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Abstract. Cities are major sources of global carbon. Accurately quantifying urban-scale carbon dioxide (CO2) fluxes is

essential for supporting targeted emission reduction policies and effective monitoring. To address the limitations in the

accuracy of current urban carbon emission estimates, we developed FEISSO, an urban-scale CO2 flux inversion system that15
integrates a Lagrangian atmospheric transport model with a Bayesian assimilation framework. FEISSO was used to

systematically explore the feasibility of retrieving high-resolution flux distributions from satellite-based XCO2 observations.

Sensitivity experiments were conducted in Weifang, Chengdu, and Xining (China) to identify key influencing factors in CO2

flux inversion. Results show that the resolution of meteorological drivers substantially affects the accuracy of simulated

transport trajectories, with higher resolution (0.25°) improving the spatial fidelity of flux retrieval. Sensitivity analysis indicates20
that the column-averaged CO2 observation error and the total error for the inversion domain are the dominant factors affecting

the total flux estimates, and they induce a "seesaw" effect in the spatial distribution of emissions. In contrast, prior flux error

and spatial correlation length for land have limited influence on the total emissions but primarily affect the spatial pattern of

weak emission regions and the smoothness of flux fields, respectively. Differences in topography and meteorological

conditions across cities govern the temporal response of flux estimates to observations. With optimized parameter settings, the25
system successfully retrieved 10-days of total CO2 emissions for Weifang, Chengdu, and Xining, showing overall consistency

with EDGAR and local inventory data. The retrieved emissions correspond to 85.8%, 190.42%, and 86.4% of the EDGAR

estimates for the three cities, respectively, while the relative differences from local inventories are 2.3% forWeifang and 10.9%

for Xining. The results from this study demonstrate the applicability and scalability of the FEISSO system for urban CO2 flux

estimation. In this study, the frequency of urban-scale inversions was limited by the current orbital coverage of the OCO-230
satellite. With future improvements in satellite observation capabilities, particularly in spatial resolution and revisit frequency,

FEISSO is expected to play a pivotal role in global urban carbon emission monitoring and in the evaluation of emission

reduction policy.
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1 Introduction

Carbon dioxide (CO2) is a major greenhouse gas. The rapid increase concentration has substantially contributed to global35
warming and has triggered a cascade of climate related changes, with profound impacts on the Earth system(Kuo et al., 1990;

Wang and Nemani, 2015; Friedlingstein et al., 2025). According to observations from the Global Monitoring Laboratory

(GML), the global mean atmospheric CO2 concentration increased from 280 ppm before the Industrial Revolution to 423.6

ppm in November 2024. The Intergovernmental Panel on Climate Change (IPCC) reported in the Climate Change 2023 AR6

Synthesis Report that the global mean surface temperature increased by 1.1 °C above pre industrial level, leading to sea level40
rise, more frequent extreme weather events, and ecosystem degradation, which together impose severe challenges and further

destabilize the global climate system(Lee et al., 2023). In October 2018 the IPCC proposed the goal of limiting global warming

to 1.5 °C as a critical threshold to safeguard the resilience of the Earth system(Masson-Delmotte et al., 2018). Large regional

disparities in CO2 emissions are evident across the globe. Although adaptation measures have alleviated part of the climate

impacts, highly vulnerable populations and ecosystems still face substantial pressure and remain insufficiently protected from45
adverse effects due to climate change. Achieving global objectives for climate adaptation and mitigation requires long-term

sustained and systematic efforts. Comprehensive and systematic characterization of the sources and sinks of atmospheric CO2,

together with quantitative assessment of the relative contributions from anthropogenic activities and natural processes to CO2

emissions and uptake, is therefore of fundamental scientific importance for effective regulation of atmospheric CO2

concentrations and for the mitigation of global climate change.50
Although urban areas occupy only about 2% of the global land surface, they are home to more than 55% of the global

population, and this proportion is projected to rise to 68% by 2050(Nations, 2019). Large populations, industries, and

infrastructure are concentrated in urban areas, which leads to high levels of energy consumption. They function as major

locations of anthropogenic activity, including fossil fuel combustion, industrial emission, deforestation, and land use change.

These activities drive the continued increase in greenhouse gas concentrations and also weaken the capacity of ocean and55
terrestrial ecosystems to absorb these gases(Hebbert, 2012). Urban areas are estimated to account for between 67% and 72%

of global greenhouse gas emissions, and they therefore play a central role in climate change mitigation(Shukla et al., 2022).

The international community has strengthened its focus on mitigation efforts at the urban scale, and many initiatives for control

and assessment have been implemented for cities(Bertelli et al., 2024). However, cities differ substantially in geography,

climatic context, and resource endowment, which results in strong heterogeneity in energy structure and carbon emission60
characteristics. Differences in levels of socioeconomic development further lead to large contrasts in total emission, growth

patterns, and mitigation pathways among cities. Fine scale estimation of CO2 emissions across multiple urban scales and

analysis of their structural and spatial distribution characteristics are essential for the formulation of differentiated and

operational mitigation policies. These efforts facilitate the identification of urban carbon emission hotspots and enhance

mitigation efficiency while also providing important scientific support for national and global greenhouse gas reduction65
strategies.
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Spatiotemporal information on CO2 emissions is primarily derived through two approaches, namely the bottom up method and

the top down method. The bottom up method mainly relies on survey based statistics and simulates CO2 emission through

empirical models(Detling et al., 1978; Beer et al., 2010) or process based models(Thornton et al., 2002; Sato et al., 2007;

Stagakis et al., 2023; Zhang et al., 2026). However, this method is limited by low temporal resolution and by substantial70
uncertainties introduced through anthropogenic modeling assumptions(Zhang et al., 2025; Song et al., 2024). The top down

method constrains prior emission inventories using observational data and mainly depends on atmospheric measurements, data

assimilation techniques, and atmospheric transport models. In recent years, advances in observational technology, including

the wider deployment of ground based observation networks and major progress in satellite remote sensing, have markedly

strengthened the role of the top down method in the estimation of carbon sources. At the global scale, projects such as75
GLOBALVIEW Plus and the Total Carbon Column Observing Network have provided extensive ground based measurement

records. Meanwhile, the launch of a series of satellite sensors such as SCIAMACHY, GOSAT, TanSat, GOSAT 2, the Orbiting

Carbon Observatory 2 mission, and the Orbiting Carbon Observatory 3 mission has greatly improved the spatiotemporal

resolution and accuracy of column averaged CO2 observations. For example, relative to the spatial resolution of approximately

30 km × 60 km for SCIAMACHY, the Orbiting Carbon Observatory missions achieve footprints on the order of about 1.2980
km × 2.25 km, and the uncertainty of column averaged CO2 retrievals has been reduced from about 14 ppm to less than 1

ppm(Liu et al., 2022; O'dell et al., 2018). At the urban scale, ground based stations can provide highly accurate observations,

but their deployment is constrained by site availability, and the high cost of construction and maintenance limits large scale

implementation. Moreover, only a limited number of cities have established dense urban CO2monitoring networks(Han et al.,

2024; Aigner et al., 2026). In contrast, satellite remote sensing offers advantages in objectivity, continuity, stability, wide85
spatial coverage, and repeat observation capability. As a result, satellite observations have become an essential means for

achieving high accuracy and high resolution estimation of CO2 emissions at the urban scale(Hu et al., 2024; Zhao et al., 2026).

Atmospheric CO2 flux data assimilation and inversion have achieved substantial progress in recent years, and multiple

inversion systems based on different modeling frameworks have been developed(Chevallier et al., 2019; Su et al., 2024). These

systems generally ingest ground based observations or satellite derived column averaged CO2 products as input and aim to90
estimate and analyze the spatial distribution of CO2 sources and sinks at global or national scales. However, inversion of CO2

fluxes at the urban scale remains insufficiently explored, and methodological development and system construction are still at

an early stage. Existing studies at the urban scale mainly rely on tall tower measurements(Lauvaux et al., 2016; Kunz et al.,

2026) or ground based observation networks(Kunik et al., 2019; Lian et al., 2024; Aigner et al., 2026). The high logistical

complexity together with the cost of deployment and maintenance constrains the scalability of this approach. Data assimilation95
inversions that use satellite based column averaged CO2 observations remain concentrated in Observing System Simulation

Experiments (OSSEs)(Ye et al., 2020), and their effectiveness for real world estimation of urban CO2 fluxes has not yet been

comprehensively verified. Advancing research on urban scale inversion of CO2 fluxes therefore has important theoretical value

and practical relevance.
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Most mainstream flux inversion systems employ Eulerian atmospheric transport models to simulate the transport and100
dispersion of CO2 in the atmosphere. Representative systems include the CarbonTracker system of NOAA(Peters et al., 2007;

Jacobson et al., 2023), the Copernicus Atmosphere Monitoring Service of ECMWF(Chevallier et al., 2005; Remaud et al.,

2018), the Jena CarboScope system of the Max Planck Institute for Biogeochemistry(Rödenbeck et al., 2014; Rödenbeck et

al., 2022), the GCAS v2 system developed at Nanjing University(Jiang et al., 2021), and the GONGGA system developed by

the Institute of Tibetan Plateau Research of the Chinese Academy of Sciences(Jin et al., 2023). Eulerian transport models105
provide mature and robust performance at large spatial scales, yet they face limitations in applications at the urban scale,

particularly in representing fine scale transport structures, adapting to complex terrain, and managing computational cost.

