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Abstract. The effect of assimilated surface CO2 concentration observations on the analysis and forecast errors of model CO2 

concentrations was evaluated using the data assimilation (DA)-forecast system combining the Weather Research and 

Forecasting model coupled with Chemistry and modified Data Assimilation Research Testbed. To investigate the impact of 10 

surface CO2 observations, four observing system simulation experiments (OSSEs) were conducted in July 2019. The impact 

of CO2 observations on the CO2 concentration analysis was calculated using self-sensitivity. Average self-sensitivity of four 

OSSEs was 21.0%, implying that surface CO2 observations provided average 21.0% information to the CO2 concentration 

analysis. Self-sensitivity was highly correlated with the root mean square error of the analysis and hourly variability in the 

surface CO2 observations at each observation site. The impact of CO2 observations on reducing forecast errors, calculated 15 

using nonlinear forecast error reduction (NER), showed that NER with DA was reduced by average 17.0% compared with 

that without DA. Linear forecast error reduction, calculated using the ensemble forecast sensitivity to observation (EFSO) 

impact, showed that the EFSO impact was greater at surface CO2 observation sites with higher self-sensitivity and active 

vegetation types. Average fraction of beneficial observations for all experiments was 68.9% (66.3%) for 6 h (12 h) forecasts, 

implying that more than half of the assimilated CO2 observations contributed to reducing forecast errors. The assessment of 20 

observation impact on the CO2 concentration analysis and forecast can be useful for monitoring and estimating atmospheric 

CO2 concentrations, optimizing surface CO2 fluxes, and designing atmospheric CO2 observation networks. 

1 Introduction 

Atmospheric CO2 concentrations are influenced by various factors, including CO2 emissions from several sources, 

respiration and photosynthesis of vegetation, and interactions between the atmosphere and the oceans (Ussiri and Lal, 2017). 25 

Efforts have been made to reduce the recently elevated atmospheric CO2 concentrations (Le Quéré et al., 2019; Zhang et al., 

2020). To verify whether efforts to reduce CO2 emissions have been implemented, the distribution of the surface carbon flux 

has to be accurately estimated. Many studies have attempted to optimize surface carbon fluxes using inverse modeling by 

combining atmospheric chemistry models with data assimilation (DA) (Kim et al., 2014a, 2014b; Kim et al., 2017a; Kim et 
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al., 2018; Monteil et al., 2020; Park and Kim, 2020; Wang et al., 2020; Maksyutov et al., 2021; Zhang et al., 2021; Cho and 30 

Kim, 2022). In previous studies that optimized the surface carbon flux and atmospheric CO2 concentration using modeling, 

surface carbon flux observations were not used, but atmospheric CO2 concentration observations were used in the DA. 

Atmospheric CO2 concentration observations include surface in situ and flask observations, aircraft observations, and 

satellite observations. The characteristics of the CO2 concentration observations from various sources differ (Byrne et al., 

2017). In particular, the number of CO2 concentration observations in East Asia, which is important for understanding the 35 

carbon cycle, is smaller than those in North America and Europe (Byrne et al., 2017; Seo and Kim, 2023; Seo et al., 2024a, 

b). Therefore, understanding how each observation reduces the analysis and forecast errors of CO2 concentration estimation 

is crucial for optimizing atmospheric CO2 concentrations using DA with limited atmospheric CO2 concentration observations. 

Using the Lorenz 40-variable model and ensemble Kalman filter (EnKF) DA, Liu et al. (2009) showed that the impact of 

individual observations on analysis can be calculated using self-sensitivity, which is the diagonal component of influence 40 

matrix. By applying the influence matrix presented in Liu et al. (2009) to CarbonTracker, Kim et al. (2014b) showed that the 

self-sensitivity (i.e., analysis sensitivity) of surface CO2 observations is greater in Asia, where surface CO2 observations are 

sparse. Kim et al. (2017a) showed that, when Japan–Russia Siberian Tall Tower Inland Observation Network (JR-STATION) 

observations were additionally assimilated into CarbonTracker, the observation impact of these added JR-STATION 

observations was approximately 60% greater than that of North American tower observations. Cho and Kim (2022) showed 45 

that the observation impacts of Anmyeon-do (AMY) and Gosan (GSN) (11.71% and 11.38%, respectively) were greater than 

the globally averaged observation impact (6.14%) when the CO2 concentration observations from AMY and GSN located in 

Korea were additionally assimilated into CarbonTracker. Therefore, the impact of each CO2 concentration observation used 

for DA on the CO2 concentration analysis can be quantitatively calculated using self-sensitivity. 

Impact of each CO2 concentration observation used for DA on CO2 concentration forecasts can also be analyzed by 50 

observing system experiments (OSEs; Jung et al., 2010; Lawrence et al., 2019; Laroche and Poan, 2022; Kim and Kim, 2023; 

Ratheesh et al., 2023; Martin et al., 2023) and forecast sensitivity observation impact (FSOI; Jung et al., 2013; Kim et al., 

2017b; Mallick et al., 2017; Kim and Kim, 2018a; Kim and Kim, 2019; Kotsuki et al., 2019; Privé et al., 2021; Kim and Kim, 

2021; Daescu and Langland, 2022). An OSE analyzes the impact of individual observations by conducting DA experiments, 

with each observation denied. To evaluate the impact of N observations, N number of experiments needs to be conducted, 55 

which necessitate expensive computational resources (Jung et al., 2010; Jung et al., 2013; Kim et al., 2017b; Kim and Kim, 

2018b; Kim and Kim, 2021). Adjoint-based FSOI analyzes the impact of individual observations using backward adjoint 

integration without conducting N experiments. However, one limitation is that an adjoint model is necessary to calculate the 

observation impact on forecast errors. Liu and Kalnay (2008) and Kalnay et al. (2012) presented methods for calculating the 

FSO based on ensembles (i.e., ensemble forecast sensitivity to observation; EFSO) without an adjoint model. Observation 60 

impact analysis using EFSO has been used in several studies. By assimilating meteorological observations using the National 

Centers for Environmental Prediction (NCEP) Global Forecast System (GFS) EnKF system, Ota et al. (2013) showed that 

most observations reduced forecast errors and the impact of satellite radiance observations was the greatest. By analyzing the 
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observation impact using the Weather Research and Forecasting (WRF) model and the local ensemble transform Kalman 

filter (LETKF), Casaretto et al. (2023) showed that all observations, except surface pressure observations, reduced forecast 65 

errors in southeastern South America. Using the observation impact based on EFSO in the Climate Forecast System (CFS) 

v2 - LETKF system, which is an air–sea coupled modeling and DA system, Chang et al. (2023) showed that the forecast 

performance of sea temperature and salinity was improved by excluding observations with negative impacts. Using WRF 

and Gridpoint Statistical Interpolation (GSI)-based EnKF, Gasperoni et al. (2024) showed that EFSO can be applied to a 

high-resolution regional modeling system by analyzing the impact of radar observations in addition to conventional 70 

observations in the Dallas–Fort Worth testbed region. However, no studies have analyzed the impact of CO2 observations on 

reducing errors in CO2 concentration forecasts using the EFSO.  

In this study, the impacts of surface CO2 concentration observations on analysis after DA and on CO2 concentration forecasts 

were investigated to better analyze and forecast atmospheric CO2 concentrations in East Asia. As the number of surface CO2 

observations is small in East Asia, the observation impacts of pseudo CO2 concentration observations from added and 75 

redistributed surface CO2 observation sites, as well as those of pseudo observations from existing surface CO2 observation 

sites, were evaluated by conducting an observing system simulation experiment (OSSE). Because OSSE extracts pseudo 

observations from simulation results which are assumed to be the true state, evaluating the observation impact in the desired 

observation locations is feasible. Therefore, the impact of each observation on the analysis and forecast was examined by 

assimilating the pseudo surface CO2 observations extracted from various observation networks. Section 2 presents the model 80 

and data assimilation, the method for calculating the observation impact, OSSE, and the experimental framework. Section 3 

presents the results, and Section 4 presents the summary and conclusions. 

2. Methods 

2.1 Model and data assimilation 

WRF coupled with Chemistry (WRF-Chem) and Data Assimilation Research Testbed (DART) system were used to 85 

assimilate surface CO2 concentration observations and forecast surface CO2 concentrations. The WRF-Chem is an 

atmospheric chemistry transport model developed by the National Center for Atmospheric Research (NCAR). In WRF-

Chem, the transport processes of chemical species were simulated by the input emission data and simulated meteorology. As 

the CO2 concentration was treated as a tracer that was transported without atmospheric chemical reactions in WRF-Chem, 

only CO2 concentrations were simulated in this study.  90 

DART is a DA system developed at the NCAR that can be easily combined with various numerical weather prediction 

models (Anderson et al., 2009). To assimilate the surface CO2 observations, the ensemble adjustment Kalman filter (EAKF) 

in DART was used. In this study, DART was modified to be combined with WRF-Chem: an observation operator for surface 

CO2 concentration observations was added to assimilate surface CO2 observations in DART, and some of the code within 

DART was modified accordingly (Seo and Kim, 2025). 95 
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2.2. Ensemble adjustment Kalman filter 

EAKF, a type of EnKF, updates the ensemble mean (𝐱𝐱�𝑎𝑎) and ensemble member (𝐱𝐱𝑎𝑎)𝑖𝑖 of the analysis as follows:  

𝐱𝐱�𝑎𝑎 = 𝐏𝐏𝑎𝑎[(𝐏𝐏𝑏𝑏)−1𝐱𝐱�𝑏𝑏 + 𝐇𝐇𝐓𝐓𝐑𝐑−1𝐲𝐲𝒐𝒐],              (1) 

𝐏𝐏𝑎𝑎 = [(𝐏𝐏𝑏𝑏)−1 + 𝐇𝐇𝐓𝐓𝐑𝐑−1𝐇𝐇]−1,          (2) 

(𝐱𝐱𝑎𝑎)𝑖𝑖 = 𝐀𝐀𝐓𝐓((𝐱𝐱𝑏𝑏)𝑖𝑖 − 𝐱𝐱�𝑏𝑏) + 𝐱𝐱�𝑎𝑎, 𝑖𝑖 = 1,⋯ ,𝑁𝑁,          (3) 100 

where 𝐏𝐏𝑎𝑎 is the analysis error covariance, 𝐏𝐏𝑏𝑏 is the background error covariance, 𝐱𝐱�𝑏𝑏 is the ensemble mean of the background, 

𝐇𝐇 is the linearized observation operator, 𝐑𝐑 is the observation error covariance, 𝐲𝐲𝒐𝒐  is the observation, and (𝐱𝐱𝑏𝑏)𝑖𝑖  is the ith 

ensemble member of the background. 𝐀𝐀 in Eq. (3) satisfies the relationship in Eq. (4). 

𝐏𝐏𝑎𝑎 = 𝐀𝐀𝐏𝐏𝑏𝑏𝐀𝐀𝐓𝐓.              (4) 

The experimental settings for assimilating the surface CO2 concentration using EAKF were as follows: As diurnal cycle of 105 

CO2 concentration due to vegetation activities was clear, the assimilation window was ± 1 h and the cycling interval was 6 h. 

