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Abstract. Urban net CO2 fluxes measured by eddy covariance (EC) cannot be treated 18 

as anthropogenic emissions without biogenic constraints, because they integrate fossil-19 

fuel sources, biogenic processes, human respiration, and changing footprints. Existing 20 

partitioning approaches often require isotopes, tracers, multi-species fluxes, or clean 21 

vegetation/emission sectors unavailable at many urban sites. We developed a footprint-22 

informed ecological parameter-migration framework to constrain anthropogenic CO2 23 

fluxes (Fff) in mixed urban source areas of Guangzhou, a humid subtropical megacity. 24 

A highly vegetated, weakly disturbed suburban donor site provided ecological 25 

parameters, which were transferred to a mixed urban target site using dynamic 26 

footprints and footprint-weighted enhanced vegetation index (EVIfp). The migrated 27 

parameters produced plausible diurnal and seasonal gross primary productivity (GPP) 28 

and ecosystem respiration (Reco), supporting the donor–target constraint. At the target 29 

site, daytime biogenic uptake masked anthropogenic emissions and occasionally drove 30 

net CO2 flux toward neutral or weakly negative values. After subtracting Reco, GPP, and 31 

human respiration, Fff remained consistently positive throughout the day (1.80–5.14 32 

μmol m−2 s−1). Fff showed morning and evening peaks consistent with NOx, CO, wind-33 

sector source areas, and traffic indicators, while footprint-aligned inventories provided 34 
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magnitude context and suggested spatial-proxy mismatch in a high-population urban 35 

functional zone with relatively low on-site combustion. Uncertainty was dominated by 36 

GPP light-response structure, with smaller effects from other perturbations. These 37 

results demonstrate the feasibility of extracting footprint-scale Fff from mixed urban 38 

source areas using conventional EC, remote-sensing, and footprint data where isotopic 39 

or multi-species flux observations are unavailable. 40 

1 Introduction 41 

Urban CO2 monitoring increasingly needs to determine not only how much CO2 cities 42 

emit, but also how observed CO2 signals are jointly shaped by fossil-fuel combustion, 43 

biogenic processes, human respiration, and atmospheric transport (Sargent et al., 2018; 44 

Zhang et al., 2026). This distinction is particularly important in urban landscapes where 45 

green space, roads, buildings, residential activity, and water bodies are highly 46 

interwoven. Although cities generally act as net CO2 sources, urban vegetation can 47 

substantially modulate local CO2 exchange and can partially offset, mask, or reshape 48 

the diurnal and seasonal signatures of anthropogenic emissions (Velasco and Roth, 2010; 49 

Nordbo et al., 2012; Hardiman et al., 2017; Miller et al., 2020). Therefore, net CO2 50 

exchange observed in urban environments cannot be directly interpreted as fossil-fuel 51 

or anthropogenic CO2 emissions unless biogenic processes are explicitly constrained 52 

(Wu et al., 2022; Soininen et al., 2025). 53 

Eddy covariance (EC) is one of the few approaches capable of directly measuring 54 

surface-atmosphere CO2 exchange at high temporal resolution (Baldocchi, 2003; 55 

Velasco and Roth, 2010). It has been widely used to quantify ecosystem carbon 56 

exchange and has increasingly been applied to urban CO2 flux observations (Järvi et al., 57 

2012; Liu et al., 2012; Matthews and Schume, 2022; Ueyama and Takano, 2022; Horne 58 

et al., 2026). Urban EC studies have shown that CO2 fluxes often exhibit pronounced 59 

diurnal, seasonal, and source-area dependence, reflecting the combined influences of 60 

traffic activity, building energy use, vegetation phenology, land-cover composition, and 61 

meteorological conditions (Velasco et al., 2013; Ward et al., 2015; Pérez-Ruiz et al., 62 

2020). However, EC directly measures the net exchange of all CO2 sources and sinks 63 

within a dynamic flux footprint (Menzer and McFadden, 2017; Lee et al., 2021). In 64 
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mixed urban source areas, a daytime reduction or even reversal of net CO2 flux does 65 

not necessarily indicate weakened anthropogenic emissions, but may at least partly 66 

reflect enhanced photosynthetic uptake (Sargent et al., 2018; Wu et al., 2022). Thus, the 67 

key challenge for urban EC studies is not whether CO2 fluxes can be observed, but how 68 

net fluxes can be partitioned into physically interpretable anthropogenic and biogenic 69 

components. 70 

Previous studies have attempted to partition urban EC net CO2 fluxes using 71 

inventories, statistical methods, source-area sectors, and tracers. Early work combined 72 

EC observations with bottom-up inventories to evaluate urban CO2 emissions or 73 

attribute them to traffic and domestic heating (Matese et al., 2009). Such comparisons 74 

provide useful magnitude context, but inventory-based interpretation alone cannot 75 

separate the biogenic and anthropogenic components embedded in EC net fluxes at the 76 

dynamic footprint scale. Menzer and McFadden (2017) statistically partitioned multi-77 

year urban net CO2 fluxes into biogenic and anthropogenic components, and Lee et al. 78 

(2021) incorporated footprint-weighted land cover and temporal subsets to separate 79 

gross primary productivity (GPP), ecosystem respiration (Reco), vehicle emissions, and 80 

building emissions. More recently, O2:CO2, CO, radiocarbon (14C), carbonyl sulfide 81 

(COS), and multi-species EC measurements have provided stronger constraints on 82 

urban CO2 flux partitioning (Ishidoya et al., 2020; Wu et al., 2022; Soininen et al., 2025; 83 

Hilland et al., 2025; Kunz et al., 2026). In particular, Soininen et al. (2025) fitted 84 

ecological light-response parameters in a vegetation-dominated sector and applied them 85 

to a street-sector footprint, obtaining residual anthropogenic CO2 fluxes comparable to 86 

bottom-up traffic emissions. This provides an important example in which parameters 87 

derived from a relatively clean ecological source area can be used to estimate biogenic 88 

contributions in a mixed or emission-dominated source area. Beyond source 89 

partitioning, such footprint-scale anthropogenic flux estimates can also help evaluate 90 

whether proxy-based gridded inventories allocate emissions realistically within 91 

heterogeneous urban functional zones, where population density, night-time lights, or 92 

road density may not scale with local combustion intensity (Gately and Hutyra, 2017; 93 

Squires et al., 2020; Wu et al., 2022). 94 

Nevertheless, these approaches remain difficult to generalize. Methods based on 95 
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14C, COS, O2:CO2, or multi-species EC usually require additional instrumentation, 96 

sampling, or calibration infrastructure (Ishidoya et al., 2020; Soininen et al., 2025; Kunz 97 

et al., 2026), whereas statistical and sector-transfer approaches often require clearly 98 

separated vegetation-dominated and emission-dominated source areas around the tower 99 

(Menzer and McFadden, 2017; Lee et al., 2021; Soininen et al., 2025). For cities 100 

equipped only with conventional EC, meteorological, remote-sensing, and land-cover 101 

data, this limitation is particularly important where vegetation, roads, buildings, and 102 

water bodies are tightly mixed and no clean vegetation sector is available. In such 103 

settings, the partitioning problem becomes: how can the biogenic component be 104 

robustly estimated at the dynamic EC-footprint scale and removed from the net flux? 105 

Conventional ecosystem flux partitioning usually estimates Reco from nighttime 106 

temperature responses and GPP from daytime light-response curves (Reichstein et al., 107 

2005; Lasslop et al., 2010). Directly fitting these ecological parameters at an urban EC 108 

site is problematic because fluxes may be contaminated by traffic, building-related 109 

emissions, human activity, and storage changes. Fixed-buffer vegetation indices or 110 

land-cover fractions also ignore the continuous variation of EC source areas with wind 111 

direction, turbulence, and atmospheric stability. Flux footprint models can link each 112 

flux observation to its actual contributing source area (Kljun et al., 2015), while the 113 

enhanced vegetation index (EVI) can represent canopy greenness, vegetation activity, 114 

and photosynthetic potential (Huete et al., 2002; Mahadevan et al., 2008). However, 115 

dynamic footprints and vegetation indices alone do not identify the baseline ecological 116 

response at the target site, because the target-site net flux remains a superposition of 117 

biogenic exchange and anthropogenic emissions. This motivates the hypothesis tested 118 

here: ecological parameters obtained from a nearby donor site with weaker 119 

anthropogenic disturbance may provide the missing ecological response reference and 120 

can be transferred to a mixed urban target site when constrained by vegetation amount 121 

and activity within the dynamic target footprint. 122 

Such cross-site parameter migration should avoid mechanically imposing donor-123 

site parameters on the target footprint. Ecosystem-scale light-response parameters are 124 

apparent canopy-scale quantities controlled by canopy structure, vegetation amount, 125 

phenology, and environmental conditions, rather than fixed leaf-level constants (Sellers, 126 
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1985; Myneni and Williams, 1994; Huete et al., 2002). This provides the basis for 127 

treating donor-site parameters as a same-region ecological-response reference when 128 

donor and target footprints share broadly similar climatic and vegetation backgrounds. 129 

Similar logic is used in light-use-efficiency and VPRM-style models, where vegetation 130 

indices are combined with environmental scalars to estimate photosynthetic uptake and 131 

urban biogenic CO2 fluxes (Monteith, 1972; Running et al., 2004; Xiao et al., 2004; 132 

Mahadevan et al., 2008; Gourdji et al., 2022). In this framework, footprint-weighted 133 

EVI links remotely sensed vegetation activity to the actual EC source area (Huete et al., 134 

2002; Kljun et al., 2015; Järvi et al., 2019). For GPP, this constraint is relatively direct 135 

because EVI tracks photosynthetically active vegetation amount and canopy greenness, 136 

and is therefore closely linked to canopy light-absorbing capacity. For Reco, EVI is used 137 

more cautiously as a footprint-scale vegetated/pervious-surface mask and capacity-138 

normalization factor, rather than as a direct physiological driver. This treatment is 139 

consistent with urban biogenic CO2 models that use vegetation fractions or remote-140 

sensing vegetation proxies together with meteorological and urban-surface modifiers to 141 

represent vegetation and soil respiration (Järvi et al., 2019; Hardiman et al., 2017; Wu 142 

et al., 2021), and with urban soil-respiration measurements showing substantial 143 

respiration from vegetated and managed pervious cover types (Decina et al., 2016). 144 

Therefore, both respiration and light-response parameter migration are treated as 145 

constrained approximations and evaluated through sensitivity analyses. 146 

Based on this gap and rationale, we develop a footprint-informed ecological 147 

parameter migration framework to separate biogenic and anthropogenic CO2 fluxes 148 

from urban EC observations in Guangzhou, China. Guangzhou is a humid subtropical 149 

megacity characterized by high population density, strong traffic activity, and 150 

substantial urban vegetation, making it a representative testbed for partitioning CO2 151 

fluxes in mixed urban source areas. Our previous concentration-based study in 152 

Guangzhou showed that urban CO2 variability is jointly influenced by anthropogenic 153 

emissions, biogenic exchange, and sea–land breeze transport, and that vegetation 154 

uptake during the growing season can weaken the apparent fossil-fuel CO2 signal 155 

(Zhang et al., 2026). Compared with concentration observations, EC can provide a more 156 

direct constraint on local surface-atmosphere exchange, but only if the biogenic 157 
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contribution within the flux footprint can be estimated and removed. 158 

To address this challenge, we use paired EC observations from two sites in 159 

Guangzhou in a donor–target design. The Conghua (CH) site is located in a highly 160 

vegetated area with weak anthropogenic activity and is used as a relatively clean 161 

ecological donor site. The Panyu (PY) site is located in a mixed urban source area 162 

composed of vegetation, roads, buildings, and water bodies and is used as the urban 163 

target site. We first constrain Reco and GPP light-response parameters at CH, and then 164 

migrate these ecological parameters to PY using dynamic flux footprints and footprint-165 

weighted EVI. After subtracting Reco, GPP, and human respiration, we define the 166 

remaining flux as Fff, an operational estimate of footprint-scale anthropogenic CO2 flux. 167 