Lagrangian transport models simulate the trajectories of air parcels or particles and provide higher spatial resolution together

with stronger adaptability to sparse observations and complex terrain, which makes them advantageous for urban scale

inversion of CO2 fluxes.110

With respect to data assimilation and inversion algorithms, different systems adopt different methodological frameworks.

Systems such as CarbonTracker(Peters et al., 2007), COLA(Liu et al., 2022), and GCAS v2(Jiang et al., 2021) mainly employ

the Ensemble Kalman Filter for flux estimation, whereas systems such as CAMS(Friedlingstein et al., 2025),

THU(Friedlingstein et al., 2025) and GONGGA(Jin et al., 2023) adopt a four dimensional variational assimilation framework.115
Although these algorithms have been extensively applied at the mesoscale and at the global scale, the Bayesian inversion

framework provides greater flexibility and adaptability at the urban scale, where observational heterogeneity, large

uncertainties, and nonlinear behavior are more pronounced. The Bayesian framework supports explicit quantification of

inversion uncertainty and can effectively address nonlinear processes, and it has therefore been increasingly applied in recent

urban scale inversion studies with encouraging results(Kunik et al., 2019; Nickless et al., 2019; Roten et al., 2023; Hamilton120
et al., 2024). In summary, inversion of CO2 fluxes at the urban scale faces concurrent challenges associated with high resolution

simulation requirements and sparse observational coverage. Inversion systems that combine Lagrangian atmospheric transport

models with Bayesian inversion frameworks exhibit higher adaptability and improved estimation accuracy and are well suited

for refined assessment of urban carbon emissions.

In this study we developed an urban scale carbon flux inversion system named the FEISSO (Flux and Emission Inversion125
System for Satellite Observation) assimilation system, which is based on a Lagrangian atmospheric transport model and

employs a data assimilation framework based on Bayesian theory. The system uses satellite-retrieved XCO2, defined as the

column-averaged dry-air mole fraction of atmospheric CO2, to investigate the feasibility of deriving high-resolution urban-

scale CO2 flux distributions from satellite observations. To evaluate the sensitivity of inversion results to key parameters we

selected three cities, Weifang, Chengdu, and Xining, which differ in geographic setting and in level of economic development,130
as case studies for systematic sensitivity experiments. The objectives of this study are (1) to identify the major factors that

control the accuracy and stability of urban scale inversion of CO2 fluxes, and (2) to extract both common patterns and region

specific characteristics. To achieves these objectives, the influence of satellite observation accuracy, prior flux uncertainty,
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and the spatial resolution of meteorological fields on the inversion results are examined. This research provides methodological

guidance and recommendations for parameter selection for high accuracy and high resolution estimation of CO2 emissions at135
the urban scale and has both scientific significance and practical application value. The structural design and theoretical basis

of the FEISSO system are presented in Section 2. Results are presented in Section 3 and discussed in Section 4. Conclusions

are presented in Section 5.

2 Method and Data

2.1 FEISSO-Carbon140

We developed a greenhouse gas flux assimilation system named FEISSO-Carbon (Flux and Emission Inversion System for

Satellite Observation). The system ingests satellite-based observations of column-averaged mixing ratios and combines a

Lagrangian atmospheric transport model with a Bayesian inversion framework, to assimilate greenhouse gas fluxes at multiple

scales and resolutions, including high-resolution urban-scale, medium-resolution national-scale, and low-resolution global-

scale inversions. In this study, we primarily focus on urban-scale flux inversion. FEISSO-Carbon employs a dual-nested grid145
strategy, decomposing the contributions of column-averaged mixing ratios into regional, global, and background components,

thereby enabling a more refined characterization of emission source structures and improving the accuracy of regional

contribution estimates.

The FEISSO-Carbon system comprises five core modules, with its overall architecture illustrated in Fig. 1. The system takes

satellite-derived column-averaged CO2 mixing ratios as input and, driven by meteorological fields, applies the Lagrangian150
particle dispersion model FLEXPART(Stohl et al., 1998; Pisso et al., 2019) to perform backward trajectory simulations,

generating layered source-receptor relationships (SRRs). These layered SRRs are further refined through a convolution process

that incorporates prior mixing ratios information from satellite products, kernel functions, and pressure weighting functions,

yielding improved column-averaged SRRs. Multi-source emission inventories, after prior flux optimization, provide high-

resolution spatial distributions of emissions as prior input. These are combined with the column-averaged SRRs through155
multiplication to estimate the contributions of surface emissions to the global and regional observations. In parallel, a calibrated

background field is introduced to estimate the contribution of background mixing ratios, which is then combined with the

surface contributions to obtain the forward-simulated mixing ratios. The simulated mixing ratios are compared with satellite

observations, and the Bayesian assimilation framework FLEXINVERT+(Thompson and Stohl, 2014) is employed to retrieve

the high-resolution spatial and temporal distribution of greenhouse gas emissions at the urban scale.160
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Figure 1: Schematic Structure of the FEISSO-Carbon Inversion System

2.1.1 FLEXPART

FEISSO-Carbon utilizes FLEXPART to perform backward trajectory simulations of atmospheric CO2 particles, thereby

quantifying the contribution of surface emissions to the observed CO2 mixing ratios at receptor locations. FLEXPART, a165
Lagrangian particle dispersion model, is widely used to simulate the transport and mixing of trace gases in the atmosphere.

FLEXPART can simulate the trajectories of particles released from point, line, area, or volumetric sources, incorporating

atmospheric transport, diffusion, dry and wet deposition, radioactive decay, and first-order chemical reactions(Stohl, 1998;

Stohl et al., 2005). These simulations yield temporally and spatially resolved SRRs (Thomson, 1987), which characterize the

contributions of surface emissions from different regions to receptor-site CO2 mixing ratios.170
In this study, we employed version 10.4 of FLEXPART (https://www.flexpart.eu/) to release particles at each receptor location

and track them backward in time to compute the corresponding SRRs(Pisso et al., 2019). Previous studies have commonly

used ECMWF reanalysis datasets with spatial resolutions of 1°×1° or 0.5°×0.5° to drive FLEXPART(Thompson and Stohl,

2014; Thompson et al., 2025). However, our findings indicate that for urban-scale CO2 source attribution, the spatial resolution

of meteorological fields plays a critical role in accurately resolving the transport pathways of atmospheric CO2 (see Section175
3.1 for details). Accordingly, we used the NCEP Final (FNL) operational global analysis data with a spatial resolution of

0.25°×0.25° to drive the FLEXPART model, enabling global-scale backward trajectory simulations of CO2 transport at

0.25°×0.25° resolution. Within the targeted study domains, backward trajectory simulations were further refined to a spatial

resolution of 0.01°×0.01°, allowing for high-resolution attribution of CO2 transport pathways at the urban scale.
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2.1.2 FLEXINVERT+180

FEISSO-Carbon is built upon the Bayesian inversion framework FLEXINVERT+ and employs a two-level nested

configuration to assimilate urban-scale CO2 fluxes, yielding high-resolution spatial estimates of CO2 emissions.

FLEXINVERT+ models atmospheric transport using a linear forward operator H, and derives the optimal solution using

Bayes’ theorem. The most probable solution � minimizes the mismatch between observed and modeled mixing ratios, while

incorporating prior state estimates �� and their associated uncertainties(Tarantola, 2005). Assuming Gaussian-distributed185
uncertainties, the cost function J(x) is formulated as:

         1 obs 1 obs1 1   
2 2

TT
b bJ x x x x x y x y      x B H R H

(1)
where �(�×�) is the prior flux error covariance matrix, �(�×�) is the observation error covariance matrix, and ���� is the vector

of observed mixing ratios.

