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Figure S1. Time series of CO2 concentrations and their distribution used for inversions over Seoul in December 2021 

(adapted from Sim and Jeong, 2025). Only data from 3-7 UTC (12-16 KST) are shown. The period before the gray 

dashed line (December 1-3) represents the spin-up of the atmospheric transport model and was excluded from the 

inversions. 

  



Text S1. Details for WRF configuration 

We followed the WRF configuration described in previous study Sim and Jeong (2025) with additional 

enhancements to improve the accuracy of the WRF simulation. We used sea surface temperature (SST) data from 

the UK Met Office’s Operational Sea surface Temperature and Sea-Ice Analysis (OSTIA) during the WRF 

Preprocessing System (WPS) and applied observation nudging. 

Because South Korea is surrounded by three seas, this geographical feature requires careful consideration of sea 

surface temperature in meteorological inputs. The global European Center for Medium-Range Weather Forecasts 

Re-Analysis data (ERA5), which was applied as the boundary conditions for the WRF simulations, provides SST 

data at 0.25° resolution based on OSTIA. As shown in Fig. S2, we incorporated higher-spatial resolution OSTIA 

SST data at 5 km as an intermediate file to improve the spatial information of SST in our simulations. 

 

 
Figure S2. SST input maps for (a) default SST data from ERA5 and (b) high resolution (5 km) SST data from OSTIA. 

 

For observation nudging, we assimilated observed wind direction, wind speed, temperature, and relative humidity 

from four Korea Meteorological Administration Automated Synoptic Observation System (ASOS) sites located 

in domain 3 (Table S1). Figure. S3 shows the monthly averaged Temperature (TT) field from the WRF 

preprocessing system (metgrid file) for domain 3, confirming that observation nudging was successfully applied 

at these ASOS stations. 

 
Table S1. Locations and details of four ASOS sites used for observation nudging in WRF domain 3. 

Site name Instrument 
type 

Latitude 
(°N) 

Longitude 
(°E) 

Elevation 
(m) 

Gangwha Island ASOS 37.7074 126.4463 47.84 

Baekryeong Island ASOS 37.9740 124.7124 36.00 

Seoul ASOS 37.5714 126.9658 85.67 



Incheon ASOS 37.4777 126.6249 68.99 

 

 
Figure S3. Monthly averaged Temperature (TT) field from WRF preprocessing system (metgrid output) for domain 3 

(a) without observation nudging and (b) with observation nudging. 

 

The WRF configuration is shown in Table S2 and the domain configuration for the WRF simulation is described 

in Fig. S4. For the domain configuration, we used a two-way nesting technique with a 9 km upper domain (domain 

1, 120×150) containing two nested inner domains, domain 2 with 3 km resolution (100×100) and domain 3 with 

1 km resolution (160×160), all with 40 vertical levels. Initial and boundary conditions were obtained from ERA5 

with a horizontal resolution of 30 km every hour. Land use data were primarily obtained from the Environmental 

Geographic Information Service (EGIS) provided by the Ministry of Climate, Energy and Environment. For areas 

not covered by the EGIS dataset, the IGBP-Modified MODIS 20-category dataset was used as the default dataset. 

WRF Single-moment 6-class (WSM6) is used as microphysics scheme (Hong and Lim, 2006), the Rapid Radiative 

Transfer Model for General Circulation Models (RRTMG) is applied for shortwave and longwave schemes 

(Iacono et al., 2008; Morcrette et al., 2008). The planetary boundary layer scheme used is the Yonsei University 

(YSU) scheme (Hong et al., 2006). We incorporated the Revised MM5 Monin-Obukhov scheme for surface layer 

scheme (Jiménez et al., 2012) and the Community Land Model version 4 (CLM4) for land surface processes 

(Oleson et al., 2013). The Kain-Fritsch cumulus parameterization was applied only to upper domain 1 (Kain and 

Fritsch, 1990; Kain, 2004). For grid nudging, we assimilated temperature, wind field, and water vapor mixing 

ratio from the ERA5 reanalysis. For observation nudging, we set the horizontal radius of influence to 10 km, and 

the vertical radius of influence to 0.1 in the sigma vertical coordination system, following the WRF-LES-FDDA 

system developed by the national institute of meteorological sciences (NIMS) (NIMS, 2023). The detailed 

configurations applied to the WRF simulations is described in Table S2. 

 



 
Figure S4. A domain configuration for the WRF simulations (Orange line indicates the boundary of Seoul).  

 
Table S2. Model configurations for the WRF simulations. 