We then evaluate this interpretation using independent pollutant, source-area, traffic-168 

activity, and inventory-magnitude evidence, while also assessing the dominant sources 169 

of uncertainty. 170 

This study addresses three questions: (i) can footprint-weighted vegetation activity 171 

provide an ecologically consistent constraint for migrating ecological parameters from 172 

a relatively clean donor site to a heterogeneous urban target footprint; (ii) how do 173 

partitioned biogenic and anthropogenic components jointly shape net CO2 exchange 174 

within a mixed urban footprint in a humid subtropical megacity; and (iii) do the 175 

operationally defined Fff estimates show temporal and source-area patterns consistent 176 

with footprint-scale anthropogenic activity, provide useful context for inventory spatial 177 

allocation, and remain robust under key uncertainty sources? By answering these 178 

questions, this study provides a transferable framework for partitioning urban CO2 179 

source and sink components using conventional EC, remote sensing, and flux footprints 180 

in cities without isotopic or multi-species flux measurements. It also offers footprint-181 

scale observational constraints for interpreting anthropogenic emissions, biogenic 182 

modulation, and inventory spatial allocation in mixed urban source areas. 183 

2 Data and methods 184 

2.1 Study sites 185 

This study used eddy covariance (EC) observations from two sites in Guangzhou, China: 186 

Panyu (PY) and Conghua (CH). Both sites are part of an urban high-precision 187 
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greenhouse-gas monitoring network and are equipped with high-precision greenhouse-188 

gas concentration, CO2 flux, and meteorological measurement systems. The site-189 

selection strategy and basic observational information have been reported by Zhang et 190 

al. (2026). Guangzhou has a humid subtropical monsoon climate (according to the 191 

Köppen climate classification), with a mean annual temperature of 23.7 °C and mean 192 

annual precipitation of 1933.6 mm. The PY site (113.380° E, 23.037° N) is located in 193 

the Guangzhou Higher Education Mega Center, where urban green space, roads, 194 

buildings, water bodies, and dense human activity are closely interwoven. The CH site 195 

(113.777° E, 23.747° N) is located near Liuxi River National Forest Park, where 196 

population density is low and vegetation cover is high (Fig. 1). A two-dimensional flux-197 

footprint model centered on each tower and 10 m land-cover data show that the PY 198 

footprint is composed of 46 % impervious surface, 44 % vegetation, and 10 % 199 

water/wetland, with urban forest accounting for 60 % of the vegetated area (Kljun et 200 

al., 2015; Zhang et al., 2025). The CH footprint is composed of 2 % impervious surface, 201 

86 % vegetation, and 12 % water/wetland, with urban forest accounting for 96 % of the 202 

vegetated area. Urban forests at both sites are dominated by evergreen broadleaf trees, 203 

including Bauhinia, eucalyptus, kapok, and autumn maple. The key contrast between 204 

the two sites is therefore not climate zone, but vegetation cover, urbanization intensity, 205 

and anthropogenic-activity background. 206 

 207 
Figure 1. Two-dimensional climatological footprint contours over land-cover classes at the 208 
PY and CH sites. Panels (a) and (b) show the PY and CH sites, respectively. Background 209 
land-cover classes were derived from the 2023 global 10 m land-cover product GLC_FCS10 210 
(Zhang et al., 2025). The footprint model was evaluated on a 10 m spatial grid to match the 211 
land-cover data. The overlaid contours represent cumulative footprint contributions of 30 %, 212 
50 %, 70 %, and 90 %, and yellow triangles mark the tower locations. 213 
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Table S3 and Fig. S6 show that CH and PY have similar seasonal phases in 214 

temperature and shortwave radiation, although PY has a warmer urban microclimatic 215 

background and the month-to-month consistency in vapor pressure deficit (VPD) is 216 

relatively weak. We therefore do not assume identical microclimatic conditions or 217 

identical carbon-exchange magnitudes at the two sites. Rather, the site pair provides a 218 

donor–target contrast under the same regional climate and broadly similar vegetation 219 

background, with CH representing weaker anthropogenic disturbance and PY 220 

representing a mixed urban source area. 221 

2.2 EC flux observations and quality control 222 

EC CO2 fluxes were measured from tall tower platforms at both sites. At PY, the EC 223 

system consisted of an open-path CO2/H2O analyzer (LI-7500DS, LI-COR Inc., USA) 224 

and a three-dimensional sonic anemometer (WindMaster Pro, Gill Inc., UK), installed 225 

at 48 m. At CH, an open-path IRGASON system (Campbell Scientific Inc., USA), 226 

integrating a three-dimensional sonic anemometer and an infrared CO2/H2O analyzer, 227 

was installed at 40 m. Based on a 10 m canopy-height product (Lang et al., 2023) and 228 

vector building-height data (https://lbs.amap.com, last access: 25 May 2026), the mean 229 

effective roughness-element heights within the PY and CH footprints were 13.1 and 230 

15.2 m, respectively. The measurement heights at both sites exceeded twice the mean 231 

roughness-element height (ZH, m), supporting their representativeness for turbulent 232 

fluxes over the study source areas (Rotach, 1999; Grimmond and Oke, 1999; Velasco 233 

and Roth, 2010). The observation period extended from 1 January 2023 to 30 April 234 

2025. 235 

During the observation period, the EC systems recorded CO2/H2O concentration, 236 

three-dimensional wind components, air temperature, relative humidity, and related 237 

variables at 10 Hz. Half-hourly fluxes were calculated from the covariance between 238 

vertical wind speed and CO2 mole fraction. Flux processing followed standard EC 239 

procedures, including Webb-Pearman-Leuning (WPL) density correction, double 240 

coordinate rotation, and 30 min detrending (Webb et al., 1980; Sabbatini et al., 2018). 241 

To ensure data reliability, we applied a stepwise quality-control procedure. 242 
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Records flagged for extreme weather, instrument maintenance, or obvious malfunction 243 

were removed. Low-turbulence nighttime periods were filtered using the friction 244 

velocity (u*) threshold method implemented in REddyProc (Papale et al., 2006; 245 

Wutzler et al., 2018). Non-stationary fluxes were excluded using the stationarity test of 246 

Foken et al. (2004), and despiking was then applied. After quality control, the valid-247 

data fractions for net CO2 fluxes were 51.7 % at PY and 54.5 % at CH, comparable to 248 

common ranges in urban EC studies (Matthews and Schume, 2022). The detailed 249 

quality-control procedure and retention rates are given in Sect. S1. The net fluxes were 250 

subsequently corrected for storage following the procedure described in Sect. S2 251 

(Aubinet et al., 2001; Kooijmans et al., 2017; Kohonen et al., 2020; Soininen et al., 252 

2025). The daily mean storage fluxes were 0.03 and 0.04 μmol m−2 s−1 at PY and CH, 253 

respectively, much smaller than the measured fluxes. All subsequent analyses therefore 254 

used storage-corrected net CO2 fluxes. Unless otherwise stated, storage-corrected 255 

fluxes, footprint calculations, ecological parameter fitting, parameter migration, and Fff 256 

propagation were performed at the native 30 min time step. These results were 257 

aggregated to hourly means for diurnal and cross-variable analyses, and further 258 

summarized at daily, monthly, or seasonal scales where needed. 259 

2.3 CO2 flux partitioning framework 260 

The net CO2 flux observed by an urban EC system integrates multiple source and sink 261 

processes within the footprint, including fossil-fuel emissions, human respiration, 262 

ecosystem respiration, biogenic uptake, and changes in air-column storage (Wu et al., 263 

2022; Soininen et al., 2025; Hilland et al., 2025). The storage-corrected flux is defined 264 

as:  265 

𝐹𝐹𝑐𝑐𝑐𝑐(𝑡𝑡) = 𝐹𝐹𝑚𝑚𝑚𝑚(𝑡𝑡) + 𝐹𝐹𝑠𝑠𝑠𝑠(𝑡𝑡) (1) 266 

Here Fcr is the storage-corrected CO2 flux (μmol m−2 s−1), Fmz is the measured net 267 

CO2 flux after quality control (μmol m−2 s−1), and Fst is the storage flux (μmol m−2 s−1). 268 

Fcr was then partitioned into the following components: 269 

𝐹𝐹𝑐𝑐𝑐𝑐(𝑡𝑡) =  𝐹𝐹𝑓𝑓𝑓𝑓(𝑡𝑡) + 𝐹𝐹ℎ𝑢𝑢(𝑡𝑡) + 𝑅𝑅𝑒𝑒𝑒𝑒𝑒𝑒(𝑡𝑡) − 𝐺𝐺𝐺𝐺𝐺𝐺(𝑡𝑡) (2) 270 

Here Fff is operationally defined as the anthropogenic CO2 flux remaining after 271 
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subtracting ecosystem respiration (Reco), gross primary productivity (GPP), and human 272 

respiration (Fhu) from the storage-corrected net flux. Fhu is the human-respiration flux, 273 

Reco is the sum of plant and soil respiration, and GPP is the amount of CO2 fixed by 274 

photosynthesis. Within the PY footprint, direct fossil-fuel emissions are expected to be 275 

dominated by road traffic and related urban activities. Because buildings within the 276 

source area mainly rely on externally supplied electricity, on-site building-energy 277 

combustion was not explicitly considered (Yang et al., 2025). Fhu was estimated from 278 

population density and per-capita respiration rate (Sect. S3). 279 

2.4 Ecological flux parameterization at the donor site 280 

Ecological parameters for Reco and GPP were fitted at CH and then migrated to PY as 281 

described in Sect. 2.5. The donor-site ecological parameterization followed a two-step 282 

framework in which nighttime respiration was fitted first and daytime GPP was then 283 

inferred from the light response. This approach has been widely used for partitioning 284 

EC-based NEE into ecosystem respiration and photosynthetic uptake (Reichstein et al., 285 

2005; Lasslop et al., 2010). Nighttime ecosystem respiration (PAR < 10 μmol m−2 s−1) 286 

was represented using a simplified Q10 temperature-response equation: 287 

𝑅𝑅𝑒𝑒𝑒𝑒𝑒𝑒(𝑡𝑡) = 𝑅𝑅𝑐𝑐(𝑡𝑡)𝑄𝑄10
𝑇𝑇𝑎𝑎(𝑡𝑡) 10⁄ (3) 288 

Here Ta is the driving air temperature (°C), Q10 is the temperature-sensitivity 289 

coefficient and represents the relative increase in respiration rate for a 10 °C 290 

temperature increase, and Rc is the base level of respiration (μmol m−2 s−1). Because 291 

daytime ecosystem respiration may be suppressed by light (Wehr et al., 2016; Keenan 292 

et al., 2019), daytime respiration was further represented as: 293 

𝑅𝑅𝑒𝑒𝑒𝑒𝑒𝑒,𝑑𝑑𝑑𝑑𝑑𝑑(𝑡𝑡) = 𝑅𝑅𝑒𝑒𝑒𝑒𝑒𝑒(𝑡𝑡) �1 − 𝛽𝛽
𝑃𝑃𝑃𝑃𝑃𝑃(𝑡𝑡)

𝐾𝐾𝐿𝐿 + 𝑃𝑃𝑃𝑃𝑃𝑃(𝑡𝑡)
� (4) 294 

Here Reco,day is the light-modified daytime ecosystem respiration (μmol m−2 s−1), β 295 

is the maximum inhibition fraction, KL is the light-inhibition half-saturation constant 296 