Solving for the minimum of the cost function � yields the posterior flux estimate. Several methods exist to minimize Eq.(1); in190
this study, we employ a first-order derivative approach, which leads to the rearranged form:

   1 obsT T
b bx x y


   BH HBH R Hx (2)

Here, the matrix ���� + � of size � × � is inverted via Cholesky decomposition to improve computational efficiency.

The corresponding posterior error covariance matrix A is given by the second derivative (Hessian) of the cost function:

    11 T TA J B BH HBH R HB
    (3)195

To address computational efficiency issues caused by the high spatial resolution, we apply a truncation method to the

eigenvalue decomposition during inversion, which significantly accelerates the assimilation process without compromising

the accuracy of the urban-scale CO2 flux estimates.

2.1.3 Layer-by-Layer convolution improvement for atmospheric columns

Current Lagrangian-based atmospheric inversion methods, such as FLEXPART-FLEXINVERT, are primarily designed for200
assimilating ground-based observations. These models simulate CO2 mixing ratios corresponding to specific vertical layers in

the atmosphere. In contrast, satellite-based column-averaged CO2 mixing ratios are derived from the convolution of mixing

ratios across multiple atmospheric layers. Therefore, it is necessary to convolve the model-simulated mixing ratios from

different vertical layers to ensure consistency with satellite observations. In this study, we convolve the model-simulated

mixing ratios from different vertical layers using the same algorithm employed by satellite retrievals, thereby generating205
forward-simulated values consistent with satellite column-averaged mixing ratios.

According to (Connor et al., 2008), the OCO-retrieved profile-weighted CO2 mixing ratio (XCO2) and its total uncertainty

������
2 are insufficient on their own for accurately inferring surface fluxes via inversion or data assimilation. Additional
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information, including the OCO measurements under a given CO2 vertical profile, atmospheric state, and surface conditions,

must be simulated. The OCO-retrieved XCO2 can be expressed as:210

 2 2 2 ,
a

CO CO j CO j a jj
  X X h a x x (4)

where ���2
� denotes the prior XCO2 value, � represents the pressure weighting function for each atmospheric layer, and � is

the averaging kernel associated with each layer during the convolution to the column-mean value. Similarly, the simulated

column-averaged CO2 concentration can be expressed as the convolution of layer-specific simulated mixing ratios:

 2 2 2,
m a
CO CO j CO j a jj

   mX X h a x x (5)215

By applying the forward model to simulate CO2 mixing ratios at each contributing atmospheric layer, and substituting

Equation (5) into the FLEXINVERT+ framework, we compute the modeled satellite-observed column-averaged CO2

concentration via convolution, as expressed in Equation(6).
mod
2 22 ( 2 h )

h h h

a a
j j

nest nest out out bg bg
j j j j j j

XCO XCO a y

f a H f a H y a H

   

           


  

(6)

In the column convolution process, all prior mixing ratios, pressure weighting functions, and averaging kernels used in this220
study are directly derived from the satellite XCO2 product. This satellite-based parameter configuration avoids uncertainties

arising from additional assumptions and ensures the physical consistency and reliability of the column convolution results.

Our algorithm is consistent with the normalization approach for column-averaged CO2 mixing ratios described by Thompson

et al. (2025) (Thompson et al., 2025), while offering greater flexibility in its application. Thompson et al. (2025) directly

modified the FLEXPART model to enable stratified simulations of CO2 particle trajectories during atmospheric transport,225
yielding normalized SRRs. Since SRRs quantify the contribution of emission sources to the CO2 mole fraction at a specific

receptor location, they are inherently independent of the vertical stratification details in atmospheric transport. Consequently,

our atmospheric column convolution framework operates independently of any particular atmospheric dispersion model and

supports both normalization and vertical resolution adjustments. It can be readily adapted to various satellite platforms,

observational strategies, and product characteristics, offering broad applicability and considerable potential across a wide range230
of scientific applications.

2.1.4 Correction of background CO2 concentration fields

Since Lagrangian atmospheric transport models can generally trace air parcels backward in time only for several days to several

weeks(Thompson and Stohl, 2014), it is necessary to represent the CO2 concentration at the termination point of the backward

trajectories, which is treated as the background mixing ratio. The background mixing ratio is defined as a long term and235
relatively stable atmospheric CO2 concentration that is not influenced by local surface emissions. To improve the accuracy of

this background field, a series of corrections are applied to the simulated mixing ratios.
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First, the GEOS Chem model is used to simulate the three dimensional spatiotemporal distribution of atmospheric CO2mixing

ratios over an extended period. The simulated mixing ratios are then calibrated through vertical profile fitting based on 84

historical AirCore aircraft observations obtained during the period from 2012 to 2021 and provided by NOAA’s Global240
Monitoring Laboratory (https://gml.noaa.gov/ccgg/aircore/). This procedure yields background values of CO2 that more

closely approximate actual atmospheric conditions. In order to remove the influence of surface emissions on the background

field, CO2 mixing ratios are extracted at three upper atmospheric pressure levels, namely 510.475 hectopascal, 139.115

hectopascal, and 48.282 hectopascal, and these values are used as the background mixing ratios in the regional assimilation

and inversion of CO2 fluxes.245

2.1.5 Prior Fluxes

For the prior fluxes of CO2, we consider three components: anthropogenic emissions, terrestrial net ecosystem exchange (NEE),

and oceanic fluxes. As FEISSO-Carbon estimates CO2 fluxes for the target region using a two-level nested framework, prior

fluxes are specified at both coarse-resolution global scales and high-resolution urban scales.

For anthropogenic emissions, at the global scale, we interpolate the EDGAR 2023 (Crippa et al., 2024)CO2 emission inventory250
from its original 0.1° × 0.1° resolution to 1° × 1° and 0.25° × 0.25°, to assess the impact of different meteorological data

resolutions and prior inventories on regional high-resolution CO2 flux inversions. At the regional scale, we combine the finer

spatial distribution of the ODIAC inventory(Oda et al., 2018) with the more accurate total emissions estimates from EDGAR

to derive CO2 fluxes at 0.01° × 0.01° resolution within the target area.

For terrestrial net ecosystem exchange, we interpolate the CT2019B product to 1° × 1° and 0.25° × 0.25° resolution at the global255
scale. Within the nested domain, we simulate NEE at 0.01° × 0.01° resolution using the WRF-GHG (Weather Research and

Forecasting model with Greenhouse Gases module) to achieve finer and more accurate representation of land-atmosphere CO2

exchange at the urban scale. WRF-GHG is a mesoscale atmospheric-greenhouse gas coupled model that incorporates the

Vegetation Photosynthesis and Respiration Model (VPRM), enabling high-resolution simulation of regional carbon fluxes and

the spatiotemporal distribution of atmospheric CO2mixing ratios. The enhanced vegetation index (EVI) and land surface water260
index (LSWI) are derived at 1 km resolution utilizing MODIS Level 3 8-day composite surface reflectance products at 500 m

resolution, and interpolate them spatiotemporally. The WRF model provides spatially resolved hourly meteorological fields,

soil conditions, and photosynthetically active radiation (PAR), which are used to drive the VPRM to dynamically simulate

NEE at 0.01° × 0.01° resolution.

For oceanic fluxes, we interpolate the global CO2v2014 product to resolutions of 1° × 1° and 0.25° × 0.25° at the global scale.265
If the study area includes coastal cities, oceanic fluxes are further interpolated to 0.01° resolution within the nested domain;

otherwise, they are omitted.

https://doi.org/10.5194/egusphere-2026-2619
Preprint. Discussion started: 18 June 2026
c© Author(s) 2026. CC BY 4.0 License.



10

2.1 Study area and satellite observations

2.2.1 Study regions

To comprehensively assess the performance of the FEISSO-Carbon assimilation system in estimating high-resolution urban-270
scale CO2 emission fluxes, we selected three cities in China that represent diverse geographic locations and levels of economic

development: Weifang in Shandong Province, Chengdu in Sichuan Province, and Xining in Qinghai Province. The geographic

locations and topographic characteristics of these cities are shown in Fig. 2.

From an economic perspective, Chengdu, as the economic hub of southwestern China, reported a gross domestic product (GDP)

of 2.3 trillion CNY in 2024, ranking eighth among Chinese cities. The EDGAR database shows that the annual CO2 emission275
in Chengdu was 131.48×106 t in 2023. Weifang is located in the economically developed eastern coastal region and benefits

from favorable geographic and industrial conditions. Its economic output is slightly lower than that of Chengdu, with a GDP

of approximately 820.32 billion CNY in 2024. The annual CO2 emission in 2023 was 42.238×106 t, as reported by EDGAR.

