W N

10

11

12

13

14

15

16

17

18
19

Site selection and effects of background towers on urban CO>
estimates: A case study from central downtown Zhengzhou in
China

Ge Ren*"!, Kailun Du®"!, Anna Karion®, Shiqi Zhao?®, Israel Lopez-Coto®9,
q p

Xiaoning Wang?®®, James Whetstone®, Hong Lin®"*

"Division of Thermophysics Metrology, National Institute of Metrology, Beijing, 100029,

China
®Zhengzhou Institute of Metrology, Zhengzhou 450001, China
“National Institute of Standards and Technology, Gaithersburg, MD, 20899, USA

School of Marine and Atmospheric Sciences, Stony Brook University, Stony Brook, NY

11794, USA

*Correspondence author:

E-mail address: Linhong @nim.ac.cn (Hong Lin)

'These authors contributed equally to this work.

1/60



20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

Abstract. With China’s proposed carbon reduction goals, many carbon monitoring pilot
city projects have been launched, involving greenhouse gas (GHG) inverse estimate
analysis based on GHG observations. For the evaluation of emissions estimates in a
targeted urban area, the contributions of extra-urban fluxes on urban GHG observations
must be excluded, especially for core cities within urban agglomerations, which face
more severe emission interference from adjacent cities. In this study, we quantified the
impact of external emissions on urban carbon dioxide (COz) mole fraction observations
across different seasons in the central downtown area of Zhengzhou, a core city of the
Central Plains Urban Agglomeration in China. Results showed that 60% of the CO:
enhancement from the 500-km square area including the city originated outside the core
urban area in autumn and winter, predominantly originating from far-field sources (>50
km) in the northeast, west, and northwest of Zhengzhou. To design an optimal
monitoring network that accurately accounts for CO2 mole fractions entering the urban
domain of interest, three different selection methods (distance, meteorological
trajectory, and multiple regression) were used to select background station locations,
and the resulting background values were evaluated through the application of
observing system simulation experiments, including synthetic flux inverse estimate.
Results indicated that the background stations selected by meteorological trajectories
more effectively captured CO; variability, introducing the smallest errors to inverse

estimate flux (—8%). This study provides a valuable reference for designing background
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monitoring stations in dense urban agglomerations, thereby improving the accuracy of
high-resolution urban GHG emission inverse estimates.

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

1. Introduction

To mitigate global warming, the international community has proposed numerous
climate goals and commitments aimed at reducing future emissions (IPCC, 2018;
UNFCCC, 2018). China has committed to reaching its carbon emissions peak before
2030 and achieving carbon neutrality before 2060. Although urban areas cover less than
3% of the Earth’s terrestrial surface (Liu et al., 2014b), they account for more than 70%
of global carbon emissions (Seto et al., 2014). Given that bottom-up emission
inventories are often plagued by significant uncertainties, the accurate monitoring and
quantification of urban emissions have become increasingly important. In response, the
General Office of the Chinese Ministry of Ecology and Environment

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

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

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

precise quantification of GHG budgets through advanced monitoring techniques.
Atmospheric monitoring plays a crucial role in urban carbon emission estimations,

offering real-time data through various means such as high-tower site measurements
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(Sargent et al., 2018; Lauvaux et al., 2020), aircraft observations (Lopez-Coto et al.,
2020; Lopez-Coto et al., 2022; Pitt et al., 2022), and satellite retrievals (Janardanan et
al., 2016; Oda et al., 2017; Villalobos et al., 2022). An atmospheric inversion approach
integrates such observations of GHGs with existing urban emission inventories and
atmospheric transport and dispersion models to estimate surface fluxes, referred to as
top-down analysis (Lauvaux et al., 2016; Turner et al., 2016; Lopez-Coto et al., 2017,
Yadav et al., 2021; Mallia et al., 2023). This technique relies on the theory that increases
in atmospheric mole fractions relative to background values can be used to track
anthropogenic emissions across megacities (Kort et al., 2013). Therefore, a critical
aspect of employing the top-down approach for precise and effective urban emission
estimation is distinguishing between mole fractions introduced into a city’s area from
sources outside the domain of interest and those mole fraction enhancements resulting
from local emissions (Mueller et al., 2018; Sargent et al., 2018; Lopez-Coto et al., 2020;
Karion et al., 2021; Lopez-Coto et al., 2022; Pitt et al., 2022). This is quite different
from the air pollutants (such as SO> and NO») monitoring, which focuses more on the
coverage area of stations and the ability to reflect regional concentration exceeding
standards (Hao and Xie., 2018), rather than estimating fluxes that is susceptible to
background influences.

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

conducted various studies on atmospheric background mole fractions (Fang et al., 2016;
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Fang et al., 2017; Zhang et al., 2020; Wu et al., 2023). At present, China's Greenhouse
Gas Observation Network has extended to 7 World Meteorological Organization
(WMO) stations and 52 background stations, aiming to study anthropogenic emissions
and natural fluxes at the global, national, and regional scales (Liu et al., 2014a; Cheng
et al., 2018; Zhong et al., 2023). Constrained by reliable observations from these
stations, the uncertainty of national and provincial GHG fluxes estimation in China can
be effectively reduced (Kou et al., 2023; Wang et al., 2023; Zhong et al., 2023; Guo et
al., 2024b). However, the background stations are scattered and sparse for cities, which
complicates the task of delineating the mole fraction of GHGs attributable to emissions
external to a specific city. In the absence of urban background stations, simulation
models are commonly used in China to characterize transport of GHGs into megacities.
For example, Carbon Tracker global CO; datasets (3° x 2° resolution in China) and
regional transport models such as the Weather Research and Forecasting with
Chemistry model (WRF-Chem) and the Hybrid Single-Particle Lagrangian Integrated
Trajectory (HYSPLIT) model have been widely used to determine background mole
fractions and assess the impact of incoming air on urban GHG mole fractions in the
Yangtze River Delta, Beijing, and Shanghai (Hu et al., 2018; Feng et al., 2019; Wei et
al., 2020; Hu et al., 2022). Despite their utility, the background estimates produced by
mesoscale or large-scale models are characterized by coarse spatiotemporal resolution