In previous studies that optimized CO2 concentrations and carbon fluxes by assimilating CO2 concentration observations, the 

cycling interval was 6 h or 24 h (Kang et al., 2011, 2012; Zhang et al., 2021; Liu et al., 2019; Liu et al., 2022). The number 

of ensembles was set to 20. The method of Gaspari and Cohn (1999) was applied for the localization of surface CO2 

observations, with a localization radius of 1274.2 km. Initial perturbations were applied to the meteorological and chemical 110 

variables of 20 ensemble members. The initial perturbations of the meteorological variables were obtained from 150 

perturbation banks using be.dat.cv3 of the WRF DA (WRFDA). Initial perturbations of the chemical variables (i.e., CO2 

concentrations) were produced using the method presented in Yumimoto (2013) and Miao (2014). Inflation was applied to 

maintain the ensemble spread during the forecast. Spatially varying state space inflation, based on the Gaussian distribution, 

was applied as prior inflation (Anderson et al., 2009) and relaxation to prior spread (RTPS) was applied as posterior inflation 115 

(Whitaker and Hamill, 2012). The multiplicative inflation of the RTPS was 1.0. To maintain ensemble spread, multi physics 

options were also applied for microphysics, cumulus, and planetary boundary layer schemes when conducting ensemble 

forecasts. The physical parameterization schemes used for the ensemble forecasts are listed in Table 1. 
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Table 1. Physics options used for WRF-Chem. 120 

Shortwave and longwave radiation Rapid Radiative Transfer Model (RRTMG) scheme (Iacono et al. 2008) 

Surface layer Revised MM5 scheme (Jiménez et al. 2012) 

Land surface Unified Noah Land Surface Model (Tewari et al. 2004) 

Microphysics Single forecast WRF Single-moment 6-class scheme (Hong and Lim 2006) 

Ensemble forecast Purdue Lin scheme (Chen and Sun 2002) 

WRF Single-moment 6-class scheme (Hong and Lim 2006) 

Thompson scheme (Thompson et al. 2008) 

Cumulus Single forecast Grell–Freitas Ensemble scheme (Grell and Freitas 2014) 

Ensemble forecast Kain–Fritsch scheme (Kain 2004) 

Grell–Freitas Ensemble scheme (Grell and Freitas 2014) 

Grell–Devenyi Ensemble scheme (Grell and Dévényi 2002) 

Planetary 

boundary layer 

Single forecast Yonsei University (YSU) scheme (Hong et al. 2006) 

Ensemble forecast Yonsei University (YSU) scheme (Hong et al. 2006) 

Mellor–Yamada–Janjic (MYJ) scheme (Janjić 1994) 

Mellor–Yamada Nakanishi Niino (MYNN) Level2.5 scheme (Nakanishi and Niino 2006) 

 

2.3. Observation impact 

2.3.1. Observation impact to CO2 concentration analysis (Influence matrix) 

The impact of the surface CO2 observations used for DA on the CO2 concentration analysis was calculated using the 

sensitivity of the analysis to the observations (𝐒𝐒o) (i.e., influence matrix) (Liu et al., 2009; Kim et al., 2014b; Kim et al., 125 

2017a; Park and Kim, 2020; Cho and Kim, 2022) as follows: 

𝐒𝐒o =  ∂𝐲𝐲𝑎𝑎
∂𝐲𝐲𝑜𝑜

= 𝐊𝐊𝐓𝐓𝐇𝐇𝐓𝐓 = 𝐑𝐑−1𝐇𝐇𝐏𝐏𝑎𝑎𝐇𝐇𝐓𝐓,             (5) 

where 𝐲𝐲𝑎𝑎 is the analysis in the observation space and 𝐊𝐊 is the Kalman gain. The diagonal component of the influence matrix 

is called the self-sensitivity. Eq. (5) can be converted into Eq. (6) in the EnKF DA.  

𝐒𝐒o =  𝐑𝐑−1𝐇𝐇𝐏𝐏𝑎𝑎𝐇𝐇𝐓𝐓 = 1
𝑘𝑘−1

𝐑𝐑−1(𝐇𝐇𝐗𝐗𝑎𝑎)(𝐇𝐇𝐗𝐗𝑎𝑎)𝐓𝐓,                (6) 130 

where 𝐇𝐇𝐗𝐗𝑎𝑎 represents the analysis ensemble perturbation in the observation space and 𝑘𝑘 is the number of ensembles. In Eq. 

(6), 𝐒𝐒o is proportional to the analysis error covariance and inversely proportional to the observation error covariance. If the 

observation errors are not correlated with each other, the diagonal component of 𝐒𝐒o (i.e., self-sensitivity) can be calculated as 

Eq. (7), with a value between 0 and 1 (Cardinali et al., 2004). 
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𝑆𝑆𝑗𝑗𝑗𝑗 =
𝜕𝜕(𝐲𝐲𝑎𝑎)𝑗𝑗
𝜕𝜕(𝐲𝐲𝑜𝑜)𝑗𝑗

= ( 1
𝑘𝑘−1

) 1
(𝜎𝜎𝑗𝑗)2

∑ [(𝐇𝐇𝐗𝐗𝑎𝑎)𝑖𝑖]𝑗𝑗 × [(𝐇𝐇𝐗𝐗𝑎𝑎)𝑖𝑖]𝑗𝑗𝑘𝑘
𝑖𝑖=1 ,               (7) 135 

where 𝜎𝜎𝑗𝑗2 is the observation error variance of the jth observation. 

 

2.3.2. Observation impact to CO2 concentration forecast (Ensemble Forecast Sensitivity to Observation) 

The observation impact of surface CO2 observations used for the DA on CO2 concentration forecasts was calculated using 

EFSO.  140 

Forecast error is calculated as follows: 

𝑒𝑒 =  (𝐱𝐱𝑓𝑓 − 𝐱𝐱𝑡𝑡)𝐓𝐓𝐂𝐂(𝐱𝐱𝑓𝑓 − 𝐱𝐱𝑡𝑡),          (8) 

where 𝐱𝐱𝑓𝑓 is the forecast, 𝐱𝐱𝑡𝑡 is the true state, and 𝐂𝐂 is the positive definite matrix that defines the norm. The forecast errors 

can be subdivided into two types:  

𝑒𝑒𝑎𝑎 =  (𝐱𝐱𝑎𝑎
𝑓𝑓 − 𝐱𝐱𝑡𝑡)𝐓𝐓𝐂𝐂(𝐱𝐱𝑎𝑎

𝑓𝑓 − 𝐱𝐱𝑡𝑡),           (9) 145 

𝑒𝑒𝑏𝑏 =  (𝐱𝐱𝑏𝑏
𝑓𝑓 − 𝐱𝐱𝑡𝑡)𝐓𝐓𝐂𝐂(𝐱𝐱𝑏𝑏

𝑓𝑓 − 𝐱𝐱𝑡𝑡),          (10) 

where 𝐱𝐱𝑎𝑎
𝑓𝑓 is the forecast from the analysis, 𝐱𝐱𝑏𝑏

𝑓𝑓 is the forecast from the background, 𝑒𝑒𝑎𝑎 is the forecast error with DA, and 𝑒𝑒𝑏𝑏 is 

the forecast error without DA (Fig. 1). Nonlinear forecast error reduction (NER) is calculated as 

NER =  ∆𝑒𝑒 = 𝑒𝑒𝑎𝑎  −  𝑒𝑒𝑏𝑏.              (11) 

NER is the difference in forecast error due to the assimilated observations to make analysis; thus, it is treated as a nonlinear 150 

observation impact or forecast error reduction by the impact of observations. A negative (positive) NER indicates that the 

assimilated observations reduce (increase) the forecast error. Eq. (11) can be converted into Eq. (13) by applying the linear 

assumption of Eq. (12) (Kalnay et al., 2012; Ota et al., 2013; Hotta, 2014). 

𝐌𝐌𝐗𝐗𝑎𝑎 ≈ 𝐗𝐗𝑎𝑎
𝑓𝑓,            (12) 

∆𝑒𝑒 ≈ 1
𝑘𝑘−1

𝛿𝛿𝐲𝐲0
T𝐑𝐑−1𝐘𝐘𝑎𝑎𝐗𝐗𝑎𝑎

𝑓𝑓𝐓𝐓𝐂𝐂((𝐱𝐱𝑎𝑎
𝑓𝑓 − 𝐱𝐱𝑡𝑡) + (𝐱𝐱𝑏𝑏

𝑓𝑓 − 𝐱𝐱𝑡𝑡)),           (13) 155 

where 𝐌𝐌 is the tangent linear model of the nonlinear NWP model, 𝐗𝐗𝑎𝑎 is the ensemble perturbation of analysis, 𝐗𝐗𝑎𝑎
𝑓𝑓  is the 

ensemble perturbation of forecast integrated from the analysis, 𝐘𝐘𝑎𝑎 is the ensemble perturbation of analysis in observation 

space, satisfying the relationship of 𝐘𝐘𝑎𝑎 ≈ 𝐇𝐇𝐗𝐗𝑎𝑎  (Note Eq. (6)).  

To prevent the filter divergence problems of EnKF in calculating the EFSO, localization was applied to each surface CO2 

observation in Eq. (13). The observation impact of the jth observation at lth grid point reflecting localization can be calculated 160 

as 

(∆𝑒𝑒)𝑙𝑙,𝑗𝑗 = 1
𝑘𝑘−1

(𝛿𝛿𝐲𝐲0)𝑗𝑗[𝜌𝜌𝑙𝑙𝐑𝐑−1𝐘𝐘𝑎𝑎(𝐗𝐗𝑎𝑎
𝑓𝑓𝐓𝐓)𝑙𝑙𝐶𝐶𝑙𝑙𝑙𝑙((𝐱𝐱𝑎𝑎

𝑓𝑓 − 𝐱𝐱𝑡𝑡) + (𝐱𝐱𝑏𝑏
𝑓𝑓 − 𝐱𝐱𝑡𝑡))𝑙𝑙]𝑗𝑗,         (14) 
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where 𝜌𝜌  is the localization function of the jth observation in lth grid point. Linear forecast error reduction (LER), the 

linearized observation impact (EFSO), was calculated by adding all the observation impacts of the jth observation in lth grid 

point in Eq. (14) as  165 

LER (or EFSO)  =  ∑ ∑ (∆𝑒𝑒)𝑙𝑙,𝑗𝑗𝑙𝑙𝑗𝑗                      (15) 

By comparing the NER in Eq. (11) and LER in Eq. (15), the validity of the linear assumption was examined. If the LER is 

valid, then NER and LER should be similar. 

As the assimilated observation type and model variables in the state vector were the same (i.e., CO2 concentration), 𝐂𝐂 matrix 

in Eq. (14) was the identity matrix. As the CO2 concentration is transported by wind as the forecast progresses in WRF-170 

Chem, the localization center of a specific observation should also shift as the forecast time increases. Kalnay et al. (2012) 

and Ota et al. (2013) used moving localization, in which the localization center moved as the forecast progressed. In this 

study, moving localization using the average wind simulated in WRF-Chem was applied to calculate the EFSO, which is the 

impact of each observation on forecast error reduction. 

 175 
Figure 1. Schematic for calculating EFSO impact.  

 

2.4. OSSE 

2.4.1. Generation of true state and pseudo surface CO2 observations 

In OSSE, pseudo observations are extracted from the model simulation results, defined as the true state, and are used for DA. 180 

In this study, hourly CO2 concentrations were simulated using WRF-Chem without DA and were used as the true state. The 

emission data used to simulate the true state were as follows: the average of CarbonTracker version 2022 (CT2022, 

https://dx.doi.org/10.25925/z1gj-3254) (Jacobson et al., 2023) and the Open-source Data Inventory for Anthropogenic CO2 

(ODIAC) v2020b (Oda and Maksyutov, 2015) for anthropogenic emissions, CT2022 (Jacobson et al., 2023) for oceanic 
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emissions, and the Vegetation Photosynthesis and Respiration Model (VPRM) (Mahadevan et al., 2008) built into WRF-185 

Chem for biogenic emission. Hourly CO2 concentrations, considered to be the true state, were generated by a single forecast. 

The physical parameterization scheme used for the single forecast is presented in Table 1. Final analysis (FNL) 

(NCEP/NOAA, 2000) was used as the meteorological initial and lateral boundary conditions, and CT2022 (Jacobson et al., 

2023) was used as the chemical initial and lateral boundary conditions. 

In OSSE, the true state must not deviate from the real natural variability (Masutani et al., 2010). The CO2 variability of the 190 

true state in this study was included in the CO2 variabilities of CT2022 and the Copernicus Atmosphere Monitoring Service 

(CAMS), which are widely used as CO2 reanalysis (not shown). Figure 2 shows the distribution of the average surface CO2 

concentrations in the true state (Fig. 2a) and the distribution of the standard deviation of the hourly surface CO2 

concentrations in the true state (Fig. 2b). CO2 concentrations were high in eastern and southern China, the western part of the 

Korean Peninsula, and near Tokyo, Japan. The standard deviation of hourly surface CO2 concentrations was mainly large in 195 

areas with high CO2 concentrations and northern China, where vegetation activity is high. The standard deviation of hourly 

surface CO2 concentrations was closely related to the magnitude of daily variability in CO2 concentrations. The regions 

where the CO2 concentrations between day and night were quite different showed large standard deviations of hourly surface 

CO2 concentrations. 