WRF v3.9.1 (WPS v4.0) 

Meteorological input data ERA5 (30 km, hourly) 

Land use information IGBP-Modified MODIS 20-category, EGIS 

Domain 
(Number of grids) 

Domain 1 
(120×150) 

Domain 2 
(100×100) 

Domain 3 
(160×160) 

Horizontal grid spacing 9 km 3 km 1 km 

Vertical layers 
/Model top 40 sigma layers/ 50 hPa 

Physical 
scheme 

Microphysics WRF Single-moment 6-class 

Longwave 
radiation 

Rapid radiative transfer model for General 
Circulation Models  



Shortwave 
radiation 

Rapid radiative transfer model for General 
Circulation Models 

Surface Layer 
/Land surface 

Revised MM5 Monin-Obukhov Scheme/CLM4 
land-surface model 

Planetary 
boundary layer Yonsei University Scheme 

Cumulus 
Parameterization Kain-Fritsch - - 

Grid Nudging Wind field, Temperature, Water vapor mixing ratio 

Observation Nudging - - 

Wind field, 
Temperature, 

Relative 
Humidity 

 

We validated the WRF model performance by comparing the simulated meteorological field against observations 

from the ASOS station in Seoul. To assess the model performance of wind speed, wind direction, temperature, 

and relative humidity, the mean absolute error (MAE), index of agreement (IOA), mean bias error (MBE), and 

Pearson correlation coefficient (r) were calculated as summarized in Table S3. The correlation coefficients 

between modeled and observed values exceed 0.7 for wind speed, wind direction, temperature, and relative 

humidity, and the IOA values also exceed 0.7, suggesting that the 1 km high resolution meteorological fields from 

WRF simulations adequately reproduce the meteorological conditions over Seoul during this period. 

 
Table S3. The performance of WRF simulation between ASOS observation in Seoul. 

WRF 
variable MAE (±1 σ) IOA MBE r 

Wind Speed 
(m/s) 1.31 (± 1.32) 0.74 0.87 0.81 

Wind 
Direction 

(θ) 
0.83 (± 1.14) 0.86 0.29 0.74 

Temperature 
(K) 1.18 (± 0.95) 0.98 -0.74 0.98 

Relative 
Humidity 

(%) 
6.86 (± 5.91) 0.93 4.37 0.90 

 

  



Text S2. Detail for Lagrangian transport model STILT 

We used Stochastic Time-Inverted Linear Transport (STILT) coupled with meteorological field from WRF 

simulations to derive footprints. The footprints represent the sensitivity of receptor concentration changes to 

surface fluxes. STILT is a Lagrangian particle dispersion model that releases an ensemble of virtual particles 

backward in time from the receptor location and calculates this sensitivity based on their trajectories. Following 

Lin et al. (2003) and Fasoli et al. (2018), the receptor concentration change is calculated stochastically from the 

number of particles residing within the domain and their residence times as described in Eq. (S1): 

∆𝐶!,#,$(𝑋% , 𝑡%) = 𝑓(𝑋% , 𝑡%|	𝑥# , 𝑦# , 𝑡!)𝐹(𝑥# , 𝑦# , 𝑡!)      (S1) 

Here, 𝐹(𝑥# , 𝑦# , 𝑡!) is the surface flux at location (x, y) and time t, and 𝑓(𝑋% , 𝑡%|	𝑥# , 𝑦# , 𝑡!) is the footprint, which 

converts surface fluxes to concentration change at the receptor location (𝑋%) at time (𝑡%). Footprints (𝑓) is defined 

as follows (Lin et al., 2003; Fasoli et al., 2018): 

𝑓(𝑋% , 𝑡%|	𝑥# , 𝑦# , 𝑡!) =
!!"#

&'((*",+",,$)
.

/%&%
∑ ∆𝑡0,!,#,$,1/
02.      (S2) 

The term .
/%&%

∑ ∆𝑡0,!,#,$,1/
02.  denoted as the residence time that a given particles spends within a spatial grid cell 

during a specified time interval. !!"#
&'((*",+",,$)

 converts surface fluxes into atmospheric concentrations. The molar 

mass of air (𝑚3#%) is defined as 28.97 g mol-1 in this study, and 𝜌̅(𝑥# , 𝑦# , 𝑡!) represents the mean air density at 

location (x, y) and time t within the atmospheric boundary layer, calculated following Eq. (S3) as described in 

Fasoli et al. (2018). 

