KCP_BC2 Rres 30.93 520.85 -16.62 2.22 0.56 132(*139) 174

KCP BC2 Rsum 35.61 599.72 -4.99 2.35 0.60 12.8(+12.4) 6.4

KCP BC2 RDx  37.16 625.89 +0.19 2.36 0.56 13.0 (= 12.8) 4.7

KCP _BC3 Rres 30.85 519.64 -16.81 2.25 0.51 11.8(*11.9) 17.0

KCP BC3 Rsum 34.66 584.01 -6.51 2.33 0.56 11.3(*10.7) 8.7

KCP BC3 RDx  36.29 611.17 -2.16 2.36 0.49 120 11.6) 5.1

OD BCl1 Rres 22.80 383.98 -34.94 9.62 0.47 10.5 (= 12.1) 42.0

OD BC1 Rsum 31.30 527.10 -10.69 10.99 0.61 9.1 (=9.6) 36.6

OD BC1 RDx 34.59 582.56 -1.30 10.13 0.65 8.1(x£9.3) 39.8

OD BC2 Rres 31.11 523.93 -11.23 10.24 0.70 11.2(*+12.8) 385

OD BC2 Rsum 37.16 625.92 +6.05 11.34 0.79 10.3 (+10.2) 33.7

OD BC2 RDx 41.78 703.70 +19.23 10.68 0.81 8.7(£9.2) 45.6

OD BC3 Rres 24.54 413.36 -29.96 10.41 0.64 10.5(* 11.9) 38.4

OD BC3 Rsum 34.09 574.12 -2.73 11.04 0.78 9.1 (=8.6) 38.9

OD BC3 RDx 36.70 618.18 +4.74 10.64 0.80 8.0 (£8.0) 45.7
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Compared with the prior total daytime COz emissions (624.7 Gg CO2 for KCP and 590.2 Gg CO: for ODIAC), 11 of the 18
posterior estimates showed lower total emissions than both prior CO2 emissions. In contrast, three cases (KCP_BC2 RDx,
OD BC2 Rsum, and OD BC2 RDx) exceeded the KCP totals, whereas four cases (KCP_BCI RDx, KCP_BC2 Rsum,
KCP_BC3 RDx, and OD_BC3_ RDx) fell between the two priors. When grouped by background concentration assumptions,
total emissions showed a consistent pattern across all 18 results, with the cases using BC2 yielding the highest total emissions,
followed by those using BC3 and BC1. This tendency was consistent with the comparison of z under different background
assumptions (Section 2.3.1) suggesting that background concentration determines the emission level, as proposed in previous
studies (Che et al., 2022; Pisso et al., 2019). Additionally, analysis using the observation error method revealed that cases
employing the Rres method estimated substantially lower emissions than the other methods. This can be explained by the Rres
assumption method which calculates observation errors proportionally to z, thereby assigning smaller errors to lower values
of z and resulting in greater assimilation of low-z values.

The daily daytime averaged timeseries of prior and posterior emissions over Seoul from the 18 different inversion cases are
illustrated in Fig. 5. All 18 posterior time series exhibited greater variability than their respective priors. Notably, cases using
the same observation error assumption showed similar temporal fluctuations. The contribution of each parameter to these
temporal variability patterns is quantified in Section 3.2. The posterior time series generally fluctuated between 10 and 50
pumol CO2m™? s7!, with distinct decreases on December 23 and increases on December 29 consistently appearing across all 18
inversions. Notably, the magnitude of the December 29 peak varied among configurations, reaching more than 80 pmol COz

m s in inversion cases that combined the ODIAC prior with the Rsum or RDx observation error assumptions.
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Figure 5. Time series of daytime (3:00-7:00 UTC) daily domain-averaged emissions comparing prior (navy for KCP, orange for
ODIAC) with posterior (red) estimates. Emission uncertainties are shown as shaded regions in gray (prior) and red (posterior). Note
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that the y-axis ranges differ between panels: 0-50 pmol CO; m™* 5! for posterior estimates using the KCP prior ((a)—(i)), and —20 to
120 pmol CO; m? 5! for those using the ODIAC prior ((j)—(r)).

