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Abstract. With China’s proposed carbon reduction goals, many carbon monitoring pilot 20 

city projects have been launched, involving greenhouse gas (GHG) inverse estimate 21 

analysis based on GHG observations. For the evaluation of emissions estimates in a 22 

targeted urban area, the contributions of extra-urban fluxes on urban GHG observations 23 

must be excluded, especially for core cities within urban agglomerations, which face 24 

more severe emission interference from adjacent cities. In this study, we quantified the 25 

impact of external emissions on urban carbon dioxide (CO2) mole fraction observations 26 

across different seasons in the central downtown area of Zhengzhou, a core city of the 27 

Central Plains Urban Agglomeration in China. Results showed that 60% of the CO2 28 

enhancement from the 500-km square area including the city originated outside the core 29 

urban area in autumn and winter, predominantly originating from far-field sources (>50 30 

km) in the northeast, west, and northwest of Zhengzhou. To design an optimal 31 

monitoring network that accurately accounts for CO2 mole fractions entering the urban 32 

domain of interest, three different selection methods (distance, meteorological 33 

trajectory, and multiple regression) were used to select background station locations, 34 

and the resulting background values were evaluated through the application of 35 

observing system simulation experiments, including synthetic flux inverse estimate. 36 

Results indicated that the background stations selected by meteorological trajectories 37 

more effectively captured CO2 variability, introducing the smallest errors to inverse 38 

estimate flux (−8%). This study provides a valuable reference for designing background 39 
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monitoring stations in dense urban agglomerations, thereby improving the accuracy of 40 

high-resolution urban GHG emission inverse estimates. 41 

Keywords: Urban background monitoring station; Regional transport; Inverse 42 

estimation 43 

1. Introduction 44 

To mitigate global warming, the international community has proposed numerous 45 

climate goals and commitments aimed at reducing future emissions (IPCC, 2018; 46 

UNFCCC, 2018). China has committed to reaching its carbon emissions peak before 47 

2030 and achieving carbon neutrality before 2060. Although urban areas cover less than 48 

3% of the Earth’s terrestrial surface (Liu et al., 2014b), they account for more than 70% 49 

of global carbon emissions (Seto et al., 2014). Given that bottom-up emission 50 

inventories are often plagued by significant uncertainties, the accurate monitoring and 51 

quantification of urban emissions have become increasingly important. In response, the 52 

General Office of the Chinese Ministry of Ecology and Environment 53 

(https://english.mee.gov.cn/) announced the “Carbon Monitoring and Evaluation 54 

Testbed Work Methods” in September 2021, with the aim of establishing pilot cities to 55 

enhance understanding of greenhouse gas (GHG) fluxes and their transport and enable 56 

precise quantification of GHG budgets through advanced monitoring techniques. 57 

Atmospheric monitoring plays a crucial role in urban carbon emission estimations, 58 

offering real-time data through various means such as high-tower site measurements 59 



4 / 60 

 

 

(Sargent et al., 2018; Lauvaux et al., 2020), aircraft observations (Lopez-Coto et al., 60 

2020; Lopez-Coto et al., 2022; Pitt et al., 2022), and satellite retrievals (Janardanan et 61 

al., 2016; Oda et al., 2017; Villalobos et al., 2022). An atmospheric inversion approach 62 

integrates such observations of GHGs with existing urban emission inventories and 63 

atmospheric transport and dispersion models to estimate surface fluxes, referred to as 64 

top-down analysis (Lauvaux et al., 2016; Turner et al., 2016; Lopez-Coto et al., 2017; 65 

Yadav et al., 2021; Mallia et al., 2023). This technique relies on the theory that increases 66 

in atmospheric mole fractions relative to background values can be used to track 67 

anthropogenic emissions across megacities (Kort et al., 2013). Therefore, a critical 68 

aspect of employing the top-down approach for precise and effective urban emission 69 

estimation is distinguishing between mole fractions introduced into a city’s area from 70 

sources outside the domain of interest and those mole fraction enhancements resulting 71 

from local emissions (Mueller et al., 2018; Sargent et al., 2018; Lopez-Coto et al., 2020; 72 

Karion et al., 2021; Lopez-Coto et al., 2022; Pitt et al., 2022). This is quite different 73 

from the air pollutants (such as SO2 and NO2) monitoring, which focuses more on the 74 

coverage area of stations and the ability to reflect regional concentration exceeding 75 

standards (Hao and Xie., 2018), rather than estimating fluxes that is susceptible to 76 

background influences. 77 

Since the 1990s, China has developed a GHG baseline observation network and 78 

conducted various studies on atmospheric background mole fractions (Fang et al., 2016; 79 
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Fang et al., 2017; Zhang et al., 2020; Wu et al., 2023). At present, China's Greenhouse 80 

Gas Observation Network has extended to 7 World Meteorological Organization 81 

(WMO) stations and 52 background stations, aiming to study anthropogenic emissions 82 

and natural fluxes at the global, national, and regional scales (Liu et al., 2014a; Cheng 83 

et al., 2018; Zhong et al., 2023). Constrained by reliable observations from these 84 

stations, the uncertainty of national and provincial GHG fluxes estimation in China can 85 

be effectively reduced (Kou et al., 2023; Wang et al., 2023; Zhong et al., 2023; Guo et 86 

al., 2024b). However, the background stations are scattered and sparse for cities, which 87 

complicates the task of delineating the mole fraction of GHGs attributable to emissions 88 

external to a specific city. In the absence of urban background stations, simulation 89 

models are commonly used in China to characterize transport of GHGs into megacities. 90 

For example, Carbon Tracker global CO2 datasets (3° × 2° resolution in China) and 91 

regional transport models such as the Weather Research and Forecasting with 92 

Chemistry model (WRF-Chem) and the Hybrid Single-Particle Lagrangian Integrated 93 

Trajectory (HYSPLIT) model have been widely used to determine background mole 94 

fractions and assess the impact of incoming air on urban GHG mole fractions in the 95 

Yangtze River Delta, Beijing, and Shanghai (Hu et al., 2018; Feng et al., 2019; Wei et 96 

al., 2020; Hu et al., 2022). Despite their utility, the background estimates produced by 97 

mesoscale or large-scale models are characterized by coarse spatiotemporal resolution 98 

and generally yield satisfactory results only when the GHG mole fractions of air moving 99 
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into the area can be precisely modeled. 100 

Compared with China that began to establish pilot cities for carbon monitoring and 101 

evaluation in 2021, there has been a substantial expansion in atmospheric GHG 102 

monitoring networks across European and American cities over the past decade, 103 

including both urban and background stations (Turner et al., 2016; Wu et al., 2016; 104 

Lopez-Coto et al., 2017; Shusterman et al., 2018; Yadav et al., 2021). Several 105 

optimisation routines, such as incremental optimisation, genetic algorithm, and 106 

simulated annealing, have been used for optimal GHG network design, effectively 107 

reducing the uncertainty of carbon flux estimation (Rayner et al., 1996; Ziehn et al., 108 

2014; Nickless et al., 2015). If the inflow outside the boundaries had minimal influence 109 

on the contribution of local concentration enhancement and the domain interest is at a 110 

larger scale (national or regional), the backgrounds separately assessment maybe 111 

inessential to inverse estimate for CO2 emission in the existing optimal network design 112 

frameworks. Such as the research on designing additional CO2 observation networks in 113 