ℎ41(𝑝, 𝑡) = 𝑧% + ∫ 𝜎592𝑇6 <𝑡 + 𝑇6 =𝑒
7 %
'( − 1AB𝑑𝑡,)

8      (S3) 

𝑡1  represents the time step component and 𝜎5  is standard deviation of vertical velocities encountered by 

particles along the STILT backward trajectory during the integration time step. 𝑇6 is the Lagrangian decorrelation 

time scale. According to Eq. (S3), the effective mixing depth ℎ41(𝑝, 𝑡)	in STILT gradually converges from the 

receptor height above ground level (𝑧%) to the planetary boundary layer (PBL) height from the meteorological 

fields. 

In this study, we derived footprints using meteorological fields from WRF for December 2021, releasing 1000 

particles and tracking them backward in time window for 24 hours. The STILT receptors were configured at the 

latitude, longitude and inlet height of the six observation sites used in the inverse modeling. Fig. S5 and S6 show 

the December 2021 daytime averaged footprints for all six observation sites and each individual site, respectively. 

The sensitivity of footprint increases with proximity to the receptor locations, with higher sensitivities observed 

at sites with lower observation inlet heights (e.g., OLP, YSB, and SNU). In addition, all six sites exhibited 

relatively high footprint values to extend toward northwest. GWA and NSTH, which have relatively high inlet 

heights above ground level (AGL), exhibited weaker footprints, with patterns more concentrated toward the 

northwest. In contrast, OLP, SNU, and YSB, which have relatively low AGL inlet heights, indicated stronger 

footprints and broader spatial distribution extending beyond the northwestern direction. 

 



 
Figure S5. A spatial distribution of the December 2021 mean daytime (3-7 UTC) footprints for all six observation sites. 

The unit of footprint is ppm μmol-1 m2 s. 

 



 
Figure S6. December 2021 daytime averaged footprints for each of the six observation sites used in this study. The unit 

of footprint is ppm μmol-1 m2 s. 

 

 
Figure S7. A graph of daytime (3-7 UTC) biospheric CO2 flux (Net Ecosystem Exchange, NEE) for December 2021. (a) 

daily mean timeseries with error bars representing ± 1 σ and (b) monthly mean spatial distribution. 



Text S3. Sensitivity test for background concentrations 

We compared 12 different methods for estimating background CO2 concentration to select the more appropriate 

approaches for this study. Following previous studies, we classified these methods into five categories: (1) using 

background air masses from remote sites, (2) utilizing statistically processed data from high-altitude observation 

sites, (3) statistically filtered data from individual site, (4) applying statistical methods to data from all observation 

sites, and (5) estimating upwind regions based on wind direction and using high-altitude sites in those upwind 

regions. 

For background air mass methods, we selected Minamitorishima (MNM) as the global background and 

Anmyeondo (AMY) as the regional background. Both sites are greenhouse gas concentration observation sites as 

the part of the World Meteorological Organization Global Air Watch (WMO GAW) program. The MNM site was 

installed on Japan island for background CO2 concentration (Liu et al., 2021; Wada et al., 2007) and AMY site 

has been operational since 1998 to measure background atmospheric conditions unaffected by greenhouse gas 

emissions from South Korea (Cho et al., 2007; Lim et al., 2012). Data from both sites were obtained from the 

World Data Centre for Greenhouse Gases. For high-altitude urban background estimates, we used NSTH and GWA, 

which have high observation heights above ground level (336 m and 231 m, respectively). For these high-altitude 

sites, we derived background concentrations using either daily minimum values (Fasoli et al., 2018; Lian et al., 

2023; Zhao et al., 2009) or 2–day moving average (Mallia et al., 2023; McKain et al., 2012). Additionally, for 

GWA, which has long-term measurement recording since 2009, we also calculated background concentration by 

filtering data using curve-fitting methods (NOAA, 2021). For methods using individual observation sites, we 

applied daily minimum values or the 24–hour moving 5th percentile (Chandra et al., 2016; Sim and Jeong, 2025). 

We also used the 5th percentile across all observation sites collectively (He et al., 2024). For wind direction-based 

methods, we dynamically selected upwind sites based on hourly wind direction simulated by WRF at each 

observation site, following the approach of Lauvaux et al. (2016). When the wind direction was between 0° and 

90° or 270° and 360° (northern sector), we assumed the upwind region was from the north and selected NSTH 

(located in norther Seoul at a high inlet height) as the background site. Conversely, when the wind direction was 

between 90° and 180° or 180° and 270° (southern sector), we assumed the upwind region was from the south and 

selected GWA (located in southern Seoul at a high inlet height) as the background site. For the selected upwind 

site, we applied either the 5th percentile within a 24–hour moving window or the daily minimum values as the 

background concentrations. These background concentration methods are summarized in Table S4. 