Figure S13 shows a comparison of the spatial distribution across the 18 monthly averaged daytime emissions over Seoul. The
spatial distribution of the posterior emissions was predominantly affected by information from the priors. Further exploration
of the monthly averaged spatial distribution of the posterior-prior emission correction was conducted, as shown in Fig. 6. All
18 correction maps showed that the correction magnitude was proportional to the emission levels, because the prior uncertainty
was scaled with the prior emission levels. Most of the 18 cases exhibited emission reductions across Seoul. However, several
cases exhibited a more complex spatial correction pattern, with reductions in the eastern part of Seoul and increases in the

western part. This pattern was more distinct in cases using ODIAC as the prior than in those using KCP.
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Figure 6. Daytime (3:00-7:00 UTC) emission correction maps (posterior-prior) for the 18 inversion configurations.

The posterior uncertainties decreased across all 18 cases compared to the prior emission uncertainties of 2.45 umol CO; m? s°
! for KCP and 14.75 umol CO> m™ s™! for ODIAC. As shown in Table 3, cases using KCP showed a smaller uncertainty
reduction, which can be attributed to the lower prior uncertainty, resulting in less correction from observation compared to
cases using ODIAC. However, even after inverse modeling, the posterior uncertainties using KCP remained lower than those
using ODIAC. To evaluate whether the posterior CO: estimates were well constrained by the observations, we compared the
observed CO2 enhancement (ACOz,obs) with the CO2 enhancements simulated using the prior emissions and the 18 posterior

emission estimates (ACOzmod). Table 3 presents the correlation coefficient (r) and mean absolute error (MAE) between ACO,
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obs and ACOz, mod for the 18 posterior cases. A comparison with the prior simulations, along with additional performance metrics
including the RMSE, IOA, and r, is provided in Fig. S14, while the MAE with + 10 is shown in Fig. S15 of the Supplement.

In all cases, the posterior simulations showed improved agreement with the observations than the prior simulations did. The
posterior cases using ODIAC generally demonstrated higher consistency with the observations after inversions, owing to the
higher assimilation magnitude of observation data. However, considering configurations with similar agreement performance
can reveal completely different spatial distributions of emissions estimates, depending on the choice of prior emissions, as
shown in Fig. S13 of the Supplement. Therefore, the selection of optimal emissions should consider multiple factors beyond

consistency with observations, including the spatiotemporal characteristics of the posterior estimates and their uncertainties.

3.2 Influence of Parameter Assumptions on Posterior Emissions

To identify the selective impact of parameter assumptions on posterior emissions, we quantified the contribution of parameter
assumptions to the total amount, temporal variability, and spatial distribution across the 18 posterior emissions as summarized
in Table 4.

Table 4. Main statistical effects of parameter assumptions on posterior emissions.

Information aspect Parameter Effect size (np2) F p
Total emissions Prior emissions 0.02 0.25 0.627
Background concentration 0.66 11.43 0.002
Observation error 0.87 39.62 <0.001
Relative change (%) Cohen’s d, p
Temporal variability ~ Prior emissions 19.69 0.52 0.043
Background concentrations 20.78 1.07 <0.001
Observation error 34.51 1.40 <0.001
Spatial distribution Prior emissions 31.95 11.26 <0.001
Background concentrations -2.30 -2.43 <0.001
Observation error -1.39 -1.36 <0.001

The ANOVA results indicated that the total posterior emissions were strongly influenced by the choice of observation error
assumption (F = 39.6, p < 0.001). This factor explains 87 % of the variance in total posterior emissions (771[,2 = 0.87),

representing a dominant source of variability. The background concentration method also exhibited a statistically significant

effect (F = 11.4, p = 0.002), with a substantial effect size (np2 = 0.66), explaining 66 % of the variance in total posterior
emissions. In contrast, the choice of prior inventory assumption did not yield a statistically supported difference (p = 0.63),

and its associated effect size was negligible (77,,2 =0.02). These results are consistent with the patterns described in Section
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3.1. Additionally, a two-way interaction ANOVA showed no evidence of interactions among prior emissions, background
concentrations, and observation error assumptions (Table S8 of the Supplement, all p > 0.1). In estimating the total emissions
over Seoul, assumptions regarding observation error and background concentration were the dominant drivers of variability,
with observation error assumptions exerting the strongest influence. However, differences between prior inventories did not
result in detectable variations in total posterior emissions, likely because the difference in total emissions between the prior
datasets was small compared with the range of posterior corrections across the inversion cases in this study.