South Korea based on Bayesian inversion coupled with Lagrangian modeling, the 114 

impact of external transmission has been ignored considering the geographical location 115 

around the sea (Kenea et al., 2024), similar with the design of GHG observation 116 

networks in Australia and South Africa, which do not separately optimize the 117 

background station (Ziehn et al., 2014; Nickless et al., 2015). Additionally, isotopic 118 

ratios can be used in the design of GHG network for specific purposes, Thompson and 119 
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Pisso (2023) have selected sites from an existing network of CO2 for additional 120 

measurements of Δ14CO2 to estimate fossil fuel CO2 emissions, without paying extra 121 

attention to background sites. However, in most cases for a city among urban 122 

agglomerations, separating background from urban stations is crucial for minimizing 123 

emission uncertainty in a defined area, which has attracted increasing attention from 124 

researchers. For instance, Karion et al. (2021) evaluated various strategies for 125 

establishing backgrounds within CO2 observation networks in the metropolitan areas of 126 

Washington, DC, and Baltimore, MD, discovering that backgrounds derived from 127 

upwind observations more effectively captured variability than model-based 128 

alternatives. Breon et al. (2015) recognized that the influence of non-urban sources 129 

could be effectively eliminated by using concentration gradients between urban and 130 

background stations rather than directly using tower observation. The application of the 131 

above concentration differences effectively reduced the uncertainty of monthly CO2 132 

emissions estimates at 2 km resolution in Paris city (Staufer et al., 2016), which also 133 

contributed to accurately estimate the impact of the COVID-19 blockade on urban 134 

carbon dioxide emissions (Lian et al., 2022). Mueller et al. (2018) combined 135 

geostatistical methods to identify background stations within the Northeast Corridor 136 

Urban Agglomeration, successfully capturing the spatiotemporal variations in regional 137 

export under complex meteorological conditions. However, a standard approach for 138 

selecting background station locations and determining observation-based background 139 
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values with the target of minimizing the urban emissions uncertainty has yet to be 140 

established. This is particularly relevant for China, the development of its urban GHG 141 

monitoring network is still in its infancy, and the prevalence of urban agglomerations 142 

complicates emissions tracking due to intermingling of GHGs from emissions in 143 

neighboring cities. 144 

Thus, the purpose of this study was to characterize the background dynamics and 145 

identify the most suitable locations for tower-based background monitoring sites that 146 

accurately quantify CO2 mole fractions of air inflow to the central downtown area of 147 

Zhengzhou, a megacity in Henan Province, China. With a population of 12.8 million, 148 

Zhengzhou serves as the central city of the Central Plains Urban Agglomeration region 149 

in China. It is located at the intersection of the middle and lower reaches of the Yellow 150 

River and the Huanghuai Plain, with the terrain that is high in the west and low in the 151 

east. The Taihang Mountains, low North China Plain and narrow Fenwei Plain are in 152 

the northern, eastern, and western parts of Zhengzhou, respectively (Fig.1). This 153 

complex topography, coupled with the influence of winter winds, make Zhengzhou 154 

susceptible to regional air mass movements from the northeast and northwest (Liu et 155 

al., 2018; Wang et al., 2018; Fan et al., 2020). Additionally, Zhengzhou is surrounded 156 

by diverse emission-contributing cities, including industrial cities such as Anyang (steel 157 

production) and Pingdingshan (coal production), as well as agricultural cities such as 158 

Nanyang (dominated by cultivated crops) (Liu et al., 2018). Therefore, we focused on 159 
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characterizing and quantifying CO2 entering the central downtown area of Zhengzhou 160 

under the influence of terrain, meteorology, and CO2 fluxes from surrounding areas, 161 

based on atmospheric observation data and prior inventory and transport models. 162 

Furthermore, we employed three site selection methods based on (a) spatial distance, 163 

(b) meteorological trajectories, and (c) multiple regression, and evaluated the errors 164 

introduced by background values in estimating urban CO2 emissions using an inverse 165 

framework specific to Zhengzhou. Our results will facilitate the establishment of an 166 

optimal monitoring network for urban background monitoring stations. 167 

The methodologies applied in this research are not only valuable for CO2 and 168 

Zhengzhou, but also offer broader applicability for background estimation and 169 

evaluation of other trace gases in other megacities or urban agglomerations. Study 170 

methodology, including data and inventories, model configuration, site selection 171 

criteria, and inverse techniques are discussed in Section 2. The results and discussion, 172 

including the analysis of observation data, comparison of different inventories, 173 

characteristics and quantification of regional background mole fractions, and selection 174 

and inverse estimate for urban background stations, are provided in Section 3. The study 175 

conclusions are summarized in Section 4. 176 

2. Materials and Methods 177 

2.1 Study area and tower-based CO2 observations  178 

The study area is situated in the north-central downtown area of Zhengzhou City, 179 
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encompassing 709 km2 and a population of 5.77 million, contributing approximately 180 

42% of the city’s transportation carbon emissions and 50% of the residential emissions 181 

(Multi-Resolution Emission Inventory for China, Zheng et al., 2014; Peng et al., 2019). 182 

Three tower-based monitoring stations have been established within the main urban 183 

area to measure GHG emissions, including the Yuegang Southwest Station (YS), 184 

Sculpture Park Station (SP), and Longzhimeng Community Station (LC), ranging in 185 

height from 35 m to 50 m (Fig.1 and Table S1). The areas surrounding these towers are 186 

predominantly urban and the observed and simulated values of the three towers will be 187 

used for data analysis and background station selection. The Picarro G24011 monitoring 188 

instrument employed at each site enables continuous online monitoring of CO2, CH4, 189 

and CO mole fractions. To ensure the accuracy of the measurement data, observations 190 

are calibrated every two weeks using a linear two-point method (Text S1). Considering 191 

the data availability and representativeness, the CO2 observation data used in this study 192 

includes two periods, January, April, July and October in 2021 and January to March 193 

2023 (Text S1). The focus of the research period corresponds to the continuous 194 

observation data representative of the different seasons, and only the measurements 195 

 

1 Certain commercial equipment, instruments, or materials are identified to specify the experimental 

procedure adequately. Such identification is not intended to imply recommendation or endorsement by the National 

Institute of Standards and Technology, nor is it intended to imply that the materials or equipment identified are 

necessarily the best available for the purpose. 
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during afternoon hours (1200 hours to 1800 hours local time) are used, when the 196 

boundary layer is well mixed and the impact of the uncertainty in the planetary 197 

boundary layer (PBL) height simulated by the atmospheric transport model is 198 

minimized. 199 

To quantify emissions from the urban area of Zhengzhou, and better understand 200 

the contribution of emissions occurring upwind (outside) of the city to the mole 201 

fractions measured in the central downtown area of Zhengzhou, it is essential to design 202 

and construct urban background stations at the edge of the city. Thus, to enable 203 

monitoring of background mole fractions in various directions using background towers, 204 

the area surrounding the central downtown was divided into eight directions: east, south, 205 

west, north, northeast, northwest, southeast, and southwest. Preliminary selection 206 

criterion identified 20 potential candidate sites on communication towers (Text S1 and 207 

Table S1) at the urban fringe, with 2–3 candidate sites for each direction (Fig. 1). 208 

2.2 WRF-STILT model and emissions inventories 209 

In this study, we used the Weather Research and Forecasting (WRF, v4.3) model to 210 

drive the Stochastic Time-Inverted Lagrangian Transport model (STILT). WRF 211 

supports multi-nesting grids, allowing for high spatial resolution, its detailed physical 212 

and urban parameterizations make it a powerful tool for urban-scale meteorological 213 

forecasting (Yang et al., 2012). The particle locations released by STILT are distributed 214 

without grid cell restrictions, thus it can capture fine structures caused by small-scale 215 
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inhomogeneities in source distributions, which are unresolved by gridded transport 216 

models (Lin et al., 2003). The combination of WRF-STILT has been extensively used 217 

in several studies using midlatitude receptors (McKain et al., 2012; Lopez-Coto et al., 218 