Pseudo surface CO2 concentration observations were generated using hourly CO2 concentrations in the true state. After 200 

interpolating the true state CO2 concentrations to the observation location, a Gaussian random observation error with a 

standard deviation of 1 ppm was added (Chen et al., 2023; Kang et al., 2011). All surface CO2 observations used in this 

study were assumed to be of the in situ type with hourly CO2 observations. In DA, the observation error variance of the 

extracted pseudo surface CO2 observations was assigned a value of 2 ppm, as in Chen et al. (2023). 

 205 

 
Figure 2. Distribution of (a) average surface CO2 concentrations [ppm] and (b) standard deviation of hourly surface CO2 
concentrations [ppm] in true state in the model domain. 
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2.4.2. Strategies of selecting observation sites 

Compared to North America and Europe, the number of surface CO2 observations in East Asia is insufficient, and in situ 210 

observations are even fewer. Investigation of the observation impact using the existing in situ observations has limitations in 

fully understanding the characteristics of the observation impact. Therefore, to examine the impact of each observation used 

for DA on the simulated CO2 concentrations under the framework of existing in situ surface observation sites and changed 

observation sites, four experiments with different observation networks were conducted in this study.  

Two strategies (i.e., Random and Variability) were used to select surface CO2 observation sites. The Random strategy 215 

randomly selects observation locations within the experimental domain, ensuring that the observation locations are at least 

600 km from each other. This is because close observation locations do not provide the best results for reducing the forecast 

error (Yang et al., 2014). The Variability strategy selects observation locations from regions with highly variable true CO2 

concentrations, which have high standard deviation of the true state at each grid point (Fig. 2b). In the Variability strategy, 

observation sites were selected starting from the grid with the greatest standard deviation, and the distances between the 220 

observation locations were at least 300 km from each other. For the Random and Variability strategies, the selected 

observation sites were located on land and at least 10 grids away from each domain boundary. 

In all experiments (i.e., EXP1, EXP2, EXP3, and EXP4), the experimental settings were the same, except for the location of 

the surface CO2 observations (Table 2). In EXP1, thirteen surface CO2 observation sites were selected by Random strategy. 

In EXP2, five surface CO2 observation sites were World Data Centre for Greenhouse Gases (WDCGG) sites where hourly 225 

CO2 observations were provided, and eight sites were in situ observation sites where hourly surface CO2 observations were 

not provided by the WDCGG. Therefore, the observation sites used in EXP2 were the real observation sites. In EXP3, five 

surface CO2 observation sites were WDCGG sites, and eight sites were selected by the Variability strategy. In EXP4, five 

surface CO2 observation sites were WDCGG sites, three sites were selected by the Variability strategy, and five sites were 

extracted by the Random strategy.  230 

The locations of the surface CO2 observation sites in each experiment are shown in Fig. 3 and Table 3. For observation sites 

selected by the Random (Variability) strategy, “R” (“V”) preceded the site numbers. 

The emission data used in the four experiments differed from those used to simulate the true state. This is to avoid the 

identical twin problem that can occur in the OSSE by setting the experimental design of the true state and four experiments 

sufficiently different (Masutani et al., 2010; Shu et al., 2023; Kim et al., 2022). In the four experiments, ODIAC v2020b 235 

(Oda and Maksyutov, 2015) was used for anthropogenic emission, the Japan Meteorological Agency (JMA) ocean map (Iida 

et al., 2021; Takatani et al., 2014) was used for oceanic emission, and VPRM was used for biogenic emission.  

 

 

 240 
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Table 2. Descriptions of the surface CO2 observation sites in EXP1, EXP2, EXP3, and EXP4. 

Exp. name Description 

EXP1 13 randomly distributed observation sites. 

EXP2 8 in situ observation network sites and 5 WDCGG observation network sites. 

EXP3 5 WDCGG observation network sites and 8 observation sites with high variability of hourly surface CO2 

concentrations. 

EXP4 5 WDCGG observation network sites, 3 observation sites with high variability of hourly surface CO2 concentrations, 

and 5 randomly distributed observation sites. 

 

 
Table 3. Locations of the surface CO2 observation sites in EXP1, EXP2, EXP3, and EXP4. The site ID and name were denoted 245 
when surface CO2 observation sites exist. 

EXP1 EXP2 EXP3 EXP4 

Site 

ID 

Lat 

[⁰N] 

Lon 

[⁰E] 

Site ID Lat 

[⁰N] 

Lon 

[⁰E] 

Site 

ID 

Lat 

[⁰N] 

Lon 

[⁰E] 

Site 

ID 

Lat 

[⁰N] 

Lon 

[⁰E] 

R1 28.91 106.77 YON (Yonagunijima, Japan) 24.47 123.01 YON 24.47 123.01 YON 24.47 123.01 

R2 45.26 104.54 AMY (Anmyeondo, Korea) 36.54 126.33 AMY 36.54 126.33 AMY 36.54 126.33 

R3 40.47 123.26 DDR (Mt. Dodaira, Japan) 36.00 139.20 DDR 36.00 139.20 DDR 36.00 139.20 

R4 39.04 140.23 KIS (Kisai, Japan) 36.08 139.55 KIS 36.08 139.55 KIS 36.08 139.55 

R5 33.92 115.01 RYO (Ryori, Japan) 39.03 141.82 RYO 39.03 141.82 RYO 39.03 141.82 

R6 41.83 113.73 XL (Xinglong, China) 40.24 117.30 V1 34.38 117.16 V1 34.38 117.16 

R7 37.66 105.14 HF (Hefei, China) 31.90 117.17 V2 40.19 111.32 V2 40.19 111.32 

R8 46.58 120.60 HKO (King Park, Hong Kong) 22.31 114.17 V3 29.50 105.03 V3 29.50 105.03 

R9 26.05 113.28 HKG (Hko Tsui, Hong Kong) 22.21 114.25 V4 38.48 114.82 R14 23.74 108.80 

R10 35.56 128.05 BO (Boseong, Korea) 34.45 127.12 V5 34.29 108.95 R15 45.01 134.20 

R11 45.30 131.14 JGS (Jeju Gosan Suwolbong,  
Korea) 

33.30 126.21 V6 32.13 114.13 R16 44.97 119.22 

R12 29.75 119.90 ULD (Ulleungdo, Korea) 37.48 130.90 V7 23.00 112.10 R17 29.95 112.69 

R13 24.11 121.27 DOK (Dokdo, Korea) 37.23 131.86 V8 32.19 119.93 R18 24.22 116.09 
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Figure 3. Distribution of surface CO2 observation sites in (a) EXP1, (b) EXP2, (c) EXP3, and (d) EXP4. The randomly selected 250 
CO2 observation sites (triangle); existing in situ CO2 observation sites, with hourly CO2 observations available from WDCGG 
(star); existing in situ CO2 observation sites but hourly CO2 observations are not provided (circle); and observation sites extracted 
from grids with large surface CO2 variability (rhombus). 

 

2.5. Experiments 255 

FNL (NCEP/NOAA, 2000) was used for the meteorological initial and lateral boundary conditions, and CT2022 (Jacobson 

et al., 2023) was used for the chemical lateral boundary conditions. For the chemical initial condition, CT2022 was used only 

at the first time; thereafter, forecasts were conducted using the analysis produced by assimilating surface CO2 observations 

https://doi.org/10.5194/egusphere-2025-2367
Preprint. Discussion started: 17 June 2025
c© Author(s) 2025. CC BY 4.0 License.



12 
 

as the initial condition. Ensemble forecasts with 20 members were conducted in the CO2 DA cycle, and the multi physical 

parameterization schemes used in the ensemble forecasts are presented in Table 1.  260 

The experimental period was from June 22 to July 31, 2019, and the spin up period for model stabilization was from June 22 

to June 30, 2019. The experimental domain was East Asia with a horizontal resolution of 9 km and 51 vertical layers (Fig. 2). 

To sufficiently increase the ensemble spread to avoid filter divergence, a 12 h ensemble forecast was conducted only on June 

22, 2019, at the beginning of the experiment, and the ensemble DA cycle was conducted every 6 h (00, 06, 12, and 18 UTC) 

thereafter.  265 

Self-sensitivity was calculated using analysis at 00, 06, 12, and 18 UTC. The EFSO was calculated for the 6, 12, 18, and 24 h 

forecasts at 00 UTC to avoid the influence of the diurnal cycle in CO2 concentrations. To calculate the EFSO, 30 h and 24 h 

ensemble forecasts were conducted every 18 UTC (corresponding to – 6 h in Fig. 1) and 00 UTC (corresponding to 0 h in 

Fig. 1), respectively. 

3. Results 270 

3.1. Rank histogram 

A rank histogram was used to check whether the ensemble forecasts were conducted appropriately in the ensemble DA-

forecast system. The rank histogram was calculated by sorting each ensemble interpolated to the observation location and 

then counting the ranks corresponding to the observation values. If the shape of the rank histogram is flat, then the ensemble 

spread is appropriate. If the rank histogram is U shaped, the ensemble spread is insufficient. If the rank histogram is dome 275 

shaped, the ensemble spread is excessive. The adjusted missing rate can be used as an indicator of the appropriateness of the 

ensemble spread (Hou et al., 2001; Meng and Zhang, 2008; Jung et al., 2012; Yang and Kim, 2021).  

Adjusted missing rate =  � 2
Nens+1

 −  missing rate�,        (16) 

Missing rate =  relative frequency of first rank +  relative frequency of last rank,      (17) 

where Nens is the total number of ensembles, which was 20 in this study. If the adjusted missing rate in Eq. (16) is less than 280 

10%, the ensemble spread is appropriate.  

Figure 4 shows a rank histogram of surface CO2 concentrations for each experiment. Hamill (2001) showed that random 

observation noise should be added to each ensemble member for proper analysis of rank histogram. When an observation 

error is not considered, multiple observations can be counted in the first and last ranks. By adding random observation noise 

to the observations, the ensemble system can be evaluated considering the total error, resulting in a flat rank histogram (Jung 285 

et al., 2012; Yang and Kim, 2021). Therefore, in this study, random observation noise was added to each ensemble member 

when calculating rank histograms. Rank histograms for all the four experiments were relatively flat (Fig. 4). In particular, the 

number of counts was uniform across all ranks in EXP1. The adjusted missing rate, which is an indicator that determines the 

appropriateness of ensemble spread, was 1.9%, 0.4%, 9.6%, and 8.1% for EXP1, EXP2, EXP3, and EXP4, respectively. The 

https://doi.org/10.5194/egusphere-2025-2367
Preprint. Discussion started: 17 June 2025
c© Author(s) 2025. CC BY 4.0 License.



13 
 

adjusted missing rates in all four experiments were less than 10%, indicating an appropriate ensemble spread during the 290 

entire experimental period. In EXP3 and EXP4, more observations were counted at higher ranks (Figs. 4c and d). This was 

because the assimilated CO2 concentrations in EXP3 and EXP4 were higher than the ensemble CO2 concentrations, which 

resulted in a positive bias. Some of the assimilated CO2 observations in EXP3 and EXP4 were selected using the Variability 

strategy, which selected observation sites from regions of high hourly variability in surface CO2 concentrations simulated in 

the true state. As the pseudo surface CO2 observations selected using the Variability strategy were often higher than the CO2 295 

concentrations of the ensemble (not shown), the rank histograms of EXP3 and EXP4 skewed to higher ranks. However, 

because the adjusted missing rates were all below 10% (9.6% and 8.1% for EXP3 and EXP4, respectively), the DA of the 

surface CO2 observations was conducted appropriately in all four experiments. 