The similarity in temporal variability among posterior emission estimates was higher when observation error assumptions were
identical (mean 7™ = 0.68) than when they differed (mean 7¢¥/ = (.52), an increase of 34.5 % relative to different
assumptions (p < 0.001). Using the same background concentration method also increased the similarity in temporal emission
variability by 20.8 % (7$4™¢-r3// = (.096, p < 0.001), and using the same prior inventory resulted in an average increase of
19.7 % (p < 0.05). However, Cohen’s d, values differed substantially among factors: 1.40 for observation error, 1.07 for
background concentration, and 0.52 for prior data. These results indicate that although the choice of prior influenced temporal
variability on average, its effect was less consistently expressed across inversion cases. In contrast, the observation error and
background concentration assumptions produced more consistent responses, suggesting that the temporal variability of
posterior estimates was more sensitive to these assumptions than to the choice of prior inventory. Interaction analysis revealed
a significant interaction between the prior and background concentration assumptions, indicating their joint influence on the
temporal variability of the posterior depended on their combined configuration (Table S8). However, the effect size and its
consistency were weaker than those of the main effects.

Notably, the similarity in the spatial distribution among the posterior was predominantly controlled by the choice of prior.
Spatial correlation between inversion cases using the same prior was substantially higher (mean 754™¢ = 0.97) than that using
different priors (mean 74/ = (.73), corresponding to a 31.9 % increase (Ar = 0.23, p < 0.001). This effect was highly
consistent across inversion cases, as indicated by the exceptionally large Cohen’s d, value of 11.26. In comparison, the
background concentration and observation error assumptions showed minimal influence on spatial similarity, with absolute
relative changes of only 2.3 % and 1.4 %, respectively. These results highlight the dominant role of prior spatial information
in shaping the spatial structure of posterior emission estimates. Additional interaction analyse revealed a significant interaction
between the background concentration method and observation error assumptions (Table S8), indicating that different
combinations of background concentration and observation error assumptions influenced the spatial distribution of posterior
emissions. However, the role of prior emissions remained dominant, as the spatial distribution of the posterior was
overwhelmingly controlled by the prior employed. Detailed results of the interaction analysis are summarized in Table S8 of

the Supplement.

3.3 Parameter Sensitivity

We quantified the parameter sensitivities for each of the 18 inversion cases to evaluate the uncertainty in posterior estimates
arising from different parameter assumptions. Figure 7a shows the total magnitude across the 18 parameter sensitivities for
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daytime emissions in December 2021, along with the contribution of each assumption and the uncertainties in both the prior
and posterior estimates. Across all 18 cases, parameter sensitivity consistently exceeded posterior uncertainty. This indicates
that the posterior uncertainty from an individual case cannot fully represent the uncertainty from different parameter
assumptions. Parameter sensitivity was also larger than the KCP prior uncertainty, but smaller than the ODIAC prior
uncertainty. Total parameter sensitivity ranged from a minimum of 151.2 Gg CO2 (KCP_BC3_ Rsum) to a maximum of 222.6
Gg CO2 (OD_BC1_RDx). Regarding prior emission assumptions, cases using KCP exhibited parameter sensitivities of 151—
157 Gg CO2, whereas ODIAC based cases showed higher sensitivities of 194 —223 Gg COz. With respect to the background
concentration methods, no distinct patterns were indicated. For observation error assumptions, the cases using Rsum showed
the lowest sensitivity, while Rres and RDx cases exhibited similar levels. The ratio of total parameter sensitivities to total
emission estimates ranged from 25.6 % to 51.5 %. Inverse modelling setups with lower parameter sensitivity yield posterior
emissions that are less sensitive to variations in input parameter assumptions, indicating greater statistical robustness.

Therefore, estimates with lower parameter sensitivities were considered when deriving the robust estimates for Seoul.
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Figure 7. Comparison of daytime total parameter sensitivity and posterior uncertainty across the 18 configurations. (a) Parameter
sensitivity (bars) and posterior uncertainty (diamonds) for each case. Prior uncertainties are shown as horizontal line for KCP (blue)
and ODIAC (orange). (b) Relative contribution of each parameter assumption to parameter sensitivity. Contributions were

calculated as 2

—— % 100 (%), where o; is the standard deviation of posterior emissions under different assumptions
Z parameter sensitivity

for parameter i.

As shown in Fig. 7b, the contribution to this sensitivity was predominantly attributed to prior emissions, followed by
observation errors and background concentrations in most configurations. However, in inversion cases using the Rres method
for observation error assumption, the background assumption showed a higher contribution than observation errors,

particularly in cases using KCP as the prior. This difference can be explained by the Rres method, in which observation errors
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are estimated using z, a variable that accounts for background concentrations, thus amplifying the sensitivity to background

concentration assumptions.