Xining is located on the Qinghai-Tibet Plateau, within China’s second topographic step. Due to its geographic constraints and

limited resource endowment, its economic development lags behind that of the other two cities. Its GDP in 2024 was280
approximately 180 billion CNY. Xining's annual CO2 emission in 2023 reported by EDGAR was 24.149×106 t(Crippa et al.,

2024).

In terms of topography, Weifang is situated on the flat eastern coastal plain, which is favorable for transportation and industrial

development. Chengdu lies in the western part of the Sichuan Basin, which is enclosed and characterized by terrain that is

higher in the west and lower in the east. The basin effect is pronounced, making it less favorable for the dispersion of air285
pollutants and ventilation out of the basin. Xining is located in a complex terrain zone of interlaced plateaus, mountains, and

river valleys. The region exhibits substantial topographic variation and limited air circulation, leading to the frequent

accumulation of pollutants, particularly during the winter heating season. The three study areas exhibit contrasting geographic

settings, with Weifang, Chengdu, and Xining, thereby providing representative cases for evaluating urban-scale CO2 flux

inversions under different environmental and development conditions.290
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Figure 2: Geographic Location and Elevation Maps of China (a), Xining (b), Weifang (c), and Chengdu (d)

2.2.2 OCO-2 XCO2 observational data

In this study, we utilize XCO2 observations from the Orbiting Carbon Observatory-2 (OCO-2) as the observational input for

the FEISSO-Carbon assimilation system. Launched in July 2014, OCO-2 operates in a sun-synchronous orbit at an altitude of295
705 km and an inclination of 98.2°, with an orbital period of 98.82 minutes and a 16-day revisit cycle. The local overpass time

is approximately 13:36. OCO-2 employs three observation modes: nadir, glint, and target. With a spatial resolution of 2.25 km

× 1.29 km, OCO-2 meets the requirements for estimating high-resolution CO2 emission fluxes at the urban scale using the

FEISSO-Carbon system.

Among the multiple product versions available for OCO-2 XCO2, we adopt the version 11.1 column-averaged CO2 product in300
this study. As noted by Crisp et al. (2021), the single-retrieval uncertainty of XCO2 in version 11.1 is less than 0.5 ppm, with

total errors generally below 1.0 ppm. Compared to earlier versions, v11.1 introduces significant improvements in aerosol

correction, atmospheric scattering modeling, and orbital calibration, resulting in reduced systematic and random errors(Crisp

et al., 2021). Compared with other satellite products such as GOSAT and TanSat, OCO-2 v11.1 offers higher spatial resolution,
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lower uncertainty, and a richer set of ancillary retrieval parameters, making it more suitable and advantageous for urban-scale305
carbon emission studies. The orbit tracks corresponding to the study periods and regions for each of the three cities are listed

in Table 1. As our study focuses on a 1 km × 1 km grid resolution, which does not align precisely with the OCO-2 observation

footprint, we resample the OCO-2 product. A "super observation" is defined as the median of all observations within one

standard deviation in each 1 km × 1 km grid cell. Consequently, the numbers of super observations during the study periods

are 829 for Weifang (35.7-37.4°N, 118.1-120.1°E), 311 for Chengdu (30.05-31.26°N, 102.54-104.53°E), and 676 for Xining310
(36.27-36.56°N, 101.18-101.52°E), respectively.
Table 1 Table of OCO-2 Data Used in This Study

Num Study Area Study Period OCO-2 Track Number Number of Super Observations
1 Weifang 2023.01.27-2023.02.05 45594, 45623, 45725 829
2 Chengdu 2023.03.06-2023.03.15 46250 311
3 Xining 2023.11.25-2023.12.04 50007, 50080, 50109 676

2.3 Experimental design

To evaluate the impacts of meteorological field resolution and system parameter sensitivity on the spatial distribution and total

amount of CO2 emissions, we designed a series of sensitivity experiments. In terms of prior flux specification, FEISSO employs315
a two-way nesting strategy to efficiently estimate high-resolution urban CO2 fluxes. We first evaluated the influence of

meteorological fields from the outer domain by comparing inversion results driven by resolutions of 1° × 1° and 0.25° × 0.25°.

The corresponding experiments and their impacts on inversion performance are discussed in Sect. 3.

For the nested domain covering the study area, a finer spatial resolution of 0.01° × 0.01° was adopted. EDGAR provides widely

accepted estimates of total anthropogenic CO2 emissions(Ahn et al., 2023), whereas ODIAC provides finer spatial emission320
patterns. Therefore, the total CO2 emissions from EDGAR were redistributed according to the spatial distribution of ODIAC

to construct the prior fluxes in the nested domain. This approach provides prior fluxes with both high spatial resolution (0.01°)

and improved spatial representativeness.

In the system parameter sensitivity analysis, we focused on five key parameters: observation error (ObsErr), total flux error

for the inversion domain (GlobErr), prior flux error (FlxErr), spatial correlation length over land (SigLand), and temporal325
correlation length (SigTime). These parameters characterize the influences of observational precision, overall regional

emission uncertainty, prior flux uncertainty, the spatial extent of emission impacts on receptor concentrations, and the

timescale of emission impacts on receptor concentrations, respectively. Each parameter was analyzed individually by varying

its value while holding the others constant to assess its influence on regional CO2 flux inversion. The tested ranges included

observation errors of column-averaged CO2 (0.5-5 ppm), domain-wide total CO2 flux uncertainties (1%-25% of annual city-330
level CO2 emissions), prior flux uncertainties (1%-30%), land spatial correlation lengths (10-50 km), and temporal correlation

lengths (1-21 days). The sensitivity experiment design is summarized in Table 2. During the sensitivity tests, the default

parameter values were set as follows: ObsErr was set to 1 ppm; GlobErr was calculated as twice the emission growth rate plus
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the known difference between the prior inventory and local statistical data; FlxErr was set to 10%; SigLand to 25 km; and

SigTime to 7 days.335
Table 2 Experimental Design Table for System Parameter Sensitivity Analysis

Spatial resolution of meteorological fields 1°×1° 0.25°×0.25°
Exp 1 Exp 2 Exp 3 Exp 4 Exp 5 Exp 6

ObsErr (ppm) 1.0 0.5 0.7 1.0 2.0 3.0 5.0

GlobErr(% of a priori annual
total emissions)

Weifang 15% 1% 5% 10% 15% 20% 25%
Chengdu 15% 1% 5% 10% 15% 20% 25%
Xining 10% 1% 5% 10% 15% 20% 25%

FlxErr 10% 1% 5% 10% 15% 20% 30%
SigLand(km) 25.0 10.0 15.0 20.0 25.0 30.0 50.0
SigTime(day) 7 1 3 7 10 14 21

To assess the influence of wind field resolution on regional CO2 flux inversions, we conducted backward simulations using

two versions of NCEP Final Operational Global Analysis (FNL) data at resolutions of 1° × 1° and 0.25° × 0.25°, to establish

the relationship between satellite observations and surface fluxes. By comparing the inversion results derived from different-340
resolution meteorological inputs, we clarified the role of wind field resolution in the FEISSO-Carbon assimilation system and

its impact on regional CO2 flux estimates.

3 Results

3.1 Sensitivity to meteorological field spatial resolution

In this study, an atmospheric transport model is used to trace the observed variations in CO2 mixing ratios backward in time,345
in order to adjust surface-atmosphere CO2 fluxes. As such, accurately simulating atmospheric transport is essential for reliable

surface flux quantification. The FLEXPARTmodel used in this study is driven bymeteorological reanalysis data and calculates

the relationship between observation points (receptors) and surface fluxes (sources/sinks) via the source-receptor relationship

(SSR). Thus, the accuracy of the meteorological fields driving the transport model is critically important, especially since the

horizontal spatial resolution of meteorological inputs strongly influences the fidelity of local wind field simulations(Giovannini350
et al., 2014; Varghese et al., 2011). We conducted global simulations of column-averaged CO2 mixing ratios using

meteorological fields at 0.25° and 1° resolution, and compared them against satellite observations to evaluate how

meteorological resolution influences the accuracy of simulated CO2 columns.