 

 300 
Figure 4. Rank histogram for (a) EXP1, (b) EXP2, (c) EXP3, and (d) EXP4. The ideal value for rank histogram (e.g., 100%/21 = 
4.8%) (dashed gray line). Number at the upper right corner in each figure represents the adjusted missing rate. 

 

3.2. Impact of surface CO2 observations on analysis 

Figure 5 shows the distribution of self-sensitivity for each observation site where the surface CO2 observations were 305 

assimilated and Table 4 presents the self-sensitivity values for each observation site. The average self-sensitivity was 16.5%, 

17.5%, 28.7%, and 21.3% for EXP1, EXP2, EXP3, and EXP4, respectively. As self-sensitivity represents the observation 

impact on the analysis generated in each assimilation cycle, the 16.5% self-sensitivity of EXP1 implies that 16.5% and 83.5% 
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information from observations and the background, respectively, were reflected in generating the analysis in the assimilation 

cycle. In the four experiments, the average 21.0% and 79.0% information from the observations and the background, 310 

respectively, were reflected in the analysis. Among the four experiments, the impact of CO2 observations on the analysis was 

the greatest in EXP3. The self-sensitivity was high at the observation sites in EXP3 and EXP4, where the surface CO2 

observation sites were selected based on the Variability strategy. In particular, the self-sensitivity of V1 site, where the 

hourly CO2 variability was the greatest, was 52.2% in EXP3 and 51.1% in EXP4. In each assimilation cycle, more than half 

of the observational information from V1 site was reflected in the analysis. 315 

According to Liu et al. (2009), first calculated self-sensitivity in an ensemble DA system, the root mean square error (RMSE) 

of the analysis and self-sensitivity at observation sites are positively correlated, and self-sensitivity increases as the 

observation coverage becomes sparse for uniformly distributed observation sites. In Eq. (7), the self-sensitivity is 

proportional to the analysis error variance and inversely proportional to the observation error variance. As all surface CO2 

observations assimilated in this study were of the in situ type, the observation error variance at all observation sites was the 320 

same. Therefore, according to Eq. (7), the self-sensitivity is proportional to the analysis error variance. 

As the number of assimilated surface CO2 observation sites in the four experiments was the same as thirteen, the correlation 

between RMSE of the analysis (i.e., analysis error) and self-sensitivity was analyzed at each observation site (Fig. 6a). As 

self-sensitivity was high at observation sites with large hourly variability in surface CO2 concentrations (Fig. 5), the 

correlation between the hourly standard deviation of pseudo surface CO2 observations and self-sensitivity was also analyzed 325 

(Fig. 6b). The greater the analysis error at each observation site, the greater the self-sensitivity (Fig. 6a). The correlation 

coefficient between the analysis error and self-sensitivity at each surface CO2 observation site for all experiments was 0.84, 

indicating a strong positive correlation. Among the four experiments with DA, the analysis errors were greater in EXP3 and 

EXP4 than in the other experiments, resulting in greater self-sensitivity in EXP3 and EXP4, as shown in Fig. 5. The 

correlation coefficient between the hourly standard deviation and self-sensitivity at each surface CO2 observation site for all 330 

experiments was 0.87, indicating a strong positive correlation (Fig. 6b). As surface CO2 observations were assimilated every 

6 h, self-sensitivity was greater for observations located in regions with greater diurnal variations in CO2 concentrations. 

When surface CO2 observations were assimilated with a relatively short cycling interval of 6 h, self-sensitivity was closely 

correlated with the analysis error and hourly variability of observed CO2 concentrations.  

  335 
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Table 4. Average self-sensitivity [%] for each observation site in EXP1, EXP2, EXP3, and EXP4. 

EXP1 EXP2 EXP3 EXP4 

Site ID Self-
sensitivity 

Site ID Self-
sensitivity 

Site ID Self-
sensitivity 

Site ID Self-
sensitivity 

R1 23.8 YON 5.1 YON 5.0 YON 5.0 

R2 5.3 AMY 27.0 AMY 26.8 AMY 26.8 

R3 19.5 DDR 19.1 DDR 19.0 DDR 19.0 

R4 12.2 KIS 18.1 KIS 17.9 KIS 18.0 

R5 21.8 RYO 9.6 RYO 9.7 RYO 9.6 

R6 10.0 XL 22.9 V1 52.2 V1 51.1 

R7 9.6 HF 40.4 V2 25.9 V2 26.8 

R8 13.6 HKO 15.2 V3 36.7 V3 38.4 

R9 25.6 HKG 8.3 V4 39.3 R14 18.7 

R10 18.0 BO 16.1 V5 29.5 R15 15.0 

R11 20.3 JGS 15.3 V6 35.2 R16 12.8 

R12 22.4 ULD 15.0 V7 34.7 R17 19.5 

R13 12.6 DOK 14.7 V8 41.6 R18 15.9 
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Figure 5. Distribution of self-sensitivity at each observation site for (a) EXP1, (b) EXP2, (c) EXP3, and (d) EXP4. The overlapping 340 
observation sites at close locations are distinguished by different sizes of circles. 
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Figure 6. Scatter plot (a) between RMSE of the analysis [ppm] and self-sensitivity [%] and (b) between standard deviation of 

hourly surface CO2 observations [ppm] and self-sensitivity [%] at each observation site for each experiment. The gray dashed line 345 
represents the regression line. 

 

3.3. Impact of surface CO2 observations on forecast 

3.3.1. Nonlinear forecast error reduction 

The reduction of the forecast error of CO2 concentrations when assimilating surface CO2 observations was investigated. 350 

Figure 7 shows 𝑒𝑒𝑎𝑎 (Eq. (9)), 𝑒𝑒𝑏𝑏 (Eq. (10)), and NER (Eq. (11)) for the CO2 concentration in each experiment, and the values 

are presented in Table 5. In all experiments and forecast times, 𝑒𝑒𝑎𝑎 was smaller than 𝑒𝑒𝑏𝑏, which implied that the forecast error 

of the CO2 concentration was reduced with DA of surface CO2 observations (Figs. 7a and b). The average 𝑒𝑒𝑏𝑏 (𝑒𝑒𝑎𝑎) for all 

forecast times was 184.60 (154.04) × 104, 192.64 (159.61) × 104, 191.16 (159.83) × 104, and 188.27 (154.54) × 104 ppm2 for 

EXP1, EXP2, EXP3, and EXP4, respectively (Table 5). The forecast error was reduced by an average of 17.0% by 355 

assimilating the surface CO2 observations. Although slight differences existed depending on the forecast time and 

experiment, both 𝑒𝑒𝑎𝑎 and 𝑒𝑒𝑏𝑏 were greater in EXP2 and EXP3 than those in EXP1 and EXP4. The surface CO2 observation 

sites in EXP2 and EXP3 were slightly concentrated in certain regions within the domain, whereas those in EXP1 and EXP4 

were relatively evenly distributed within the domain by using the Random selection strategy (Fig. 3). Assimilating evenly 

distributed surface CO2 observations reduced forecast errors in EXP1 and EXP4. The average 𝑒𝑒𝑏𝑏 (𝑒𝑒𝑎𝑎) for all experiments 360 

was 37.68 (8.20) × 104, 92.95 (67.80) × 104, 295.62 (252.79) × 104, and 330.42 (299.23) × 104 ppm2 for 6 h, 12 h, 18 h, 24 h 

forecasts, respectively (Table 5). The forecast errors with and without DA in all experiments increased as the forecast time 

increased from 6 to 24 h (Figs. 7a and b). 
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The NER was negative for all forecast times in all experiments (Fig. 7c), which implies that the DA of the surface CO2 

concentration observations reduced the errors of the CO2 concentration forecasts. The average NER for all the experiments 365 

was -29.48 × 104, -25.15 × 104, -42.83 × 104, and -31.20 × 104 ppm2 for 6 h, 12 h, 18 h, and 24 h forecasts, respectively. The 

NER increased as the forecast time increased because the forecast errors with and without DA increased. The NER was the 

greatest for the 18 h forecast (Table 5), which suggests that the impact of assimilated surface CO2 observations on reducing 

the CO2 concentration error was the greatest for 18 h forecast. When the forecast time becomes longer than 18 h, the 

nonlinear process within the model may have a greater impact than the improvement of the initial condition accuracy with 370 

the DA, on reducing the forecast error (Kim et al., 2013). 

In EXP1 (EXP4), the forecast error with DA decreased by 16.6% (17.9%) compared with that without DA. The observation 

impact on forecast error reduction was greater in EXP4 than in EXP1 (Table 5). This was partly due to the greater 𝑒𝑒𝑏𝑏 in 

EXP4 than in EXP1, implying more room for reduction in EXP4 than in EXP1. The use of both Variability and Random 

strategies in selecting the surface CO2 observation sites in EXP4, compared with only Random strategy used in EXP1, may 375 

be another reason. Selecting observation sites in regions with greater variability in surface CO2 concentrations would have a 

greater impact on reducing CO2 forecast errors.  

In EXP2 (EXP3), with non-uniform observation sites, the forecast error with DA decreased by 17.2% (16.4%) compared to 

that without DA. The observation impact on forecast error reduction was greater in EXP2 than in EXP3 (Table 5). The 

impact of the surface CO2 observations added in EXP3 was large in the analysis (Fig. 5c), whereas it was small in forecast 380 

reduction. 

 
Table 5. Average forecast (fcst) errors without DA (eb), forecast errors with DA (ea), and NER, the difference between eb and ea for 
each experiment. The unit is × 104 ppm2. 

 385 
 
 

Forecast 

error 

EXP1 EXP2 EXP3 EXP4 

6 h 

fcst 

12 h 

fcst 

18 h 

fcst 

24 h 

fcst 

6 h 

fcst 

12 h 

fcst 

18 h 

fcst 

24 h 

fcst 

6 h 

fcst 

12 h 

fcst 

18 h 

fcst 

24 h 

fcst 

6 h 

fcst 

12 h 

fcst 

18 h 

fcst 

24 h 

fcst 

eb 37.45 91.01 288.52 321.42 38.35 95.69 302.53 333.97 37.03 91.05 302.68 333.86 37.89 94.03 288.73 332.42 

ea 8.06 66.89 247.39 293.83 8.46 70.49 257.66 301.81 8.17 66.07 260.74 304.32 8.11 67.73 245.36 296.94 

ea - eb; 

NER 
-29.39 -24.12 -41.13 -27.59 -29.89 -25.2 -44.87 -32.17 -28.86 -24.98 -41.95 -29.54 -29.78 -26.30 -43.37 -35.48 
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Figure 7. Average forecast error (a) with DA, (b) without DA, and (c) the difference between forecast error with DA and without 390 
DA (NER) of EXP1 (gray), EXP2 (blue), EXP3 (orange), and EXP4 (red).  

 

3.3.2. Linear forecast error reduction 

LER (i.e., EFSO) is a linear approximation of NER. The impact of individual observations at each observation site can be 

evaluated using EFSO. As the nonlinearity in a high-resolution model may increase as the forecast time increases (Gasperoni 395 

et al., 2024), the validity of the linear assumption was checked by comparing the NER and EFSO for 6, 12, 18, and 24 h 

forecasts. 

Figure 8 shows the time series of NER and LER for each forecast time in each experiment. The trends of the time series of 

NER and LER need to be similar when the linear assumption holds appropriately. The time series of the LER and NER were 

similar for the 6 h and 12 h forecasts (Figs. 8a, e, i, m, b, f, j, and n), whereas the LER fluctuated greatly compared to the 400 

NER for the 18 h and 24 h forecasts (Figs. 8c, g, k, o, d, h, l, and p). The linear assumption held appropriately for forecast 

times up to 12 h.  
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Figure 9 shows the distributions of the absolute difference between the NER and LER averaged for all experiments for each 

forecast time. Similar to Fig. 8, the differences between NER and LER for the 6 h and 12 h forecasts were relatively small 

compared to those for the 18 h and 24 h forecasts, which showed large differences in inland China. The differences between 405 

the NER and LER in the Korean Peninsula and Japan increased for forecast times of 18 and 24 h. Therefore, the validity of 

the linear assumption held for forecast times up to 12 h.  