3.4 Robustness of Posterior Emissions and the Inverse Modeling Framework for Seoul

We selected the robust posterior emission estimate for Seoul as the posterior exhibiting the lowest posterior uncertainty, highest
agreement between posterior-simulated ACOz, mod and observed ACOz, obs, and minimal parameter sensitivity. Considering
posterior uncertainty, the analysis narrowed to the emission estimates derived using KCP as the prior. Among these, the
KCP_BC3 Rsum case provided the most robust estimate of anthropogenic CO2 emissions for Seoul in December 2021. It
showed the lowest RMSE and MAE values among the KCP-based estimates (Fig. S14 and Fig. S15), as well as the smallest
parameter sensitivity, at 151.2 Gg COa.

A comparison of the prior and posterior emissions of KCP_BC3 Rsum is shown in Fig. 8. The daytime total CO2 emissions
from KCP_BC3 Rsum were 584.0 Gg COo, representing a reduction of 40.7 Gg CO2 compared to the KCP prior. This posterior
total was also lower than the ODIAC, showing a consistent outcome with the majority of the inversion results, where 11 of the
18 posterior estimates were lower than both prior inventories. The mean daytime COz emissions for the prior KCP and posterior
were 37.1 pmol CO2 m? s™'and 34.7 umol CO2 m™? s}, respectively, representing a 6.5 % decrease in average emissions relative

to the prior. The posterior emissions for this case represented an 8.7 % correction from the prior emissions (Table 3).
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Figure 8. Relatively robust posterior emissions (KCP_BC3_Rsum) for daytime over Seoul in December 2021. (a) Total emissions
and standard deviations for the prior (KCP) and posterior; (b—d) monthly mean spatial distribution of the (b) prior, (c) posterior,

(d) emission correction (posterior-prior); (e) Time series of daytime—averaged CO; emissions with uncertainty and parameter
sensitivity (shaded regions).

For the temporal variability of emissions, the temporal correlation between the prior KCP and the posterior emissions of
KCP_BC3_ Rsum was 0.42, indicating substantial changes in temporal patterns. As shown in Fig. 8b, a distinct decrease on

December 23 and an increase on December 29 were consistently observed across all six cases using the Rsum method (Fig.
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5). The prior KCP inventory, which applies a temporal scaling factor to account for activity patterns such as traffic emissions,
exhibited clear weekday-weekend variations, with weekday mean daytime emissions of 37.6 (+ 1.9) pmol CO2 m™ s™! and
weekend emissions of 35.6 (£ 2.1) pmol CO2 m™ s™!. After inversion, the most robust emissions showed weekday and weekend
averages of 35.0 (£ 5.0) pmol CO2 m? s! and 33.6 ( 2.9) umol CO2 m? 5!, respectively, indicating a slightly reduced
difference between weekend and weekday emissions while variability within each period increased. E emission uncertainty
decreased slightly from an average of 2.45 to 2.33 pmol CO2 m s™!, while parameter sensitivity was larger, averaging 9.0
umol CO2 m? s, Notably, parameter sensitivity was greatest during the increasing phase preceding the emission peak on
December 29, particularly between December 27 and 29.

The inversion largely preserved the prior spatial emission pattern, with a spatial correlation of = 1.00 between the monthly
averaged optimal posterior emissions and KCP (Fig. 8c and Fig. 8d). As shown in Fig. 8e, the monthly averaged emissions
correction decreased by approximately 10 pmol CO2 m? s! throughout most of Seoul in proportion to the level of prior
emissions with the exception of certain point sources in the northern and southeastern regions.

Finally, we evaluated the convergence of emission estimates for Seoul using the URR metric, which quantifies how much the
spread among posterior estimates decreased or increased relative to the spread between two priors. A positive URR indicates
effective convergence of the inversion system toward constrained flux estimates, whereas a negative URR implies increased
divergence among posterior solutions, suggesting limited constraint by the inversion system. Fig. 9a shows the kernel density
estimation of URR calculated from six posterior estimates for the two inversion cases generated by independently adjusting
one assumption (prior emissions, background concentration, or observation error) within each case. OD_BC1 RDx, which
had the largest parameter sensitivity, showed a median URR value of 0.06 and its kernel density estimation revealed that 51.8 %
of its estimates converge (URR > 0) relative to the prior spread. KCP_BC3 Rsum, the relatively robust case with the smallest
parameter sensitivity, showed substantially stronger convergence, with a median URR of 0.55 and 70.4 % of posterior fluxes
indicating convergence. From the configuration with the smallest parameter sensitivity to that with the largest sensitivity, most
of the estimates showed convergence. Although parameter sensitivity exceeded posterior uncertainty, the posterior estimates
were generally constrained within a narrower range than the differences between the two priors across the various
configurations. This reduction in spread indicates that the inversion for Seoul effectively constrained emissions against prior