(μmol photon m−2 s−1), and PAR is photosynthetically active radiation (μmol photon 297 

m−2 s−1). Because PAR was not measured directly, it was converted from shortwave 298 

radiation (Sects. S4 and S7). The baseline setting used β = 0.15 and KL = 600 μmol 299 
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photon m−2 s−1. A weak daytime-respiration-inhibition scenario, with a lower β (0.10) 300 

and a higher KL (800 μmol photon m−2 s−1), was used to evaluate the influence of this 301 

assumption on ecological-parameter fitting and Fff estimation. 302 

Daytime GPP was represented using a non-rectangular hyperbolic saturating light-303 

response equation: 304 

𝐺𝐺𝐺𝐺𝐺𝐺(𝑡𝑡) =
𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼(𝑡𝑡) + 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚 − �(𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼(𝑡𝑡) + 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚)2 − 4𝜃𝜃𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝛼𝛼𝛼𝛼𝛼𝛼𝛼𝛼(𝑡𝑡)

2𝜃𝜃
(5) 305 

Here α is the initial light-use efficiency, defined as the initial slope of the GPP 306 

response to PAR under low-light conditions; Pmax is the maximum photosynthetic 307 

capacity (μmol m−2 s−1); and θ is the curvature parameter controlling the transition from 308 

the low-light linear segment to the high-light saturation segment. We then used three 309 

GPP model structures to evaluate how ecological structural assumptions affect CH-side 310 

GPP fitting and PY-side Fff estimation: 311 

(1) Pure saturating structure: the non-rectangular hyperbolic form above was used 312 

directly, without temperature stratification or VPD inhibition. All samples satisfying the 313 

GPP-fitting criteria were fitted within a single parameter group for α, Pmax, and θ. 314 

(2) Saturating structure with VPD inhibition: VPD inhibition of maximum 315 

photosynthetic capacity was introduced into the non-rectangular hyperbolic form to test 316 

the influence of atmospheric dryness stress (Lasslop et al., 2010). Specifically, Pmax was 317 

replaced by an effective maximum photosynthetic capacity regulated by VPD: 318 

𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚,𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚 × 𝑓𝑓𝑉𝑉𝑉𝑉𝑉𝑉 (6) 319 

𝑓𝑓𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑒𝑒𝑒𝑒𝑒𝑒[−𝑘𝑘𝑉𝑉𝑉𝑉𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚(0,𝑉𝑉𝑉𝑉𝑉𝑉 − 𝑉𝑉𝑉𝑉𝑉𝑉0)] (7) 320 

Here Pmax,VPD is the VPD-regulated effective maximum photosynthetic capacity 321 

(μmol m−2 s−1), fVPD is the VPD inhibition factor, VPD is vapor pressure deficit (kPa), 322 

kVPD is the VPD inhibition coefficient (kPa−1), and VPD0 is the reference threshold 323 

above which inhibition is applied; VPD0 was set to 1.0 kPa. No additional inhibition 324 

was applied when VPD was below 1.0 kPa. Above this threshold, maximum 325 

photosynthetic capacity declined exponentially with increasing VPD. VPD calculation 326 

is described in Sect. S4. 327 

(3) Saturating structure with temperature stratification: instead of adding a 328 
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continuous temperature-response function to the GPP equation, GPP-fitting samples 329 

were grouped by air temperature (Ta), and α, Pmax, and θ were fitted separately within 330 

each temperature group. The baseline analysis used Scheme A, in which the CH-side 331 

GPP-fitting samples were divided into low-, mid-, and high-temperature groups 332 

according to the tertiles of Ta: 333 

𝑞𝑞1 = 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞(𝑇𝑇𝑎𝑎, 1 3⁄ ) (8) 334 

𝑞𝑞2 = 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞(𝑇𝑇𝑎𝑎, 2 3⁄ ) (9) 335 

Here Ta is air temperature (°C), and q1 and q2 are the one-third and two-third 336 

quantiles of air temperature in the fitting samples. The low-temperature group is Ta < 337 

q1, the mid-temperature group is q1 ≤ Ta < q2, and the high-temperature group is Ta ≥ 338 

q2. This treatment represents differences in light-response parameters under different 339 

thermal states while avoiding an additional continuous temperature-response function 340 

under limited data and complex urban source-area conditions. To test the sensitivity to 341 

temperature-boundary selection, we used Scheme B as a structural sensitivity scenario. 342 

Scheme B kept the equations, fitting windows, and screening criteria unchanged, but 343 

expanded the mid-temperature group by 0.5 °C toward both the low- and high-344 

temperature sides. 345 

To reduce short-term sampling variability and avoid non-physical jumps between 346 

adjacent parameter windows, ecological parameters fitted from 11 d subsets were 347 

smoothed with an 11 d moving average, following the urban green-space flux-348 

partitioning approach of Soininen et al. (2025). The smoothed Rc, α, and Pmax were used 349 

to estimate Reco and GPP at continuous half-hourly resolution and for subsequent 350 

parameter migration, whereas Q10 and θ were kept fixed over the full period. 351 

We used the saturating structure with temperature stratification as the baseline GPP 352 

scheme, and evaluated its CH-side fitting performance in Sect. 3.2.1. The pure 353 

saturating structure, the saturating structure with VPD inhibition, and Scheme B were 354 

retained as structural sensitivity experiments. 355 

2.5 Footprint-informed ecological parameter migration 356 

CH-to-PY migration was designed as footprint- and vegetation-constrained parameter 357 
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migration, not as a mechanical transfer of CH observed fluxes to PY. The CH-fitted 358 

parameters are interpreted as a regional ecological-response reference under weak 359 

anthropogenic disturbance, while PY biogenic fluxes are driven by PY-specific 360 

temperature, radiation, VPD, and footprint-weighted EVI. This treatment follows the 361 

view that EC light-response parameters are apparent ecosystem- or canopy-scale 362 

quantities whose magnitudes depend on canopy structure, vegetation amount, 363 

phenology, and environmental conditions (Sellers, 1985; Myneni and Williams, 1994; 364 

Huete et al., 2002). It is also consistent with light-use-efficiency and satellite-driven 365 

GPP models that estimate photosynthetic uptake using vegetation indices and 366 

environmental scalars (Monteith, 1972; Running et al., 2004; Xiao et al., 2004; 367 

Mahadevan et al., 2008).  368 

For GPP-related parameters, EVIfp provides a direct constraint on 369 

photosynthetically active vegetation amount and canopy activity. For Reco, EVIfp has a 370 

different role: it acts as a footprint-scale vegetation/pervious-surface mask and a 371 

capacity-normalization factor for vegetation-associated respiration. Impervious 372 

surfaces within the footprint are therefore not assumed to contribute the same 373 

respiratory capacity as vegetated surfaces. Under the shared regional climate and 374 

broadly similar evergreen broadleaf vegetation background of CH and PY, the CH-375 

derived respiration capacity per unit EVIfp is used as a first-order reference for patchy 376 

urban green spaces at PY. This does not imply that soil moisture, substrate supply, 377 

irrigation, management intensity, or urban heat-island effects are fully captured by EVI; 378 

these factors are treated as part of the structural boundary of the donor–target migration 379 

framework and are considered when interpreting the sensitivity results. 380 

Because the EC source area changes at half-hourly scales with wind direction, 381 

stability, and turbulence conditions, land-cover fractions or vegetation indices within a 382 

fixed buffer cannot represent the actual contributing source area of each flux 383 

observation. We therefore calculated two-dimensional flux-footprint weights for each 384 

time step and used these weights to construct footprint-weighted land-cover fractions 385 

(LDfp) and footprint-weighted EVI (EVIfp) following the procedure described in Sect. 386 

S5. Land-cover data were taken from the global 10 m GLC_FCS10 product (Zhang et 387 
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al., 2025). EVI was obtained from the Harmonized Landsat Sentinel-2 (HLS) 388 

vegetation-index products, with 30 m spatial resolution and a revisit cycle of 389 

approximately 2–3 d (Neigh, 2021; Neigh, 2025). Compared with the Normalized 390 

Difference Vegetation Index (NDVI), EVI is less prone to saturation in high-biomass 391 

areas and is more stably related to canopy greenness, the fraction of absorbed 392 

photosynthetically active radiation (fAPAR), and seasonal GPP dynamics (Huete et al., 393 

2002; Xiao et al., 2004). 394 

Operationally, we treated the CH temperature-stratified ecological response as the 395 

reference function and allowed amplitude-type parameters to vary with vegetation 396 

amount and activity in the target footprint. The scaling was applied to ecological 397 

capacity parameters rather than to observed fluxes; therefore, migrated PY GPP and 398 

Reco were calculated using PY-specific radiation, temperature, VPD, and dynamic EVIfp. 399 

Capacity-type parameters fitted at CH within temperature group g, including α, Pmax, 400 

and Rc, were therefore normalized by CH EVIfp: 401 

𝑝𝑝𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛,𝐶𝐶𝐶𝐶(𝑔𝑔) =
𝑃𝑃𝐶𝐶𝐶𝐶(𝑔𝑔)

𝐸𝐸𝐸𝐸𝐸𝐸𝑓𝑓𝑓𝑓,𝐶𝐶𝐶𝐶(𝑔𝑔)
(10) 402 

Here g denotes the temperature group (low, mid, or high), PCH (g) is the ecological 403 

parameter fitted at CH within temperature group g, and Pnorm,CH (g) is the parameter 404 

normalized by CH EVIfp. The median Pnorm,CH (g) within each temperature group was 405 

then used as the CH-to-PY parameter-migration coefficient to reduce the influence of 406 

anomalous fitting windows or extreme parameter values: 407 

𝐶𝐶𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛,𝐶𝐶𝐶𝐶(𝑔𝑔) = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚�𝑝𝑝𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛,𝐶𝐶𝐶𝐶(𝑔𝑔)� (11) 408 

Cnorm,CH (g) is the CH-to-PY parameter-migration coefficient for temperature 409 

group g. The corresponding PY EVIfp was then used to reconstruct ecological 410 

parameters at PY: 411 

𝑃𝑃𝑃𝑃𝑃𝑃(𝑡𝑡) = 𝐶𝐶𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛,𝐶𝐶𝐶𝐶�𝑔𝑔(𝑡𝑡)� × 𝐸𝐸𝐸𝐸𝐸𝐸𝑓𝑓𝑓𝑓,𝑃𝑃𝑃𝑃(𝑡𝑡) (12) 412 

Here PPY (t) is the migrated ecological parameter at PY for time t. For non-413 

amplitude parameters that are not suitable for EVI proportional scaling, the 414 

representative CH statistic within the same temperature group was used. This treatment 415 
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preserves the response structure of CH parameters to thermal state while allowing 416 

parameter magnitudes to adjust with vegetation activity within the actual PY footprint. 417 