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

Compared with China that began to establish pilot cities for carbon monitoring and
evaluation in 2021, there has been a substantial expansion in atmospheric GHG
monitoring networks across European and American cities over the past decade,
including both urban and background stations (Turner et al., 2016; Wu et al., 2016;
Lopez-Coto et al., 2017; Shusterman et al., 2018; Yadav et al., 2021). Several
optimisation routines, such as incremental optimisation, genetic algorithm, and
simulated annealing, have been used for optimal GHG network design, effectively
reducing the uncertainty of carbon flux estimation (Rayner et al., 1996; Ziehn et al.,
2014; Nickless et al., 2015). If the inflow outside the boundaries had minimal influence
on the contribution of local concentration enhancement and the domain interest is at a
larger scale (national or regional), the backgrounds separately assessment maybe
inessential to inverse estimate for CO; emission in the existing optimal network design
frameworks. Such as the research on designing additional CO; observation networks in
South Korea based on Bayesian inversion coupled with Lagrangian modeling, the
impact of external transmission has been ignored considering the geographical location
around the sea (Kenea et al., 2024), similar with the design of GHG observation
networks in Australia and South Africa, which do not separately optimize the
background station (Ziehn et al., 2014; Nickless et al., 2015). Additionally, isotopic

ratios can be used in the design of GHG network for specific purposes, Thompson and
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Pisso (2023) have selected sites from an existing network of CO. for additional
measurements of A*CO> to estimate fossil fuel CO, emissions, without paying extra
attention to background sites. However, in most cases for a city among urban
agglomerations, separating background from urban stations is crucial for minimizing
emission uncertainty in a defined area, which has attracted increasing attention from
researchers. For instance, Karion et al. (2021) evaluated various strategies for
establishing backgrounds within CO» observation networks in the metropolitan areas of
Washington, DC, and Baltimore, MD, discovering that backgrounds derived from
upwind observations more effectively captured variability than model-based
alternatives. Breon et al. (2015) recognized that the influence of non-urban sources
could be effectively eliminated by using concentration gradients between urban and
background stations rather than directly using tower observation. The application of the
above concentration differences effectively reduced the uncertainty of monthly CO:
emissions estimates at 2 km resolution in Paris city (Staufer et al., 2016), which also
contributed to accurately estimate the impact of the COVID-19 blockade on urban
carbon dioxide emissions (Lian et al., 2022). Mueller et al. (2018) combined
geostatistical methods to identify background stations within the Northeast Corridor
Urban Agglomeration, successfully capturing the spatiotemporal variations in regional
export under complex meteorological conditions. However, a standard approach for

selecting background station locations and determining observation-based background
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values with the target of minimizing the urban emissions uncertainty has yet to be
established. This is particularly relevant for China, the development of its urban GHG
monitoring network is still in its infancy, and the prevalence of urban agglomerations
complicates emissions tracking due to intermingling of GHGs from emissions in
neighboring cities.

Thus, the purpose of this study was to characterize the background dynamics and
identify the most suitable locations for tower-based background monitoring sites that
accurately quantify CO2 mole fractions of air inflow to the central downtown area of
Zhengzhou, a megacity in Henan Province, China. With a population of 12.8 million,
Zhengzhou serves as the central city of the Central Plains Urban Agglomeration region
in China. It is located at the intersection of the middle and lower reaches of the Yellow
River and the Huanghuai Plain, with the terrain that is high in the west and low in the
east. The Taihang Mountains, low North China Plain and narrow Fenwei Plain are in
the northern, eastern, and western parts of Zhengzhou, respectively (Fig.1). This
complex topography, coupled with the influence of winter winds, make Zhengzhou
susceptible to regional air mass movements from the northeast and northwest (Liu et
al., 2018; Wang et al., 2018; Fan et al., 2020). Additionally, Zhengzhou is surrounded
by diverse emission-contributing cities, including industrial cities such as Anyang (steel
production) and Pingdingshan (coal production), as well as agricultural cities such as

Nanyang (dominated by cultivated crops) (Liu et al., 2018). Therefore, we focused on
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characterizing and quantifying CO: entering the central downtown area of Zhengzhou
under the influence of terrain, meteorology, and CO; fluxes from surrounding areas,
based on atmospheric observation data and prior inventory and transport models.
Furthermore, we employed three site selection methods based on (a) spatial distance,
(b) meteorological trajectories, and (c) multiple regression, and evaluated the errors
introduced by background values in estimating urban CO> emissions using an inverse
framework specific to Zhengzhou. Our results will facilitate the establishment of an
optimal monitoring network for urban background monitoring stations.

The methodologies applied in this research are not only valuable for CO; and
Zhengzhou, but also offer broader applicability for background estimation and
evaluation of other trace gases in other megacities or urban agglomerations. Study
methodology, including data and inventories, model configuration, site selection
criteria, and inverse techniques are discussed in Section 2. The results and discussion,
including the analysis of observation data, comparison of different inventories,
characteristics and quantification of regional background mole fractions, and selection
and inverse estimate for urban background stations, are provided in Section 3. The study
conclusions are summarized in Section 4.

2. Materials and Methods
2.1 Study area and tower-based CO; observations

The study area is situated in the north-central downtown area of Zhengzhou City,
9/60
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encompassing 709 km? and a population of 5.77 million, contributing approximately
42% of the city’s transportation carbon emissions and 50% of the residential emissions
(Multi-Resolution Emission Inventory for China, Zheng et al., 2014; Peng et al., 2019).
Three tower-based monitoring stations have been established within the main urban
area to measure GHG emissions, including the Yuegang Southwest Station (YS),
Sculpture Park Station (SP), and Longzhimeng Community Station (LC), ranging in
height from 35 m to 50 m (Fig.1 and Table S1). The areas surrounding these towers are
predominantly urban and the observed and simulated values of the three towers will be
used for data analysis and background station selection. The Picarro G2401' monitoring
instrument employed at each site enables continuous online monitoring of CO2, CHy,
and CO mole fractions. To ensure the accuracy of the measurement data, observations
are calibrated every two weeks using a linear two-point method (Text S1). Considering
the data availability and representativeness, the CO> observation data used in this study
includes two periods, January, April, July and October in 2021 and January to March
2023 (Text S1). The focus of the research period corresponds to the continuous

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

! 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
boundary layer is well mixed and the impact of the uncertainty in the planetary
boundary layer (PBL) height simulated by the atmospheric transport model is
minimized.

To quantify emissions from the urban area of Zhengzhou, and better understand
the contribution of emissions occurring upwind (outside) of the city to the mole
fractions measured in the central downtown area of Zhengzhou, it is essential to design
and construct urban background stations at the edge of the city. Thus, to enable
monitoring of background mole fractions in various directions using background towers,
the area surrounding the central downtown was divided into eight directions: east, south,
west, north, northeast, northwest, southeast, and southwest. Preliminary selection
criterion identified 20 potential candidate sites on communication towers (Text S1 and
Table S1) at the urban fringe, with 2-3 candidate sites for each direction (Fig. 1).