Figure 3 presents a comparison between simulated and observed column averaged CO2mixing ratios for the three study cities,

including the mean absolute error and the statistical distribution of simulation errors. The results in Fig. 3a show that355
simulations driven by meteorological fields with a spatial resolution of 0.25° produce mixing ratios that are closer to

observations, with mean absolute errors of 0.69 ppm for Weifang and 1.09 ppm for Chengdu, representing 2.7 fold and 3.6

fold improvements relative to simulations with a resolution of 1°. In Chengdu, the mean absolute error with a 1° resolution can

reach 3.89 ppm. Given the complex topography in this region and the large elevation decrease from the northwest to the
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Sichuan Basin, the higher resolution meteorological field improves the representation of local transport processes and enhances360
the simulation of column averaged CO2.

Figure 3b shows the statistical characteristics of the simulation errors. For the 0.25° simulations, the median bias fluctuates

around zero, while the 1° simulations exhibit larger systematic bias. Consistent with the mean absolute error results, Chengdu

shows the largest overall error range, with a wider spread between minimum and maximum errors than the other two cities.

The 0.25° simulations reduce the systematic overestimation in Chengdu and produce a more concentrated error distribution365
with fewer extreme deviations. In Weifang, the median error also improves markedly at 0.25° resolution, and the interquartile

range decreases from 0.81 ppm to 3.12 ppm to a range from -0.88 ppm to 0.05 ppm, which indicates that half of the errors are

smaller than 1 ppm and the overall simulation error is constrained within 5 ppm. In Xining, the deviation at 1° resolution is

already small, with a mean absolute error of 1.00 ppm, and the improvement at 0.25° resolution is therefore limited.

Overall, meteorological fields with a spatial resolution of 0.25° improve the representation of local transport features in urban370
CO2 simulations and enhance the reliability of the inversion results, and this resolution is therefore adopted as the standard

configuration in the subsequent sensitivity experiments.

Figure 3: The effect of atmospheric transport model resolution on simulated XCO2 fields. (a) absolute mean deviation between the
simulated XCO2 and satellite observations for the three cities at 1° and 0.25° resolution; (b) distribution of deviations between the375
simulated XCO2 and satellite observations for the three cities at 1° and 0.25° resolution. The box represents the upper and lower
quartiles of the deviations, the center line indicates the median, and the whiskers indicate the maximum/minimum values of the
deviations

3.2 Total emission adjustment effects of model parameters

A 10-day CO2 emission inversion sensitivity experiment was conducted for Weifang, Chengdu, and Xining, during which total380
CO2 emissions were calculated using different combinations of parameter settings for each city, as described in Section 2.3.

The sensitivity of the 10-day total CO2 emissions to individual parameters is illustrated in Fig. 4, for the three cities. For each

parameter, the x-axis corresponds to Exp1 to Exp6 from left to right.
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Figure 4: Sensitivity of 10-day total CO2 Emissions to the settings of model parameters for (a) Weifang; (b) Chengdu; (c) Xining .385
All experiments were made using meteorological fields with a spatial resolution of 0.25°. The values of the parameters are provided
in Table 2, e.g. ObsErr varies from 0.5 to 5.0 (left to right), etc.

Overall, ObsErr and GlobErr exert the most pronounced influence on regional CO2 emission estimates, followed by the

SigTime. In contrast, changes in FlxErr and SigLand have small effects relative to the other three parameters, resulting in

limited adjustments to total emissions.390
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In Weifang and Xining, the variation of CO2 emissions with increasing ObsErr and GlobErr shows opposite trends in the two

cities. As ObsErr decreases and GlobErr increases, the ten day cumulative CO2 emissions in Weifang and Xining gradually

deviate from the prior inventory estimates. This pattern indicates that with higher observational accuracy and weaker total flux

constraints, the inversion system is able to adjust the prior inventory more substantially and to reveal additional local emission

features. In contrast, the situation in Chengdu is more complex. The influence of complex terrain and unstable meteorological395
conditions limits the availability of satellite observations, which in turn leads to a non monotonic relationship among ObsErr,

GlobErr, and total emissions. As ObsErr decreases and GlobErr increases, the ten day cumulative CO2 emissions in Chengdu

first decrease and then increase, with inflection behavior occurring near ObsErr of about 1.5 ppm and GlobErr of about 8

megaton per year. This result suggests that when observational uncertainty becomes too large, the inversion system loses

effective constraint on the prior estimate and the total emissions tend to return toward the prior value. Similarly, when GlobErr400
is set to an excessively small value, the system lacks sufficient flexibility to depart from the prior field, which again causes the

total emissions to converge toward the prior estimate. Although observational coverage in Chengdu is limited, these response

characteristics remain evident and highlight the crucial role of error parameter specification in urban CO2 emission inversion.

When the allowable correction range for total emissions in Xining is excessively large, the inversion yields an overcorrection

that converts a carbon source into an apparent carbon sink and produces a negative total emission estimate.405
From the perspective of SigTime, the three cities exhibit broadly consistent behavior. As SigTime increases, the ten day

cumulative CO2 emissions progressively diverge from prior levels. This behavior indicates that longer temporal correlation

assumptions enhance the ability of the inversion system to represent the cumulative and continuous nature of emission

processes and to respond more effectively to actual emission variations. As further illustrated in Fig. 6, when satellite

observations provide sufficient coverage of the inversion time window, as in Weifang and Xining, the impact of increasing410
SigTime gradually stabilizes and the system approaches an adjustment saturation state. When observational coverage is limited,

as in Chengdu, the influence of SigTime continues even after partial flattening, which indicates that additional adjustment

potential remains.

3.3 Spatial adjustment effects of model parameters

A systematic sensitivity analysis was conducted to assess the influence of the key parameters introduced in Section 2.3 on the415
spatial distribution of CO2 fluxes across each of the three cities. In this experiment, the five key parameters were varied within

the limits indicated in Table 2. The effects of different parameter settings on the spatial structure and magnitude of CO2 fluxes

were quantitatively evaluated using flux frequency distribution histograms presented in Figure 5.
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Figure 5: Histograms of CO2 flux distributions for different parameter configurations in Weifang, Chengdu, and Xining (left to420
right): effects of ObsErr, GlobErr, FlxErr, SigLand and SigTime (top to bottom). Red, blue, and black lines represent Groups 1, 6,
and the standard case, respectively.
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Figure 5 presents histograms showing the influence of FlxErr, GlobErr, FlxErr, SigLand and SigTime on CO2 flux distributions

in Weifang, Chengdu, and Xining. Red, blue, and black curves represent results from Exp 1, Exp 6, and default parameter

setting, respectively. In Weifang, the flux frequency distribution exhibits a clear bimodal structure, with positive fluxes425
(emissions) occurring significantly more frequently than negative fluxes (uptake). The emission peak is located between 10-8

and 10-7 kg·m-2·s-1, while the uptake peak lies in the range of -10-8 to -10-9 kg·m-2·s-1. Overall, CO2 emission magnitudes exceed

those of CO2 sinks. This suggests that the majority of grid cells in Weifang are emission-dominated, with relatively high overall

CO2 output and a significant number of high-emission hotspots. In other words, the CO2 flux pattern in Weifang is

characterized by strong emissions and weak uptake. In contrast, the flux distribution in Chengdu shows that the uptake is430
stronger than the emissions, i.e. Chengdu is a net sink. The peak of CO2 uptake is centered around -10-7 kg·m-2·s-1, while the

peak of emissions lies between 10-9 and 10-8 kg·m-2·s-1. The flux distribution in Chengdu is also characterized by a high

frequency of near-zero values, indicating weak emission or uptake. High-emission grid cells are relatively sparse. In Xining,

the peak of the positive CO2 flux distribution is around 10-8kg·m-2·s-1, while that of the negative flux is at approximately -10-

12kg·m-2·s-1, indicating an overall pattern of weak emissions and weak uptake.435
Table 3 Statistical Table of Urban CO2 Emission and Uptake Differences for Different System Parameters.

Δerr(×105t) Weifang Chengdu Xining
emission uptake emission uptake emission uptake

ObsErr 0.5ppm 10.17 0.01 1.71 0.01 -4.46 -0.46
5ppm -14.97 -0.01 5.32 0.01 2.55 0.00

GlobErr 0.01 -16.88 -0.01 5.80 0.00 2.64 0.00
0.25 7.49 0.00 3.95 0.02 -6.36 1.94

FlxErr 0.01 0.07 0.00 0.07 0.00 0.00 0.00
0.3 -0.62 0.00 -0.26 0.00 0.02 0.00

SigLand 10km -0.96 0.00 0.40 0.01 0.68 0.00
50km 0.10 0.00 -0.11 -0.01 -0.59 0.00

SigTime 1d -10.24 0.00 5.56 0.01 1.83 0.00
21d 2.93 0.00 -3.58 0.00 -0.86 0.00

Table 3 presents the differences between the total CO2 emissions and absorptions obtained from Exp 1 and Exp 6 and the

corresponding reference values for Weifang, Chengdu, and Xining. Overall, based on the combined analysis of Fig. 5 and

Table 3, the differences in total CO2 absorption in Weifang and Chengdu fluctuate within approximately ±0.01×105 t,440

indicating that variations in system parameters have a relatively minor impact on carbon sink regions.