Time-step-resolved LDfp, EVIfp, and EVIfp-based migrated parameters together provide 418 

the source-area constraint for CH-to-PY parameter migration. 419 

2.6 Sensitivity-based uncertainty assessment 420 

To test the robustness of PY Fff to parameter propagation, processing choices, and 421 

ecological model structure, we constructed a targeted sensitivity-based uncertainty 422 

framework. This framework was not intended to provide a complete probability 423 

distribution for all error sources, nor were the scenarios treated as equally probable 424 

samples. Instead, controlled perturbations were applied to processing steps with clear 425 

physical meaning to identify the dominant sources of Fff uncertainty. 426 

Uncertainty propagation included two levels. The first level was CH-side 427 

ecological-parameter bootstrapping: for each CH scenario, respiration and light-428 

response parameters were resampled 2000 times and migrated to PY using EVIfp, 429 

yielding q05, q50, and q95 estimates of Reco, GPP, and Fff. The second level was 430 

scenario sensitivity: single-factor or structural-alternative scenarios were constructed 431 

for the u* threshold, storage flux, EVI time window, GPP model structure, temperature 432 

grouping, daytime-respiration inhibition, CH-side shortwave-radiation input, and 433 

human-respiration emissions, and were compared with the baseline scheme. 434 

The final propagation ensemble contained 14 CH-side scenarios and 3 human-435 

respiration scenarios, forming 42 propagation combinations (Sect. S6). CH0 is the 436 

baseline scheme. The CH-side scenarios evaluate input and processing sensitivity, 437 

ecological model-structure choices, parameter-migration settings, and CH-side 438 

shortwave-radiation representativeness. Human-respiration emissions were represented 439 

by base, low50, and high50 scenarios, with low50 and high50 equal to 0.5 and 1.5 times 440 

the baseline human-respiration emission, respectively. 441 

For any CH scenario s, human-respiration scenario r, bootstrap member b, and time 442 

t, Fff was propagated as: 443 

𝐹𝐹𝑓𝑓𝑓𝑓(𝑏𝑏, 𝑠𝑠, 𝑟𝑟, 𝑡𝑡) =  𝐹𝐹𝑐𝑐𝑐𝑐(𝑠𝑠, 𝑡𝑡) − 𝑅𝑅𝑒𝑒𝑒𝑒𝑒𝑒(𝑏𝑏, 𝑠𝑠, 𝑡𝑡) + 𝐺𝐺𝐺𝐺𝐺𝐺(𝑏𝑏, 𝑠𝑠, 𝑡𝑡) − 𝐹𝐹ℎ𝑢𝑢(𝑟𝑟, 𝑡𝑡) (13) 444 
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Here Fff (b, s, r, t) is the propagated Fff estimate for the corresponding scenario and 445 

bootstrap member; Fcr (s, t) is the storage-corrected net CO2 flux at PY under scenario 446 

s; Reco (b, s, t) is ecosystem respiration driven by migrated parameters; GPP (b, s, t) is 447 

gross primary productivity driven by migrated parameters; and Fhu (r, t) is the human-448 

respiration CO2 flux.  449 

The central estimate at each time was the bootstrap median, and the parameter-450 

propagation range was represented by q05–q95. Scenario uncertainty was evaluated as 451 

the difference from the baseline CH0 + human base configuration: 452 

∆𝐹𝐹𝑓𝑓𝑓𝑓(𝑠𝑠, 𝑡𝑡) = 𝐹𝐹𝑓𝑓𝑓𝑓(𝑠𝑠, 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏, 𝑡𝑡) − 𝐹𝐹𝑓𝑓𝑓𝑓(𝐶𝐶𝐶𝐶0, 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏, 𝑡𝑡) (14) 453 

Here Fff (s, base, t) denotes the bootstrap-median Fff under CH scenario s and the 454 

base human-respiration setting. ΔFff (s, t) denotes the Fff offset for scenario s relative to 455 

baseline CH0 at time t. Positive values indicate that the scenario increases Fff, whereas 456 

negative values indicate that it decreases Fff. ΔFff was then summarized at overall, 457 

hourly, and monthly scales to diagnose how different uncertainty sources affect the 458 

mean, diurnal variation, and seasonal variation of Fff. 459 

3 Results and discussion 460 

3.1 Net CO2 flux variability and source-area controls 461 

3.1.1 Diurnal and seasonal patterns of net CO2 flux 462 

Hourly storage-corrected CO2 fluxes (Fcr) during 2023–2024 showed a clear urban–463 

suburban contrast (Fig. 2a–b). Overall, the mean Fcr at PY was 2.04 μmol m−2 s−1, 464 

indicating a year-round net CO2 source, whereas the mean Fcr at CH was −2.57 μmol 465 

m−2 s−1, indicating a year-round net CO2 sink. Urban EC studies generally show that 466 

urban surfaces are net CO2 sources, with anthropogenic emissions, especially traffic, 467 

building-energy use, and residential activities, providing important contributions to 468 

urban CO2 fluxes. By contrast, suburban or highly vegetated areas are more likely to 469 

show pronounced biogenic uptake signals (Crawford et al., 2011; Järvi et al., 2012). 470 

The annual mean difference between PY and CH therefore reflects the control exerted 471 

by source-area urbanization and vegetation cover on net CO2 exchange. 472 
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 473 

Figure 2. Diurnal and seasonal characteristics of corrected CO2 flux (Fcr) at the PY and CH 474 
sites. (a) Mean diurnal Fcr at PY and CH; shading indicates the interquartile range (Q25–Q75). 475 
(b) Mean diurnal PY–CH contrast in Fcr. (c) Seasonal mean Fcr at PY and CH for spring (March–476 
May), summer (June–August), autumn (September–November), and winter (December–477 
February), with error bars indicating the standard error. Positive values indicate net CO2 release 478 
to the atmosphere, whereas negative values indicate net uptake. 479 

At the diurnal scale, both sites showed higher nighttime and lower daytime fluxes, 480 

but with very different amplitudes. At CH, Fcr was mostly positive at night, became 481 

rapidly negative as radiation increased during the day, and reached the strongest uptake 482 

around 12:00–13:00, with a mean of about −11 μmol m−2 s−1. At PY, daytime Fcr also 483 

decreased, but only approached weakly negative or near-neutral values around midday. 484 

This suggests that vegetation uptake was still detectable at PY, but its expression in the 485 

net flux was partly masked by persistent urban anthropogenic emissions. Similar 486 

behavior has been reported for a tropical residential neighborhood in Singapore and 487 

other urban EC studies: urban vegetation can absorb part of the daytime CO2, but it 488 
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usually does not fully offset anthropogenic emissions, so urban sites generally remain 489 

net sources (Velasco et al., 2013; Velasco and Roth, 2010). 490 

At the seasonal scale, mean Fcr values at PY were 2.33, 1.89, 2.38, and 1.61 μmol 491 

m−2 s−1 in spring, summer, autumn, and winter, respectively (Fig. 2c). PY therefore 492 

remained a net CO2 source throughout the year, although net emissions were lower in 493 

summer. At CH, Fcr was negative in all seasons, with spring, summer, autumn, and 494 

winter means of −1.59, −3.41, −3.36, and −1.94 μmol m−2 s−1, respectively. Stronger 495 

uptake during the warm growing-season months is consistent with the long summer 496 

carbon-sink duration observed in subtropical urban vegetation and the seasonally active 497 

photosynthesis of South China subtropical evergreen forests (Zhang et al., 2019; Wang 498 

et al., 2023). Multi-year urban and suburban EC observations also show that sites with 499 

higher vegetation cover usually exhibit stronger growing-season CO2 uptake, whereas 500 

seasonal variation at urban sites is jointly controlled by anthropogenic emissions and 501 

biogenic processes (Järvi et al., 2012; Menzer and McFadden, 2017). 502 

Seasonal diurnal patterns further show that biogenic regulation of net flux is 503 

stronger during the growing season (Fig. S1). CH exhibited the largest diurnal 504 

amplitude and strongest midday uptake in summer, consistent with high-vegetation 505 

sites having both stronger ecosystem respiration and stronger photosynthetic uptake 506 

during the growing season. Although PY remained a net CO2 source throughout the 507 

year, its diurnal amplitude in summer and autumn was also higher than in spring and 508 

winter, indicating that clear biogenic modulation remains embedded in the net flux of 509 

this mixed urban source area. In other words, low daytime Fcr and enhanced growing-510 

season amplitude at PY should not be interpreted as weaker anthropogenic emissions, 511 

but as the net result of anthropogenic emissions and vegetation uptake acting together. 512 

3.1.2 Footprint land cover and sectoral controls 513 

Because urban EC source areas vary with wind direction, turbulence state, and 514 

boundary-layer conditions, footprint modelling combined with high-resolution land-515 

cover data is needed to interpret spatial heterogeneity in urban CO2 fluxes (Crawford 516 

and Christen, 2015; Kljun et al., 2015).  517 
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Wind-sector analysis showed that Fcr at PY had clear source-area dependence (Fig. 518 

3). High Fcr mainly occurred in the NE, N, and NW sectors, with mean values of about 519 

3.59, 2.83, and 2.52 μmol m−2 s−1, respectively, clearly higher than those in the W and 520 

SW sectors. Correspondingly, impervious fractions were relatively high in the N and 521 

NW sectors, about 33 % and 37 %, respectively. Although the NE impervious fraction 522 

was slightly lower than those in the N and NW sectors, the NE sector still contained a 523 

strong mixture of urban hard surfaces and forest patches. Correlations across the eight 524 

wind-sector means showed that sector-mean Fcr at PY was strongly positively correlated 525 

with impervious fraction (r = 0.77). Fcr was also positively correlated with forest 526 

fraction (r = 0.52), while impervious and forest fractions were themselves positively 527 

correlated (r = 0.61). This result indicates that the positive forest–Fcr correlation at PY 528 

should not be interpreted as forest cover increasing CO2 emissions. It more likely 529 

reflects collinearity caused by the spatial coexistence of campus forests, roads, 530 

buildings, and hard surfaces in and around the PY university-town area. In other words, 531 

forest patches at PY are not independent biogenic source areas; they are often embedded 532 

within urbanized source areas and therefore carry part of the urban-activity source-area 533 

signal at the sector scale. 534 

By contrast, the directional pattern at CH was more consistent with biogenic 535 

control. Fcr was mostly negative across CH sectors, with the strongest net uptake in the 536 

W, SW, and S sectors, where mean Fcr values were about −7.44, −6.74, and −6.76 μmol 537 

m−2 s−1, respectively; these sectors generally had higher forest fractions. Sector-scale 538 

correlations showed a negative relationship between Fcr and forest fraction at CH (r = 539 

−0.76), indicating that source areas with higher forest cover generally corresponded to 540 

stronger net CO2 uptake. The comparison between CH and PY therefore demonstrates 541 

that the influence of land cover on Fcr is site dependent. At CH, forest cover is closer to 542 

a true biogenic control. At PY, forest, impervious surface, and human-activity source 543 

areas are tightly coupled, so correlation and causality must be separated carefully. 544 

Similarly, Pérez-Ruiz et al. (2020) showed that different urban land-cover types 545 

influence the response of CO2 fluxes to environmental drivers, highlighting land-cover 546 

heterogeneity as an important factor in explaining flux differences within cities. 547 
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 548 
Figure 3. Directional variation in corrected CO2 flux (Fcr) and footprint-weighted land-cover 549 
composition at the PY and CH sites. Panels (a) and (b) show sectoral mean Fcr at PY and CH, 550 
respectively; error bars indicate the standard error across hourly values. Panels (c) and (d) show 551 
the corresponding footprint-weighted land-cover fractions for PY and CH, respectively. The 552 
eight sectors were defined as 45° wind-direction bins centered on the cardinal and intercardinal 553 
directions, with N spanning 337.5°–360° and 0°–22.5°; land-cover fractions were calculated by 554 
averaging the footprint-weighted land-cover composition of all valid records within each sector. 555 

Sector-hour heat maps and hourly correlation analyses further support this 556 

interpretation (Figs. S2 and S3). High Fcr at PY was concentrated not only in more 557 

urbanized directions such as N, NE, and NW, but also during nighttime, evening, and 558 

morning-rush periods, indicating that its diurnal variation was jointly regulated by 559 

wind-sector source area, local activity, and biogenic uptake. Hourly correlations also 560 

showed a positive relationship between Fcr and impervious fraction at PY, suggesting 561 

that hard surfaces and built-up source areas are important indicators of higher net CO2 562 

emissions. Fcr at PY was also positively correlated with forest fraction, but this likely 563 

reflects the co-occurrence of urban green space with roads and buildings, given their 564 

sectoral collinearity with impervious surfaces (Fig. 3). At CH, most sectors became 565 
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clearly negative during the day, and Fcr was negatively correlated with forest fraction, 566 

more closely reflecting biogenic uptake control in a highly vegetated source area. 567 

Beyond land cover, Fcr at both sites was significantly negatively correlated with 568 

shortwave radiation, showing that enhanced daytime radiation and vegetation 569 

photosynthesis were important drivers of lower net CO2 flux. Correlations of Fcr with 570 

temperature, VPD, relative humidity, and wind speed more likely reflect the combined 571 

effects of diurnal phase, turbulent mixing, and biogenic processes, and should not be 572 

interpreted as independent causal effects of single variables. 573 

Overall, source-area analysis shows that Fcr at PY is jointly shaped by mixed urban 574 

land cover, especially the co-occurrence of impervious surfaces and campus green 575 

space, together with wind-sector source areas and environmental conditions, whereas 576 