2017; Sargent et al., 2018; Hu et al., 2022). The WRF model is configured to feature 35 219 

vertical levels and employs two-way nesting across two domains (9 km and 1 km). The 220 

STILT model operates in time-reverse mode, releasing an ensemble of 1 000 particles 221 

that are transported backward for 7 days for each observation’s hour (afternoon hours 222 

only:1200-1800 local time) and location. To investigate the impact of external regional 223 

fluxes on urban monitoring stations, the external region was divided into near-field and 224 

far-field zones. The study focus is the urban area (red outline, Fig. 1). The near-field 225 

includes the area outside the urban area and within approximately 50 km (blue outline, 226 

Fig. 1), while far-field extends from 50 km to a boundary of 500 km (green outline, Fig. 227 

1). The simulation period of the WRF-STILT model is consistent with the observed data, 228 

including January, April, July, and October of 2021, as well as January to March of 229 

2023. Details on the WRF-STILT model and meteorological validation are presented in 230 

Text S2. 231 

The entire gridded footprints were convolved with anthropogenic and biogenic 232 

CO2 flux estimates to provide a total modeled CO2 mole fraction (µmol/mol, commonly 233 

referred to as ppm) enhancement at the receptors. Long-distance CO2 background mole 234 

fractions were determined from the upwind mole fractions simulated by 235 
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CarbonTracker2022 (CT2022, http://carbontracker.noaa.gov) at the 500 km boundary, 236 

which has a temporal resolution of 3 hours and a spatial resolution of 3°x 2° grid with 237 

34 vertical layers. As the current data of CT2022 is updated until February 2021, the 238 

data for the corresponding period in 2020 was used to determine the remaining missing 239 

background mole fractions for the study period. The detailed information refers to Text 240 

S3. 241 

Thus, the observations of the urban tower stations can be decomposed as follows:  242 

𝑦 = 𝑦!"#$% + 𝑦#& = 𝑦!"#$% + 𝑦'"$%(!"# + 𝑦'"$%($%"# + 𝑦)*%&                                  (1) 243 

where 𝑦!"#$% represents the enhancements due to emissions occurring in the urban area 244 

(our area of interest), and the other three terms correspond to the background signal. 245 

The background signal itself is composed of the emissions occurring upwind of the city, 246 

both in the near-field (𝑦'"$%($%"# ) and the far-field (𝑦'"$%(!"# ), and a long-distance 247 

background (𝑦)*%&) obtained from CT2022 that represents the mole fractions at the edge 248 

of the full 500-km modeling domain (boundary conditions). 249 

To create synthetic CO2 observations (equation (1)), the footprints are coupled to 250 

anthropogenic emissions and biospheric fluxes to derive the enhanced CO2 signal, 251 

which represents the mole fraction contribution of CO2 fluxes to the urban station 252 

through all regions. The anthropogenic emission inventories were obtained from the 253 

Emission Database for Global Atmospheric Research (EDGAR, v7.0, 2022, 254 

https://edgar.jrc.ec.europa.eu), Multi-resolution Emission Inventory model for Climate 255 
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and air pollution research (MEIC http://meicmodel.org.cn, Li et al., 2017; Zheng et al., 256 

2018), and Open-Source Data Inventory for Anthropogenic Carbon Dioxide 257 

(ODIAC2020b, http://www.odiac.org/, Oda and Maksyutov, 2011; Oda et al., 2018). 258 

The original grid resolutions of EDGAR, ODIAC, and MEIC CO2 emissions used in 259 

this study were 0.1°×0.1°, 1km×1km and 0.25°×0.25°, respectively. MEIC and ODIAC 260 

provide the latest monthly emission inventories for 2020 and 2019 respectively, while 261 

EDGAR provides annual emissions for 2021. For comparison, the three anthropogenic 262 

inventories used in this study were unified to the same spatiotemporal resolution (0.1° 263 

× 0.1° grid, and monthly) emissions in 2021. Biogenic source inventories were obtained 264 

from the Vegetation Photosynthetic Respiration Model (VPRM). Net ecosystem 265 

exchange (NEE) fluxes were simulated at two-layer nested resolution (20 km, 5 km) 266 

and estimated hourly. Details on inventories and comparisons are in Text S4. Based on 267 

the above inventories, three inventory combinations were constructed: 268 

EDGAR+VPRM, ODIAC+VPRM, and MEIC+VPRM. The most suitable 269 

anthropogenic emission inventory was determined by comparing the simulated CO2 270 

enhancements over the 500-km domain with those observations that excluded the long-271 

distance background ( 𝑦 − 𝑦)*%& ) (as shown in Sect. 3.2). The best-performing 272 

inventory was subsequently used to quantify the contribution of external fluxes to total 273 

mole fractions and evaluate the background station selection. The detailed data analysis 274 

framework could be found in the supplementary materials (Fig.S5). 275 
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2.3 Background station selection  276 

Urban background stations play a crucial role in accurately assessing the contributions 277 

of incoming air masses to CO2 observed at urban monitoring towers. We determined 278 

that we would establish three background stations to best represent the incoming mole 279 

fractions impacting our urban sites, based on both logistical considerations and analysis 280 

presented in Sect. 3.3. In this study, background station selection was based on three 281 

different methods: (a) spatial distance, (b) meteorological trajectories, and (c) multiple 282 

regression. We used the afternoon period data (1200-1800 hours local time) of all 283 

months in 2021 together to conduct background sites selection, so that the selected sites 284 

could reasonably quantify CO2 mole fractions of air inflow to the urban area for all 285 

seasons.  286 

For the spatial distance method, the candidate site closest to the urban station was 287 

selected as the background site, as an example of a very simple approach that does not 288 

consider wind direction. The multiple linear regression selection method followed the 289 

methods used by  Mueller et al. (2018). First, 1296 groups, each including eight sites 290 

from eight different directions, traverse all combinations, were constructed based on 291 

the 20 candidate background sites. The eight sites of each group were combined to 292 

model the mole fraction contribution from sources external to the urban domain at the 293 

urban station (𝑦+'"$%() through multiple regression. 294 

𝑦!'"$%( = 𝑦'"$%(!"# + 𝑦'"$%($%"#                                                                                  (2) 295 
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𝑦+'"$%( = 𝛽, + 𝛽-𝑧- + 𝛽.𝑧. +⋯ . . +𝛽%𝑧%                                                                  (3)  296 

where 𝑦!'"$%(  is the synthetic true mole fraction contribution from the near-field 297 

(𝑦'"$%($%"#) and the far-field (𝑦'"$%(!"#) at the urban station. In equation (3), 𝑧% is the 298 

modeled value of the external contribution (𝑧'"$%() from the candidate sites, 𝛽% is the 299 

coefficient of each component, and subscript n (n = 1, ..., 8) represents the eight sites 300 

from different directions. The coefficient of determination (R2) and root-mean-square 301 

error (RMSE) were calculated to compare synthetic true (𝑦!'"$%( ) versus modeled 302 

(𝑦+'"$%() external flux contributions to urban enhancements. Based on the comparative 303 

analysis results for each group and the frequency of each site occurrence, eight sites 304 

were preliminarily selected from the 20 candidate sites. Then, by repeating the above 305 

method, three sites were further determined from the selected eight sites.  306 

Last, the feasibility of identifying suitable urban background stations based on 307 

meteorological trajectories was considered, drawing inspiration from prior studies 308 

utilizing backward trajectories of urban stations for background value determination 309 

(Karion et al., 2016; Sargent et al., 2018; Karion et al., 2021). Hence, we proposed a 310 

selection method based on meteorological trajectories, using both meteorological data 311 

and footprints generated by the WRF-STILT model. Specifically, the average position 312 