 
Table S4. 12 methods for background concentrations 

Classification Methods Abbreviation 

Background 
air mass 

Global 
background air Hourly mixing ratio at MNM mnm_h 

Regional 
background air Hourly mixing ratio at AMY amy_h 

High-altitude sites NSTH daily minimum nsh_dm 



NSTH minimum after 2-day moving average nsh_2dma 

GWA daily minimum gwa_dm 

GWA minimum after 2-day moving average gwa_2dma 

GWA curve fitting (2009-2022) gwa_ccg 

Individual observation sites 
Daily minimum at each site each_dm 

(*_dm) 

5th percentile within a 24 hours window per site each_24hm5p 
(*_24hm5p) 

All observation sites 5th percentile across all sites all_5p 

Wind direction based upwind 
high-altitude sites 

Northern sector (0~90°, 270~360°): 5th percentile 
within a 24 hours window at NSTH 

dir_24hm5p 
Southern sector (90~180°, 180~270°): 5th percentile 

within a 24 hours window at GWA 

Northern sector (0~90°, 270~360°): daily minimum 
at NSTH 

dir_dm 
Southern sector (90~180°, 180~270°): daily 

minimum at GWA 
 

We statistically evaluated the differences between observed ΔCO2 (ΔCO2,obs) derived using the 12 background 

concentration methods and modeled ΔCO2,mod from two different priors (𝐻𝑠9:;<= , 𝐻𝑠>=?). We considered median 

value of ΔCO2,obs - ΔCO2,mod, MBE, Pearson correlation coefficient (r), root mean squared error (RMSE), IOA, 

and mean percent error (MPE) to identify the three most appropriate background concentration methods for this 

study. The statistical metrics are summarized in Table S5 and Table S6. 

According to this analysis, we selected three methods as most appropriate: (1) each_24hm5p, (2) nsh_dm, (3) 

gwa_2dma. The each_24hm5p method consider site-specific background concentrations, with median differences 

close to zero and reasonable MBE and RMSE values. However, this method showed lower IOA values, suggesting 

potentially reduced consistency for outliers. The nsh_dm method exhibited relatively high correlation and IOA 

values, suggesting great agreement between modeled and observed values. The gwa_2dma method showed 

significantly low MBE and RMSE values, indicating high accuracy when comparing ΔCO2,obs and ΔCO2,mod. The 

MPE result revealed that systematic biases in each method. nsh_dm revealed that ΔCO2,mod were higher than 

ΔCO2,obs, while both gwa_2dma and each_24hm5p showed the opposite tendency, with ΔCO2,mod lower than 

ΔCO2,obs. 

 
Table S5. Comparison of observed and modeled ΔCO2 using ODIAC as prior emissions across 12 background 

concentration methods. 

Abbreviation Median Coeff r MBE RMSE IOA MPE (%) 

mnm_h 24.32 0.45 26.26 32.04 0.53 220923 

amy_h 8.88 0.32 9.95 21.31 0.56 79504 

nsh_dm 5.96  0.46 8.91 20.23  0.63 -22649 



nsh_2dma -7.00 0.40 -5.87 18.21 0.59 -127381 

gwa_dm 12.82  0.46 15.08 23.98 0.60 101818 

gwa_2dma 2.51 0.40 3.85  18.25 0.61 7383 

gwa_ccg 13.44 0.44 16.44 25.22 0.59 74055 

each_dm 
(*_dm) 2.63 0.24 4.84 18.76 0.53 101824 

each_24hm5p 
(*_24hm5p) 1.93 0.19 3.03 18.47  0.49 90189 

all_5p 12.71 0.44 15.34 24.61 0.59 48751 

dir_24hm5p 6.75 0.56 13.95 29.71 0.59 -22236 

dir_dm 8.07 0.54 15.07 31.54 0.58 -17200 

 
Table S6. Comparison of observed and modeled ΔCO2 using KCP as prior emissions across 12 background 

concentration methods. 