2.2 WRF-STILT model and emissions inventories

In this study, we used the Weather Research and Forecasting (WRF, v4.3) model to
drive the Stochastic Time-Inverted Lagrangian Transport model (STILT). WRF
supports multi-nesting grids, allowing for high spatial resolution, its detailed physical
and urban parameterizations make it a powerful tool for urban-scale meteorological
forecasting (Yang et al., 2012). The particle locations released by STILT are distributed

without grid cell restrictions, thus it can capture fine structures caused by small-scale
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inhomogeneities in source distributions, which are unresolved by gridded transport
models (Lin et al., 2003). The combination of WRF-STILT has been extensively used
in several studies using midlatitude receptors (McKain et al., 2012; Lopez-Coto et al.,
2017; Sargent et al., 2018; Hu et al., 2022). The WRF model is configured to feature 35
vertical levels and employs two-way nesting across two domains (9 km and 1 km). The
STILT model operates in time-reverse mode, releasing an ensemble of 1 000 particles
that are transported backward for 7 days for each observation’s hour (afternoon hours
only:1200-1800 local time) and location. To investigate the impact of external regional
fluxes on urban monitoring stations, the external region was divided into near-field and
far-field zones. The study focus is the urban area (red outline, Fig. 1). The near-field
includes the area outside the urban area and within approximately 50 km (blue outline,
Fig. 1), while far-field extends from 50 km to a boundary of 500 km (green outline, Fig.
1). The simulation period of the WRF-STILT model is consistent with the observed data,
including January, April, July, and October of 2021, as well as January to March of
2023. Details on the WRF-STILT model and meteorological validation are presented in
Text S2.

The entire gridded footprints were convolved with anthropogenic and biogenic
CO: flux estimates to provide a total modeled CO> mole fraction (pmol/mol, commonly
referred to as ppm) enhancement at the receptors. Long-distance CO» background mole

fractions were determined from the upwind mole fractions simulated by
12/60
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CarbonTracker2022 (CT2022, http://carbontracker.noaa.gov) at the 500 km boundary,

which has a temporal resolution of 3 hours and a spatial resolution of 3°x 2° grid with
34 vertical layers. As the current data of CT2022 is updated until February 2021, the
data for the corresponding period in 2020 was used to determine the remaining missing
background mole fractions for the study period. The detailed information refers to Text
S3.

Thus, the observations of the urban tower stations can be decomposed as follows:
Y = Yurban t Ybg = Yurban t Yiranssa, t Veransneqr 1 Yiong (1)
where y,,-pan represents the enhancements due to emissions occurring in the urban area
(our area of interest), and the other three terms correspond to the background signal.
The background signal itself is composed of the emissions occurring upwind of the city,
both in the near-field (Y¢rans,,,,) and the far-field (yirans far), and a long-distance
background (y;yng4) obtained from CT2022 that represents the mole fractions at the edge
of the full 500-km modeling domain (boundary conditions).

To create synthetic CO2 observations (equation (1)), the footprints are coupled to
anthropogenic emissions and biospheric fluxes to derive the enhanced CO- signal,
which represents the mole fraction contribution of CO; fluxes to the urban station
through all regions. The anthropogenic emission inventories were obtained from the
Emission Database for Global Atmospheric Research (EDGAR, v7.0, 2022,

https://edgar.jrc.ec.europa.eu), Multi-resolution Emission Inventory model for Climate
13/60
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and air pollution research (MEIC http://meicmodel.org.cn, Li et al., 2017; Zheng et al.,

2018), and Open-Source Data Inventory for Anthropogenic Carbon Dioxide
(ODIAC2020b, http://www.odiac.org/, Oda and Maksyutov, 2011; Oda et al., 2018).
The original grid resolutions of EDGAR, ODIAC, and MEIC CO; emissions used in
this study were 0.1°%0.1°, lkmx1km and 0.25°x0.25°, respectively. MEIC and ODIAC
provide the latest monthly emission inventories for 2020 and 2019 respectively, while
EDGAR provides annual emissions for 2021. For comparison, the three anthropogenic
inventories used in this study were unified to the same spatiotemporal resolution (0.1°
% 0.1° grid, and monthly) emissions in 2021. Biogenic source inventories were obtained
from the Vegetation Photosynthetic Respiration Model (VPRM). Net ecosystem
exchange (NEE) fluxes were simulated at two-layer nested resolution (20 km, 5 km)
and estimated hourly. Details on inventories and comparisons are in Text S4. Based on
the above inventories, three inventory combinations were constructed:
EDGAR+VPRM, ODIAC+VPRM, and MEIC+VPRM. The most suitable
anthropogenic emission inventory was determined by comparing the simulated CO:
enhancements over the 500-km domain with those observations that excluded the long-
distance background (y — ¥;ong ) (as shown in Sect. 3.2). The best-performing
inventory was subsequently used to quantify the contribution of external fluxes to total
mole fractions and evaluate the background station selection. The detailed data analysis

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

Urban background stations play a crucial role in accurately assessing the contributions
of incoming air masses to CO2 observed at urban monitoring towers. We determined
that we would establish three background stations to best represent the incoming mole
fractions impacting our urban sites, based on both logistical considerations and analysis
presented in Sect. 3.3. In this study, background station selection was based on three
different methods: (a) spatial distance, (b) meteorological trajectories, and (c) multiple
regression. We used the afternoon period data (1200-1800 hours local time) of all
months in 2021 together to conduct background sites selection, so that the selected sites
could reasonably quantify CO, mole fractions of air inflow to the urban area for all
seasons.

For the spatial distance method, the candidate site closest to the urban station was
selected as the background site, as an example of a very simple approach that does not
consider wind direction. The multiple linear regression selection method followed the
methods used by Mueller et al. (2018). First, 1296 groups, each including eight sites
from eight different directions, traverse all combinations, were constructed based on
the 20 candidate background sites. The eight sites of each group were combined to
model the mole fraction contribution from sources external to the urban domain at the
urban station (V,,¢rans) through multiple regression.

Yutrans = Ytrans far +y transpear (2)
15760
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Ymtrans = Bo + B121 + B2za + .. +Pnzy 3)
where V,trqns 15 the synthetic true mole fraction contribution from the near-field
(Veranspeq,) and the far-field (Verans far) at the urban station. In equation (3), z,, is the
modeled value of the external contribution (z;,,,s) from the candidate sites, 3, is the
coefficient of each component, and subscript n (n = 1, ..., 8) represents the eight sites
from different directions. The coefficient of determination (R?) and root-mean-square
error (RMSE) were calculated to compare synthetic true (V,;rqans) Versus modeled
(Vmtrans) €xternal flux contributions to urban enhancements. Based on the comparative
analysis results for each group and the frequency of each site occurrence, eight sites
were preliminarily selected from the 20 candidate sites. Then, by repeating the above
method, three sites were further determined from the selected eight sites.