As shown in the first column of Fig. 5, in Weifang, ObsErr and GlobErr exert a significant influence on the total CO2 emissions

over a 10-day period, consistent with the findings discussed in Section 3.2. As ObsErr decreases and GlobErr increases, high-

emission regions in Weifang (10-5 to 10-4kg·m-2·s-1) intensify markedly, while low-emission regions (10-13 to 10-11kg·m-2·s-1)

are significantly diminished, exhibiting a pronounced "seesaw" effect. Variations in FlxErr have little impact on the occurrence445
frequency of high CO2 emissions, but they induce noticeable spatial adjustments in the low-emission regions, particularly

within the emission range below 10-9 kg·m-2·s-1. Specifically, as FlxErr increases, the frequency of 10-11 kg·m-2·s-1 emissions
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in the low-emission regions of Weifang decreases, while the frequency of emissions in the 10-13 to 10-12 kg·m-2·s-1 range

increases. The influence of SigLand on total emissions is similar to that of FlxErr, but its main effect on flux distribution is to

smooth out strong emission areas. As SigLand increases, the strong CO2 emission regions in Weifang are attenuated. SigTime450
has a certain influence on the total CO2 emissions in Weifang, but its impact on the distribution of emission frequencies is

relatively minor.

As shown in the second column of Fig. 5, in Chengdu, ObsErr and GlobErr primarily affect CO2 fluxes in the 10-5 and <10-10

kg·m-2·s-1 ranges, with limited influence on the peak frequency range of emissions. When ObsErr decreases, both high and

low emission frequencies increase in Chengdu; however, when ObsErr reaches 5 ppm, low-emission regions are suppressed455
and shift toward even lower flux values, while high-emission regions are significantly enhanced. When is set to 1×106 t·y-1,

Chengdu exhibits a "seesaw" pattern in CO2 flux distribution similar to that in Weifang. However, the influence of GlobErr on

the CO2 flux distribution in Chengdu is relatively minor in regions characterized by strong emissions or strong sinks, and is

instead concentrated in areas with weak sources and sinks. The effects of FlxErr and SigLand on the CO2 flux distribution in

Chengdu are generally consistent with those observed in Weifang; however, due to Chengdu’s complex topography, the460
responses exhibit greater variability. When SigLand is relatively short (10 km), weak CO2 uptake regions (-10-11 to -10-15kg·m-

2·s-1) are partially transformed into weak emission regions (10-16 to 10-14kg·m-2·s-1). The CO2 flux distribution in Chengdu also

shows a smoothing effect with increasing SigTime, but unlike SigLand, the low-emission and low-absorption regions are

enhanced at the same time, which may be related to the fact that there is only one track of XCO2 observations in Chengdu

during the assimilation time window.465
As shown in the third column of Fig. 5, unlike Weifang and Chengdu, the terrestrial ecosystem in Xining exhibits more

substantial adjustments in response to parameter variations. While changes in ObsErr and GlobErr do not significantly alter

the peak frequency of CO2 emission distributions, they exert a marked influence on the frequency distribution of CO2 uptake

in Xining. Similar to Weifang, Xining shows a "seesaw" effect in CO2 emissions under changes in ObsErr and GlobErr.

However, in contrast, a decrease in ObsErr and an increase in GlobErr lead to a significant enhancement in CO2 uptake in470
Xining. Given the generally weak CO2 emission and uptake in Xining, the impacts of FlxErr and SigLand on flux spatial

distribution are relatively limited. The influence of SigTime on the CO2 flux distribution in Xining is also similar to that

observed in Weifang, with no significant changes detected.

Overall, ObsErr and GlobErr induce a "seesaw" effect in CO2 emission distribution. FlxErr primarily influences weak emission

regions (less than 10-9 kg·m-2·s-1), with limited effects on CO2 uptake zones. SigLand mainly serves to smooth the flux spatial475
distribution. In regions with complex topography (e.g. Chengdu), a short SigLand may lead to inversions between weak

emission and weak uptake areas. SigTime has a notable impact on the total emissions, but its effect on spatial flux patterns is

limited when the observation frequency within the assimilation window is sufficient. However, if observation coverage is

insufficient, a longer SigLand may distort the spatial distribution of CO2 fluxes.
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3.4 Temporal sensitivity characteristics of model parameters480

To further investigate the spatiotemporal response characteristics of urban CO2 emissions in different cities, we performed 10

day CO2 flux inversion experiments for Weifang, Chengdu, and Xining. The sensitivity of observed column averaged mixing

ratios to preceding emissions was quantified in order to distinguish contributions from local and nonlocal sources. For each

satellite observation, the normalized contributions of emissions during the previous seven days were computed and separated

into components originating within the inversion domain and components associated with background or remote sources. The485
corresponding results are presented in Fig. 6.

Figure 6 Normalized temporal contributions of emissions from different preceding days to each satellite overpass in Weifang,
Chengdu, and Xining. Each color represents a single observation. Upper and lower panels denote contributions from the urban
inversion domain and from global and remote sources490
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Figure 6 presents the normalized temporal contributions of emissions from different preceding days to each satellite overpass

for Weifang, Chengdu, and Xining. Each color represents a single observation. The upper part of each panel indicates the

influence of emissions within the urban inversion domain, and the lower part represents the contributions from global and

remote emission sources. Overall, all three cities exhibit a common pattern in which local emissions dominate the satellite

signal, while global emissions exert a more gradual influence. The impact of urban emissions is primarily concentrated within495
1 - 3 days prior to observation, rapidly declining over time and exhibiting a clear lagged response. In contrast, the background

contribution is more stable and peaks 1 - 2 days earlier, indicating a delayed response of background CO2 to the observation.

Specifically, in Weifang, the peak contribution from local emissions occurs within one day prior to observation, showing the

shortest influence window and the fastest decay rate. This suggests that the satellite signal is mainly affected by high-frequency,

near-surface emissions, consistent with the rapid air mass transport facilitated by the open terrain of the North China Plain and500
prevailing land-sea breezes. The influence of global emissions on Weifang observations is limited, as indicated by the lower

and flatter dashed-line profiles.

Specifically, in Weifang, the peak contribution from local emissions occurs within one day prior to observation, showing the

shortest influence window and the fastest decay rate. This suggests that the satellite signal is mainly affected by high-frequency,

near-surface emissions, consistent with the rapid air mass transport facilitated by the open terrain of the North China Plain and505
prevailing land-sea breezes. The influence of global emissions onWeifang observations is limited, as indicated by the relatively

small contributions in the lower part of the bars.

In Chengdu, both local and global emissions affect the satellite observations over a longer duration compared to Weifang. The

normalized contribution from local emissions remains elevated within 2-4 days prior to observation, indicating a more

pronounced lag. This pattern can be attributed to Chengdu’s geographic position along the western edge of the Sichuan Basin,510
where low wind speeds and weak atmospheric mixing frequently result in stagnant meteorological conditions that inhibit

pollutant dispersion(Liu et al., 2016) and enhance the lagged impact of local emissions on observations. As one of the regions

in China with the poorest atmospheric self-cleaning capacity, the Sichuan Basin experiences persistently low average wind

speeds(Wang et al., 2020; Xia et al., 2024). This exacerbates the accumulation of pollutants in urban areas and enhances the

sensitivity of CO2 flux inversion to historical emissions, causing satellite observations to remain influenced by prior emissions515
over extended periods. Additionally, global contributions in Chengdu show relatively small variation compared to local

contributions, reinforcing the dominance of in-situ emissions over background perturbations. This phenomenon further

confirms that the basin topography constrains external air mass intrusion and atmospheric exchange, resulting in a CO2

concentration pattern primarily controlled by local sources.