differences under the same observations.
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Figure 9. Kernel density estimation (KDE) of URR. (a) KDE of the highest parameter sensitivity case (OD_BC1_RDx) and the
optimal estimate case (KCP_BC3_Rsum). (b) KDE of the URR (KCP_BC3_Rsum) obtained by varying each parameter individually.

Furthermore, to assess the impact of each input parameter assumption on the robustness of the inversion system, we analyzed
the URR for KCP BC3 Rsum when only the prior, background concentration, or observation error assumptions were
individually adjusted (Fig. 9b). For background concentration and observation error, the median URR values were 3.21 and
1.71, respectively, with 94.1 % and 81.6 % of estimates showing strong convergence trends. These results revealed that the
posterior estimates were robustly constrained by the differences between these two parameter assumptions. In contrast, for the
choice of prior emissions, the median URR value was —0.03, and kernel density estimation showed that only 42.8 % of the
estimates exhibited convergence. This indicates that KCP_BC3 Rsum retained a stronger dependence on the choice of prior
inventory, consistent with the largest contribution of prior assumptions to parameter sensitivity, as shown in Fig. 7b. To identify
why the choice of prior was less effectively constrained, we analyzed the time series of daily mean URR for KCP_BC3 Rsum
under different prior assumptions (Fig. S16). Divergence between posterior estimates occurred when the degree of correction
differed between the two cases using different priors. This suggests that differences in the prior error covariance values (Q)

contributed to the differing correction strengths and consequently led to larger discrepancies in posterior emissions.

4 Discussion

Since this study revisited the December 2021 Seoul inversion case, a comparison with Sim and Jeong (2025) allowed us to
examine both the agreements and discrepancies in posterior estimates. The results of this study were partially consistent with
their findings. In particular, several inversion cases using ODIAC as the prior showed distinct reductions in eastern Seoul and
increases in western Seoul, similar to the spatial correction patterns reported by Sim and Jeong (2025). The previous study
attributed this pattern to ODIAC’s nighttime-light based spatial disaggregation method, which likely led to an overestimation

in residential-dominated eastern areas, with inverse modeling correcting this bias. Our intercomparison of inversion results
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between ODIAC (nighttime light-based spatial allocation) and KCP (sector-based allocation) demonstrates that the correction
pattern was more pronounced with ODIAC, thus supporting the results of Sim and Jeong (2025) that ODIAC’s spatial
allocation method exhibits this pronounced issue. However, the comprehensive intercomparison results indicate that the spatial
correction patterns in Seoul are strongly influenced not only by the prior but also by the observation error and background
concentration assumptions. For example, both the OD BC1 Rsum and OD BC2 Rsum cases exhibit a constraining east-west
adjustment pattern (Fig. 6), while differences in background concentration result in variations in the spatial extent and intensity
of corrections in the eastern and western regions. Furthermore, depending on the observation error assumptions, the case using
Rres yields uniform reductions across Seoul, whereas the cases using RDx and Rsum show more east-west contrasting
correction patterns. Thus, these results suggest that the east-west correction pattern reflects not only the ODIAC’s spatial
allocation method but also the influence of the background concentration and observation error assumptions.

For a robust posterior estimate, Sim and Jeong (2025) reported a 4.43 % increase relative to the ODIAC prior, while this study
showed a 6.5 % decrease relative to the KCP prior. The resulting daytime mean emissions were 35.6 umol CO2 m™ s™! in Sim
and Jeong (2025) and 34.7 pmol CO2 m™ s! in this study. The difference between the two posterior estimates was smaller than
the initial difference between the KCP and ODIAC priors, suggesting that the inversion frameworks for Seoul constrained
emission toward a similar range despite methodological differences. Differences remained in the monthly averaged spatial
distribution and temporal variability of the posterior emissions, likely influenced by different prior emissions, background
concentrations, observation error assumptions, and the use of different observational data (satellite data, the number of ground
observations, and time window of assimilated observations). When comparing the most similar configuration, the
OD BCIl RDx case, which used the same prior emissions (ODIAC) as in the previous study, identical background
concentration for ground observations, and the most similar diagnostic method for observation error assumptions, the result
shows comparable spatiotemporal variability but not identical values, owing to differences in the assimilated time window of
observations and the use of different observation datasets.