Last, the feasibility of identifying suitable urban background stations based on
meteorological trajectories was considered, drawing inspiration from prior studies
utilizing backward trajectories of urban stations for background value determination
(Karion et al., 2016; Sargent et al., 2018; Karion et al., 2021). Hence, we proposed a
selection method based on meteorological trajectories, using both meteorological data
and footprints generated by the WRF-STILT model. Specifically, the average position
(AP) of air particles was determined by calculating the latitude and longitude
coordinates for each particle released by the urban station at the moment its trajectory

entered the urban domain (red boundary, Fig.1). The candidate site closest to this AP
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was then chosen as the background station for that particular time. During the entire
simulation period, the frequency of each candidate site selected as the upwind
background tower was calculated as the number of hours selected relative to the total
number of hours. The higher frequency sites were selected from each of the eight
directions. Subsequently, differences (F) in footprints among the candidate locations
were further analyzed to refine the selection.
F =3 Y (f1y - f2y) 4)
where F is the sum of the square differences between the footprints of two stations, f1
and {2 are the footprints of different sites at each hour, and i and j are the coordinates
of the grid for the footprint. To avoid excessive clustering of the selected sites, the sites
with larger F, which indicates that the two footprints are more different, were given
priority.

As frequency and footprint difference are in different units, the normalized weight
parameters are defined to combine the two factors. The normalized frequency is:

C—Cmin

m = (5)

Cmax—Cmin
where C is the frequency of the candidate site serving as the upwind background station,
and C,,,q, and Gy, are the frequency maximum and minimum for the whole period,

respectively.

The normalized footprint difference is:
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F=Fmin

M2 = (6)

Fmax—Fmin
where F is the sum of the squared difference of the footprints between two sites,
calculated by equation (4), and F,,4, and F,,;, are the squared difference maximum and

minimum for the whole period, respectively.

The design goal is to maximize the normalized score (1)), defined as:

_ 1 (7]1i+711j+771k) l (Uzij+7)2ik+7lzjk)
n 2 3 2 3

(7)
where the subscripts i, j, and k represent the three background sites selected from eight
candidate stations. Thus, finally, the three sites in the combination with the highest n
value from all possible combinations were selected as the background site.

2.4 Background station evaluation
2.4.1 Background Signal Representation

Once the three background tower locations were chosen using each of the three methods
described above, we use the three chosen towers to simulate a background value for
each observation at each urban tower using the following methodology in a synthetic
data framework. Then we compare this simulated background to the synthetic true
background to evaluate the background tower choices.

The CO; enhancements over the 500-km domain (green, Fig. 1), defined as y;;,
was the sum of y,,,pqn (equation (1)) and Y, ;r-qns (eéquation (2)). The synthetic true

Yurban and Vyiranscould be obtained from the convolution of simulated footprints and
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the most suitable fluxes evaluated in section 3.2.

Ytot = Yurban + Yutrans (8)
Yurban = yurbanfossu + yurbanbio = Hsurbanfossil + Hsurbanbio (9)
Yutrans = yutransfossu + yutransbio = Hstransfossil + Hstransbio (]0)

Where Yurpansossy (Vutrans ossa) A4 Yurbanyio Vutransy,) Tepresent the enhancements
from fossil and biological parts, respectively. H are the sensitivities of hourly
observations to surface fluxes at urban stations, referred to as footprints, from WRF-
STILT model. Syrpan fossizandsurbanbio represent CO» flux from fossil and biological
sources in the urban area, respectively, while S¢;.45s fom.land Strans,;, ar¢ CO2 flux from
fossil and biological sources in the external areas (including near-field and far-field),
respectively=

Vperans 1S the contribution from external sources to the mole fractions at the
background stations.
Ybtrans = Ybtranssossit + Ybtransyi, = Histransfossil + H;Stransy;, (11)
where H; is the footprints at background stations for a given urban observation, and the
subscript i represents the background station selected based on the entry direction of
particle trajectory at the urban station for a certain time. The closest station to the AP
was selected as the background station for each receptor. Considering that it could take
several hours for a STILT modeled particle to arrive at an urban station after entering

the urban area, we use the simulated value for each selected background station at the
19/60
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average entry time (AT) of the 1,000 STILT particles mentioned above.

In order to evaluate the ability of background towers to capture the variability and
magnitude of CO, mole fractions from external sources at urban sites, the time series,
mean error, R?, correlation coefficient and RMSE between yy,rans and Yperans Were

analyzed in Set. 3.5.1.
2.4.2 Observing System Simulation Experiments

Once the background station locations were selected, a synthetic inverse experiment
within a Bayesian framework (Text S5) was conducted to evaluate the observation
system performance. The evaluation focused on whether background sites can
characterize the mole fraction contribution of external fluxes to urban stations.

To evaluate the impact of background error on CO2 emission inverse estimates,
Observing System Simulation Experiments (OSSEs) were carried out based on the Y,
SP, and LC urban measuring towers. The CO; synthetic “observed” enhancements were
not directly derived from the convolution of urban station data (y,,pqn), but rather by
deducting the long-distance background (y;ong) and contributions from sources
external to the urban area of interest as they are represented by the background stations
(Vperans) from the synthetic true observations (y). Synthetic true observations are
constructed as the sum of Yy pan, Yiong and Yyirans as defined in equations (8-10)).

Yosseurban = Y — Yiong — Vbtrans (]2)
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where y represents the synthetic observations in equation (1). Yysse urpan Tefers to the
CO; enhancement of urban stations used for inversion, with the inverse area being the
main urban area. The uncertainties of observations and the modeling framework were
selected to be 0.1 pumol/mol and 4.999 pumol/mol, respectively, which were used to
construct the error covariance matrix known as model-data mismatch. An exponential
model for the prior error covariance was assumed, where the uncertainty for the pixel
emissions was considered as 100%, with a spatial correlation distance of 10 km (Lopez-
Coto et al., 2017). The posterior flux was iteratively calculated from the synthetic
“observed” enhancements V,sse urpan (€quation (12)) during the afternoon period of
each month. The combination of anthropogenic and biological inventories that stood
out from Sect. 3.2 was applied as the “true emissions”, and the 0.1° grid resolution was
converted to 0.01° to align with the resolution of footprints in urban areas. The prior
fluxes were set to half the true emissions. Then, the analysis state vector (optimized
fluxes) was compared with the assumed true emission values to assess the performance
of our three background observation systems. The detailed information is presented in
Text S5.