In Xining, the contribution from local emissions resembles that in Weifang, with a peak occurring one day prior to observation,520
indicating that the satellite signal is predominantly influenced by frequent near-surface emissions. Despite its location in a

narrow river valley on the northeastern edge of the Tibetan Plateau, where adjacent mountains significantly constrain wind

flow, Xining experiences strong daytime turbulence (up to 3000 m), which facilitates vertical mixing and rapid decay of local

CO2 signals within 24 hours(Maming-Liang et al., 2014; Zhou et al., 2023). Regarding global emissions, Xining lies between
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Weifang and Chengdu in terms of temporal influence duration. The complex terrain of the plateau leads to variable transport525
pathways and active local circulation, resulting in a more evenly distributed and temporally dispersed global emission

contribution.

In summary, city geography, terrain closure, and atmospheric transport conditions play a pivotal role in shaping the temporal

response characteristics of CO2 flux inversions. Typically, local contributions influence observations over 1 - 3 days, while

global emissions have a slightly longer influence of approximately 3 - 5 days. Complex terrain and calm wind conditions (e.g.,530
in Chengdu) can further extend the period during which this influence is effective. Within the assimilation window, increasing

observation frequency helps to capture both local and global emission contributions more effectively, thereby improving the

robustness of the flux inversion. Extending SigTime may offer limited benefits if the observational coverage within the window

is sparse. Therefore, in urban-scale CO2 inversions, it is essential to tailor the emission influence window based on local

topography and meteorological conditions and to increase the temporal density of observations to improve inversion accuracy.535

4 Discussion

4.1 Estimation of global uncertainty

In the implementation of city-scale CO2 flux inversions using the FEISSO carbon data assimilation system, we identified

ObsErr and GlobErr as two critical parameters governing the reliability of emission estimates. These parameters play a

dominant role in regional total emission estimation and are fundamental prerequisites for accurately capturing urban CO2540
emission characteristics. By aligning the assumed observational uncertainty with the known uncertainty of the satellite column-

averaged CO2 product, the influence of measurement error on the inversion results can be effectively constrained. Accordingly,

properly determining GlobErr is essential for improving the accuracy of the inversion results. Given the temporal lag inherent

in inventory-based prior emission estimates, we estimated regional CO2 flux uncertainty by combining city-level emission

intensity growth rates with the discrepancy between historical prior emissions and statistically reported total emissions. We545
estimated the global uncertainty using the interannual growth rate of CO2 emissions relative to the Gross City Product (GCP)

as follows:

yeargloberr (Growth 2+Difference )year priori sataemission    (7)

where emissionyear represents the annual CO2 emissions from the prior inventory, Growthyear denotes the city-specific emission

intensity growth rate (i.e., CO2 emissions per unit GDP), and Differencepriori-stat is the relative difference between the prior550
emissions and statistically reported total emissions. Based on GDP information from the China Urban Statistical Yearbook

and emission data from the EDGAR inventory, the emission intensity growth rates for the period 2022 to 2023 were 1.4%

lower in Weifang, 0.45% lower in Chengdu, and 4.85% lower in Xining. The discrepancies between the 2022 prior CO2

emissions and statistics-based totals were -13.9% for Weifang and 1.5% for Xining. City-level statistical data for Chengdu in

2022 were not available at the time of analysis. Following Equation (7), we defined the regional CO2 flux uncertainty as the555
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sum of twice the emission intensity growth rate and the known deviation between prior and statistical totals. Consequently,

the domain-level CO2 flux uncertainty was set to 16.7% and 11.2% of the annual total emissions for Weifang and and 11.2%

of that for Xining. For Chengdu, in the absence of recent local statistics, a fixed uncertainty of 15% was adopted based on

sensitivity analysis results.

4.2 Estimation of total emissions560

To further investigate how geographical differences and stages of urban development affect CO2 flux inversion characteristics,

we recommend model parameters for Weifang, Chengdu, and Xining based on a comprehensive evaluation of parameter

sensitivities (Sections 3 and 4.1), as summarized in Table 4.
Table 4 Table of System Parameter Settings for Weifang, Chengdu, and Xining.

ObsErr (ppm) GlobErr (t) FlxErr SigLand (km) SigTime (day)
Weifang 1.0 16.7%×emissionyear 10% 25 3
Chengdu 1.0 15%×emissionyear 10% 25 7
Xining 1.0 11.2%×emissionyear 10% 25 3

565
FEISSO was used with these parameters to estimate the 10-day total CO2 emissions for Weifang, Chengdu, and Xining. The

contributions from the terrestrial ecosystem in the prior fluxes account for -5.26%, -111%, and 11.3%. The fossil fuel CO2

emissions obtained after removing the influence of terrestrial ecosystem fluxes, including comparisons with prior inventory

and local statistical data, as well as the spatial distribution patterns, are presented in Fig. 7. The estimated 10-day fossil fuel

CO2 emissions were 3.09×106 t for Weifang, 2.19×106 t for Chengdu, and 0.57×106 t for Xining. A comparison of fossil fuel570

CO2 emissions in Weifang, Chengdu, and Xining is presented in Table 5.
Table 5 Statistical summary of fossil fuel CO2 emissions in Weifang, Chengdu, and Xining.

CO2(×106 t) Total NPP Anthro EDGAR Local Wang 2019 MODIS NPP

Weifang 3 -0.09 3.09 3.6 3.02 - -0.15
Chengdu 0.6 -1.52 2.19 1.15 - 1.7 -1.09
Xining 0.67 0.1 0.57 0.66 0.64 1.16 0.00

As a representative industrial city, Weifang contains a large number of traditional high carbon industries (Ma et al., 2024).

Although the GDP of Weifang is lower than the GDP of Chengdu, the CO2 emission intensity per unit GDP is substantially575
higher, which leads to the highest total CO2 emissions among the three cities as shown by the inversion results. Emission

hotspots in Weifang are spatially extensive and intense, and they show strong sensitivity to model parameters such as prior

flux uncertainty and spatial correlation length. In contrast, Chengdu has the highest total economic output among the three

cities. The rapid expansion of green and low carbon industries, including renewable energy and information technology, has

reduced the share of traditional high carbon sectors in recent years (Xiao et al., 2024; Yu et al., 2024), which results in overall580
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lower CO2 emissions than in Weifang. Chengdu is located in the central Sichuan Basin, where low elevation and weak near

surface winds suppress atmospheric dispersion and favor the accumulation of pollutants (Chen et al., 2021; Xiong et al., 2023).

These conditions limit the effectiveness of flux adjustments over emission hotspot regions and tend to cause local CO2mixing

ratios to be overestimated. Xining has the lowest GDP and the lowest total CO2 emissions among the three cities. Emission

hotspots in Xining are spatially concentrated and relatively weak in intensity (Zhao et al., 2019), which leads to the lowest585
parameter sensitivity and indicates strong stability in the inverted flux fields.

Figure 7. 10-Day Total CO2 emissions estimated using FEISSO, together with EDGAR inventory and local statistical data (stat.) for
Weifang, Chengdu, and Xining (left) and spatial distributions of the FEISSO fossil fuel CO2 emissions over these cities (right)

The uncertainty in CO2 flux estimation primarily arises from the quantity and temporal frequency of satellite-based column-590
averaged CO2 (XCO2) observations. Due to the orbital limitations of the OCO-2 satellite, consistent observational coverage

cannot be guaranteed within a 10-day assimilation window. Wu et al. (2020) highlighted that satellite observations with high
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temporal frequency and wide spatial coverage can significantly enhance the reliability of urban-scale CO2 flux assimilation

(Wu et al., 2023). To maximize observational coverage during the assimilation window, we examined all satellite overpasses

over the three urban regions in 2023. We found that both Weifang and Xining received data from three orbital tracks within595
each 10-day window, with a total of 829 and 676 valid observations, respectively. In contrast, due to sparser coverage, the

selected assimilation window in this study represents the time period with the highest number of valid observations available

for Chengdu. Although the limited number of satellite tracks may introduce radial-pattern uncertainties in hotspot emission

regions, sensitivity analysis for Chengdu indicates that this effect does not significantly impact the overall spatial distribution

or total regional emissions, and the trends in response to parameter variations remain consistent.600

4.3 Evaluation of emission hotspot impacts

By comparing the inversion results obtained under different parameter configurations, particularly the posterior flux

distributions, we find that the spatial locations of the major emission hotspots remain largely stable. The differences are mainly

reflected in the adjustments to emission magnitudes. To further assess the ability of FEISSO to identify point source emissions,

we selected two identified plumes from CarbonMapper over Weifang on 29 March 2024. Figure 8 shows the superimposed605
display of our posterior flux distribution, the local point emission, and the plumes identified by CarbonMapper. The prior flux

distributions used for inversion are redistributed to the EDGAR fossil fuel sectors by the ODIAC emissions (Fig. 8a & b) and

the local point emission inventories (Fig. 8c, d). For local point emissions, the size of the red points indicates the emission

intensity, and the exact values are marked on the Fig. 8. The plumes form CarbonMapper are located at 118.774°E, 36.93°N

and 118.907°E, 37.268°N. The CO2 flux from CarbonMapper and our study have been converted to the same unit and their610
intensity is indicated with a consistent color bar. According to the local emission inventory of Weifang, plume 1 is mainly

associated with Shandong Shouguang Juneng Special Steel Co., Ltd. and the First Branch of Shandong Lianmeng Chemical

Co., Ltd. Plume 2 is primarily related to Shenhua Guohua Shouguang Power Co., Ltd.