In a high-resolution convective scale regional model (i.e., WRF) and the GSI-based EnKF DA, Gasperoni et al. (2024) 

showed that the pattern correlation between NER and EFSO decreased as the forecast time increased owing to the 

nonlinearity of the forecasts. Similarly, the linear assumption holds appropriately for forecast times up to 12 h because of the 410 

increased nonlinearity of the forecasts; thus, the EFSO was analyzed only for the 6 h and 12 h forecasts.  

 

 
Figure 8. Time series of NER (black solid) and LER (gray dashed) of (a) EXP1, (e) EXP2, (i) EXP3, (m) EXP4 for 6 h forecast; (b) 
EXP1, (f) EXP2, (j) EXP3, (n) EXP4 for 12 h forecast; (c) EXP1, (g) EXP2, (k) EXP3, (o) EXP4 for 18 h forecast; and (d) EXP1, (h) 415 
EXP2, (l) EXP3, (p) EXP4 for 24 h forecast. 
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Figure 9. Distribution of average difference fields of NER and LER for (a) 6 h forecast, (b) 12 h forecast, (c) 18 h forecast, and (d) 420 
24 h forecast. Each subplot is average distribution of EXP1, EXP2, EXP3, and EXP4. 

 

3.3.3. Ensemble forecast sensitivity to observation 

Figures 10 and 11 show the EFSO impacts for the 6 h and 12 h forecasts, respectively. The EFSO impact values for each 

observation site are listed in Table 6. In all experiments, the EFSO impacts of the surface CO2 observation sites were 425 

generally greater for sites with high self-sensitivity.  
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In EXP1, based on the random selection of observation sites, the EFSO impacts for the 6 and 12 h forecasts at Sites R2, R6, 

and R7, which were located in the northwestern region of the domain with low CO2 variability, were relatively small (Figs. 

10a and 11a), corresponding to the small self-sensitivity shown in Fig. 5a. In contrast, the EFSO impacts in the inland 

regions of China (i.e., Sites R1, R5, R9, and R13) were greater than those in other regions, which implies that the DA of the 430 

surface CO2 observations in the inland regions of China had a greater impact on the error reduction of CO2 concentration 

forecasts.  

The EFSO impacts in EXP2 with real surface CO2 observation sites were relatively small at most observation sites, 

indicating that the impact of CO2 concentration observations on reducing forecast errors was relatively small when only 

existing surface CO2 observations were assimilated. The EFSO impacts at Hefei (HF) and Xinglong (XL) located in China 435 

were -6.17 × 104 and -3.60 × 104 ppm2 for 6 h forecast, respectively, and -5.46 × 104 and -4.96 × 104 ppm2 for 12 h forecast, 

respectively. The EFSO impacts of HF and XL sites were greater than those of the other sites, implying that surface CO2 

observations in inland China, with few observation sites, are essential for reducing CO2 concentration forecast errors in East 

Asia. 

Unlike the large analysis sensitivities, the EFSO impact of EXP3, which added eight surface CO2 observation sites with high 440 

variability in CO2 concentrations, was not large. According to Casaretto et al. (2023), the impact of individual observations 

on reducing forecast errors decreases when the observation density is high in a specific region. Because the surface CO2 

observation sites in EXP3 were concentrated in a specific region, the impact of individual observations on reducing forecast 

errors may not be large.  

The EFSO impact of EXP4 was greater at observation sites with greater CO2 concentration variability (i.e., Sites V1, V2, and 445 

V3) than at other sites. This implies that the impact on reducing forecast errors was greater when the observation sites were 

located evenly over the entire domain considering the variability of CO2 concentrations, rather than simply randomly 

locating observation sites throughout the entire domain. 

When analyzing the correlation between the analysis sensitivity and the hourly variability of CO2 concentrations (Fig. 6b), 

the analysis sensitivity was high at observation sites with high CO2 variability. There was a distinct diurnal variation in 450 

atmospheric CO2 concentrations, which were lower during the day and higher at night, owing to the respiration and 

photosynthetic activities of vegetation. Therefore, the vegetation type of the region within the localization area in the EAKF 

may be related to the impact of forecast error reduction. Figure 12 shows the eight vegetation types defined by the VPRM 

used to simulate biogenic CO2 in this study. The representative vegetation types in the domain were Trees and crops type; 

Grasses type; and Barren, urban, built-up, etc. type. Among the surface CO2 observation sites assimilated in each 455 

experiment, the main vegetation types within each localization region were as follows: Trees and crops type was dominant 

in Sites R1, R5, and R9 in EXP1; Sites HF and XL in EXP2; Sites V1, V3, V4, V5, V6, V7, and V8 in EXP3; and Sites V1, 

V3, R14, and R17 in EXP4. Grasses type was dominant in Sites R2, R6, and R8 in EXP1, Site V2 in EXP3, and Sites V2 

and R16 in EXP4. Barren, urban, built-up, etc. type was dominant at other sites. 
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In both the 6 h and 12 h forecasts, the EFSO impacts of surface CO2 observation sites dominated by Trees and crops type 460 

were high, and the EFSO impacts of surface CO2 observation sites dominated by Grasses and Barren, urban, built-up, etc. 

types were small. Vegetation activities in Trees and crops type were higher than those in Grasses and Barren, urban, built-

up, etc. types, thus the magnitude of daily variabilities of CO2 concentrations was also greater in Trees and crops type than 

in Grasses and Barren, urban, built-up, etc. types. Therefore, compared to surface CO2 observation sites in other vegetation 

types, the impact of observations located in regions with active vegetation activities, such as the Trees and crops type, was 465 

greater in reducing the 6 h and 12 h forecast errors. In other words, the improvement of the initial condition of CO2 

concentrations by DA of surface CO2 concentrations in Trees and crops type greatly reduced the 6 h and 12 h forecast errors. 

Figure 13 shows the fraction of beneficial observations for 6 h and 12 h forecasts in each experiment. The fraction of 

beneficial observations is the ratio of the number of observations that reduced the forecast error to the total number of 

observations assimilated at each observation site. In general, the fraction of beneficial observations of meteorological 470 

variables in FSO and EFSO studies is between 55% and 65% (Kim et al., 2017b; Lien et al., 2018; Necker et al., 2018; Kim 

and Kim, 2021; Casaretto et al., 2023). In some cases, the fraction of beneficial observations exceeds 70% (Jung et al., 2013). 

The average fractions of beneficial observations for the four experiments were 68.9% and 66.3% for the 6 h and 12h forecast, 

respectively. On average, more than half of the observations contributed to reducing the forecast errors. In all experiments, 

the fraction of beneficial observations for the 6 h forecast was greater than that for the 12 h forecast. For the 12 h forecast, 475 

the fractions of beneficial observations for Sites R10 and R14 selected randomly and Sites V1 and V4 selected by 

“Variability” were less than 50%. The EFSO impact of Site R10 in EXP1 was 0.27 × 104 ppm2 (greater than 0) for the 12 h 

forecast, which implies that observations at Site R10 contributed to increasing the 12 h forecast error. In contrast, for the 12 

h forecast, the EFSO impacts were -3.40 × 104 ppm2 at Site V1 of EXP3, -1.91 × 104 ppm2 at Site V4 of EXP3, -4.66 × 104 

ppm2 at Site V1 of EXP4, and -8.49 × 104 ppm2 at Site R14 in EXP4, contributing to a reduction in the forecast error. More 480 

than half of the observations at Sites A1, A4, and R14 did not contribute to reducing forecast errors for the 12 h forecast, 

whereas the average EFSO impact of Sites A1, A4, and R14 negatively contributed to reducing the forecast error. Therefore, 

on average, more than half of the assimilated surface CO2 observations in the four experiments contributed to the reduction 

of forecast errors. 

  485 
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Table 6. Average EFSO impact for each experiment. The unit is × 104 ppm2. 

EXP1 EXP2 EXP3 EXP4 

Site ID 
6 h 

fcst 

12 h 

fcst 
Site ID 

6 h 

fcst 

12 h 

fcst 
Site ID 

6 h 

fcst 

12 h 

fcst 
Site ID 

6 h 

fcst 

12 h 

fcst 

R1 -6.33 -7.87 YON 0.00 0.00 YON -0.03 -0.01 YON 0.00 0.00 

R2 0.02 -0.30 AMY -0.64 -1.94 AMY -1.82 -3.96 AMY -1.18 -1.12 

R3 -3.00 -2.90 DDR -0.40 -0.42 DDR -0.28 -0.29 DDR -0.52 -0.28 

R4 -0.41 -0.26 KIS -0.47 -0.71 KIS -0.05 -0.49 KIS 0.14 -0.12 

R5 -2.61 -5.46 RYO -0.48 -0.22 RYO -0.47 -0.29 RYO -0.43 -0.22 

R6 -0.62 -0.84 XL -3.60 -4.96 V1 -4.73 -3.40 V1 -7.62 -4.66 

R7 -0.21 -0.79 HF -6.17 -5.46 V2 -3.91 -4.44 V2 -2.44 -8.63 

R8 -2.16 -2.69 HKO -1.13 -1.97 V3 -3.70 -5.69 V3 -7.34 -6.65 

R9 -4.24 -3.71 HKG -1.55 -2.02 V4 -3.00 -1.91 R14 -2.22 -8.49 

R10 -0.32 0.27 BO -1.06 -1.32 V5 -4.33 -5.32 R15 -1.81 -1.62 

R11 -2.69 -2.51 JGS -0.44 -0.27 V6 -1.96 -3.04 R16 -2.25 -2.85 

R12 -1.82 -3.98 ULD -0.89 -1.25 V7 -1.97 -2.58 R17 -12.24 -8.80 

R13 -0.38 -0.84 DOK -0.35 -0.24 V8 -3.62 -4.77 R18 -2.97 -3.85 
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 490 

Figure 10. Distribution of EFSO impact on the 6 h forecast at each observation site of (a) EXP1, (b) EXP2, (c) EXP3, and (d) EXP4. 
Overlapping observation sites at close locations are distinguished by different sizes of circles. 

https://doi.org/10.5194/egusphere-2025-2367
Preprint. Discussion started: 17 June 2025
c© Author(s) 2025. CC BY 4.0 License.



26 
 

 
 

Figure 11. Distribution of EFSO impact on the 12 h forecast at each observation site of (a) EXP1, (b) EXP2, (c) EXP3, and (d) 495 
EXP4. Overlapping observation sites at close locations are distinguished by different sizes of circles. 
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Figure 12. Distribution of vegetation types used in VPRM. 
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Figure 13. Fraction of beneficial observations of (a) EXP1, (c) EXP2, (e) EXP3, and (g) EXP4 for 6 h forecast and that of (b) EXP1, 
(d) EXP2, (f) EXP3, and (h) EXP4 for 12 h forecast. The gray dashed line represents a ratio of 50%. 

  

https://doi.org/10.5194/egusphere-2025-2367
Preprint. Discussion started: 17 June 2025
c© Author(s) 2025. CC BY 4.0 License.



29 
 

4. Summary and conclusions 505 

In this study, the impact of surface CO2 concentration observations on analysis and forecast error reduction was investigated 

when optimizing surface CO2 concentrations in East Asia. WRF-Chem, a high-resolution atmospheric chemistry model, was 

used to simulate the CO2 concentrations, and the EAKF DA of the modified DART was used to assimilate the surface CO2 

concentration observations. By assimilating surface CO2 concentration observations using the DA-forecast system that 

combines WRF-Chem and DART, the impacts of each assimilated surface CO2 observation on the analysis of CO2 510 

concentration and on the forecast error reduction of CO2 concentration were investigated. Pseudo surface CO2 observations 

extracted using OSSE were used to calculate the observation impact depending on the observation site locations. Four 

experiments (EXP1, EXP2, EXP3, and EXP4) were conducted that assimilated the pseudo surface CO2 concentration 

observations at four surface CO2 observation networks. The experiment was conducted during July 2019. 