(AP) of air particles was determined by calculating the latitude and longitude 313 

coordinates for each particle released by the urban station at the moment its trajectory 314 

entered the urban domain (red boundary, Fig.1). The candidate site closest to this AP 315 
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was then chosen as the background station for that particular time. During the entire 316 

simulation period, the frequency of each candidate site selected as the upwind 317 

background tower was calculated as the number of hours selected relative to the total 318 

number of hours. The higher frequency sites were selected from each of the eight 319 

directions. Subsequently, differences (F) in footprints among the candidate locations 320 

were further analyzed to refine the selection. 321 

𝐹 = ∑ ∑ +𝑓1/0 − 𝑓2/0/
.%

01-
+
/1-                                                                                      (4) 322 

where F is the sum of the square differences between the footprints of two stations, f1 323 

and f2 are the footprints of different sites at each hour, and i and j are the coordinates 324 

of the grid for the footprint. To avoid excessive clustering of the selected sites, the sites 325 

with larger F, which indicates that the two footprints are more different, were given 326 

priority. 327 

As frequency and footprint difference are in different units, the normalized weight 328 

parameters are defined to combine the two factors. The normalized frequency is: 329 

𝜂- =
232&'$

2&"(32&'$
                                                                                                            (5) 330 

where C is the frequency of the candidate site serving as the upwind background station, 331 

and 𝐶+$4 and 𝐶+/% are the frequency maximum and minimum for the whole period, 332 

respectively. 333 

The normalized footprint difference is: 334 
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𝜂. =
535&'$

5&"(35&'$
                                                                                                              (6) 335 

where F is the sum of the squared difference of the footprints between two sites, 336 

calculated by equation (4), and 𝐹+$4 and 𝐹+/% are the squared difference maximum and 337 

minimum for the whole period, respectively. 338 

The design goal is to maximize the normalized score (η), defined as: 339 

𝜂 = -
.
2
6)'76)*76)+

8
3 + -

.
2
6,'*76,'+76,*+

8
3                                                                    (7) 340 

where the subscripts i, j, and k represent the three background sites selected from eight 341 

candidate stations. Thus, finally, the three sites in the combination with the highest 𝜂 342 

value from all possible combinations were selected as the background site.  343 

2.4 Background station evaluation 344 

2.4.1 Background Signal Representation 345 

Once the three background tower locations were chosen using each of the three methods 346 

described above, we use the three chosen towers to simulate a background value for 347 

each observation at each urban tower using the following methodology in a synthetic 348 

data framework. Then we compare this simulated background to the synthetic true 349 

background to evaluate the background tower choices. 350 

The CO2 enhancements over the 500-km domain (green, Fig. 1), defined as 𝑦'*', 351 

was the sum of 𝑦!"#$%  (equation (1)) and 𝑦!'"$%(  (equation (2)). The synthetic true  352 

𝑦!"#$% and 𝑦!'"$%(could be obtained from the convolution of simulated footprints and 353 
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the most suitable fluxes evaluated in section 3.2. 354 

𝑦'*' = 𝑦!"#$% + 𝑦!'"$%(                                                                                              (8) 355 

𝑦!"#$% = 𝑦!"#$%!-..'/ + 𝑦!"#$%0'- = 𝐻𝑠!"#$%!-..'/ + 𝐻𝑠!"#$%0'-                               (9) 356 

𝑦!'"$%( = 𝑦!'"$%(!-..'/ + 𝑦!'"$%(0'- = 𝐻𝑠'"$%(!-..'/ + 𝐻𝑠'"$%(0'-                            (10) 357 

where 𝑦!"#$%!-..'/(𝑦!'"$%(!-..'/) and 𝑦!"#$%0'-(𝑦!'"$%(0'-) represent the enhancements 358 

from fossil and biological parts, respectively. H are the sensitivities of hourly 359 

observations to surface fluxes at urban stations, referred to as footprints, from WRF-360 

STILT model. 𝑠!"#$%!-..'/and𝑠!"#$%0'-  represent CO2 flux from fossil and biological 361 

sources in the urban area, respectively, while 𝑠'"$%(!-..'/and 𝑠'"$%(0'-are CO2 flux from 362 

fossil and biological sources in the external areas (including near-field and far-field), 363 

respectively. 364 

𝑦#'"$%( is the contribution from external sources to the mole fractions at the 365 

background stations. 366 

𝑦#'"$%( = 𝑦#'"$%(!-..'/ + 𝑦#'"$%(0'- = 𝐻/𝑠'"$%(!-..'/ + 𝐻/𝑠'"$%(0'-                           (11) 367 

where 𝐻/ is the footprints at background stations for a given urban observation, and the 368 

subscript i represents the background station selected based on the entry direction of 369 

particle trajectory at the urban station for a certain time. The closest station to the AP 370 

was selected as the background station for each receptor. Considering that it could take 371 

several hours for a STILT modeled particle to arrive at an urban station after entering 372 

the urban area, we use the simulated value for each selected background station at the 373 
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average entry time (AT) of the 1,000 STILT particles mentioned above. 374 

In order to evaluate the ability of background towers to capture the variability and 375 

magnitude of CO2 mole fractions from external sources at urban sites, the time series, 376 

mean error, R2, correlation coefficient and RMSE between 𝑦!'"$%( and 𝑦#'"$%( were 377 

analyzed in Set. 3.5.1. 378 

2.4.2 Observing System Simulation Experiments 379 

Once the background station locations were selected, a synthetic inverse experiment 380 

within a Bayesian framework (Text S5) was conducted to evaluate the observation 381 

system performance. The evaluation focused on whether background sites can 382 

characterize the mole fraction contribution of external fluxes to urban stations. 383 

To evaluate the impact of background error on CO2 emission inverse estimates, 384 

Observing System Simulation Experiments (OSSEs) were carried out based on the YS, 385 

SP, and LC urban measuring towers. The CO2 synthetic “observed” enhancements were 386 

not directly derived from the convolution of urban station data (𝑦!"#$%), but rather by 387 

deducting the long-distance background ( 𝑦)*%& ) and contributions from sources 388 

external to the urban area of interest as they are represented by the background stations 389 

(𝑦#'"$%( ) from the synthetic true observations (y). Synthetic true observations are 390 

constructed as the sum of 𝑦!"#$%, 𝑦)*%& and 𝑦!'"$%( as defined in equations (8-10)). 391 

𝑦*((9,!"#$% = 𝑦 − 𝑦)*%& − 𝑦#'"$%(                                                                            (12) 392 
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where y represents the synthetic observations in equation (1). 𝑦*((9,!"#$% refers to the 393 

CO2 enhancement of urban stations used for inversion, with the inverse area being the 394 

main urban area. The uncertainties of observations and the modeling framework were 395 

selected to be 0.1 µmol/mol and 4.999 µmol/mol, respectively, which were used to 396 

construct the error covariance matrix known as model-data mismatch. An exponential 397 

model for the prior error covariance was assumed, where the uncertainty for the pixel 398 

emissions was considered as 100%, with a spatial correlation distance of 10 km (Lopez-399 

Coto et al., 2017). The posterior flux was iteratively calculated from the synthetic 400 

“observed” enhancements 𝑦*((9,!"#$%  (equation (12)) during the afternoon period of 401 

each month. The combination of anthropogenic and biological inventories that stood 402 

out from Sect. 3.2 was applied as the “true emissions”, and the 0.1° grid resolution was 403 

converted to 0.01° to align with the resolution of footprints in urban areas. The prior 404 

fluxes were set to half the true emissions. Then, the analysis state vector (optimized 405 

fluxes) was compared with the assumed true emission values to assess the performance 406 

of our three background observation systems. The detailed information is presented in 407 