The ODIAC-based point-source emission map for Weifang presented in Fig. 8a & b indicates substantial spatial discrepancies

in the location of emission hotspots. The FEISSO inversion results depend strongly on the spatial structure of the prior emission615
inventory. Using the locations of the maximum values in the ODIAC-based posterior fields as the spatial reference, the

distances between the plume locations identified by CarbonMapper and the two maximum value centers are 1.85 km and 5.55

km, which indicates a pronounced spatial discrepancy. This phenomenon is mainly attributed to the spatial allocation strategy

of ODIAC, which relies on nighttime light data in urban areas. Industrial sources have relatively weak nighttime radiation

signals, which leads to a systematic displacement in the representation of large industrial point sources. In addition, point620
sources exhibit high emission intensity, but their spatial positions are difficult to fully constrain during the inversion process.

As a result, the posterior fields tend to show overly diffused emission areas and weakened emission centers. Furthermore, in

Fig. 8b, the point source associated with Weifang Zhenxing Coking Co Ltd is not matched with a corresponding plume signal

in the CarbonMapper data. This further indicates that the joint constraint between observations and emission inventories is

insufficient for some industrial emission sources. Overall, obtaining a more accurate and physically consistent spatial625
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distribution of urban CO2 emissions is of substantial scientific importance for identifying and characterizing urban emission

hotspots and for improving the monitoring and inversion capability for point sources.

Figure 8 Performance of FEISSO at the point-source scale under ODIAC and local CO2 emission inventory spatial distributions. (a)
and (b) show the results for plume 1 and plume 2 with the ODIAC spatial distribution; (c) and (d) show the corresponding results630
with the local emission inventory spatial distribution

Based on this consideration, we used the city-level total emissions from EDGAR as a constraint and redistributed Weifang’s

2023 EDGAR emissions according to the spatial distribution of local point sources. This produced a more accurate prior

inventory for point-source emissions, which was then used for the inversion of 10-day CO2 fluxes in Weifang. The inversion

results using the revised prior informed by the local inventory are shown in Fig. 8 c & d. The changes in point-source emissions635
before and after adjusting the spatial distribution of the prior, as well as comparisons with the local inventory and

CarbonMapper, are summarized in Table 6. After incorporating the local emission inventory and applying spatial distribution

corrections, the emission estimates for plume 1 and plume 2 increased from 333.36 t and 144.37 t in the ODIAC-based results

to 1.64×10⁵ t and 2.00×10⁵ t. Their differences relative to the local inventory decreased from -99.7% and -99.9% to 33.3% and

21.2%, which substantially reduced the relative error over the emission hotspot regions. In terms of relative deviation from the640
local inventory, the local corrected results also show more than 50% improvement over CarbonMapper for the two plume

regions. With respect to spatial location, the posterior hotspot location error of the Local-corrected results decreased from 1.85

km and 5.55 km in the ODIAC-based case to 1.12 km and 0.37 km when compared with CarbonMapper observations,
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indicating a clear enhancement in hotspot location accuracy. Overall, location based and structural corrections of prior emission

inventories using local information are of substantial scientific importance for improving the identification of urban emission645
hotspots and enhancing the accuracy of quantitative emission estimation.
Table 6 Comparison of point-source emissions before and after correcting the spatial distribution of the prior inventory.

plume1 plume2
Local inventory 1.23×105 1.65×105

CO2 emission
flux (t)

FEISSO

ODIAC-
based 333.36 144.37

Local-
corrected 1.64×105 2.00×105

CarbonMapper 3.55±1.24×104 9.42±1.11×104

Relative Errors
(%)

FEISSO

ODIAC-
based -99.7% -99.9%

Local-
corrected 33.3% 21.2%

CarbonMapper -71.1% -42.9%
location error
relative to

CarbonMapper
(km)

FEISSO

ODIAC-
based 1.85 5.55

Local-
corrected 1.12 0.37

After applying a refined spatial correction to the emission distribution in Weifang, the ten day total CO2 emissions were

estimated at 3.03×10⁶ t, which is slightly lower than the 3.09×10⁶ t obtained from the ODIAC-based results and closer to the650
ten day total reported in the local inventory of 3.02×10⁶ t. This result indicates that correcting the spatial distribution of prior

emission inventories using local information can substantially improve the reliability and consistency of high resolution urban

CO2 flux inversion. It also highlights the critical role of prior inventory spatial accuracy in constraining inversion results.

In summary, correcting the spatial distribution of CO2 point-source emissions significantly reduces the systematic biases in

FEISSO-derived point-source estimates. Additional experiments confirm that the model is capable of effectively detecting and655
quantifying emissions from large industrial point sources even at kilometre-scale spatial resolution. These findings indicate

that FEISSO-Carbon has strong capability in identifying and correcting emission characteristics in complex regions. The model

is particularly suitable for monitoring and quantifying major industrial point sources in heavily industrialized areas, and it

provides high accuracy and reliability in both point-source detection and emission estimation.

5 Conclusion660

In this study, we developed an urban-scale carbon flux inversion system, FEISSO, which integrates a Lagrangian atmospheric

transport model with a Bayesian assimilation framework to explore the feasibility of retrieving high resolution urban CO2 flux

distributions from satellite XCO2 observations. Sensitivity experiments were conducted for Weifang, Chengdu, and Xining,
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which differ in geographic location and economic development, to identify the key factors affecting the accuracy and

robustness of urban-scale CO2 flux inversion.665
In the study, we first examined the impact of transport model resolution on urban-scale CO2 flux inversion by comparing

trajectory simulations using meteorological data with resolutions of 1° and 0.25° . The results show that the spatial resolution

of meteorological fields strongly affects the ability of transport models to resolve CO2 trajectories. Higher resolution forcing

substantially improves simulation accuracy and enhances the capacity to capture spatial details in flux distributions. Using the

0.25° resolution setup, sensitivity analyses were conducted for five key inversion parameters: column averaged CO2670
observation error (ObsErr), total error for the inversion domain (GlobErr), prior flux error (FlxErr), land spatial correlation

length (SigLand), and temporal correlation length (SigTime).

Results indicate that ObsErr and GlobErr are the primary factors influencing total urban CO2 emission estimates, followed by

SigTime. FlxErr and SigLand exert weaker effects on total emissions. In terms of spatial adjustment, ObsErr and GlobErr

induce a seesaw pattern in flux distributions. FlxErr contributes to fine structural adjustment, mainly in vegetated areas with675
low emissions, while SigLand primarily smooths the flux distribution. When observational coverage within the assimilation

window is sufficient, the effect of SigTime on spatial flux distribution becomes negligible. Observation frequency, topographic

complexity, and meteorological stability jointly shape the temporal response of CO2 flux inversion, leading to pronounced

intercity variability.

Based on the understanding of these mechanisms, this study provides parameter setting recommendations tailored to the680
characteristics of each city. After optimizing the parameter configuration, the FEISSO system successfully inverted ten day

CO2 emissions for Weifang, Chengdu, and Xining, yielding totals of 3.09×106 t, 2.19×106 t, and 0.57×106 t, respectively. The

inversion results for Weifang and Xining show good agreement with EDGAR emissions and local statistical data, validating

the applicability and stability of the system.

The results form this study demonstrate the potential of FEISSO for broader application. The frequency of urban-scale685
inversions is limited by the current OCO-2 satellite coverage. With continued improvements in satellite observation frequency,

orbital design, and data accuracy, FEISSO is expected to play an increasingly important role in monitoring urban carbon

emissions, evaluating mitigation policies, and supporting refined global urban carbon management.

Data availability

The FEISSO demonstration dataset used in this study is publicly available on Zenodo at690
https://doi.org/10.5281/zenodo.20073187 (Yao et al., 2026).
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