3. Results and Discussion

3.1 CO; mixing ratio of tower-based measurement stations

The observations of CO, mixing ratios from January 2021 to March 2023 (shown in

Fig. 2) demonstrated obvious seasonal fluctuations, with differences exceeding 100
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pmol/mol between summer and winter. The hourly observations from the three urban
towers showed similar changes over time, attributed to similar atmospheric transport
processes and seasonal wind directions. In 2021, the CO- levels at all stations ranged
from 380 pmol/mol to 545 pmol/mol, with monthly average CO; mole fractions in
January, April, July, and October of 451.1 pmol/mol, 427.5 umol/mol, 423.4 pmol/mol,
and 443.8 umol/mol, respectively. The CO; level in Zhengzhou was slightly lower than
that in Beijing in winter (456.0 pmol/mol) (Pang et al., 2016), and markedly lower than
that in Nanjing (438.4 umol/mol) (Hu et al., 2018), and Shanghai in summer (425.6
pmol/mol) (Wei et al., 2020).

To further illustrate CO, contributions from regional and local sources, CO:
enhancements over the 500-km domain (green, Fig. 1), were calculated by subtracting
the long-distance background mole fraction from the observed mole fraction. Results
showed that the mean afternoon enhancements in January, April, July, and October 2021
ranged from 20.0 pmol/mol to 23.4 pumol/mol, 4.4 pmol/mol to 7.4 pumol/mol, 4.5
pmol/mol to 5.9 pumol/mol, and 11.9 umol/mol to 13.2 pmol/mol, respectively (Table
S6). The low CO; enhancements in July were probably affected by the influence of
vegetative photosynthesis, while the increase in CO; enhancements in autumn and
winter likely reflected higher fossil fuel consumption linked to local population factors.
3.2 Simulation of atmospheric CO: and evaluation of inventories

To identify the most suitable emission inventory for use in subsequent inverse analysis,
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various inventory combinations were evaluated by comparing the CO, enhancements
over the 500-km domain from simulations with those observations at urban tower
stations, employing the same transport model configurations and long- distance
background values. Based on the three anthropogenic emission inventories and
biogenic source inventories, three inventory combinations were constructed: EDGAR
+ VPRM, ODIAC + VPRM, and MEIC + VPRM. The R? values between modeled and
observed CO; mole fractions ranged from 0.40 to 0.53, with MEIC + VPRM and
EDGAR + VPRM showing the best simulation performances (R? of 0.50 and 0.53,
respectively) (Fig. 3a-3f). The standard deviations of the MEIC + VPRM and EDGAR
+ VPRM groups were both 14.5 pmol/mol, but the latter exhibited a smaller mean bias
(bias = simulations — observations) (1.3 umol/mol). The hourly bias, correlation, and
the root mean square error between modeled and observed mole fractions across all
years and months are shown in Table S8, indicating that the EDGAR + VPRM model
better represented the flux distribution and characteristics of the study area. Evaluation
of the different inventory combinations based on 2023 data showed similar results (Text
S6 and Fig. S6).

During winter, when biological activity was significantly lower than
anthropogenic activity, the biases (bias = simulations — observations) CO2 mole
fractions were predominantly negative (—3.0 umol/mol to —15.2 umol/mol) (Table S8).

This underestimation might be due to the inability to accurately capture the contribution
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of local anthropogenic emissions using inventories with limited resolution. In contrast,
studies in northern China during the summer have revealed that the relative magnitude
of biogenic and anthropogenic fluxes observed in valleys and farmlands is comparable
(Dayalu et al., 2020). However, in certain urban areas, such as Paris, research has shown
that biogenic signals have little effect on CO» inverse estimates (Ballav et al., 2016;
Staufer et al., 2016). In line with this, we found that the biospheric flux contribution to
the total CO, enhancement in the 500-km domain during the summer peak (1200 hours
to 1800 hours local time) was less than 10% (Table S7). In summer, the simulation mole
fractions of stations were significantly overestimated (Table S8), probably resulted
from the underestimate of the carbon sink of biological sources which caused by the
limitation of VPRM optimization parameters (Text S4). In addition, Zhengzhou
experienced the COVID-19V (Guo et al., 2024a) and catastrophic flood (Wang et al.,
2024) in July 2021, the model was difficult to accurately capture the characteristics of
biological source flux under sudden changes. The respiration of plants suffered from
flood slowed down and emitted less CO> (Arguello et al., 2016; Herzog et al., 2016),
which could also be the reason for the relatively lower contribution of biological
sources in summer here. More accurate data on different vegetation types and more
refined carbon source sink simulations are required for accurately quantifying biogenic
carbon flux, which is highly challenging. We mainly consider separating the external

net fluxes contribution from the urban station to support the inverse estimate of urban
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net fluxes, hence, we only focused on total fluxes without distinguishing between
biogenic and anthropogenic fluxes in subsequent analysis.

We note here that the use of CT2022 for the year 2020 rather than the observation
year (2021 and 2023) as the long-range background may impact the comparison
between observed and modeled enhancements, likely introducing bias and reducing the
ability of the model to simulate the true observed variability. However, this would
impact all the inventory combinations similarly and we can still use the analysis above
to choose the best inventory for use in the synthetic experiment. The long-range
background does not impact the results of the synthetic experiment directly, only the
choice of prior and true emissions used.

3.3 Origins and quantification of regional contributions

The contributions of external regional fluxes (¥,¢rqns) and core urban area fluxes
(Yurpban) to mole fractions observed at urban monitoring stations were determined
through the convolution of the footprints and EDGAR + VPRM inventory, which best
represented the flux distribution and characteristics of the study area from the analysis
of the simulations of CO> enhancements over the 500-km domain (y;,;) described
above. Results showed that external fluxes (i.e., fluxes outside the core urban area but
within the 500-km modeling domain) significantly contributed to the total
enhancements observed at urban stations, with both y,irans and Vyrpan showing

consistent seasonal patterns of variation (Fig. S7). In January, April, July, and October,
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the average CO> mole fraction enhancements (y;,;) at urban stations were 22.6
pmol/mol, 8.0 umol/mol, 14.6 umol/mol, and 24.2 pmol/mol, respectively. The average
ratios of Vytrans 10 Veor Were 62%, 31%, 51%, and 67%, respectively, with R? values
of 0.72, 0.57, 0.68, and 0.75, indicating a smaller contribution from external fluxes in
April and July but a larger one in January and October (Table S9). Approximately 60%
of autumn and winter data points showed external contributions exceeding 10 pmol/mol
to the urban stations (total mole fraction range of 14 pmol/mol to 57 pumol/mol),
underscoring the non-negligible impact of CO> transport from external regional sources.
In contrast, previous research conducted in the Northeast Corridor has suggested that
the CO; enhancements from incoming air are more important in summer (Mueller et al.,
2018). Such differences are likely related to the geographical location and wind
characteristics of Zhengzhou, which is mainly affected by the strong northern monsoon
in winter, with most emission sources concentrated in the northern areas (Liu et al.,
2018; Wang et al., 2018).