Abbreviation Median r MBE RMSE IOA MPE (%) 

mnm_h 22.73 0.45 24.28 30.97 0.55 920076 

amy_h 7.76 0.34 7.97 21.34 0.58 313457 

nsh_dm 4.67 0.48 6.93  19.95 0.66  -108223 

nsh_2dma -8.10 0.42 -7.85 19.73 0.60  -552238 

gwa_dm 10.83  0.47 13.10 23.21 0.63 400688 

gwa_2dma 1.24 0.42 1.87 18.66 0.63 16542 

gwa_ccg 12.82 0.46 14.46 24.38 0.62 319879 

each_dm 
(*_dm) 1.80 0.27 32.86 19.50 0.54  400489 

each_24hm5p 
(*_24hm5p) 1.18 0.21 1.05 19.54 0.50 349147 

all_5p 11.45 0.45 13.36 23.87 0.62 212052 

dir_24hm5p 5.12 0.52 11.91 29.22 0.61 -497681 

dir_dm 6.84 0.51 13.57 30.96 0.60 -29374 

 



 
Figure S8. A spatial distribution of ODIAC emissions over Seoul for December 2021, showing (a) original emissions 

with misallocated point sources and (b) corrected emissions after relocating point sources. 

  



Text S4. Prior error covariance 

Text S4.1 Uncertainties of Prior Emissions 

Figure. S9 shows the uncertainties (σ) of prior emissions KCP and ODIAC. KCP uncertainties are approximately 

14.87 % of the mean emissions, with values of 5.5 (± 4.0) μmol CO2 m-2 s-1 and a total monthly daytime uncertainty 

of 92.9 Gg CO2. In contrast, the ODIAC daytime emission uncertainty (±1 σ) represents 81.43 % of the mean 

daytime emissions, with values of 28.5 (± 14.2) μmol CO2 m-2 s-1, corresponding to a total December 2021 daytime 

uncertainty of 480.62 Gg CO2. 

 

 
Figure S9. Daytime (3-7 UTC) emission uncertainties for December 2021. Spatial distributions of (a) KCP uncertainties, 

(b) ODIAC uncertainties, (c) their difference (KCP-ODIAC), and daily mean uncertainty time series for (d) KCP and 

(e) ODIAC with error bars representing ± 1 σ. 

 

KCP uncertainties are proportional with emission magnitudes across most regions. The spatial distribution of 

ODIAC uncertainties shows very low values (1 μmol CO2 m-2 s-1) over the Han River, while else where the 

uncertainties are proportional to emission levels. As shown in Fig. S9c, KCP uncertainties are higher than ODIAC 

uncertainties in grid cells classified as rivers in the ODIAC dataset, while KCP shows significantly lower than 

ODIAC elsewhere. 

Figure. S9d and e exhibit the time series of emission uncertainties. KCP uncertainties vary between 4.75 to 6 μmol 

CO2 m-2 s-1, while ODIAC uncertainties fluctuate between 26 to 30 CO2 m-2 s-1. KCP emission uncertainties shows 

an increasing trend, whereas ODIAC maintains relatively constant uncertainty levels throughout the entire month. 

The day-of-week patterns in emission uncertainties are consistent with those in emissions, resulting in similar 

temporal variations in uncertainties between the two datasets. 

 

  



Text S4.2 Temporal and spatial correlation length scales 

In this study, we derived the temporal correlation length (𝑙@) through autocorrelation analysis and the spatial 

correlation length (𝑙A) through variogram analysis of each emission inventory. Autocorrelation analysis is a 

technique for analyzing temporal correlation in time series data by considering all correlations between different 

time points as covariances to assess the degree of temporal correlation (Hartmann, 2016). The minimum time at 

which the autocorrelation converges to zero is considered the 𝑙@ , representing the time scale over which 

correlation exist (Kunik et al., 2019; Mallia et al., 2020). 

Spatial correlation was assessed using variogram analysis, a widely applied geostatistical method for 

characterizing spatial dependence (Yoo et al., 2008). The spatial correlation length (𝑙A ) was defined as the 

minimum lag distance at which the semivariance reaches a sil, indicating the distance beyond which spatial 

correlation becomes negligible (Kunik et al., 2019; Mallia et al., 2020). 

To determine the most appropriate variogram model for the KCP and ODIAC uncertainty datasets, several 

theoretical models were fitted to the experimental variogram. Model performance was evaluated using the 

coefficient of R2 calculated between the experimental semivariances and the model-fitted semivariances at the 

corresponding lag distances. As summarized in Table S7, the J-bessel variogram model achieved the highest R2 

values for both inventories and was therefore selected. 

 
Table S7. A Selection of the best-fitting variogram model based on R2 

Model type R2 with ODIAC R2 with KCP 

Gaussian 0.948 0.375 
Exponential 0.884 - 

Matern 0.948 0.529 
Stable 0.948 - 

Rational 0.947 - 
Circular - - 
Spherical - - 

Super 
Spherical - - 

JBessel 0.997 0.965 
 

The result indicates that KCP exhibits a temporal correlation length (𝑙@) of 5 hours and the spatial correlation 

length (𝑙A) of 7 km. For ODIAC, 𝑙@  is 9 hours and 𝑙A  is 8 km. The 𝑙A  values were rounded toward the 

converged values. Fig. S10 exhibits the variogram and autocorrelation analysis for ODIAC, while Fig. S11 shows 

the corresponding results for KCP. 