Text S5. 408 

3. Results and Discussion 409 

3.1 CO2 mixing ratio of tower-based measurement stations 410 

The observations of CO2 mixing ratios from January 2021 to March 2023 (shown in 411 

Fig. 2) demonstrated obvious seasonal fluctuations, with differences exceeding 100 412 
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µmol/mol between summer and winter. The hourly observations from the three urban 413 

towers showed similar changes over time, attributed to similar atmospheric transport 414 

processes and seasonal wind directions. In 2021, the CO2 levels at all stations ranged 415 

from 380 µmol/mol to 545 µmol/mol, with monthly average CO2 mole fractions in 416 

January, April, July, and October of 451.1 µmol/mol, 427.5 µmol/mol, 423.4 µmol/mol, 417 

and 443.8 µmol/mol, respectively. The CO2 level in Zhengzhou was slightly lower than 418 

that in Beijing in winter (456.0 µmol/mol) (Pang et al., 2016), and markedly lower than 419 

that in Nanjing (438.4 µmol/mol) (Hu et al., 2018), and Shanghai in summer (425.6 420 

µmol/mol) (Wei et al., 2020). 421 

To further illustrate CO2 contributions from regional and local sources, CO2 422 

enhancements over the 500-km domain (green, Fig. 1), were calculated by subtracting 423 

the long-distance background mole fraction from the observed mole fraction. Results 424 

showed that the mean afternoon enhancements in January, April, July, and October 2021 425 

ranged from 20.0 µmol/mol to 23.4 µmol/mol, 4.4 µmol/mol to 7.4 µmol/mol, 4.5 426 

µmol/mol to 5.9 µmol/mol, and 11.9 µmol/mol to 13.2 µmol/mol, respectively (Table 427 

S6). The low CO2 enhancements in July were probably affected by the influence of 428 

vegetative photosynthesis, while the increase in CO2 enhancements in autumn and 429 

winter likely reflected higher fossil fuel consumption linked to local population factors.  430 

3.2 Simulation of atmospheric CO2 and evaluation of inventories 431 

To identify the most suitable emission inventory for use in subsequent inverse analysis, 432 
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various inventory combinations were evaluated by comparing the CO2 enhancements 433 

over the 500-km domain from simulations with those observations at urban tower 434 

stations, employing the same transport model configurations and long- distance 435 

background values. Based on the three anthropogenic emission inventories and 436 

biogenic source inventories, three inventory combinations were constructed: EDGAR 437 

+ VPRM, ODIAC + VPRM, and MEIC + VPRM. The R2 values between modeled and 438 

observed CO2 mole fractions ranged from 0.40 to 0.53, with MEIC + VPRM and 439 

EDGAR + VPRM showing the best simulation performances (R2 of 0.50 and 0.53, 440 

respectively) (Fig. 3a-3f). The standard deviations of the MEIC + VPRM and EDGAR 441 

+ VPRM groups were both 14.5 µmol/mol, but the latter exhibited a smaller mean bias 442 

(bias = simulations – observations) (1.3 µmol/mol). The hourly bias, correlation, and 443 

the root mean square error between modeled and observed mole fractions across all 444 

years and months are shown in Table S8, indicating that the EDGAR + VPRM model 445 

better represented the flux distribution and characteristics of the study area. Evaluation 446 

of the different inventory combinations based on 2023 data showed similar results (Text 447 

S6 and Fig. S6). 448 

During winter, when biological activity was significantly lower than 449 

anthropogenic activity, the biases (bias = simulations – observations) CO2 mole 450 

fractions were predominantly negative (−3.0 µmol/mol to −15.2 µmol/mol) (Table S8). 451 

This underestimation might be due to the inability to accurately capture the contribution 452 
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of local anthropogenic emissions using inventories with limited resolution. In contrast, 453 

studies in northern China during the summer have revealed that the relative magnitude 454 

of biogenic and anthropogenic fluxes observed in valleys and farmlands is comparable 455 

(Dayalu et al., 2020). However, in certain urban areas, such as Paris, research has shown 456 

that biogenic signals have little effect on CO2 inverse estimates (Ballav et al., 2016; 457 

Staufer et al., 2016). In line with this, we found that the biospheric flux contribution to 458 

the total CO2 enhancement in the 500-km domain during the summer peak (1200 hours 459 

to 1800 hours local time) was less than 10% (Table S7). In summer, the simulation mole 460 

fractions of stations were significantly overestimated (Table S8), probably resulted 461 

from the underestimate of the carbon sink of biological sources which caused by the 462 

limitation of VPRM optimization parameters (Text S4). In addition, Zhengzhou 463 

experienced the COVID-19V (Guo et al., 2024a) and catastrophic flood (Wang et al., 464 

2024) in July 2021, the model was difficult to accurately capture the characteristics of 465 

biological source flux under sudden changes. The respiration of plants suffered from 466 

flood slowed down and emitted less CO2 (Arguello et al., 2016; Herzog et al., 2016), 467 

which could also be the reason for the relatively lower contribution of biological 468 

sources in summer here. More accurate data on different vegetation types and more 469 

refined carbon source sink simulations are required for accurately quantifying biogenic 470 

carbon flux, which is highly challenging. We mainly consider separating the external 471 

net fluxes contribution from the urban station to support the inverse estimate of urban 472 
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net fluxes, hence, we only focused on total fluxes without distinguishing between 473 

biogenic and anthropogenic fluxes in subsequent analysis.  474 

We note here that the use of CT2022 for the year 2020 rather than the observation 475 

year (2021 and 2023) as the long-range background may impact the comparison 476 

between observed and modeled enhancements, likely introducing bias and reducing the 477 

ability of the model to simulate the true observed variability. However, this would 478 

impact all the inventory combinations similarly and we can still use the analysis above 479 

to choose the best inventory for use in the synthetic experiment. The long-range 480 

background does not impact the results of the synthetic experiment directly, only the 481 

choice of prior and true emissions used.  482 

3.3 Origins and quantification of regional contributions  483 

The contributions of external regional fluxes (𝑦!'"$%( ) and core urban area fluxes 484 

(𝑦!"#$% ) to mole fractions observed at urban monitoring stations were determined 485 

through the convolution of the footprints and EDGAR + VPRM inventory, which best 486 

represented the flux distribution and characteristics of the study area from the analysis 487 

of the simulations of CO2 enhancements over the 500-km domain (𝑦'*' ) described 488 

above. Results showed that external fluxes (i.e., fluxes outside the core urban area but 489 

within the 500-km modeling domain) significantly contributed to the total 490 

enhancements observed at urban stations, with both 𝑦!'"$%(  and 𝑦!"#$%  showing 491 

consistent seasonal patterns of variation (Fig. S7). In January, April, July, and October, 492 
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the average CO2 mole fraction enhancements (𝑦'*' ) at urban stations were 22.6 493 

µmol/mol, 8.0 µmol/mol, 14.6 µmol/mol, and 24.2 µmol/mol, respectively. The average 494 

ratios of 𝑦!'"$%( to 𝑦'*' were 62%, 31%, 51%, and 67%, respectively, with R2 values 495 

of 0.72, 0.57, 0.68, and 0.75, indicating a smaller contribution from external fluxes in 496 

April and July but a larger one in January and October (Table S9). Approximately 60% 497 

of autumn and winter data points showed external contributions exceeding 10 µmol/mol 498 

to the urban stations (total mole fraction range of 14 µmol/mol to 57 µmol/mol), 499 

underscoring the non-negligible impact of CO2 transport from external regional sources. 500 