Rather than estimating urban CO2 emissions, this study focused on methodological sensitivity. Therefore, the generalizability
of the findings lies in the sensitivity patterns of the estimates identified among different parameter assumptions, rather than in
the specific values obtained for Seoul. The results suggest that parameter assumptions selectively influence different
components of posterior information, indicating that prior emissions, background concentrations, and observation errors play
distinct roles within the inverse framework. This finding provides a basis for interpreting posterior estimates by identifying
the influence of different parameter assumptions on posterior information. Furthermore, parameter sensitivity exceeded
posterior uncertainty, indicating that posterior estimates derived from single inversion configuration may not fully represent
the uncertainty associated with parameter assumptions. These results suggest that parameter sensitivity is a non-negligible in
urban inverse modeling and emphasize the importance of methodological sensitivity analyses when interpreting posterior
estimates. Consequently, metrics such as parameter sensitivity and URR can be used to identify robust posterior emissions and

evaluate the robustness of the inversion framework for a given city.
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5 Conclusions

Urban COz inverse modeling studies often differ not only in parameter values but also in methodological assumptions regarding
priors, background concentrations, and observation error covariance. This study shows that these assumptions control different
components of posterior information including total emissions, temporal variability, and spatial distribution. Specifically,
observation error assumptions had the largest influence on total emissions and temporal variability, whereas the spatial
distribution of posterior emissions was predominantly determined by the choice of prior emissions. The assumption-dependent
sensitivity of the posterior emissions for Seoul in December 2021 ranged from 26 % to 52 % of total emissions, exceeding the
posterior uncertainty estimated from individual inversion configurations. Based on this sensitivity test, we demonstrate that
robust posterior emission estimates can be derived and that the robustness of the inverse modeling framework can be assessed
under different parameter assumptions.

Several limitations should be noted in this study. First, because of the large uncertainties in nighttime PBL dynamics in WRF-
STILT, only daytime observations were assimilated and analyzed. Second, this study considered three major sources of
uncertainty (prior emissions, background concentrations, and observation error assumptions). Other potential sources of
uncertainty, such as differences among atmospheric transport models, methods for defining prior error covariance, data
assimilation methodologies, and observation types, were not explicitly examined.

Future work should extend the analysis beyond daytime to include periods with stronger temporal emission variability, such
as rush hours, to better constrain urban CO2 emission dynamics. To assess the generalizability of the sensitivity patterns
identified in this controlled case study of Seoul in December 2021, future work should extend the framework to longer periods
and different cities. Thus, applying the inversion over longer periods, including seasonal timescales, would help determine
whether the influence of these parameter assumptions remains consistent and improve our understanding of uncertainty in
urban inverse modelling. At the broader community level, systematic intercomparison frameworks for urban inverse modelling,
analogous to global and regional efforts such as TransCom, RECCAP, and OCO-2 MIP, are required to evaluate and reduce
uncertainties across cities while accounting for various sources of uncertainty. In addition, integrating multiple observational
platforms, including satellite observations (e.g., OCO-2 and OCO-3), ground based networks, mobile measurements, and
isotope-based observations, together with independent validation datasets, would further improve the reliability of urban CO-

emission estimates.

Data availability

The KCP prior emissions data and biogenic CO: fluxes data from the CASS were obtained from the Korea Carbon Project

website (https://korea-carbon-project.org/map, last access: 15 January 2026). The ODIAC prior emissions data are available

from the Center for Global Environmental Research (https://db.cger.nies.go.jp/dataset/ODIAC, last access: 20 January 2026).

The ERAS reanalysis product can be retrieved from the Copernicus Climate Change Service Climate Data Store

(https://cds.climate.copernicus.eu/datasets/reanalysis-eraS-single-levels?tab=download, last access: 22 February 2026). The
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ASOS data were downloaded from Korea Meteorological Administration

(https://data.kma.go.kr/resources/html/en/aowdp.html, last access: 12 November 2025) and OSTIA data were obtained from

Copernicus Marine Data Store
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