A rank histogram was analyzed to investigate whether the four ensemble DA-forecast experiments were stable during the 515 

experimental period. The rank histogram was flat and the adjusted missing rate of the rank histogram was less than 10% in 

all experiments. Thus, the ensemble DA-forecast system performed appropriately in all the experiments. 

Self-sensitivity, which is the diagonal component of the influence matrix, was calculated to diagnose the impact of the 

assimilated surface CO2 concentration observations on the analysis after DA. The average self-sensitivities were 16.5%, 

17.5%, 28.7%, and 21.3% in EXP1, EXP2, EXP3, and EXP4, respectively. The average self-sensitivity was the greatest in 520 

EXP3, in which the observation sites were located in regions with high variability in surface CO2 concentrations. Both the 

RMSE of the analysis at each observation site and the hourly variability of the pseudo surface CO2 observations were highly 

correlated with the self-sensitivity. In other words, the analysis sensitivity increased as the RMSE of the analysis at the 

observation site and the hourly variability in CO2 concentrations increased when the surface CO2 observations were 

assimilated with a cycling interval of 6 h.  525 

To investigate the impact of assimilated surface CO2 concentration observations on reducing the 6, 12, 18, and 24 h forecast 

errors, forecast errors with and without DA and NER were calculated. In all experiments and at all forecast times, the 

forecast error with DA was smaller than that without DA; thus, the error of the CO2 concentration forecast decreased after 

the DA of the surface CO2 concentration observations. Forecast errors with and without DA were smaller in EXP1 and EXP4 

with uniformly distributed surface CO2 observation sites, whereas they were greater in EXP2 and EXP3 with unevenly 530 

distributed surface CO2 observation sites. The forecast errors with DA were reduced by 16.6%, 17.2%, 16.4%, and 17.9% in 

EXP1, EXP2, EXP3, and EXP4, respectively, compared with the forecast error without DA. Among EXP1 and EXP4 with 

smaller forecast errors, the observation impact on reducing forecast errors was greater in EXP4. The forecast error and 

observation impact were small for experiments with relatively evenly distributed observation sites, whereas they were large 

for experiments with concentrated observation sites in a specific region. 535 

The LER (i.e., EFSO) was compared with the NER to verify the suitability of LER. From the 18 h forecast, the difference 

between the NER and LER increased, reducing the reliability of the EFSO. This is because the nonlinearity of the model 
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increased as the forecast time increased beyond 18 h. The impact of surface CO2 observations on reducing the 6 h and 12 h 

forecast errors was generally greater at observation sites with greater analysis sensitivity. The EFSO impact was greater in 

EXP4 than in EXP1, EXP2, and EXP3. This implies that surface CO2 observations can reduce forecast errors the most when 540 

surface CO2 observation sites cover the entire domain and are located considering the variability characteristics of the CO2 

concentrations. Surface CO2 observation sites located in regions with more active vegetation types (i.e., Trees and crops type) 

within the localization region greatly reduced forecast errors. At surface CO2 observation sites with greater daily fluctuations 

in CO2 concentration due to vegetation activity during the day and night, the improvement in the initial condition accuracy 

by DA greatly reduced the forecast errors.  545 

The average fractions of beneficial observations were 68.9% and 66.3% for the 6 and 12 h forecast, respectively, indicating 

that more than half of the surface CO2 observations contributed to reducing forecast errors. 

In the future, the impact of various CO2 observation types could be evaluated by assimilating aircraft and satellite CO2 

observations, in addition to surface CO2 observations. In addition, the impact of assimilated CO2 observations on the 

estimation of surface carbon flux can be evaluated. The results of this study and future studies will be useful for monitoring 550 

and estimating atmospheric CO2 concentrations, optimizing surface CO2 fluxes, and designing atmospheric CO2 observation 

networks. 

 

Code/data availability 

The Weather Research and Forecasting model coupled with Chemistry (WRF-Chem) code are available at 555 

https://doi.org/10.5065/D6MK6B4K (https://github.com/wrf-model/WRF/releases) and the Data Assimilation Research 

Testbed (DART) code are available at http://doi.org/10.5065/D6WQ0202 (https://github.com/NCAR/DART). The 

CarbonTracker version 2022 (CT2022) data are available at https://dx.doi.org/10.25925/z1gj-3254 and the Copernicus 

Atmosphere Monitoring Service (CAMS) data are available at https://ads.atmosphere.copernicus.eu/datasets/cams-global-

ghg-reanalysis-egg4.  560 

Author contribution 

H. M. Kim proposed the main scientific ideas and M.-G. Seo contributed the supplementary ideas during the process. M.-G. 

Seo and H. M. Kim developed the CO2 modeling and data assimilation system and calculated the observation impact. All 

authors analyzed the simulation results, wrote the manuscript, and reviewed the manuscript.  

https://doi.org/10.5194/egusphere-2025-2367
Preprint. Discussion started: 17 June 2025
c© Author(s) 2025. CC BY 4.0 License.



31 
 

Competing interests 565 

The authors declare that they have no conflict of interest. 

Acknowledgements 

This study was supported by the Yonsei Signature Research Cluster Program of 2024 (2024-22-0162). Simulations were 

primarily conducted using the supercomputer system supported by the National Center for Meteorological Supercomputer of 

the Korea Meteorological Administration and Korea Research Environment Open NETwork (KREONET) supported by the 570 

Korea Institute of Science and Technology Information. 

  

https://doi.org/10.5194/egusphere-2025-2367
Preprint. Discussion started: 17 June 2025
c© Author(s) 2025. CC BY 4.0 License.



32 
 

References 

Anderson, J., Hoar, T., Raeder, K., Liu, H., Collins, N., Torn, R., and Avellano, A.: The data assimilation research testbed: A 

community facility, Bull. Amer. Meteorol. Soc., 90(9), 1283-1296, doi:10.1175/2009BAMS2618.1, 2009. 575 

Byrne, B., Jones, D. B. A., String, K., Zeng, Z.-C., Deng, F., and Liu, J.: Sensitivity of CO2 surface flux constraints to 

observational coverage, J. Geophys. Res.-Atmos., 122(12), 6672-6694, doi:10.1002/2016JD026164, 2017. 

Cardinali, C., Pezzulli, S., and Andersson, E.: Influence-matrix diagnostic of a data assimilation system, Q. J. R. Meteorol. 

Soc., 130(603), 2767-2786, doi:10.1256/qj.03.205, 2004. 

Casaretto, G., Dillon, M. E., Skabar, Y. G., Ruiz, J. J., and Sacco, M.: Ensemble Forecast Sensitivity to Observations Impact 580 

(EFSOI) applied to a regional data assimilation system over south-eastern South America, Atmos. Res., 295, 106996, 

doi:10.1016/j.atmosres.2023.106996, 2023. 

Chang, C. C., Chen, T.-C., Kalnay, E., Da, C., and Mote, S.: Estimating ocean observation impacts on coupled atmosphere-

ocean models using Ensemble Forecast Sensitivity to Observation (EFSO), Geophys. Res. Lett., 50(20), e2023GL103154, 

doi:10.1029/2023GL103154, 2023. 585 

Chen, S.-H., and Sun, W.-Y.: A one-dimensional time dependent cloud model, J. Meteorol. Soc. Jpn. Ser. II, 80(1), 99-118, 

doi:10.2151/jmsj.80.99, 2022. 

Chen, H. W., Zhang, F., Lauvaux, T., Scholze, M., Davis, K. J., and Alley, R. B.: Regional CO2 inversion through ensemble-

based simultaneous state and parameter estimation: TRACE framework and controlled experiments, J. Adv. Model. Earth 

Syst., 15(3), e2022MS003208, doi:10.1029/2022MS003208, 2023. 590 

Cho, M, and Kim, H. M.: Effect of assimilating CO2 observations in the Korean Peninsula on the inverse modeling to 

estimate surface CO2 flux over Asia, PLoS One, 17, e0263925, doi:10.1371/journal.pone.0263925, 2022. 

Daescu, D. N., and Langland, R. H.: An FSO-Based optimization framework for improved observation performance: 

Theoretical formulation and experiments with NAVDAS-AR/NAVGEM, Mon. Weather Rev., 150(6), 1335-1353, 

doi:10.1175/MWR-D-21-0305.1, 2022. 595 

Gaspari, G., and Cohn, S. E.: Construction of correlation functions in two and three dimensions, Q. J. R. Meteorol. Soc., 

125(554), 723-757, doi:10.1002/qj.49712555417, 1999. 

Gasperoni, N. A., Wang, X., Brewster, K. A., and Carr, F. H.: Exploring ensemble forecast sensitivity to observations for a 

convective-scale data assimilation system over the Dallas-Fort Worth Testbed, Mon. Weather Rev., 152(2), 571-588, 

doi:10.1175/MWR-D-23-0091.1, 2024. 600 

Grell, G. A., and Dévényi, D.: A generalized approach to parameterizing convection combining ensemble and data 

assimilation techniques, Geophys. Res. Lett., 29(14), 38-1, doi:10.1029/2002GL015311, 2002. 

Grell, G. A., and Freitas, S. R.: A scale and aerosol aware stochastic convective parameterization for weather and air quality 

modeling, Atmos. Chem. Phys., 14(10), 5233-5250, doi:10.5194/acp-14-5233-2014, 2014. 

https://doi.org/10.5194/egusphere-2025-2367
Preprint. Discussion started: 17 June 2025
c© Author(s) 2025. CC BY 4.0 License.



33 
 

Hamill, T. M.: Interpretation of rank histograms for verifying ensemble forecasts, Mon. Weather Rev., 129(3), 550-560, 605 

doi:10.1175/1520-0493(2001)129<0550:IORHFV>2.0.CO;2, 2001. 

Hong, S.-Y., and Lim, J.-O. J.: The WRF Single-Moment 6-Class Microphysics Scheme (WSM6), Asia-Pac. J. Atmos. Sci., 

42(2), 129-151, 2006. 

Hong, S.-Y., Noh, Y., and Dudhia, J.: A new vertical diffusion package with an explicit treatment of entrainment processes, 

Mon. Weather Rev., 134(9), 2318-2341, doi:10.1175/MWR3199.1, 2006. 610 

Hotta, D.: Proactive quality control based on ensemble forecast sensitivity to observations, Ph.D. thesis, University of 

Maryland, College Park, 273 pp., doi:10.13016/M23W3P, 2014. 

Hou, D., Kalnay, E., and Droegemeier, K. K.: Objective verification of the SAMEX ’98 ensemble forecasts, Mon. Weather 

Rev., 129(1), 73-91, doi:10.1175/1520-0493(2001)129<0073:OVOTSE>2.0.CO;2, 2001. 

Iacono, M. J., Delamere, J. S., Mlawer, E. J., Shephard, M. W., Clough, S. A., and Collins, W. D.: Radiative forcing by long-615 

lived greenhouse gases: Calculations with the AER radiative transfer models, J. Geophys. Res.-Atmos., 113(D13), 

doi:10.1029/2008JD009944, 2008. 

Iida, Y., Takatani, Y., Kojima, A., and Ishii, M.: Global trends of ocean CO2 sink and ocean acidification: An observation-

based reconstruction of surface ocean inorganic carbon variables, J. Oceanogr., 77, 323-358, doi:10.1007/s10872-020-

00571-5, 2021. 620 

Jacobson, A. R., Schuldt, K. N., Miller, J. B., Oda, T., Tans, P., Andrews, A., Mund, J., Ott, L., Collatz, G. J., Aalto, T., 

Aikin, K., Aoki, S., Apadula, F., Arnold, S., Baier, B., Bartyzel, J., Beyersdorf, A., Biermann, T., Biraud, S. C., Boenisch, H., 

Brailsford, G., Abshire, J. B., Chen, G., Chen, H., Chmura, L., Clark, S., Colomb, A., Conil, S., Cox, A., Cristofanelli, P., 

Cuevas,E., Curcoll, R., Davis, K. J., Wekker, S. D., Coletta, J. D., Delmotte, M., DiGangi, J. P., di Sarra, A. G., 

Dlugokencky, E., Elkins, J. W., Emmenegger, L., Fang, S., Fischer, M. L., Forster, G., Frumau, A., Galkowski, M., Gatti, L. 625 

V., Gehrlein, T., Gerbig, C., Gloor, E., Griffis, T., Hammer, S., Hanson, C., Haszpra, L., Hatakka, J., Heimann, M., Heliasz, 

M., Hensen, A., Hermanssen, O., Hintsa, E., Holst, J., Ivakhov, V., Jaffe, D., Joubert, W., Karion, A., Kawa, S. R., Kazan, 

V., Keeling, R., Keronen, P., Kneuer, T., Kolari, P., Kominkova, K., Kort, E., Kozlova, E., Krummel, P., Kubistin, D., 

Labuschagne, C., Lam, D. H. Y., Langenfelds, R., Laurent, O., Laurila, T., Lauvaux, T., Lavric, J., Law, B., Lee, J., Lee, O. 