To further investigate the contribution of incoming air on observed CO> levels at
urban sites, the external regions were divided into north, northeast, east, southeast,
south, southwest, west, and northwest sectors, as well as near-field (within 50 km of the
urban domain) (V¢rans,,,,,) and far-field (between 50 km and 500 km from the urban

area) (Verans far), respectively. As shown in Fig. 4, the regional contributions exhibited

clear seasonal characteristics, related to meteorological conditions and variation in
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fluxes outside the urban area across different seasons (Hu et al., 2018; Fan et al., 2020).
In January and October, the contribution from the far-field region was significantly
higher than that from the near-field region, with the median of the former (1.8-20.3
pmol/mol) being an average about 6.5 pmol/mol higher than the latter (0.7-15.7
pmol/mol) (Fig. 4a and 4d). This was particularly evident in the west, northeast, and
northwest directions, under the influence of northwest and northeast winds (Fig. S1),
where some outliers were attributed by regional contributions from Luoyang in the west,
Jincheng in the northwest, and Anyang and Handan in the northeast (Fig. 4e and 4h). In
April, the overall external contributions were relatively low. In July, the far-field regions
from the northeast (median 7.6 pmol/mol) and the near-field regions from the southwest
(median 8.4 umol/mol) significantly contributed to the station mole fractions.
Compared with our findings, a study in the Northeast Corridor Urban testbed by
Mueller et al. (2018) observed significantly lower contributions (median about 0.5
pumol/mol) from various far-field direction-sectors outside urban areas to the CO2 mole
fractions measured at urban towers. This difference points to a more complex influence
of external sources in the central downtown area of Zhengzhou. It was notable that the
study period coincided with the middle of the COVID-19 lockdown years, during which
anthropogenic CO; emissions significantly reduced, especially from transportation
sources (Turner et al., 2020; Yadav et al., 2021; Mallia et al., 2023). In the core urban

area most affected by human activities, this may result in lower CO> contribution of
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local sources, while that from far-field and long-distance are relatively higher. This
overestimated external transmission contribution may weaken or disappear during non-
epidemic periods, which requires the accumulation of more observations for further
research. Based on the EDGAR inventory, we calculated the CO» emissions in different
directions of the near field and far field outside the main urban area. The near-field
emissions were approximately five times greater than those of the central downtown
area of Zhengzhou, particularly emissions from the west, northwest, and southwest
directions. Furthermore, far-field emissions from the northern, northeastern, and
southern directions were more significant, accounting for 21%, 19%, and 15% of far-
field emissions, respectively (Table S4). Analysis of external emissions and their
contributions to urban observations demonstrated that at least three strategically placed
background stations are needed to effectively distinguish CO> mole fractions in
incoming air from those captured by urban monitoring stations.

3.4 Background towers selected by different approaches

We used three approaches to identify background tower locations: (a) spatial distance
method, (b) meteorological trajectories and (c) multiple regression. For the spatial
distance method, three candidate sites with the shortest distance to the nearest urban
tower were ultimately selected: sites 3, 8, and 18, situated to the west, northwest, and
east of the main urban area and 10.7 km, 6.8 km, and 5.3 km from the nearest urban

tower, respectively. The distances between the three sites and the urban center ranged
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from 14.5 km to 17.3 km, comparable to the distances observed for upwind stations
relative to city centers in other studies, such as Indianapolis (17.5 km) (Lauvaux et al.,
2016) and Paris (15-35 km) (Staufer et al., 2016).

Based on multiple linear regression, the sites that exhibited better combination
performance and more frequent selection across the eight directions were sites 3, 5, 6,
10, 11, 14, 17, and 18. From these, three sites were selected to model background mole
fractions. Sites 3, 10, and 17 showed highest R? and best RMSE performance (R? =
0.45, RMSE = 7.6 umol/mol). These sites, located to the west, north, and southeast of
the main urban area, respectively, aligned with the locations identified using the spatial
distance approach.

For selection based on meteorological trajectories, the average position of all
particles was calculated when the trajectories entered the main urban domain (Fig. 5a).
Results showed that the particles most often entered the central downtown area from
the west and northeast. Sites with higher frequency were selected from each of the eight
directions, namely sites 20, 2, 4, 12, 18, 15, 13, and 5. The frequencies of site 20 in the
northeast and site 2 in the west were 0.14 and 0.13 over all the months, respectively,
about 2 to 6 times higher than that of the other sites. The frequencies of site 13 in the
south and site 5 in the southeast were only 0.02 (Fig. 5b). To avoid the selected sites
being too concentrated in one direction, differences in footprints between sites (as

described in Sect. 2.3) were also considered. Predictably, the differences in trajectories
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between nearby stations were relatively small, while those between distant stations,
especially in the diagonal direction, were larger (Fig. 5c). For example, the trajectory
differences between sites 2 and 4 in the northwest and sites 13 and 15 in the southeast
were extremely low, while the trajectory differences between the two groups were
extremely high. Additionally, sites 18 and 20 in the northeast exhibited relatively small
differences with other sites (F < 0.4), indicating good representativeness. The
normalized scores (1) of the 56 site combinations (selecting three sites from the eight
candidate sites with high frequency) were also evaluated to identify the optimal
combination (Fig. 5d). Results showed that the combination of sites 2, 15, and 20,
located in the northwest, southeast and northeast, respectively, had the highest weight
(0.40).

3.5 Background tower evaluation

The background towers selected using the spatial distance, multiple linear regression,
and meteorological trajectory approaches are shown in Fig. 6a. The performance of the
different background selection methods was evaluated based on (1) the ability of
background towers to capture the variability and magnitude of CO; contributions from
external sources to mole fractions at urban sites, and (2) the errors introduced by the
uncertainty of these contributions under different background tower selections for the

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

Synthetic urban and background tower observations described in Sect. 2.4.1 were
used to evaluate the ability of the three background observation systems to construct
unbiased backgrounds for the urban domain. Results revealed that the three background
station groups were able to characterize the changes in external contributions of COx,
with R? and RMSE values between synthetic true backgrounds ( Vytrans) and
backgrounds constructed from background stations (yj¢rqns) ranging from 0.65 to 0.70
and from 6.48 pmol/mol to 7.25 pumol/mol, respectively (Fig.6b-6d). The multiple
regression method performed well and could better represent the changing trend of
backgrounds. When comparing the background estimation errors (Vpirans — Yutrans)
generated by the three selection approaches, it was observed that the meteorological
trajectory method exhibited the smallest bias (0.09 pmol/mol) and standard deviation
(6.31 umol/mol) (Fig. 6e-6g). Here, the mean bias was concerned to clarify the positive
or negative differences between yyirans and Vyirans » Which was included in the
inversion framework, directly affecting the underestimation or overestimation of the
inverse estimate.