 



 
Figure S10. Covariance correlation length scales. (a) A variogram of daytime (3-7 UTC) KCP uncertainty over Seoul 

domain for December 2021. (b) A lagged autocorrelation function of KCP uncertainty for daytime (3-7 UTC) in 

December 2021 over the Seoul domain. 

 

 
Figure S11. Covariance correlation length scales. (a) A variogram of daytime (3-7 UTC) ODIAC uncertainty over Seoul 

domain for December 2021. (b) A lagged autocorrelation function of ODIAC uncertainty for daytime (3-7 UTC) in 

December 2021 over the Seoul domain. 

  



Text S5. Observation Error Covariance  

Text S5.1 Relative Residual Error Methods (Rres) 

Observed and modeled CO2 enhancements are expressed as follows (Heald et al., 2004): 

𝒛BCA = 𝒛, + 𝝐;                 (S4) 

𝒛!BD = 𝒛, + 𝒃 + 𝝐E +𝝐F                 (S5) 

Where 𝒛BCA  include true enhancement (𝒛,) with the instrument error (𝝐;). 𝒛!BD  (denoted as 𝐇 ∙ 𝒔0  in this 

study) is the sum of true value, the model bias (𝒃), transport error (𝝐E ), and representative error (𝝐F). The model 

bias is the mean difference between the subset of observation points and true enhancement (𝒃 = 𝒛!BD − 𝒛,NNNNNNNNNNNNN). For 

the sufficient number of observations, 𝝐E, 𝝐;, 𝝐F have mean values of zero, the model bias can be described as 

𝒃 = 𝒛!BD − 𝒛BCANNNNNNNNNNNNNNN. Thus, the total of error can be obtained as Eq. (S6): 

𝝐∑ = 𝝐; + 𝝐E +𝝐F = 𝒛!BD − 𝒛BCA − 𝒃              (S6) 

The RRSD can be obtained dividing standard deviation of 𝝐∑ at each site by the mean enhancement value (𝒛BCANNNNN). 

The matrix R is a diagonal of the value from Eq. (S7): 

𝐑 = (𝑅𝑅𝑆𝐷 × 𝒛BCA)H               (S7) 

 

Text S5.2 Summation of the Sources of Error (Rsum) 

The Rsum approach, based on Mallia et al. (2020), constructs 𝐑 by combining distinct error sources given as Eq. 

(S8): 

𝐑 = 𝐑03%,#IJK + 𝐑#LA,%M!KL, +𝐑,%3LA?N6 + 𝐑,%3LAO;/: + 𝐑PQRSTUVWXY + 𝐑C#BA0&K%#I         (S8) 

𝐑03%,#IJK represents the error derived from the release of a finite number of particles within trajectory ensemble. 

Following the Mallia et al. (2015) we determined this error as the standard deviation of footprint values by 

simulating STILT 50 times with the same configuration described in Section 2.3. As shown in Table 1, the six 

observation stations employ different instruments: PICARRO G2401 analyzers at OLP, GWA and NSTL, and CO2 

sensors Li-850 at NSTH, YSB, and SNU. The instrument error (𝐑#LA,%M!KL,) was defined using the 1σ values 

provided by the manufactures. The PICARRO G2401 has a specified accuracy of 17 ppb (Picarro, 2023), while 

the LI-COR 850 sensor used in SNUCO2M has an accuracy of 1.5 % of the recorded values (LI-COR, 2018). 

Errors for 𝐑03%,#IJK and 𝐑#LA,%M!KL, were considered to be uncorrelated between observations.  

𝐑,%3LA?N6 and  𝐑,%3LAO;/: are defined as the error related to the simulated vertical PBLH and horizontal wind 

field of the transport model, respectively. Following Kunik et al. (2019), 𝐑,%3LA?N6 was calculated as 7 % of the 

mean ΔCO2 and 𝐑,%3LAO;/:  was calculated as 35 % with a temporal correlation of 2.8 hours. 𝐑C3I1Z%BMLD 

represents the uncertainty arising from the background concentration estimation methods used in the inversion. 