S. M., Lehner, I., Leppert, R., Leuenberger, M., Levin, I., Levula, J., Lin, J., Lindauer, M., Loh, Z., Lopez, M., Luijkx, I. T., 630 

Myhre, C. L., Machida, T., Mammarella, I., Manca, G., Manning, A., Marek, M. V., Martin, M. Y., Matsueda, H., McKain, 

K., Meijer, H., Meinhardt, F., Merchant, L., Miles, N. L., Miller, C. E., Mitchell, L., Mölder, M., Montzka, S., Moore, F., 

Morgan, E., Morgui, J.-A., Morimoto, S., Müller-Williams, J., Munger, B., Munro, D., Nakaoka, S.-I., Necki, J., Newman, 

S., Nichol, S., Niwa, Y., Obersteiner, F., O’Doherty, S., Paplawsky, B., Peischl, J., Peltola, O., Piacentino, S., Pichon, J.-M., 

Piper, S., Plass-Dülmer, C., Ramonet, M., Reyes-Sanchez, E., Richardson, S. J., Riris, H., Rivas, P. P., Ryerson, T., Saito, K., 635 

Sargent, M., Sasakawa, M., Say, D., Scheeren, B., Schuck, T., Schumacher, M., Seifert, T., Sha, M. K., Shepson, P., Shook, 

M., Sloop, C. D., Smith, P., Steinbacher, M., Stephens, B., Sweeney, C., Thoning, K., Timas, H., Torn, M., Trisolino, P., 

Turnbull, J., Tørseth, K., van den Bulk, P., van Dinther, D., Vermeulen, A., Viner, B., Vitkova, G., Walker, S., Watson, A., 

https://doi.org/10.5194/egusphere-2025-2367
Preprint. Discussion started: 17 June 2025
c© Author(s) 2025. CC BY 4.0 License.



34 
 

Wofsy, S., Worsey, J., Worthy, D., Young, D., Zaehle, S., Zahn A., and Zimnoch, M.: CarbonTracker CT2022, NOAA 

Global Monitoring Laboratory, doi:10.25925/Z1GJ-3254, 2023. 640 

Janjić, Z. I.: The step-mountain eta coordinate model: Further developments of the convection, viscous sublayer, and 

turbulence closure schemes, Mon. Weather Rev., 122(5), 927-945, doi:10.1175/1520-

0493(1994)122<0927:TSMECM>2.0.CO;2, 1994. 

Jiménez, P. A., Dudhia, J., González-rouco, J. F., Navarro, J., Montávez, J. P., and García-Bustamante, E.: A revised scheme 

for the WRF surface layer formulation, Mon. Weather Rev., 140(3), 898-918, doi:10.1175/MWR-D-11-00056.1, 2012. 645 

Jung, B.-J., Kim, H. M., Kim, Y.-H., Jeon, E.-H., and Kim, K.-H.: Observation system experiments for typhoon Jangmi 

(200815) observed during T-PARC, Asia-Pac. J. Atmos. Sci., 46, 305-316, doi:10.1007/s13143-010-1007-y, 2010. 

Jung, B.-J., Kim, H. M., Zhang, F., and Wu, C.-C.: Effect of targeted dropsonde observations and best track data on the track 

forecasts of Typhoon Sinlaku (2008) using an Ensemble Kalman Filter, Tellus Ser. A-Dyn. Meteorol. Oceanogr., 64, 14984, 

doi:10.3402/tellusa.v64i0.14984, 2012. 650 

Jung, B.-J., Kim, H. M., Auligné, T., Zhang, X., Zhang, X., and Huang, X.-Y.: Adjoint-derived observation impact using 

WRF in the western North Pacific, Mon. Weather Rev., 141(11), 4080-4097, doi:10.1175/MWR-D-12-00197.1, 2013. 

Kain, J. S.: The Kain-Fritsch Convective Parameterization: An Update, J. Appl. Meteorol., 43(1), 170-181, 

doi:10.1175/1520-0450(2004)043<0170:TKCPAU>2.0.CO;2, 2004. 

Kalnay, E., Ota, Y., Miyoshi, T., and Liu, J.: A simpler formulation of forecast sensitivity to observations: application to 655 

ensemble Kalman filters, Tellus Ser. A-Dyn. Meteorol. Oceanogr., 64(1), 18462, doi:10.3402/tellusa.v64i0.18462, 2012. 

Kang, J.-S., Kalnay, E., Liu, J., Fung, I., Miyoshi, T., and Ide, K.: “Variable localization” in an ensemble Kalman filter: 

Application to the carbon cycle data assimilation, J. Geophys. Res., 116, D09110, doi:10.1029/2010JD014673, 2011. 

Kang, J.-S., Kalnay, E., Miyoshi, T., Liu, J., and Fung, I.: Estimation of surface carbon fluxes with an advanced data 

assimilation methodology, J. Geophys. Res., 117, D24101, doi:10.1029/2012JD018259, 2012. 660 

Kim, S., Kim, H. M., Kim, E.-J., and Shin, H.-C.: Forecast sensitivity to observations for high-impact weather events in the 

Korean Peninsula, Atmosphere, 23(2), 171-186, doi:10.14191/Atmos.2013.23.2.171, 2013. (in Korean with English abstract) 

Kim, J., Kim, H. M., and Cho, C.-H.: The effect of optimization and the nesting domain on carbon flux analyses in Asia 

using a carbon tracking system based on the ensemble Kalman filter, Asia-Pac. J. Atmos. Sci., 50, 327-344, 

doi:10.1007/s13143-014-0020-y, 2014a. 665 

Kim J., Kim, H. M., and Cho, C.-H.: Influence of CO2 observations on the optimized CO2 flux in an ensemble Kalman filter, 

Atmos. Chem. Phys., 14, 13515-13530, doi:10.5194/acp-14-13515-2014, 2014b. 

Kim, J., Kim, H. M., Cho, C.-H., Boo, K.-O., Jacobson, A. R., Sasakawa, M., Machida, T., Arshinov, M., and Fedoseev, N.: 

Impact of Siberian observations on the optimization of surface CO2 flux, Atmos. Chem. Phys., 17, 2881-2899, 

doi:10.5194/acp-17-2881-2017, 2017a. 670 

https://doi.org/10.5194/egusphere-2025-2367
Preprint. Discussion started: 17 June 2025
c© Author(s) 2025. CC BY 4.0 License.



35 
 

Kim, M., Kim, H. M., Kim, J., Kim, S.-M., Velden, C., and Hoover, B.: Effect of enhanced satellite-derived atmospheric 

motion vectors on numerical weather prediction in East Asia using an adjoint-based observation impact method, Weather 

Forecast., 32(2), 579-594, doi:10.1175/WAF-D-16-0061.1, 2017b. 

Kim, S.-M., and Kim, H. M.: Effect of observation error variance adjustment on numerical weather prediction using forecast 

sensitivity to error covariance parameters, Tellus Ser. A-Dyn. Meteorol. Oceanogr., 70(1), 1-16, 675 

doi:10.1080/16000870.2018.1492839, 2018a. 

Kim, D.-H., and Kim, H. M.: Effect of assimilating Himawari-8 atmospheric motion vectors on forecast errors over East 

Asia, J. Atmos. Ocean. Technol., 35, 1737-1752, doi:10.1175/JTECH-D-17-0093.1, 2018b. 

Kim, H., Kim, H. M., Kim, J., and Cho, C.-H.: Effect of data assimilation parameters on the optimized surface CO2 flux in 

Asia, Asia-Pac. J. Atmos. Sci., 54, 1-17, doi:10.1007/s13143-017-0049-9, 2018. 680 

Kim, S.-M., and Kim, H. M.: Forecast sensitivity observation impact in the 4DVAR and Hybrid-4DVAR data assimilation 

systems, J. Atmos. Ocean. Technol., 36(8), 1563-1575, doi:10.1175/JTECH-D-18-0240.1, 2019. 

Kim, H. M., and Kim, D.-H.: Effect of boundary conditions on adjoint-based forecast sensitivity observation impact in a 

regional model, J. Atmos. Ocean. Technol., 38(7), 1233-1247, doi:10.1175/JTECH-D-20-0040.1, 2021. 

Kim, H.-K., Lee, S., Bae, K.-H., Jeon, K., Lee, M.-I., and Song, C.-K.: An Observing System Simulation Experiment 685 

Framework for Air Quality Forecasts in Northeast Asia: A Case Study Utilizing Virtual Geostationary Environment 

Monitoring Spectrometer and Surface Monitored Aerosol Data, Remote Sens., 14, 389, doi:10.3390/rs14020389, 2022. 

Kim, D.-H., and Kim, H. M.: Evaluation of observation impact on the meteorological forecasts associated with heat wave in 

2018 over East Asia using observing system experiments, Heliyon, 9(12), e23064, doi:10.1016/j.heliyon.2023.e23064, 2023. 

Kotsuki, S., Kurosawa, K., and Miyoshi, T.: On the properties of ensemble forecast sensitivity to observations, Q. J. R. 690 

Meteorol. Soc., 145(722), 1897-1914, doi:10.1002/qj.3534, 2019. 

Laroche, S., and Poan, E. D.: Impact of the Arctic observing systems on the ECCC global weather forecasts, Q. J. R. 

Meteorol. Soc., 148(742), 252-271, doi:10.1002/qj.4203, 2022. 

Lawrence, H., Bormann, N., Sandu, I., Day, J., Farnan, J., and Bauer, P.: Use and impact of Arctic observations in the 

ECMWF Numerical Weather Prediction system, Q. J. R. Meteorol. Soc., 145(725), 3432-3454, doi:10.1002/qj.3628, 2019. 695 

Le Quéré, C., Korsbakken, J. I., Wilson, C., Tosun, J., Andrew, R., Andres, R. J., Canadell, J. G., Jordan, A., Peters, G. P., 

and van Vuuren, D. P.: Drivers of declining CO2 emissions in 18 developed economies, Nat. Clim. Chang., 9(3), 213-217, 

doi:10.1038/s41558-019-0419-7, 2019. 

Lien, G.-Y., Hotta, D., Kalnay, E., Miyoshi, T., and Chen, T.-C.: Accelerating assimilation development for new observing 

systems using EFSO, Nonlinear Process Geophys., 25(1), 129-143, doi:10.5194/npg-25-129-2018, 2018. 700 

Liu, J., and Kalnay, E.: Estimating observation impact without adjoint model in an ensemble Kalman filter, Q. J. R. Meteorol. 

Soc., 134(634), 1327-1335, doi:10.1002/qj.280, 2008. 

Liu, J., Kalnay, E., Miyoshi, T., and Cardinali, C.: Analysis sensitivity calculation in an ensemble Kalman filter, Q. J. R. 

Meteorol. Soc., 135(644), 1842-1851, doi:10.1002/qj.511, 2009. 

https://doi.org/10.5194/egusphere-2025-2367
Preprint. Discussion started: 17 June 2025
c© Author(s) 2025. CC BY 4.0 License.