Fcr at CH mainly reflects biogenic uptake control by high forest cover. Fcr can therefore 577 

reveal the spatiotemporal heterogeneity of urban net CO2 exchange, but it cannot 578 

directly represent anthropogenic CO2 flux. For mixed urban source areas such as PY, 579 

where green space and built-up land are highly interwoven, Reco, GPP, and human 580 

respiration must be removed before anthropogenic CO2 flux can be more robustly 581 

extracted. 582 

3.2 Footprint-informed ecological parameterization 583 

3.2.1 Donor-site respiration and GPP light-response fitting 584 

Having established CH as a highly vegetated and weakly disturbed donor site, we next 585 

evaluated whether its respiration and GPP light-response parameters could provide a 586 

stable ecological reference for parameter migration. This step tests whether the donor-587 

site fitting produced physiologically interpretable parameters and whether the selected 588 

GPP structure adequately captured CH-side photosynthetic variability. 589 

In the baseline scheme, nighttime ecosystem respiration was represented using a 590 

fixed Q10 value of 1.64. Seasonal variation was therefore expressed mainly through the 591 

fitted base respiration coefficient Rc, rather than Q10 itself. Nighttime respiration fitting 592 

at CH showed acceptable agreement between observations and simulations, with R = 593 

0.608, RMSE = 1.419 μmol m−2 s−1, and bias = −0.004 μmol m−2 s−1 (Fig. S4a). Thus, 594 
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under the present data-screening and parameterization framework, the nighttime 595 

respiration model showed no obvious systematic overestimation or underestimation and 596 

provided a basis for subsequent daytime respiration extrapolation and parameter 597 

migration. 598 

CH-side GPP light-response fitting further showed that the temperature-stratified 599 

scheme captured photosynthetic variation reasonably well. The baseline GPP fit had R 600 

= 0.659, RMSE = 4.904 μmol m−2 s−1, and MAE = 3.679 μmol m−2 s−1, outperforming 601 

the pure saturating structure and the saturating structure with VPD inhibition (Fig. S4b–602 

d). The ecological parameters in the CH baseline scheme were not constant; they varied 603 

over time and among temperature groups (Fig. S5). Rc fluctuated during the year, with 604 

monthly medians of about 0.96–1.36. Among the GPP light-response parameters, α and 605 

Pmax also varied with time and thermal state, with monthly medians of about 0.026–606 

0.052 and 16.8–43.8 μmol m−2 s−1, respectively. These results indicate interpretable 607 

ecological variability in CH respiration and light-response parameters, rather than 608 

dominance by random fitting error. θ was treated as a fixed shape parameter in the 609 

baseline scheme, with a value of 0.2, and is therefore not interpreted as an independent 610 

seasonal parameter. 611 

Comparison among GPP structural schemes further supports the temperature-612 

stratified structure as the baseline. Compared with the pure saturating structure and the 613 

saturating structure with VPD inhibition, the temperature-stratified scheme had a higher 614 

R and lower RMSE and MAE, indicating that it better captured hourly variation in the 615 

CH GPP target. In the saturating + VPD inhibition structure, the fitted kVPD was close 616 

to zero. This suggests that, under the humid subtropical background and screened 617 

samples used here, the explicit VPD inhibition term did not provide additional 618 

explanatory power beyond the temperature-stratified structure. This result does not 619 

deny the physiological relevance of VPD; rather, it indicates that differences in thermal 620 

state better explained light-response variation in this dataset. We therefore selected the 621 

temperature-stratified structure as the baseline and used the pure saturating and 622 

saturating + VPD inhibition structures as structural sensitivity scenarios in the 623 

uncertainty analysis. 624 
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3.2.2 EVIfp-constrained parameter migration to the urban target 625 

We evaluated whether the donor–target design met the ecological comparability 626 

conditions required for EVIfp-constrained parameter migration. This evaluation focused 627 

on three aspects: whether CH could provide a relatively clean ecological-response 628 

reference, whether CH and PY shared a comparable regional environmental and 629 

phenological background, and whether vegetation amount and activity in the PY 630 

footprint could be represented by dynamic EVIfp. The footprint land-cover contrast 631 

shown in Fig. 3c–d and Table S3 supports CH as a vegetation-dominated donor and PY 632 

as a heterogeneous urban target, indicating that PY cannot directly use CH observed 633 

fluxes or unscaled CH parameters. 634 

Environmental and vegetation diagnostics further support this constrained-635 

migration design. Figure S6 shows that CH and PY have highly consistent seasonal 636 

phases in air temperature and daytime shortwave radiation. VPD has a similar seasonal 637 

magnitude at the two sites, but its month-to-month consistency is relatively weak, 638 

indicating shared regional seasonal forcing but non-identical microclimatic conditions. 639 

This microclimatic difference does not invalidate the migration framework because CH 640 

meteorological time series were not imposed on PY. Instead, the migrated PY biogenic 641 

fluxes were driven by PY-specific temperature, radiation, and VPD, while CH provided 642 

the vegetation-normalized ecological-response reference. Table S3 also shows broadly 643 

similar urban-forest types at the two sites, whereas vegetation cover and anthropogenic 644 

influence differ substantially. Consistently, Fig. 4 shows that EVIfp is overall higher at 645 

CH than at PY, as expected from the higher vegetation cover at CH. Although EVIfp at 646 

PY is lower, it retains a clear seasonal pattern, with higher values in summer and lower 647 

values in winter and spring. This recognizable phenological signal supports the use of 648 

EVIfp for scaling ecological capacity in the dynamic PY footprint. For Reco, EVIfp 649 

should be interpreted as scaling vegetation-associated respiratory capacity within the 650 

dynamic footprint, rather than assuming that all urban surfaces or soil processes respond 651 

linearly to canopy greenness. Thus, the similar seasonal phases in temperature and 652 

radiation support CH as a same-region donor, whereas PY's warmer background and 653 
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weaker VPD consistency define the extrapolation boundary. 654 

 655 
Figure 4. Monthly variation of footprint-weighted vegetation activity at the CH and PY sites. 656 
Bars show the monthly mean footprint-weighted enhanced vegetation index (EVIfp) for CH and 657 
PY, and error bars indicate ±1 standard deviation. 658 

The migrated PY ecological-parameter ranges are consistent with these 659 

diagnostics. Under the baseline scheme, the 5 %–95 % range of α at PY was 0.007–660 

0.029, the 5 %–95 % range of Pmax was 5.30–13.89 μmol m−2 s−1, and the 5 %–95 % 661 

range of Rc was 0.351–0.762. Compared with the CH donor site, the capacity-type 662 

parameters at PY were substantially reduced but did not approach zero, consistent with 663 

the presence of urban green space in the PY footprint and with lower vegetation cover 664 

and activity than at CH. All migrated parameters were non-negative. Migrated GPP 665 

showed a typical daytime increase and approached zero at night, whereas Reco remained 666 

positive throughout the day and varied more smoothly (Fig. 5). Recent urban flux-667 

partitioning work provides the closest benchmark for the migrated PY biogenic fluxes. 668 

Soininen et al. (2025) reported median GPP peaks of about 8.8–11.9 μmol m−2 s−1 for a 669 

street-sector footprint with substantial vegetation cover, together with a mean 670 

ecosystem respiration of about 3.9 μmol m−2 s−1. The migrated PY maximum GPP of 671 

10.83 μmol m−2 s−1 is therefore comparable to this urban mixed-source GPP benchmark. 672 

For Reco, additional magnitude support comes from urban and subtropical vegetated 673 
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surfaces. Soil respiration ranged from 2.6 to 6.7 μmol m−2 s−1 across vegetated and 674 

managed cover types in greater Boston (Decina et al., 2016), and annual mean soil 675 

respiration in Hefei park and campus green spaces was 2.51–2.64 μmol m−2 s−1 (Tao et 676 

al., 2016). Eddy-covariance flux partitioning in a subtropical Chinese urban forest 677 

reported mean Reco of about 3.0 μmol m−2 s−1, with condition-specific means ranging 678 

from 1.9 to 4.0 μmol m−2 s−1 under heatwave and drought conditions (Yang et al., 2025). 679 

Humid subtropical forests in South China also show comparable total soil-respiration 680 

magnitudes of about 2.7–3.0 μmol m−2 s−1 after unit conversion (Yi et al., 2007). The 681 

migrated PY maximum Reco of 4.54 μmol m−2 s−1 therefore falls within a plausible range 682 

for vegetated and managed pervious surfaces. This comparison is a magnitude-683 

consistency check rather than direct validation, but it supports the view that the EVIfp 684 

constraint did not generate unrealistically large biogenic fluxes. Nevertheless, Reco 685 

remains more indirectly constrained by EVIfp than GPP.  686 

Taken together, Fig. 3c–d, Fig. 4, Table S3, and Fig. S6 support the ecological 687 

consistency of the CH-to-PY migration design: CH provides a cleaner ecological-688 

response reference under a shared regional background, while PY requires EVIfp-based 689 

scaling because of its lower vegetation activity and stronger source-area heterogeneity. 690 

The migration hypothesis is supported by three lines of evidence: comparable regional 691 

climatic and phenological forcing, EVIfp-based separation of vegetation-associated 692 

source areas from impervious surfaces, and migrated GPP and Reco magnitudes that fall 693 

within reported urban green-space and mixed-source ranges. Direct independent 694 

validation of donor-site parameter migration remains limited, so this approach is treated 695 

as an ecologically constrained parameterization rather than a universally validated 696 

empirical law. Its influence on Fff is further evaluated through the sensitivity analyses 697 

in Sect. 3.5. 698 

3.3 Partitioned flux dynamics at the urban target site 699 

3.3.1 Diurnal partitioning of CO2 flux components 700 

Using the biogenic components constrained above, we partitioned the corrected CO2 701 

flux (Fcr) at PY and examined the resulting anthropogenic CO2 flux (Fff). This step links 702 
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the ecological correction to the question of how biogenic uptake and anthropogenic 703 

emissions jointly shape net exchange in a mixed urban footprint. 704 

Figure 5 shows that Fcr at PY has typical characteristics of a mixed urban green-705 

space source area. It is positive at night and in the evening, decreases substantially 706 

during the day as GPP increases, and becomes negative around midday. 707 

Correspondingly, GPP reaches high values during 11:00–14:00, with an hourly mean 708 

peak of about 6.44 μmol m−2 s−1. Reco shows a smaller diurnal amplitude and remains 709 

around 1.14–1.45 μmol m−2 s−1. These results show that, although PY is an urban site, 710 

its net flux still contains a pronounced biogenic uptake signal. In other words, negative 711 

daytime Fcr does not mean that anthropogenic CO2 emissions disappear; it means that 712 

biogenic uptake offsets part of the anthropogenic emissions at the net-exchange level. 713 

 714 
Figure 5. Main-case diurnal decomposition of corrected CO2 flux at the PY site. Lines show 715 
hourly means of corrected flux (Fcr), ecosystem respiration (Reco), gross primary productivity 716 
(GPP), anthropogenic CO2 flux (Fff), and human respiration flux (Fhu). Shaded intervals mark 717 
the morning (07:00–09:00 LT) and evening (17:00–20:00 LT) peak windows in local time. 718 