This value was computed following Mallia et al. (2020) using RMSE between each of three methods adopted in 

this study, which were then averaged. Finally, 𝐑C#B is the error stem from the biogenic fluxes and was estimated 

as 25 % of the mean of biospheric enhancement (𝐇 ∙ 𝒔C#B) (Mallia et al., 2020). The diagonal elements of the 𝐑 

matrix are obtained by summing of all these components. 

 



Text S5.3 Diagnostics of Observation Error (RDx) 

Desroziers et al. (2005) suggested a diagnostic method of the matrix 𝐑 based on the assumptions that the data 

assimilation process follows linear estimation theory, the errors comprising 𝐑 are independent, and the initial 𝐑 

value accurately represents the true errors. This method defines the 𝐑 through the difference between observed 

ΔCO2 and simulated ΔCO2 using posterior emissions and prior emissions, described as Eq. (S9): 

𝐑 = 𝐸 U(𝒛 − 𝐇 ∙ 𝒔V)W𝒛 − 𝐇 ∙ 𝒔0X
[Y = .

/7.
∑ [{W𝒛 − 𝐇 ∙ 𝒔0XL − W𝒛 − 𝐇 ∙ 𝒔0X

NNNNNNNNNNNNNNN}{(𝒛 − 𝐇 ∙ 𝒔V)L − (𝒛 − 𝐇 ∙ 𝒔V)NNNNNNNNNNNNNN}]/
L2. (S9) 

Where N is the number of observation vector for each observation site subset. In this study, we conducted the 

inversion with 𝐑 estimated using the Rsum method and calculated observational error values for each site. 

Following Bréon et al. (2015) and Sim and Jeong (2025), the matrix 𝐑  is diagonal, assuming spatially 

uncorrelated observational errors. 



 
Figure S12. Diagonal elements of observation error covariance for six combinations of prior emissions and background 

concentration methods. Time series show hourly variations at each site, and bar plots show site-averaged values with 

error bars representing ± 1 σ. 



Text S6. Statistical Analysis of Parameter Assumption Effects on Posterior Estimates 

Text S6.1 Influence on Total Emissions 

For the daytime total emissions, we evaluated the impact of each parameter assumption on the domain-integrated 

fluxes using a linear regression model with categorical predictor variables, equivalent to analysis of variance 

(ANOVA). The main effect regression model can be expressed as Eq. (S10): 

𝑌 = 𝛽8 + 𝛽.𝑃 + 𝛽H𝐵 + 𝛽\𝑂 + 𝜀            (S10) 

Where 𝑌  represents the daytime total posterior emissions, 𝑃 , 𝐵 , and 𝑂  denote categorical predictors 

corresponding to the prior inventory, background concentration method, and observation error assumption, 

respectively. The predictors were implemented through dummy variables, with 𝛽8 representing the reference 

configuration and 𝛽.-𝛽\ representing the main effects of each factor and the residual error term 𝜀. The statistical 

significance of both main effects and interaction effects was evaluated using F-statistic and associated p-values 

from the regression model. 

Effect sizes were quantified using partial eta squared (𝜂0H), defined as Eq. (S11), which represents the proportion 

of variance explained by each parameter assumption (Keppel, 1991; Lakens, 2013): 

𝜂0H =
]]*++*,%

]]*++*,%^]]*##&#
             (S11) 

Where 𝑆𝑆K__KI,  represents the sum of squares associated with the subset which has the same parameter 

assumptions and 𝑆𝑆K%%B%	denotes the residual sum of squares. Larger values indicate that a given assumption 

explains a larger proportion of the variance in the inversion results, independent of sample size. 

To examine whether the influence of one parameter assumption depended on another, an additional model 

including two-way interaction term was fitted as Eq. (S12): 

𝑌 = 𝛽8 + 𝛽.𝑃 + 𝛽H𝐵 + 𝛽\𝑂 + 𝛽a(𝑃 × 𝐵) + 𝛽b(𝑃 × 𝑂) + 𝛽c(𝐵 × 𝑂) + 𝜀          (S12) 

Where 𝛽a-𝛽c represent the two-way interaction effects. Since the number of inversion configurations was limited 

(N=18), this interaction analysis was used primarily as a supplementary diagnostic to identify potential 

dependencies among assumptions rather than as the primary basis of interpretation.  