36 
 

Liu, Y., Kalnay, E., Zeng, N., Asrar, G., Chen, Z., and Jia, B.: Estimating surface carbon fluxes based on a local ensemble 705 

transform Kalman filter with a short assimilation window and a long observation window: an observing system simulation 

experiment test in GEOS-Chem 10.1, Geosci. Model Dev., 12(7), 2899-2914, doi:10.5194/gmd-12-2899-2019, 2019. 

Liu, Z., Zeng, N., Liu, Y., Kalnay, E., Asrar, G., Wu, B., Cai, Q., Liu, D., and Han, P.: Improving the joint estimation of CO2 

and surface carbon fluxes using a constrained ensemble Kalman filter in COLA (v1.0), Geosci. Model Dev., 15(14), 5511-

5528, doi:10.5194/gmd-15-5511-2022, 2022. 710 

Mahadevan, P., Wofsy, S. C., Matross, D. M., Xiao, X., Dunn, A. L., Lin, J. C., Gerbig, C., Munger, J. W., Chow, V. Y., and 

Gottlieb, E. W.: A satellite-based biosphere parameterization for net ecosystem CO2 exchange: Vegetation Photosynthesis 

and Respiration Model (VPRM), Glob. Biogeochem. Cycle, 22(2), doi:10.1029/2006GB002735, 2008. 

Maksyutov, S., Oda, T., Saito, M., Janardanan, R., Belikov, D., Kaiser, J. W., Zhuravlev, R., Ganshin, A., Valsala, V. K., 

Andrews, A., Chmura, L., Dlugokencky, E., Haszpra, L., Langenfelds, R. L., Machida, T., Nakazawa, T., Ramonet, M., 715 

Sweeney, C., and Worthy, D.: A high-resolution inverse modelling technique for estimating surface CO2 fluxes based on the 

NIES-TM-FLEXPART coupled transport model and its adjoint, Atmos. Chem. Phys., 21(2), 1245-1266, doi:10.5194/acp-

21-1245-2021, 2021. 

Mallick, S., Dutta, D., and Min, K.-H.: Quality assessment and forecast sensitivity of global remote sensing observations, 

Adv. Atmos. Sci., 34, 371-382, doi:10.1007/s00376-016-6109-8, 2017. 720 

Martin, A., Weissmann, M., and Cress, A.: Impact of assimilating Aeolus observations in the global model ICON: A global 

statistical overview, Q. J. R. Meteorol. Soc., 149(756), 2962-2979, doi:10.1002/qj.4541, 2023. 

Masutani, M., Schlatter, T. W., Errico, R. M., Stoffelen, A., Andersson, E., Lahoz, W., Woollen, J. S., Emmitt, G. D., 

Riishøjgaard, L.-P., and Lord, S. J.: Observing system simulation experiments, Data Assimilation: Making sense of 

observations, 647-679, doi:10.1007/978-3-540-74703-1_24, 2010. 725 

Meng, Z., and Zhang, F.: Test of an ensemble Kalman filter for mesoscale and regional-scale data assimilation. Part IV: 

Comparison with 3DVAR in a month-long experiment, Mon. Weather Rev., 136, 3671-3682, doi:10.1175/2008MWR2270.1, 

2008. 

Miao, N.: Carbon Data Assimilation Using an Ensemble Kalman Filter, Master’s thesis, York University, Toronto, 102 pp, 

http://hdl.handle.net/10315/28167, 2014. 730 

Monteil, G., Broquet, G., Scholze, M., Lang, M., Karstens, U., Gerbig, C., Koch, F.-T., Smith, N. E., Thompson, R. L., 

Luijkx, I. T., White, E., Meesters, A., Ciais, P., Ganesan, A. L., Manning, A., Mischurow, M., Peters, W., Peylin, P., 

Tarniewicz, J., Rigby, M., Rödenbeck, C., Vermeulen, A., and Walton, E. M.: The regional European atmospheric transport 

inversion comparison, EUROCOM: first results on European-wide terrestrial carbon fluxes for the period 2006-2015, Atmos. 

Chem. Phys., 20, 12063-12091, doi:10.5194/acp-20-12063-2020, 2020. 735 

Nakanishi, M., and Niino, H.: An improved Mellor-Yamada level-3 model: Its numerical stability and application to a 

regional prediction of advection fog, Bound.-Layer Meteor., 119, 397-407, doi:10.1007/s10546-005-9030-8, 2006. 

https://doi.org/10.5194/egusphere-2025-2367
Preprint. Discussion started: 17 June 2025
c© Author(s) 2025. CC BY 4.0 License.



37 
 

Necker, T., Weissmann, M., and Sommer, M.: The importance of appropriate verification metrics for the assessment of 

observation impact in a convection-permitting modelling system, Q. J. R. Meteorol. Soc., 144(714), 1667-1680, 

doi:10.1002/qj.3390, 2018. 740 

NCEP/NOAA: NCEP FNL operational model global tropospheric analyses, continuing from July 1999 [data set], Research 

Data Archive at the National Center for Atmospheric Research, Computational and Information Systems Laboratory, 

Boulder, CO, doi:10.5065/D6M043C6 (last access: 16 May 2025), 2000. 

Oda, T., and Maksyutov, S.: ODIAC fossil fuel CO2 emission dataset (Version name: ODIAC2020b) [data set], Center for 

Global Environmental Research, National Institute for Environmental Studies, doi:10.17595/20170411.001 (last access: 22 745 

October 2024), 2015. 

Ota, Y., Derber, J. C., Kalnay, E., and Miyoshi, T.: Ensemble-based observation impact estimates using the NCEP GFS, 

Tellus Ser. A-Dyn. Meteorol. Oceanogr., 65(1), 20038, doi:10.3402/tellusa.v65i0.20038, 2013. 

Park, J., and Kim, H. M.: Design and evaluation of CO2 observation network to optimize surface CO2 fluxes in Asia using 

observation system simulation experiments, Atmos. Chem. Phys., 20(8), 5175-5195, doi:10.5194/acp-20-5175-2020, 2020. 750 

Privé, N. C., Errico, R. M., Todling, R., and Akkraoui, A. E.: Evaluation of adjoint-based observation impacts as a function 

of forecast length using an Observing System Simulation Experiment, Q. J. R. Meteorol. Soc., 147(734), 121-138, 

doi:10.1002/qj.3909, 2021. 

Ratheesh, S., Agarwal, N., and Sharma, R.: An observing system experiment framework for the tropical Indian Ocean 

salinity: A case study using a constellation of three satellites, Deep Sea Res. II Tropical Stud. Oceanogr., 212, 105345, 755 

doi:10.1016/j.dsr2.2023.105345, 2023. 

Seo, M.-G., and Kim, H. M.: Effect of meteorological data assimilation using 3DVAR on high-resolution simulations of 

atmospheric CO2 concentrations in East Asia, Atmos. Pollut. Res., 14(6), 101759, doi:10.1016/j.apr.2023.101759, 2023. 

Seo, M.-G., Kim, H. M., and Kim, D.-H.: Effect of atmospheric conditions and VPRM parameters on high-resolution 

regional CO2 simulations over East Asia, Theor. Appl. Climatol., 155, 859-877, doi:10.1007/s00704-023-04663-2, 2024a. 760 

Seo, M.-G, Kim, H. M., and Kim, D.-H.: High-resolution atmospheric CO2 concentration data simulated in WRF-Chem over 

East Asia for 10 years, Geosci. Data J., 11, 1024-1043, doi:10.1002/gdj3.273, 2024b. 

Seo, M.-G., and Kim, H. M.: Evaluation of high-resolution regional CO2 data assimilation-forecast system in East Asia using 

observing system simulation experiment and effect of observation network on simulated CO2 concentrations, Q. J. R. 

Meteorol. Soc., e4987, doi:10.1002/qj.4987, 2025.  765 

Shu, L., Zhu, L., Bak, J., Zoogman, P., Han, H., Liu, S., Li, X., Sun, S., Li, J., Chen, Y., Pu, D., Zuo, X., Fu, W., Yang, X., 

and Fu, T.-M.: Improving ozone simulations in Asia via multisource data assimilation: results from an observing system 

simulation experiment with GEMS geostationary satellite observations, Atmos. Chem. Phys., 23(6), 3731-3748, 

doi:10.5194/acp-23-3731-2023, 2023. 

https://doi.org/10.5194/egusphere-2025-2367
Preprint. Discussion started: 17 June 2025
c© Author(s) 2025. CC BY 4.0 License.



38 
 

Takatani, Y., Enyo, K., Iida, Y., Kojima, A., Nakano, T., Sasano, D., Kosugi, N., Midorikawa, T., Suzuki, T., and Ishii, M.: 770 

Relationships between total alkalinity in surface water and sea surface dynamic height in the Pacific Ocean, J. Geophys. 

Res.-Oceans, 119, 2806-2814, doi:10.1002/2013JC009739, 2014. 

Tewari, M., Chen, F., Wang, W., Dudhia, J., LeMone, M. A., Mitchell, K., Ek, M., Gayno, G., Wegiel, J., and Cuenca, R. H.: 

Implementation and verification of the unified NOAH land surface model in the WRF model, Proceedings of the 20th 

conference on weather analysis and forecasting/16th conference on numerical weather prediction, Seattle, WA, USA. (Vol. 775 

14), https://ams.confex.com/ams/84Annual/techprogram/paper_69061.htm (last access: 16 May 2025), 2004. 

Thompson, G., Field, P. R., Rasmussen, R. M., and Hall, W. D.: Explicit forecasts of winter precipitation using an improved 

bulk microphysics scheme. Part II: Implementation of a new snow parameterization, Mon. Weather Rev., 136(12), 5095-

5115, doi:10.1175/2008MWR2387.1, 2008. 

Ussiri, D. A., and Lal, R.: Carbon Sequestration for Climate Change Mitigation and Adaptation, Cham: Springer 780 

International Publishing, doi:10.1007/978-3-319-53845-7, 2017. 

Wang, J., Feng, L., Palmer, P. I., Liu, Y., Fang, S., Bösch, H., O’Dell, C. W., Tang, X., Yang, D., Liu, L., and Xia, C.: Large 

Chinese land carbon sink estimated from atmospheric carbon dioxide data, Nature, 586(7831), 720-723, doi:10.1038/s41586-

020-2849-9, 2020. 

Whitaker, J. S., and Hamill, T. M.: Evaluating methods to account for system errors in ensemble data assimilation, Mon. 785 

Weather Rev., 140(9), 3078-3089, doi:10.1175/MWR-D-11-00276.1, 2012. 

Yang, E.-G., Kim, H. M., Kim, J., and Kay, J. K.: Effect of observation network design on meteorological forecasts of Asian 

dust events, Mon. Weather Rev., 142, 4679-4695, doi:10.1175/MWR-D-14-00080.1, 2014. 

Yang, E.-G., and Kim, H. M.: A comparison of variational, ensemble-based, and hybrid data assimilation methods over East 

Asia for two one-month periods, Atmos. Res., 249, 105257, doi:10.1016/j.atmosres.2020.105257, 2021. 790 

Yumimoto, K.: Impacts of geostationary satellite measurements on CO forecasting: An observing system simulation 

experiment with GEOS-Chem/LETKF data assimilation system, Atmos. Environ., 74, 123-133, 

doi:10.1016/j.atmosenv.2013.03.032, 2013. 

Zhang, X., Geng, Y., Shao, S., Dong, H., Wu, R., Yao, T., and Song, J.: How to achieve China’s CO2 emission reduction 

targets by provincial efforts? - An analysis based on generalized Divisia index and dynamic scenario simulation, Renew. 795 

Sust. Energ. Rev., 127, 109892, doi:10.1016/j.rser.2020.109892, 2020. 

Zhang, Q., Li, M., Wang, M., Mizzi, A. P., Huang, Y., Wei, C., Jin, J., and Gu, Q.: CO2 flux over the contiguous United 

States in 2016 inverted by WRF-Chem/DART from OCO-2 XCO2 retrievals, Remote Sens., 13, 2996, 

doi:10.3390/rs13152996, 2021. 

https://doi.org/10.5194/egusphere-2025-2367
Preprint. Discussion started: 17 June 2025
c© Author(s) 2025. CC BY 4.0 License.