After partitioning, Fff remained positive throughout the day, with hourly means of 719 

about 1.80–5.14 μmol m−2 s−1 and a 24 h mean of about 3.29 μmol m−2 s−1. Its diurnal 720 

variation showed a clear anthropogenic-activity rhythm: the 07:00–09:00 morning-rush 721 

mean was about 4.34 μmol m−2 s−1, with the daily maximum at 08:00; the 17:00–20:00 722 
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evening-rush mean was about 4.22 μmol m−2 s−1; and the 11:00–14:00 midday mean 723 

decreased to about 2.08 μmol m−2 s−1. This double-peak structure is consistent with the 724 

rhythms of commuting, campus travel, campus services, and surrounding road traffic 725 

in the Guangzhou Higher Education Mega Center, and with urban EC source-726 

partitioning studies showing that fossil-fuel or anthropogenic CO2 fluxes often exhibit 727 

traffic- or activity-related peaks (Lee et al., 2021; Wu et al., 2022). 728 

In magnitude, Fff at PY lies between two relevant urban green-space references. 729 

Yang et al. (2025) reported a low-intensity traffic-emission background of 0–1.93 μmol 730 

m−2 s−1 for a campus urban-forest environment in Nanjing, which is closer to a green-731 

space setting than to a dense traffic corridor. In contrast, Soininen et al. (2025) studied 732 

a Helsinki footprint influenced by both urban green space and a busy street sector, 733 

where light-response-curve partitioning inferred anthropogenic CO2 fluxes of 3.1–10.9 734 

μmol m−2 s−1. The PY Fff range of 1.80–5.14 μmol m−2 s−1 falls between these two 735 

references, consistent with the source-area character of the Guangzhou Higher 736 

Education Mega Center, where green space, roads, buildings, and water bodies are 737 

interwoven.  738 

These results show how biogenic and anthropogenic components jointly shape the 739 

observed net exchange at PY. During midday, strong GPP offsets a substantial part of 740 

the anthropogenic source and can drive Fcr close to zero or negative values. During the 741 

morning and evening periods, weaker biogenic uptake and enhanced anthropogenic 742 

activity allow Fff to dominate the net-flux signal. Thus, the urban net CO2 flux is not 743 

controlled by a single source process, but by the changing balance between persistent 744 

anthropogenic emissions and temporally variable biogenic uptake. 745 

3.3.2 Monthly variation in Fff and its potential drivers 746 

At the monthly scale, Fff at PY remained positive in all months, indicating a persistent 747 

anthropogenic CO2 source signal within the PY footprint. Figure 6a shows that monthly 748 

median Fff was about 2.59–4.29 μmol m−2 s−1, with lower values in August and higher 749 

values in October–November. The lowest monthly median occurred in August, about 750 

2.59 μmol m−2 s−1, while October and November increased to about 3.94 and 4.29 μmol 751 
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m−2 s−1, respectively. This range indicates moderate month-to-month variability 752 

superimposed on a persistent anthropogenic source signal. 753 

 754 
Figure 6. Monthly variations in daily aggregated partitioned CO2 fluxes and daytime 755 
cumulative GPP at the PY site. (a) Monthly medians of daily aggregated anthropogenic CO2 756 
flux (Fff), daytime mean GPP, and ecosystem respiration (Reco), with error bars showing the 757 
interquartile range (Q25–Q75) derived from daily values within each month. (b) Monthly 758 
medians of daily daytime cumulative GPP (mol m−2 d−1), also shown with interquartile ranges.  759 

This monthly pattern should not be attributed to a single factor. PY is located in a 760 

university-town area, where summer and winter vacations, the start of semester, campus 761 

services, and surrounding road traffic can influence local anthropogenic emissions. 762 

August falls within the summer vacation, when teaching, commuting, and internal 763 

campus service activities are reduced; this may help explain the low Fff values. In 764 

October–November, regular teaching activities and surrounding road activity resume, 765 

providing a reasonable anthropogenic-activity background for higher Fff. However, the 766 

PY EC footprint does not cover only the campus interior; it also includes roads, 767 

residential areas, water bodies, and urban service sources. Vacation effects may 768 
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therefore contribute to the monthly variation, but they should be interpreted together 769 

with other footprint-scale sources and environmental controls rather than as a single 770 

dominant driver of Fff. 771 

Meteorological and ecological conditions also modulate month-to-month Fff 772 

variation. Precipitation was notably high in August, which may have further reduced Fff 773 

by reducing travel, changing road-operating conditions, or altering activity intensity 774 

within the effective footprint. At the same time, vegetation activity and GPP remained 775 

strong in August, and ecological correction and changes in source-area vegetation 776 

weight may also have affected the monthly median Fff (Figs. 4 and S7). In contrast, 777 

precipitation decreased substantially in October–November, and the combination of 778 

resumed campus activity and less rainfall is consistent with stronger anthropogenic 779 

sources. Monthly variation in PY Fff should therefore be interpreted as the combined 780 

result of anthropogenic activity, meteorological conditions, ecological correction, and 781 

dynamic footprints, rather than as a direct response to a single driver. 782 

3.3.3 Eco-meteorological controls on GPP and Reco 783 

Monthly variation in GPP and Reco provides ecological context for understanding why 784 

the apparent net CO2 source strength and the inferred Fff vary differently through the 785 

year. Figures 6a–b show that GPP and Reco at PY both strengthened in the warm season 786 

and weakened in winter. This is consistent with the basic understanding that GPP in EC 787 

flux partitioning is jointly controlled by radiation, vegetation activity, and water status, 788 

whereas Reco is mainly regulated by temperature and substrate availability (Reichstein 789 

et al., 2005; Lasslop et al., 2010). 790 

For GPP, the daytime cumulative GPP shown in Fig. 6b is more appropriate for 791 

explaining seasonality because GPP is intrinsically a daytime process, whereas all-day 792 

averages are affected by nighttime zeros, daylength, and the distribution of valid 793 

samples. Daytime cumulative GPP at PY peaked in July, with a monthly median of 794 

about 0.206 mol m−2 d−1. It remained relatively high in August–September but did not 795 

continue to increase, and it decreased clearly in winter. High PAR, temperature, and 796 

EVIfp in July jointly supported strong photosynthesis. In August–September, heavy 797 
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rainfall and cloudy conditions may have reduced effective radiation, while elevated 798 

VPD during some periods may also have induced stomatal regulation and limited 799 

further GPP enhancement (Fig. S7). The Nanjing campus urban-forest study of Yang et 800 

al. (2025) also showed that urban-forest GPP and Reco are sensitive to radiation, 801 

temperature, and water status. Thus, warm-season enhancement of PY GPP and its 802 

fluctuations in rainy months are reasonable and should not be interpreted as a 803 

monotonic response to temperature or precipitation alone. 804 

Monthly variation in Reco more directly reflects temperature control. Monthly 805 

median Reco at PY was about 0.79–2.07 μmol m−2 s−1, higher in summer and early 806 

autumn and lower in winter, consistent with a Q10-type respiration model and seasonal 807 

temperature variation. It is important to note that Reco in this study was not fitted directly 808 

at PY. It was obtained by migrating CH-side respiration parameters with EVIfp 809 

constraints and driving them with PY temperature. Its warm-season enhancement and 810 

winter reduction therefore indicate that the migrated ecological respiration component 811 

has reasonable physiological meaning. 812 

Overall, the monthly biogenic components at PY show clear eco-meteorological 813 

consistency: GPP increases with stronger radiation and greater vegetation activity under 814 

warm-season conditions, but is modulated by rainfall, cloudiness, and VPD, whereas 815 

Reco mainly follows seasonal temperature variation. This supports the physiological 816 

plausibility of the migrated biogenic components. More importantly for flux 817 

interpretation, warm-season vegetation activity can reduce the apparent net CO2 source 818 

strength even when Fff remains positive, whereas weaker winter biogenic uptake allows 819 

the anthropogenic component to be more directly expressed in Fcr. 820 

3.4 Independent evidence for the anthropogenic interpretation of Fff 821 

Sections 3.1–3.3 show that PY Fff remained positive throughout the day and year and 822 

exhibited a clear morning peak and weaker evening peak. Because Fff is inferred after 823 

ecological correction, its anthropogenic attribution requires independent evaluation. We 824 

therefore evaluate Fff using three complementary lines of evidence: pollutant diurnal 825 

patterns, wind-sector land cover and traffic activity, and footprint-weighted inventories 826 
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that provide magnitude context and insight into possible spatial-allocation mismatch. 827 

These comparisons are not used to validate Fff as a direct traffic-emission estimate or 828 

to attribute it to a single source category; rather, they provide independent consistency 829 

checks for its anthropogenic-emission interpretation (Velasco and Roth, 2010; 830 

Crawford and Christen, 2015; Wu et al., 2022). 831 

3.4.1 Consistency with pollutant diurnal patterns 832 

Figure 7 compares the 24 h standardized diurnal patterns of Fff with NOx, CO, CO2, and 833 

PM2.5. Z-score standardization removes differences in units and magnitudes among 834 

variables and focuses on phase, peak timing, and relative shape, rather than absolute 835 

concentrations or fluxes. Figure 7a shows that Fff has a clear morning peak during 836 

07:00–09:00 and increases again during 17:00–20:00. NOx and CO also increase 837 

synchronously during the morning peak. Shape-correlation results further show that Fff 838 

has the highest 24 h standardized-pattern correlation with NOx, with Pearson r about 839 

0.62; its correlation with CO is the second highest, about 0.53; and its correlations with 840 

CO2 and PM2.5 are weaker, about 0.36 and 0.34, respectively (Fig. 7b). This ranking is 841 

physically consistent with urban anthropogenic emissions. NOx is sensitive to motor 842 

vehicles and local combustion processes (Parrish, 2006; Juchem et al., 2025), CO is 843 

commonly used as an auxiliary tracer for combustion sources (Turnbull et al., 2011), 844 

whereas CO2 concentration and PM2.5 are more strongly affected by boundary-layer 845 

height, regional transport, secondary formation, and non-traffic sources (Xueref-Remy 846 

et al., 2018; Guo et al., 2014). Compared with CO2 concentration alone, the diurnal 847 

consistency of Fff with NOx and CO therefore provides stronger support for a traffic- or 848 

combustion-related anthropogenic CO2 flux. 849 

Peak-window analysis further strengthens this interpretation. During the morning 850 

peak (07:00–09:00) relative to the 04:00–06:00 background, Fff increased by about 851 

52 %, and NOx increased by about 59 %, with similar amplitudes. CO and PM2.5 also 852 

showed positive increases, but with smaller amplitudes (Fig. 7c). During the evening 853 

peak from 17:00 to 20:00, Fff and NOx increased by about 44 % and 35 % relative to 854 

14:00–16:00, respectively, whereas CO2 and PM2.5 showed weaker changes (Fig. 7d). 855 
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These results indicate that the morning and evening Fff peaks are unlikely to be artifacts 856 

of the partitioning procedure; instead, they show an activity rhythm consistent with 857 

traffic- and combustion-related pollutants. Similarly, Wu et al. (2022) emphasized that 858 

the fossil-fuel component in urban EC CO2 fluxes should be evaluated using CO, 14C, 859 

or high-resolution emission information, rather than inferred from the net CO2 flux 860 

pattern alone. 861 

 862 
Figure 7. Diurnal-shape consistency and peak-window enhancement characteristics of the 863 
anthropogenic CO2 flux (Fff) and selected atmospheric tracers at the PY site. (a) Standardized 864 
hourly mean (z-score) curves for Fff and the selected tracers. Each series was first aggregated 865 
independently to hourly means and then standardized to highlight shape similarity rather than 866 
magnitude. The shaded bands indicate the morning (07:00–09:00 LT) and evening (17:00–867 
20:00 LT) peak period. (b) Pearson correlation coefficients between the standardized 24 h 868 
shape of Fff and each tracer, computed across the 24 h mean values. (c) Morning peak-window 869 
enhancement, expressed as the percentage change from the pre-window (04:00–06:00 LT) to 870 
the peak window (07:00–09:00 LT). (d) Evening peak-window enhancement, expressed as 871 
the percentage change from the pre-window (14:00–16:00 LT) to the peak window (17:00–872 
20:00 LT). 873 