In contrast, previous research conducted in the Northeast Corridor has suggested that 501 

the CO2 enhancements from incoming air are more important in summer (Mueller et al., 502 

2018). Such differences are likely related to the geographical location and wind 503 

characteristics of Zhengzhou, which is mainly affected by the strong northern monsoon 504 

in winter, with most emission sources concentrated in the northern areas (Liu et al., 505 

2018; Wang et al., 2018). 506 

To further investigate the contribution of incoming air on observed CO2 levels at 507 

urban sites, the external regions were divided into north, northeast, east, southeast, 508 

south, southwest, west, and northwest sectors, as well as near-field (within 50 km of the 509 

urban domain) (𝑦'"$%($%"#) and far-field (between 50 km and 500 km from the urban 510 

area) (𝑦'"$%(!"#), respectively. As shown in Fig. 4, the regional contributions exhibited 511 

clear seasonal characteristics, related to meteorological conditions and variation in 512 
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fluxes outside the urban area across different seasons (Hu et al., 2018; Fan et al., 2020). 513 

In January and October, the contribution from the far-field region was significantly 514 

higher than that from the near-field region, with the median of the former (1.8-20.3 515 

µmol/mol) being an average about 6.5 µmol/mol higher than the latter (0.7-15.7 516 

µmol/mol) (Fig. 4a and 4d). This was particularly evident in the west, northeast, and 517 

northwest directions, under the influence of northwest and northeast winds (Fig. S1), 518 

where some outliers were attributed by regional contributions from Luoyang in the west, 519 

Jincheng in the northwest, and Anyang and Handan in the northeast (Fig. 4e and 4h). In 520 

April, the overall external contributions were relatively low. In July, the far-field regions 521 

from the northeast (median 7.6 µmol/mol) and the near-field regions from the southwest 522 

(median 8.4 µmol/mol) significantly contributed to the station mole fractions. 523 

Compared with our findings, a study in the Northeast Corridor Urban testbed by 524 

Mueller et al. (2018) observed significantly lower contributions (median about 0.5 525 

µmol/mol) from various far-field direction-sectors outside urban areas to the CO2 mole 526 

fractions measured at urban towers. This difference points to a more complex influence 527 

of external sources in the central downtown area of Zhengzhou. It was notable that the 528 

study period coincided with the middle of the COVID-19 lockdown years, during which 529 

anthropogenic CO2 emissions significantly reduced, especially from transportation 530 

sources (Turner et al., 2020; Yadav et al., 2021; Mallia et al., 2023). In the core urban 531 

area most affected by human activities, this may result in lower CO2 contribution of 532 
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local sources, while that from far-field and long-distance are relatively higher. This 533 

overestimated external transmission contribution may weaken or disappear during non-534 

epidemic periods, which requires the accumulation of more observations for further 535 

research. Based on the EDGAR inventory, we calculated the CO2 emissions in different 536 

directions of the near field and far field outside the main urban area. The near-field 537 

emissions were approximately five times greater than those of the central downtown 538 

area of Zhengzhou, particularly emissions from the west, northwest, and southwest 539 

directions. Furthermore, far-field emissions from the northern, northeastern, and 540 

southern directions were more significant, accounting for 21%, 19%, and 15% of far-541 

field emissions, respectively (Table S4). Analysis of external emissions and their 542 

contributions to urban observations demonstrated that at least three strategically placed 543 

background stations are needed to effectively distinguish CO2 mole fractions in 544 

incoming air from those captured by urban monitoring stations. 545 

3.4 Background towers selected by different approaches 546 

We used three approaches to identify background tower locations: (a) spatial distance 547 

method, (b) meteorological trajectories and (c) multiple regression. For the spatial 548 

distance method, three candidate sites with the shortest distance to the nearest urban 549 

tower were ultimately selected: sites 3, 8, and 18, situated to the west, northwest, and 550 

east of the main urban area and 10.7 km, 6.8 km, and 5.3 km from the nearest urban 551 

tower, respectively. The distances between the three sites and the urban center ranged 552 
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from 14.5 km to 17.3 km, comparable to the distances observed for upwind stations 553 

relative to city centers in other studies, such as Indianapolis (17.5 km) (Lauvaux et al., 554 

2016) and Paris (15-35 km) (Staufer et al., 2016).  555 

Based on multiple linear regression, the sites that exhibited better combination 556 

performance and more frequent selection across the eight directions were sites 3, 5, 6, 557 

10, 11, 14, 17, and 18. From these, three sites were selected to model background mole 558 

fractions. Sites 3, 10, and 17 showed highest R2 and best RMSE performance (R2 = 559 

0.45, RMSE = 7.6 µmol/mol). These sites, located to the west, north, and southeast of 560 

the main urban area, respectively, aligned with the locations identified using the spatial 561 

distance approach. 562 

For selection based on meteorological trajectories, the average position of all 563 

particles was calculated when the trajectories entered the main urban domain (Fig. 5a). 564 

Results showed that the particles most often entered the central downtown area from 565 

the west and northeast. Sites with higher frequency were selected from each of the eight 566 

directions, namely sites 20, 2, 4, 12, 18, 15, 13, and 5. The frequencies of site 20 in the 567 

northeast and site 2 in the west were 0.14 and 0.13 over all the months, respectively, 568 

about 2 to 6 times higher than that of the other sites. The frequencies of site 13 in the 569 

south and site 5 in the southeast were only 0.02 (Fig. 5b). To avoid the selected sites 570 

being too concentrated in one direction, differences in footprints between sites (as 571 

described in Sect. 2.3) were also considered. Predictably, the differences in trajectories 572 
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between nearby stations were relatively small, while those between distant stations, 573 

especially in the diagonal direction, were larger (Fig. 5c). For example, the trajectory 574 

differences between sites 2 and 4 in the northwest and sites 13 and 15 in the southeast 575 

were extremely low, while the trajectory differences between the two groups were 576 

extremely high. Additionally, sites 18 and 20 in the northeast exhibited relatively small 577 

differences with other sites (F < 0.4), indicating good representativeness. The 578 

normalized scores (η) of the 56 site combinations (selecting three sites from the eight 579 

candidate sites with high frequency) were also evaluated to identify the optimal 580 

combination (Fig. 5d). Results showed that the combination of sites 2, 15, and 20, 581 

located in the northwest, southeast and northeast, respectively, had the highest weight 582 

(0.46). 583 

3.5 Background tower evaluation 584 

The background towers selected using the spatial distance, multiple linear regression, 585 

and meteorological trajectory approaches are shown in Fig. 6a. The performance of the 586 

different background selection methods was evaluated based on (1) the ability of 587 

background towers to capture the variability and magnitude of CO2 contributions from 588 

external sources to mole fractions at urban sites, and (2) the errors introduced by the 589 

uncertainty of these contributions under different background tower selections for the 590 

inverse analysis of urban CO2 emissions, as described in Section 2.4. 591 
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3.5.1 Ability to explain contributions from external fluxes 592 

Synthetic urban and background tower observations described in Sect. 2.4.1 were 593 

used to evaluate the ability of the three background observation systems to construct 594 

unbiased backgrounds for the urban domain. Results revealed that the three background 595 

station groups were able to characterize the changes in external contributions of CO2, 596 

with R2 and RMSE values between synthetic true backgrounds ( 𝑦!'"$%; ) and 597 

backgrounds constructed from background stations (𝑦#'"$%;) ranging from 0.65 to 0.70 598 

and from 6.48 µmol/mol to 7.25 µmol/mol, respectively (Fig.6b-6d). The multiple 599 

regression method performed well and could better represent the changing trend of 600 

backgrounds. When comparing the background estimation errors (𝑦#'"$%( − 𝑦!'"$%() 601 

generated by the three selection approaches, it was observed that the meteorological 602 

trajectory method exhibited the smallest bias (0.09 µmol/mol) and standard deviation 603 