The characterization ability of the different background tower combinations in
explaining true external contributions (y,:rans) in different seasons was assessed (Fig.
7). Results indicated that the error in external contributions during January and October

reached as high as 20 pmol/mol, significantly higher than that observed in April and
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July. This discrepancy may be attributed to particles traversing areas with higher
anthropogenic emissions in autumn and winter, thus carrying elevated mole fractions
of COz into the main urban area. In addition, the spatiotemporal selection of background
stations was considered using the average position of particles at the boundary. Each
particle exhibits unique vertical and horizontal dispersion patterns (Mueller et al., 2018),
which may introduce errors in characterizing the contribution of external sources using
background towers. This variability in incoming mole fractions also complicates the
separation of urban signals and increases the uncertainty of carbon emission inverse
estimate. More complex background approaches that use full-column background
representation, for example, may be needed as opposed to the simple downwind-
upwind tower difference, as shown by Karion et al.(2021).

Compared to the other two background selection methods, background modeling
based on meteorological trajectories provided the closest approximation to the synthetic
true background, exhibiting the smallest bias across all seasons (0.82 pmol/mol, 0.03
pmol/mol, —0.23 pumol/mol, and 0.88 pumol/mol in January, April, July, and October
2021, respectively). When using distance selection, the overall bias of the modeled
background was always positive, notably so in July. This could be attributed to the
dominant winds in July originating from the south (Fig. S1), the lack of south-based
background stations selected using the distance approach made it difficult to properly

capture incoming air contributions from the south.
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Based on the daily average values (afternoon period) across all urban stations, the
CO; Taylor diagram (Taylor, 2001) revealed high correlation coefficients for all three
methods across the four seasons, with coefficients exceeding 0.9 in April and July and
reaching 0.7 and 0.85 in January and October, respectively. These high correlations
were attributed to the successful capture of the seasonal cycle by all background
configurations. The background stations identified through trajectory and multiple
regression demonstrated superior performance. Notably, the standard deviations of the
trajectory background station in April were closer to those observed at the urban stations
(Vutrans)» While the multiple regression-selected background stations exhibited higher
correlation coefficients and lower RMSE in July and October. Thus, it was deemed
appropriate to represent the contribution of external regional fluxes to urban stations by
using either the trajectory or multiple regression background stations. The above results
could provide valuable reference for the construction of GHG background networks in
other cities. If a city had obvious meteorological characteristics with dominant wind
directions for many years, it might be an advisable choice to prioritize the concentration
gradient between upwind and downwind. For cities with complex surrounding
environments, such as Zhengzhou located in the core of urban agglomerations, it was
more suitable to use the method of trajectory or multiple regression to establish
background stations. Despite the similarity in correlation coefficients among the three

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

deviation may introduce errors in atmospheric inverse emissions estimates.

3.5.2 Impact of background towers on inverse estimate of emissions

The error in CO; emission inverse estimate for the main urban area was significantly
impacted by the error in the background as represented by the background station
measurements. Here, we estimated the uncertainty of the background mole fractions
through the standard deviation of the difference between y,,¢rans and Vpirans (Fig. 82).
Analysis showed that V.4, for the three methods exhibited much higher uncertainty
in autumn and winter compared to spring and summer, with the meteorological
trajectory approach demonstrating the smallest uncertainty in January and October.
Figure 8b shows the mean bias and standard deviations of the errors in the estimated
CO: flux of the central urban area. Except for July, the overall inverse estimate showed
a negative bias relative to the synthetic truth, likely due to the high incoming CO, from
external regions estimated by background towers (i.e., a positive bias in the background
estimate). This was consistent with the statistical analysis of CO, mean bias for external
flux contributions, that showed higher estimated background from background towers
than the true one except for July, where it was slightly negative (Fig. 7c). The emission
errors introduced by background measurements selected by the distance, trajectory, and

multiple regression methods were —15%, —8%, and —11%, respectively. Thus, it can be
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seen that the trajectory method of selecting background stations was optimal to inverse
estimate of CO; emissions higher resolution and more accuracy in Zhengzhou urban,
indicating that it was necessary to translate background errors into flux errors through
an inversion framework in the background value assessment. Further error analysis
indicated that using the true synthetic background, y,,, _, directly for inverse analysis
resulted in a bias error of about 1%, which could be explained as model or system error.
Conversely, using Yp¢rans instead of ¥, ¢rqns led to an emission error of —8% by the
trajectory methods (the best performing method), indicating that inaccuracies
introduced by background error accounted for an approximate —9% error in inverse
estimate.

For estimating CO: flux in different seasons, the inverse flux errors from the
trajectory background station selection methods in January, April, July, and October
were —7%, —8%, 2%, and —18%, respectively (Table S10). The emission errors and
standard deviations were larger in autumn and winter, likely related to the higher
external flux contributions and prominent incoming mole fractions during these periods
(Fig. 4). In July, characterized by prevailing southerly winds (Fig. S1), the inverse error
of the distance-based group reached —23%, highlighting that, in comparison to the other
methods, the distance-based selection accumulated larger errors due to insufficient
coverage in the southern direction (Fig. 7c). Further analysis comparing the

uncertainties of near-field and far-field flux contributions to mole fractions indicated
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that near-field contribution uncertainty was slightly higher than that of the far-field (Fig.
8a). Previous studies have demonstrated that variations in near-field fluxes strongly
impact urban observations, presenting challenges for identifying CO2 enhancement
signals at urban stations, leading to increased emission estimation errors (Gerbig et al.,
2009; Miles et al., 2021). Meanwhile, although flux variations in the far-field region
were less detectable at the urban towers, likely due to their well-mixed and diffuse
nature, the cumulative contributions from external fluxes will still significantly impact
the stations (Huntzinger et al., 2011). The uncertainty levels in the far-field region were
comparable to those in the near-field. Within the far-field region of the Zhengzhou area,
the complexity of urban agglomerations led to notable differences in the spatial
distribution of fluxes, which introduced errors in external contribution to mole fractions
and, consequently, to inverse flux estimates.