3.4.2 Wind-sector, land-cover, and traffic evidence 874 

Morning-peak Fff differed substantially among the eight wind sectors (Fig. 8a). The NE 875 
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sector was highest, with a mean of about 6.16 μmol m−2 s−1; the N sector was second, 876 

about 4.81 μmol m−2 s−1; and the SW sectors also remained relatively high, about 4.46 877 

μmol m−2 s−1. The W sector was lowest, about 2.48 μmol m−2 s−1. Thus, morning-peak 878 

Fff was not enhanced uniformly across all wind directions, but was concentrated in 879 

specific source-area directions. 880 

 881 

Figure 8. Morning-peak anthropogenic CO2 flux and footprint-weighted land-cover 882 
composition by wind sector at the PY site. (a) Mean anthropogenic CO2 flux (Fff) during 07:00–883 
09:00 LT for eight wind-direction sectors, using the same 45° sector classification as in Fig. 3. 884 
Error bars indicate the interquartile range (Q25–Q75). (b) Corresponding footprint-weighted 885 
land-cover composition for each sector during the same morning-peak period.  886 

Footprint-weighted land cover shows that high Fff is broadly consistent with 887 

urbanized and mixed activity source areas, but is not controlled by impervious fraction 888 

alone (Fig. 8b). The N, NE, and NW sectors had impervious fractions of about 33 %, 889 

27 %, and 37 %, respectively, and also high forest fractions of about 46 %–58 %. This 890 

indicates that urban green space, roads, and hard surfaces are closely interwoven in the 891 

PY source area. The simultaneously high Fff and high impervious fraction in the NE 892 

and N sectors support their urban-activity source character. In contrast, the SW sector 893 

had a lower impervious fraction but higher Fff, suggesting that local road nodes, parking 894 

entrances, campus gates, or short-term traffic aggregation areas can generate strong 895 

anthropogenic CO2 signals even under a lower impervious-background fraction in 896 
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mixed urban source areas. 897 

Road-congestion indicators provide additional supporting evidence for this 898 

interpretation (Fig. 9). The extended congestion dataset covers 331 hourly road 899 

snapshots from 23:00 LT on 6 May to 13:00 LT on 24 May 2026, including 713 road 900 

segments within approximately 1.5 km of the PY site. These data are not synchronous 901 

with the main EC analysis period (2023–2024) and are therefore not used for hourly 902 

validation of Fff or for conversion to traffic CO2 emission fluxes. Instead, they provide 903 

an auxiliary description of typical road-traffic timing, directional contrast, and line-904 

source distribution around the PY university-town area. Details on data source, 905 

representativeness, and processing are given in Sect. S8. 906 

 907 
Figure 9. Traffic-activity indicators used to interpret the temporal, directional, and spatial 908 
behavior of the PY anthropogenic CO2 flux (Fff). (a) Diurnal variation of the length-weighted 909 
mean congestion index and the fractions of road length with at least slow traffic, at least 910 
congestion, and severe congestion. (b) Eight-sector rose plot of the cumulative congestion 911 
burden (index·h). (c) Hour × directional-sector heat map of the mean congestion index. (d) 912 
Spatial distribution of road-segment mean congestion class surrounding the PY site, used to 913 
identify the road segments responsible for the directional congestion patterns shown in panel 914 
(b). 915 
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Figure 9a shows a clear traffic-activity rhythm. The length-weighted mean 916 

congestion index and the fractions of road length with slow or congested traffic 917 

increased during the morning and evening traffic-relevant periods, with the strongest 918 

and sharpest enhancement around 08:00 LT and a broader but weaker increase after 919 

approximately 16:00 LT. The overall congestion amplitude remained modest, indicating 920 

that most roads were free-flowing or only mildly slow during the monitoring period. 921 

Nevertheless, the timing and relative strength of the congestion enhancements are 922 

consistent with the high-value windows of Fff and NOx, supporting the interpretation 923 

that the double-peak structure of Fff is broadly associated with road-traffic activity. 924 

The directional traffic evidence further supports the sectoral interpretation of Fff. 925 

The cumulative congestion burden is unevenly distributed among directions and is 926 

strongest in the NE sector, with additional contributions from the N, NW, and S sectors 927 

(Fig. 9b). The hour-sector heat map shows a pronounced NE morning enhancement 928 

around 08:00 LT, consistent with the highest morning-peak Fff in the NE sector (Fig. 929 

8a). The S and SW sectors show stronger congestion from evening to nighttime, helping 930 

explain why traffic-related activity can also contribute to relatively high Fff in these 931 

directions despite their lower impervious-background fraction. The road-segment map 932 

further links these directional patterns to specific road corridors near PY, especially to 933 

the NE and along several southern to southwestern road sections (Figs. 9d and S8).  934 

Taken together, Figs. 8, 9, and S8 indicate that spatial differences in morning-peak 935 

Fff at PY reflect the combined effects of urbanized land cover, local road or gate-related 936 

line sources, and dynamic EC footprints. The agreement among Fff, pollutant peaks, 937 

footprint-weighted land cover, sectoral congestion burden, and road-segment 938 

congestion patterns strengthens the anthropogenic interpretation of Fff, while non-939 

monotonic relationships among these indicators reflect the complexity of mixed 940 

university-town source areas. 941 

3.4.3 Inventory magnitude context and spatial-allocation implications 942 

Figure 10 compares PY Fff with footprint-weighted monthly estimates from three 943 

widely used bottom-up inventories: the Open-Data Inventory for Anthropogenic 944 

https://doi.org/10.5194/egusphere-2026-3381
Preprint. Discussion started: 28 July 2026
c© Author(s) 2026. CC BY 4.0 License.



36 
 

Carbon Dioxide (ODIAC; Oda et al., 2018), the Emissions Database for Global 945 

Atmospheric Research (EDGAR; Crippa et al., 2024), and the Multi-resolution 946 

Emission Inventory model for Climate and air pollution research (MEIC; Xu et al., 947 

2024). Detailed information on the inventories and calculation procedure is provided in 948 

Sect. S5. Inventory central estimates are generally higher than the observation-inferred 949 

Fff: EDGAR is about 9–11 μmol m−2 s−1, MEIC about 13–15 μmol m−2 s−1, and ODIAC 950 

about 16–23 μmol m−2 s−1, whereas monthly PY Fff is about 2.59–4.29 μmol m−2 s−1. 951 

This several-fold difference should be interpreted in the context of both spatial-support 952 

mismatch and spatial-proxy mismatch. Global and regional gridded inventories do not 953 

directly observe emissions within the EC footprint. Instead, they allocate national, 954 

regional, or sectoral activity data to grid cells using proxy variables such as population 955 

density, night-time lights, road networks, point-source locations, and sectoral activity 956 

distributions. ODIAC distributes non-point fossil-fuel CO2 emissions mainly using 957 

satellite-observed night-time lights after separately treating large point sources (Oda et 958 

al., 2018). EDGAR uses sector-specific spatial proxies, including population, road 959 

networks, facility locations, and land-use information, to construct gridded emissions 960 

(Crippa et al., 2024). MEIC improves sectoral and subnational representation, but its 961 

gridded fields are still spatially allocated inventory estimates rather than direct 962 

footprint-scale observations (Xu et al., 2024). This proxy-allocation issue is particularly 963 

relevant for the PY footprint. The Guangzhou Higher Education Mega Center is a high-964 

population-density and brightly lit urban functional zone with dense road infrastructure, 965 

but its on-site fossil-fuel combustion intensity per capita is likely lower than that of 966 

industrial, commercial, or heavily trafficked urban cores (Sect. 3.3.1). Buildings within 967 

the source area mainly rely on externally supplied electricity, and many roads are low-968 

speed campus-service roads or have restricted access (Sect. S8). Population density, 969 

night-time lights, and road density may therefore over-represent local combustion 970 

emissions when used as spatial allocation proxies. In such a setting, footprint-weighted 971 

inventory values can be several times larger than the EC-inferred Fff because broader 972 

urban emissions are partly assigned to a high-proxy-intensity functional zone with 973 

relatively low on-site combustion. 974 
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 975 

Figure 10. Monthly comparison between the PY anthropogenic CO2 flux (Fff) and footprint-976 
aligned bottom-up inventory estimates. The PY observation represents the CH0 main 977 
scenario with the base human-respiration setting and is summarized as the monthly mean 978 
with the interquartile range (Q25–Q75). EDGAR, MEIC, and ODIAC are shown as monthly 979 
central estimates. The shaded bands show an illustrative ±100 % envelope to visualize broad 980 
urban-grid inventory uncertainty, rather than inventory-specific confidence intervals.  981 

To illustrate the possible magnitude of city- or grid-scale inventory differences, 982 

Fig. 10 uses a ± 100 % range as an illustrative uncertainty envelope, not as an inventory-983 

specific confidence interval. Although the inventory central estimates are several times 984 

higher than PY Fff, the observation-inferred monthly Fff remains within the illustrative 985 

±100 % inventory envelopes shown in Fig. 10. This indicates that the discrepancy is 986 

large, but still falls within the broad local/grid-scale uncertainty context reported for 987 

urban fossil-fuel CO2 inventories. Previous studies show that fossil-fuel CO2 inventory 988 

uncertainty is strongly scale dependent: it is relatively small at national or regional 989 

aggregate scales but can increase substantially at city, neighborhood, or 0.1° grid scales. 990 

Gately and Hutyra (2017) reported that different inventories can differ by 50 %–250 % 991 

at city scale and that many 0.1° grids differ by more than 100 %. More importantly for 992 

the present study, spatial proxy variables themselves can introduce local positive bias 993 

when they do not represent the true distribution of combustion activity. Squires et al. 994 
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(2020) compared EC measurements of traffic-dominated NOx and CO fluxes in central 995 

Beijing with MEIC and found that MEIC substantially overestimated emissions within 996 

the EC footprint, providing direct evidence that proxy-based inventories can have 997 

positive biases for traffic-related emissions in Chinese urban centers. Wu et al. (2022) 998 

similarly emphasized that EC-based source decomposition is needed to evaluate high-999 

resolution urban CO2 inventories at the footprint scale rather than relying on net CO2 1000 

flux or gridded inventories alone. 1001 

From this perspective, the lower PY Fff relative to EDGAR, MEIC, and ODIAC 1002 

should not be interpreted simply as evidence that the EC-based estimate is biased low. 1003 

It more likely reflects a combination of footprint-scale ecological correction, local 1004 

functional-zone representativeness, and proxy-based spatial allocation errors in gridded 1005 

inventories. A model-side contribution to the difference is also possible. Under the 1006 

present sign convention, underestimated GPP or overestimated Reco would shift Fff 1007 

downward, whereas overestimated GPP would shift Fff upward. The potential influence 1008 

of ecological-correction uncertainty on Fff magnitude is examined in Sect. 3.5. The 1009 

inventory comparison therefore provides a magnitude reference and a diagnostic of 1010 

spatial-allocation plausibility, rather than numerical validation of either the inventories 1011 

or Fff. The large inventory–Fff difference at PY further indicates that spatial-proxy 1012 

mismatch can be substantial in special-function urban zones, where population density, 1013 

night-time lights, and road density do not necessarily scale with local fossil-fuel 1014 

combustion intensity. 1015 

Overall, the anthropogenic-emission attribution of PY Fff is constrained by 1016 

multiple independent lines of evidence. Temporally, Fff is consistent with the diurnal 1017 

patterns of NOx and CO, and the morning-peak enhancement is close to that of NOx. 1018 

Spatially, high Fff in the eight-sector analysis occurs mainly in NE, N, and SW 1019 

directions, where urban activity or road-traffic contributions are stronger, and is broadly 1020 

consistent with footprint-weighted land cover, sectoral congestion load, and road-1021 

segment congestion distribution. In magnitude, Fff is lower than bottom-up inventory 1022 

central estimates, but this comparison provides an urban-emission background, a 1023 

plausibility boundary, and a diagnostic of possible proxy-allocation mismatch in a 1024 
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special-function urban zone. Thus, PY Fff is not an isolated residual produced only by 1025 

model calculation. Rather, it is an ecologically corrected anthropogenic CO2 flux 1026 

estimate supported by multiple consistency checks across pollutant timing, source-area 1027 

structure, traffic activity, and inventory magnitude context. 1028 

3.5 Uncertainty sources and robustness of Fff 1029 

Donor–target parameter migration is the core structural assumption of the 1030 

framework. Its uncertainty arises from differences in canopy structure, vegetation 1031 

composition, soil moisture, substrate availability, and management intensity between 1032 