(6.31 µmol/mol) (Fig. 6e-6g). Here, the mean bias was concerned to clarify the positive 604 

or negative differences between 𝑦#'"$%(  and 𝑦!'"$%( , which was included in the 605 

inversion framework, directly affecting the underestimation or overestimation of the 606 

inverse estimate.  607 

The characterization ability of the different background tower combinations in 608 

explaining true external contributions (𝑦!'"$%() in different seasons was assessed (Fig. 609 

7). Results indicated that the error in external contributions during January and October 610 

reached as high as 20 µmol/mol, significantly higher than that observed in April and 611 
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July. This discrepancy may be attributed to particles traversing areas with higher 612 

anthropogenic emissions in autumn and winter, thus carrying elevated mole fractions 613 

of CO2 into the main urban area. In addition, the spatiotemporal selection of background 614 

stations was considered using the average position of particles at the boundary. Each 615 

particle exhibits unique vertical and horizontal dispersion patterns (Mueller et al., 2018), 616 

which may introduce errors in characterizing the contribution of external sources using 617 

background towers. This variability in incoming mole fractions also complicates the 618 

separation of urban signals and increases the uncertainty of carbon emission inverse 619 

estimate. More complex background approaches that use full-column background 620 

representation, for example, may be needed as opposed to the simple downwind-621 

upwind tower difference, as shown by Karion et al.(2021). 622 

Compared to the other two background selection methods, background modeling 623 

based on meteorological trajectories provided the closest approximation to the synthetic 624 

true background, exhibiting the smallest bias across all seasons (0.82 µmol/mol, 0.03 625 

µmol/mol, −0.23 µmol/mol, and 0.88 µmol/mol in January, April, July, and October 626 

2021, respectively). When using distance selection, the overall bias of the modeled 627 

background was always positive, notably so in July. This could be attributed to the 628 

dominant winds in July originating from the south (Fig. S1), the lack of south-based 629 

background stations selected using the distance approach made it difficult to properly 630 

capture incoming air contributions from the south. 631 
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Based on the daily average values (afternoon period) across all urban stations, the 632 

CO2 Taylor diagram (Taylor, 2001) revealed high correlation coefficients for all three 633 

methods across the four seasons, with coefficients exceeding 0.9 in April and July and 634 

reaching 0.7 and 0.85 in January and October, respectively. These high correlations 635 

were attributed to the successful capture of the seasonal cycle by all background 636 

configurations. The background stations identified through trajectory and multiple 637 

regression demonstrated superior performance. Notably, the standard deviations of the 638 

trajectory background station in April were closer to those observed at the urban stations 639 

(𝑦!'"$%(), while the multiple regression-selected background stations exhibited higher 640 

correlation coefficients and lower RMSE in July and October. Thus, it was deemed 641 

appropriate to represent the contribution of external regional fluxes to urban stations by 642 

using either the trajectory or multiple regression background stations. The above results 643 

could provide valuable reference for the construction of GHG background networks in 644 

other cities. If a city had obvious meteorological characteristics with dominant wind 645 

directions for many years, it might be an advisable choice to prioritize the concentration 646 

gradient between upwind and downwind. For cities with complex surrounding 647 

environments, such as Zhengzhou located in the core of urban agglomerations, it was 648 

more suitable to use the method of trajectory or multiple regression to establish 649 

background stations. Despite the similarity in correlation coefficients among the three 650 

methods — attributable to the uniform emission inventory and transport model used in 651 
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constructing external contributions — the differences in bias, RMSE and standard 652 

deviation may introduce errors in atmospheric inverse emissions estimates. 653 

3.5.2 Impact of background towers on inverse estimate of emissions 654 

The error in CO2 emission inverse estimate for the main urban area was significantly 655 

impacted by the error in the background as represented by the background station 656 

measurements. Here, we estimated the uncertainty of the background mole fractions 657 

through the standard deviation of the difference between 𝑦!'"$%( and 𝑦#'"$%( (Fig. 8a). 658 

Analysis showed that 𝑦#'"$%( for the three methods exhibited much higher uncertainty 659 

in autumn and winter compared to spring and summer, with the meteorological 660 

trajectory approach demonstrating the smallest uncertainty in January and October. 661 

Figure 8b shows the mean bias and standard deviations of the errors in the estimated 662 

CO2 flux of the central urban area. Except for July, the overall inverse estimate showed 663 

a negative bias relative to the synthetic truth, likely due to the high incoming CO2 from 664 

external regions estimated by background towers (i.e., a positive bias in the background 665 

estimate). This was consistent with the statistical analysis of CO2 mean bias for external 666 

flux contributions, that showed higher estimated background from background towers 667 

than the true one except for July, where it was slightly negative (Fig. 7c). The emission 668 

errors introduced by background measurements selected by the distance, trajectory, and 669 

multiple regression methods were −15%, −8%, and −11%, respectively. Thus, it can be 670 



35 / 60 

 

 

seen that the trajectory method of selecting background stations was optimal to inverse 671 

estimate of CO2 emissions higher resolution and more accuracy in Zhengzhou urban, 672 

indicating that it was necessary to translate background errors into flux errors through 673 

an inversion framework in the background value assessment. Further error analysis 674 

indicated that using the true synthetic background, 𝑦!1#"$., directly for inverse analysis 675 

resulted in a bias error of about 1%, which could be explained as model or system error. 676 

Conversely, using 𝑦#'"$%( instead of 𝑦!'"$%( led to an emission error of −8% by the 677 

trajectory methods (the best performing method), indicating that inaccuracies 678 

introduced by background error accounted for an approximate −9% error in inverse 679 

estimate. 680 

For estimating CO2 flux in different seasons, the inverse flux errors from the 681 

trajectory background station selection methods in January, April, July, and October 682 

were −7%, −8%, 2%, and −18%, respectively (Table S10). The emission errors and 683 

standard deviations were larger in autumn and winter, likely related to the higher 684 

external flux contributions and prominent incoming mole fractions during these periods 685 

(Fig. 4). In July, characterized by prevailing southerly winds (Fig. S1), the inverse error 686 

of the distance-based group reached −23%, highlighting that, in comparison to the other 687 

methods, the distance-based selection accumulated larger errors due to insufficient 688 

coverage in the southern direction (Fig. 7c). Further analysis comparing the 689 

uncertainties of near-field and far-field flux contributions to mole fractions indicated 690 
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that near-field contribution uncertainty was slightly higher than that of the far-field (Fig. 691 

8a). Previous studies have demonstrated that variations in near-field fluxes strongly 692 

impact urban observations, presenting challenges for identifying CO2 enhancement 693 

signals at urban stations, leading to increased emission estimation errors (Gerbig et al., 694 

2009; Miles et al., 2021). Meanwhile, although flux variations in the far-field region 695 

were less detectable at the urban towers, likely due to their well-mixed and diffuse 696 

nature, the cumulative contributions from external fluxes will still significantly impact 697 

the stations (Huntzinger et al., 2011). The uncertainty levels in the far-field region were 698 

comparable to those in the near-field. Within the far-field region of the Zhengzhou area, 699 

the complexity of urban agglomerations led to notable differences in the spatial 700 

distribution of fluxes, which introduced errors in external contribution to mole fractions 701 

and, consequently, to inverse flux estimates. 702 

4. Conclusion 703 

Minimizing the influence of external emissions on local observations is crucial for 704 

accurate urban CO2 inverse estimates, especially for the core megacities of urban 705 

agglomerations. Therefore, establishing an effective monitoring network, including 706 

background stations, is paramount. Here, we selected the central downtown area of 707 