4. Conclusion

Minimizing the influence of external emissions on local observations is crucial for
accurate urban CO: inverse estimates, especially for the core megacities of urban
agglomerations. Therefore, establishing an effective monitoring network, including
background stations, is paramount. Here, we selected the central downtown area of
Zhengzhou and quantified the contribution of extra-urban fluxes to local observations
using atmospheric observation data, prior inventories, and transport modeling. Results

revealed that these contributions from areas outside the urban domain exceeded 60% of
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total enhancements in autumn and winter, primarily influenced by fluxes from the
northeast, west, and northwest, with far-field regions (> 50 km) impacting significantly
more than near-field regions. To best capture the variation in CO2 mole fractions from
external fluxes, we compared multiple background selection methods including
distance, meteorological trajectory, and multiple regression. Both meteorological
trajectories and multiple regression method could effectively characterize the external
CO; contribution in Zhengzhou urban area. Background modeling based on
meteorological trajectories provided the closest approximation to the synthetic true
background with the smallest bias across all seasons (—0.23~0.88 umol/mol), moreover,
it introduced the smallest errors (—8%) in subsequent inverse estimate. Therefore, the
meteorological trajectory was ultimately selected as the optimal approach to identify
background sites for urban CO2 inverse estimate, after the background errors were
converted into flux errors through an inversion framework in the background value
assessment.

Seasonal CO; flux estimates based on the Zhengzhou monitoring network showed
that both the mean bias and the standard deviation of errors were greater during autumn
and winter, associated with higher extra-urban contributions and larger positive errors
in background mole fractions as determined by background sites. Notably, the far-field
contributions and uncertainties within our domain were relatively higher compared to

other regions, such as the Washington, Baltimore metropolitan regions (Karion et al.,
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2021) and Indianapolis (Balashov et al., 2020). This is attributed to the higher emissions
and more complicated urban agglomerations in the far-field (> 50 km) of Zhengzhou,
leading to larger errors in CO> flux inverse estimates. For cities with complex
surrounding environments, it is more reasonable to establish background stations based
on the methods of meteorological trajectories or multiple regression, meanwhile it is
essential to consider the impact of background value on flux errors in inversion
framework. It is worth noting that the influence of external fluxes on urban mole
fractions used in this paper were modeled values and thus our conclusions depend on
the accuracy of the inventories used to obtained them.

Incorporating more observational data (e.g., more urban and background towers,
and from unmanned aerial vehicles and airplanes) and refining data filtering methods
for upwind background station applications could further reduce GHG inverse estimate
errors introduced by background errors. Nevertheless, this study provides an efficient
and adaptable approach to background site selection and evaluation in the core cities of
dense urban agglomerations, which will help to improve the accuracy and reliability of
urban GHG emission estimates using inverse analysis methods.
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® The background stations selected by meteorological trajectories have the best performance.
@ Jdeal background station monitoring can improve the accuracy of urban carbon emission inversion.
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1074 Figure 1. (a) WRF modeling domains at 9 km (dO1, black) and 1 km (d02, blue)
1075 resolution. The blue outline represents the near-field including the area outside the
1076  urban area and within approximately 50 km, and the green outline represents the far-
1077  field which extends from 50 km to a boundary of 500 km. Area in green square is the
1078  STILT model domain. Contour indicates terrain height (m) from NASA’s Shuttle Radar

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

1080 urban area (red outline). Blue triangles indicate urban stations used in this study, and
1081 red dots indicate candidate background tower locations. Gray lines indicate division the

1082  study area in eight directions.
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1084  Figure 2. (a) Hourly measured CO; for SP, YS, and LC tower stations from 2021 to

1085 2023. Gray shadows indicate January, April, July, and October 2021, and January to
1086 March 2023. Corresponding Figure b-f. (b-f) Hourly measured CO> and modeled

1087 CT2022 background mole fractions.
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Figure 3. Hourly (12:00 to 18:00 local time) modeled and measured CO; enhancements
(Vtor) over the 500-km domain for January, April, July, and October 2021. Simulations
versus observations for each inventory shown in (a-c), colored by month, with the 1:1
line in black. Statistical values represent R? values. Histograms of simulations and
observations differences are shown in (d-f). Frequency refers to the number of biased
data points contained within each data interval. Vegetation component is included in all

modeled enhancements.
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Figure 4. Boxplots of the simulated average contributions to all mole fractions (Y, ¢rans)

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

(c) July, and (d) October 2021. Near-field contributions (Y¢rqns,,,,,.) are in the light red

rectangle boxes, while the far-fields (V¢rans far) are in the light blue rectangles. Black
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lines indicate the median with squares indicating the mean values and outliers as
diamond symbols. Average monthly contributions (umol/mol) from different source
and sink locations outside the main urban domain to hourly CO, mole fractions
observed in (e) January, (f) April, (g) July, and (h) October 2021. Blue box indicates
our definition of near-field, with the urban area of interest in white at the center. The
gray areas refer to the areas where the contribution to modeled enhancements at urban

towers is less than 0.001 pmol/mol.
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Figure 5. (a) Average position of air particles (orange dots) when trajectory enters the
main urban area. (b) Frequency of each candidate site selected as the upwind
background tower, which was calculated as the number of hours selected relative to the
total number of hours. (c) Sum of squared differences of footprints between two sites.
(d) Normalized weights (1) for three candidate background tower combinations from

eight candidate sites.
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Figure 6. (a) Location of three groups of background sites identified by different site-
selection methods, including closest distance, meteorological trajectory, and multiple
linear regression. (b-d) Actual external flux contributions to mole fractions at urban
tower stations (Y, ¢rqns) Versus external contributions constructed by background sites
(Vperans)- Values averaged across three urban tower stations. (b) Closest distance. (c)
Meteorological trajectory. (d) Multiple linear regression. Histograms of external

contribution difference (Vptrans— Yutrans) corresponding to three methods are shown

in (e-g).
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1126

1127  Figure 7. CO; mean bias (umol/mol) for external flux contributions (Vytrans — Yutrans)
1128  of daily mean across three urban tower stations in (a) January, (b) April, (¢) July, and

1129  (d) October 2021. Values in the upper left corner represent average monthly error of
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1130 three methods. (e-h) Taylor diagram illustrates performance, replicating the standard
1131 deviation of afternoon observations (black axes at constant radius), correlation (blue

1132 angular axes), and RMSE (yellow-brown arcs).
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1134 Figure 8. (a) The uncertainty of the background mole fractions (standard deviation of
1135  errors (Vptrans — Yutrans)) 1N CO2 external contribution for near-field and far-field.
1136  Triangles and squares indicate the monthly mean (circles and crosses are daily). (b) Bias
1137  (with error bars indicating the standard deviation of errors) estimated CO> fluxes for
1138  the main urban area in January, April, July, and October (afternoon) using OSSEs based

1139 on three urban stations.
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