 

Text S6.2 Influence on Spatiotemporal Variability 

For the spatiotemporal variability, we quantified the similarity between inversion results using correlation-based 

metrics. Similarity of temporal variability was characterized using the Pearson correlation coefficient (r) between 

daytime-averaged daily emission time series, while the similarity of spatial distribution was evaluated using the 

correlation coefficient between spatial emission vectors aggregated over daytime time steps. To isolate the 

influence of each parameter, we compared correlations between inversion results sharing the same assumption 

and those using different assumptions. For each inversion case 𝑖, the mean correlation for the same assumption 

(𝑟̅#A3!K) and the mean correlation for different assumptions (	𝑟̅#
D#__) were calculated, and their difference was 

defined as Eq. (S13): 

𝑑# = 𝑟dgA3!K − 𝑟dgD#__             (S13) 



The statistical significance of these differences (𝑑#) was evaluated using t-tests across inversion cases. For the 

total emission analysis, effect sizes (𝜂0H) were used to quantify the influence of parameter assumptions. For the 

similarity of spatiotemporal variability, the magnitude of the effect was quantified using relative change, 

calculated as Eq. (S14): 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒	𝑐ℎ𝑎𝑛𝑔𝑒	(%) = %̅-!$*7%̅."++

%̅."++
× 100           (S14) 

In addition, to evaluate how consistently these effects were showed across the 18 inversion cases, we calculated 

Cohen’s 𝑑f, defined as Eq. (S15) (Cohen, 1988; Lakens, 2013): 

𝑑f =
Dg

A.
               (S15) 

Where 𝑑̅ and 𝑠D represent the mean and standard deviation of the within-inversion differences 𝑑#, respectively. 

Larger values of Cohen’s 𝑑f indicate that the effect of differences in assumptions within each factor is more 

consistently reproduced across inversion cases. 

To evaluate interaction effects on temporal variability and spatial distribution between parameter assumptions, 

interaction contrasts were additionally constructed. For a pair of factor A and B, inversion pairs were sperate in 

four groups according to whether the two factors shared the same assumption (1) or different assumptions (0). For 

each inversion case 𝑖, the effect of factor A was first calculated separately under two conditions. When factor B 

shared the same assumption and when factor B used different assumptions. The interaction contrast was then 

defined as the difference between these two effects as shown in Eq. (S16): 

𝐼# = W𝑟..,dNNNNN − 𝑟8.,dNNNNNX − (𝑟.8,dNNNNN − 𝑟88,dNNNNN)            (S16) 

Here W𝑟..,dNNNNN − 𝑟8.,dNNNNNX represents the effect of factor A under the same assumption condition for factor B, while the 

second term (𝑟.8,dNNNNN − 𝑟88,dNNNNN) indicates the effect of factor A under different assumption condition for factor B. The 

statistical significance, effect size, and consistency of 𝐼# were evaluated using the same procedure as the main-

effect. As with the ANOVA, this interaction analysis was also used as a supplementary diagnostic to examine 

potential dependencies among parameter assumptions. 
 



 
Figure S13. Daytime (3-7 UTC) posterior emission maps from 18 inversion configurations. 



 
Figure S14. Scatter plots of observed ΔCO2 (ΔCO2,obs) and simulated ΔCO2 (ΔCO2,mod) with RMSE, MBE, IOA, and 

correlation coefficient (r) for priors (gray) and posteriors (red) based on 18 inversion configurations. 



 
Figure S15. Histograms of absolute differences between observed and modeled ΔCO2 (|ΔCO2, obs -ΔCO2, mod|) for priors 

(gray) and posteriors (red) based on 18 inversion configurations. MAE and ±1 σ are shown above each plot. 



Table S8. Statistical interaction effects of parameter assumptions on posterior emissions. (‘Prior’ means prior emissions, 

‘Background’ represents background concentrations, and ‘ObsErr’ indicates observation error).  

Information aspect Parameter Effect size (𝜂0H) F  p 
Total emissions Prior × Background 0.04 0.14 0.138 

Prior × ObsErr 0.02 0.22 0.217 

Background × ObsErr 0.02 0.44 0.443 

  Relative change (%) Cohen’s 𝑑f  p 
Temporal 
variability 

Prior × Background -14.62 -0.57 0.027 

Prior × ObsErr -14.04 -0.06 0.813 

Background × ObsErr -1.41 -0.13 0.577 

Spatial 
distribution 

Prior × Background -0.09 -0.07 <0.001 

Prior × ObsErr 1.11 0.36 0.141 

Background × ObsErr -14.38 -5.86 0.785 

 

 
Figure S16. Daily mean Uncertainty Reduction Ratio (URR) time series and correction intensity for different prior 

emission configurations: KCP_BC3_Rsum and OD_BC3_Rsum. The correction strength (bars) is defined as the 

normalized daily mean absolute difference between posterior and prior emissions(|posterior-prior|×prior-1). 
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