Zhengzhou and quantified the contribution of extra-urban fluxes to local observations 708 

using atmospheric observation data, prior inventories, and transport modeling. Results 709 

revealed that these contributions from areas outside the urban domain exceeded 60% of 710 
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total enhancements in autumn and winter, primarily influenced by fluxes from the 711 

northeast, west, and northwest, with far-field regions (> 50 km) impacting significantly 712 

more than near-field regions. To best capture the variation in CO2 mole fractions from 713 

external fluxes, we compared multiple background selection methods including 714 

distance, meteorological trajectory, and multiple regression. Both meteorological 715 

trajectories and multiple regression method could effectively characterize the external 716 

CO2 contribution in Zhengzhou urban area. Background modeling based on 717 

meteorological trajectories provided the closest approximation to the synthetic true 718 

background with the smallest bias across all seasons (−0.23~0.88 µmol/mol), moreover, 719 

it introduced the smallest errors (−8%) in subsequent inverse estimate. Therefore, the 720 

meteorological trajectory was ultimately selected as the optimal approach to identify 721 

background sites for urban CO2 inverse estimate, after the background errors were 722 

converted into flux errors through an inversion framework in the background value 723 

assessment. 724 

Seasonal CO2 flux estimates based on the Zhengzhou monitoring network showed 725 

that both the mean bias and the standard deviation of errors were greater during autumn 726 

and winter, associated with higher extra-urban contributions and larger positive errors 727 

in background mole fractions as determined by background sites. Notably, the far-field 728 

contributions and uncertainties within our domain were relatively higher compared to 729 

other regions, such as the Washington, Baltimore metropolitan regions (Karion et al., 730 
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2021) and Indianapolis (Balashov et al., 2020). This is attributed to the higher emissions 731 

and more complicated urban agglomerations in the far-field (> 50 km) of Zhengzhou, 732 

leading to larger errors in CO2 flux inverse estimates. For cities with complex 733 

surrounding environments, it is more reasonable to establish background stations based 734 

on the methods of meteorological trajectories or multiple regression, meanwhile it is 735 

essential to consider the impact of background value on flux errors in inversion 736 

framework. It is worth noting that the influence of external fluxes on urban mole 737 

fractions used in this paper were modeled values and thus our conclusions depend on 738 

the accuracy of the inventories used to obtained them.  739 

Incorporating more observational data (e.g., more urban and background towers, 740 

and from unmanned aerial vehicles and airplanes) and refining data filtering methods 741 

for upwind background station applications could further reduce GHG inverse estimate 742 

errors introduced by background errors. Nevertheless, this study provides an efficient 743 

and adaptable approach to background site selection and evaluation in the core cities of 744 

dense urban agglomerations, which will help to improve the accuracy and reliability of 745 

urban GHG emission estimates using inverse analysis methods. 746 
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 1072 

 1073 

Figure 1. (a) WRF modeling domains at 9 km (d01, black) and 1 km (d02, blue) 1074 

resolution. The blue outline represents the near-field including the area outside the 1075 

urban area and within approximately 50 km, and the green outline represents the far-1076 

field which extends from 50 km to a boundary of 500 km. Area in green square is the 1077 

STILT model domain. Contour indicates terrain height (m) from NASA’s Shuttle Radar 1078 

Topography Mission data (http://srtm.csi.cgiar.org). (b) Domain of interest in main 1079 

urban area (red outline). Blue triangles indicate urban stations used in this study, and 1080 

red dots indicate candidate background tower locations. Gray lines indicate division the 1081 

study area in eight directions.  1082 
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 1083 

Figure 2. (a) Hourly measured CO2 for SP, YS, and LC tower stations from 2021 to 1084 

2023. Gray shadows indicate January, April, July, and October 2021, and January to 1085 

March 2023. Corresponding Figure b-f. (b-f) Hourly measured CO2 and modeled 1086 

CT2022 background mole fractions. 1087 

  1088 
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 1089 

Figure 3. Hourly (12:00 to 18:00 local time) modeled and measured CO2 enhancements 1090 

(𝑦'*') over the 500-km domain for January, April, July, and October 2021. Simulations 1091 

versus observations for each inventory shown in (a-c), colored by month, with the 1:1 1092 

line in black. Statistical values represent R2 values. Histograms of simulations and 1093 

observations differences are shown in (d-f). Frequency refers to the number of biased 1094 

data points contained within each data interval. Vegetation component is included in all 1095 

modeled enhancements. 1096 
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 1097 

Figure 4. Boxplots of the simulated average contributions to all mole fractions (𝑦!'"$%() 1098 

from extra-urban sources and sinks from different directions in (a) January, (b) April, 1099 

(c) July, and (d) October 2021. Near-field contributions (𝑦'"$%($%"#) are in the light red 1100 

rectangle boxes, while the far-fields (𝑦'"$%(!"#) are in the light blue rectangles. Black 1101 
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lines indicate the median with squares indicating the mean values and outliers as 1102 

diamond symbols. Average monthly contributions (µmol/mol) from different source 1103 

and sink locations outside the main urban domain to hourly CO2 mole fractions 1104 

observed in (e) January, (f) April, (g) July, and (h) October 2021. Blue box indicates 1105 

our definition of near-field, with the urban area of interest in white at the center. The 1106 

gray areas refer to the areas where the contribution to modeled enhancements at urban 1107 

towers is less than 0.001 µmol/mol. 1108 

 1109 
Figure 5. (a) Average position of air particles (orange dots) when trajectory enters the 1110 

main urban area. (b) Frequency of each candidate site selected as the upwind 1111 

background tower, which was calculated as the number of hours selected relative to the 1112 

total number of hours. (c) Sum of squared differences of footprints between two sites. 1113 

(d) Normalized weights (η) for three candidate background tower combinations from 1114 

eight candidate sites. 1115 
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 1116 

Figure 6. (a) Location of three groups of background sites identified by different site-1117 

selection methods, including closest distance, meteorological trajectory, and multiple 1118 

linear regression. (b-d) Actual external flux contributions to mole fractions at urban 1119 

tower stations (𝑦!'"$%() versus external contributions constructed by background sites 1120 

(𝑦#'"$%(). Values averaged across three urban tower stations. (b) Closest distance. (c) 1121 

Meteorological trajectory. (d) Multiple linear regression. Histograms of external 1122 

contribution difference (𝑦#'"$%(− 𝑦!'"$%() corresponding to three methods are shown 1123 

in (e-g).  1124 

 1125 
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 1126 
Figure 7. CO2 mean bias (µmol/mol) for external flux contributions (𝑦#'"$%( − 𝑦!'"$%() 1127 

of daily mean across three urban tower stations in (a) January, (b) April, (c) July, and 1128 

(d) October 2021. Values in the upper left corner represent average monthly error of 1129 
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three methods. (e-h) Taylor diagram illustrates performance, replicating the standard 1130 

deviation of afternoon observations (black axes at constant radius), correlation (blue 1131 

angular axes), and RMSE (yellow-brown arcs). 1132 

 1133 

Figure 8. (a) The uncertainty of the background mole fractions (standard deviation of 1134 

errors (𝑦#'"$%( − 𝑦!'"$%()) in CO2 external contribution for near-field and far-field. 1135 

Triangles and squares indicate the monthly mean (circles and crosses are daily). (b) Bias 1136 

(with error bars indicating the standard deviation of errors) estimated CO2 fluxes for 1137 

the main urban area in January, April, July, and October (afternoon) using OSSEs based 1138 

on three urban stations. 1139 