CH and PY, which cannot be fully captured by EVI. Because Fff is obtained after 1033 

subtracting migrated biogenic fluxes and human respiration from the storage-corrected 1034 

net flux, we treat the migrated biogenic components as constrained approximations and 1035 

evaluate how key assumptions affect Fff. This uncertainty is especially relevant for Reco, 1036 

for which EVIfp mainly constrains the vegetation-associated respiratory capacity within 1037 

the footprint but cannot fully represent soil moisture, substrate supply, irrigation, or 1038 

management-driven differences between CH and PY. These unresolved Reco controls 1039 

are treated as part of the structural boundary of the donor–target migration framework, 1040 

rather than as separately identifiable uncertainty sources in the present sensitivity 1041 

design. The analysis focuses on whether sensitivity scenarios mainly change the 1042 

absolute magnitude of Fff or also alter its positive sign across seasons and its morning–1043 

evening peak structure. 1044 

3.5.1 Relative contributions of uncertainty sources 1045 

Figure 11 summarizes the mean Fff offsets of each sensitivity scenario relative to the 1046 

baseline. Overall, GPP model structure is the dominant source of variation in Fff 1047 

magnitude. The pure saturating light-response structure and the saturating + VPD 1048 

inhibition structure reduce mean Fff by about 0.546 and 0.547 μmol m−2 s−1, respectively, 1049 

clearly larger than the effects of other processing steps. By comparison, CH-side 1050 

shortwave-radiation perturbations of −10 % and +10 % change mean Fff by about 1051 

+0.092 and −0.085 μmol m−2 s−1, respectively; the EVI 5 d window reduces Fff by about 1052 
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0.077 μmol m−2 s−1; the u* threshold within ±20 % changes Fff by about −0.068 to 1053 

+0.021 μmol m−2 s−1; Scheme B and weak daytime-respiration inhibition have effects 1054 

of about ±0.041 μmol m−2 s−1; and the ±10 % storage-flux perturbation is close to zero, 1055 

within about 0.005 μmol m−2 s−1. 1056 

 1057 

Figure 11. Module sensitivity of the PY anthropogenic CO2 flux (Fff) relative to the main 1058 
case. Bars show the difference in the overall mean Fff between each sensitivity scenario and 1059 
the main case, using the base human-respiration setting. Colors denote uncertainty modules, 1060 
including u* threshold, storage correction, EVI temporal window, GPP model structure, 1061 
temperature-group scheme, daytime respiration suppression, and CH-only shortwave-1062 
radiation perturbation. 1063 

This result shows that uncertainty in PY Fff mainly arises from the biogenic-uptake 1064 

term, especially the structural estimation of daytime GPP, rather than from small 1065 

additive terms such as storage flux or u* filtering. This directly addresses the inventory-1066 

comparison concern raised in Sect. 3.4.3: ecological-correction uncertainty can shift the 1067 

absolute magnitude of Fff, but the tested biogenic-correction scenarios do not remove 1068 

the several-fold gap between Fff and the footprint-weighted inventory central estimates. 1069 

The CH-only radiation-input perturbation has a larger effect than storage flux and 1070 

daytime-respiration inhibition, but remains substantially smaller than the GPP-structure 1071 

difference. Thus, CH radiation representativeness is an input uncertainty that should be 1072 

reported, but it is not the dominant factor controlling the Fff conclusions. This 1073 

dominance is expected because GPP is the key daytime subtraction term in the Fff 1074 
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calculation; different light-response structures directly alter the daytime biogenic-1075 

uptake estimate and therefore the amplitude of diurnal Fff variation. Previous EC flux-1076 

partitioning studies also show that nighttime respiration extrapolation and daytime GPP 1077 

model structure can strongly affect NEE partitioning, especially during periods of 1078 

strong daytime biogenic uptake, when structural differences are often more important 1079 

than random parameter error (Reichstein et al., 2005; Lasslop et al., 2010; Desai et al., 1080 

2008). It is also notable that the pure saturating structure and the saturating + VPD 1081 

inhibition structure have almost identical effects on Fff. This is consistent with the CH-1082 

side model comparison in Sect. 3.2, which showed that the explicit VPD inhibition term 1083 

did not add explanatory power beyond the pure saturating structure in the present 1084 

dataset. Figure 11 therefore not only identifies GPP structure as the main uncertainty 1085 

source, but also further supports the temperature-stratified light-response structure as 1086 

the baseline scheme. 1087 

3.5.2 Robustness of diurnal and seasonal patterns 1088 

Figure 12a compares the diurnal spread of Fff among the baseline and 13 sensitivity or 1089 

structural-alternative scenarios with parameter-bootstrap uncertainty. The scenario 1090 

spread is larger than the bootstrap uncertainty during most hours. At the hourly scale, 1091 

the mean scenario q90–q10 spread is about 0.47 μmol m−2 s−1, whereas the mean 1092 

bootstrap q90–q10 spread is about 0.21 μmol m−2 s−1; the former is about 2.3 times the 1093 

latter. Thus, within the present framework, model structure and processing-scenario 1094 

choices explain the overall uncertainty in Fff more strongly than bootstrap resampling 1095 

of parameters alone. This result is consistent with previous flux-partitioning studies 1096 

showing that parameter-estimation error is important, but light-response structure and 1097 

data-processing choices can produce systematic shifts in partitioning results (Papale et 1098 

al., 2006; Lasslop et al., 2010; Richardson and Hollinger, 2007). 1099 

In terms of diurnal variation, scenario spread is more pronounced during the 1100 

morning and evening peaks and the daytime transition periods. The largest scenario 1101 

q90–q10 spread occurs at 16:00, 17:00, and 08:00, corresponding to the afternoon 1102 

transition when biogenic uptake weakens, the evening peak, and the morning peak. This 1103 
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gives the Fff uncertainty a clear process meaning: at night, GPP is close to zero and Fff 1104 

is mainly controlled by net flux and respiration terms; during daytime and evening, it 1105 

is affected by both ecological-correction choices and anthropogenic-activity rhythms, 1106 

so scenario differences are larger. Despite these amplitude differences, the morning and 1107 

evening peaks persist in all scenarios, and the relatively low midday Fff pattern is not 1108 

changed. Thus, scenario uncertainty mainly affects Fff magnitude after daytime 1109 

biogenic-uptake correction, rather than the presence of a diurnal structure associated 1110 

with urban anthropogenic activity. 1111 

 1112 
Figure 12. Integrated uncertainty-spread diagnostics for the PY anthropogenic CO2 flux (Fff). 1113 
(a) Diurnal comparison between the scenario envelope and bootstrap uncertainty under the 1114 
base human-respiration setting. The colored uncertainty ribbon, bounded by the q10 and q90 1115 
lines, represents the envelope of hourly mean Fff across the 14 sensitivity scenarios; the solid 1116 
line shows the scenario median. The between-scenario spread (q90–q10) and the mean 1117 
within-scenario bootstrap spread (q90–q10) are also shown. Pale vertical background bands 1118 
highlight the morning (07:00–09:00 LT) and evening (17:00–20:00 LT) traffic-relevant 1119 
periods. (b) Seasonal distributions of scenario-mean Fff across the 14 CH scenarios under the 1120 
base human-respiration setting. Boxplots summarize the spread among scenarios for each 1121 
season, and points denote individual scenario means.  1122 

Figure 12b further shows that the seasonal uncertainty in Fff is also linked to 1123 

biogenic processes. Across the 14 scenarios, the scenario range is largest in summer, 1124 

followed by autumn, and smallest in winter. This is consistent with the seasonality of 1125 

the biogenic components: warm-season GPP and Reco are stronger, so ecological model 1126 

structure and radiation input have larger effects on Fff. In winter, biogenic processes are 1127 

weaker, and differences caused by model structure and input perturbations are reduced. 1128 

In other words, Fff uncertainty is not randomly distributed. It is concentrated in warm-1129 
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season and daytime periods, when ecological correction is strongest and component 1130 

separation is most difficult. 1131 

This pattern also provides a boundary test for the CH-to-PY migration assumption: 1132 

scenario spread is largest when ecological correction is strongest, but the positive sign 1133 

across seasons and the morning–evening peak structure remain stable.  1134 

3.5.3 Interpretive boundaries of Fff 1135 

Core structural scenarios further clarify the interpretive boundary of Fff (Fig. S9a). The 1136 

baseline scheme, Scheme B, and the weak daytime-respiration-inhibition scenario 1137 

produce similar diurnal shapes, whereas the pure saturating and saturating + VPD 1138 

inhibition structures yield lower Fff values, especially during daytime and evening. Thus, 1139 

GPP structure mainly controls the inferred magnitude of Fff, while the morning peak, 1140 

midday low, and evening peak remain robust. This supports using Fff as a footprint-1141 

scale anthropogenic-activity signal, but its absolute value remains conditional on the 1142 

ecological model structure and donor–target migration assumptions. 1143 

Human-respiration sensitivity provides a separate boundary on the non-fossil 1144 

anthropogenic term (Fig. S9b–c). Even when human respiration is set to 0.5 or 1.5 times 1145 

the baseline, the mean change in Fff is only about ±0.01 μmol m−2 s−1, and the maximum 1146 

hourly effect is about ±0.026 μmol m−2 s−1. Human respiration should therefore be 1147 

explicitly subtracted, but it is not a dominant uncertainty under the current PY source-1148 

area background. Overall, PY Fff is best interpreted as an ecologically constrained, 1149 

footprint-scale anthropogenic CO2 flux estimate: robust as a relative temporal and 1150 

source-area signal, but not a model-independent observation or direct inversion of local 1151 

traffic or inventory emissions. 1152 

4 Conclusions 1153 

Using paired EC observations from the CH and PY sites in Guangzhou, this study 1154 

developed a footprint-informed ecological parameter-migration framework for 1155 

partitioning CO2 fluxes in mixed urban source areas. The framework uses CH as a 1156 

relatively clean ecological donor, transfers vegetation-normalized ecological 1157 
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parameters to PY using dynamic footprints and footprint-weighted enhanced vegetation 1158 

index (EVIfp), and estimates footprint-scale anthropogenic CO2 flux (Fff) after 1159 

ecological and human-respiration corrections. 1160 

The CH-to-PY migration was supported by a consistent ecological evidence chain. 1161 

The two sites share a similar regional climatic and phenological background but differ 1162 

strongly in vegetation cover and anthropogenic influence. After EVIfp-based scaling, 1163 

the migrated PY gross primary productivity (GPP) and ecosystem respiration (Reco) 1164 

showed plausible diurnal and seasonal patterns, with magnitudes consistent with 1165 

reported urban green-space and mixed-source fluxes. These results support the donor–1166 

target design as an ecologically consistent constraint on biogenic components, while 1167 

the migrated fluxes should still be interpreted as constrained approximations rather than 1168 

directly validated ecological observations. 1169 

The partitioned components reveal how biogenic and anthropogenic processes 1170 

jointly shape net CO2 exchange at the urban target site. PY remained a net CO2 source 1171 

overall, but daytime storage-corrected net CO2 flux (Fcr) could approach neutral values 1172 

or become weakly negative when GPP was strong. After ecological correction, Fff 1173 

remained positive throughout the day, with hourly means of 1.80–5.14 μmol m−2 s−1 1174 

and a clear morning peak and weaker evening peak. Thus, urban EC net flux cannot be 1175 

interpreted directly as anthropogenic emissions because vegetation uptake can mask 1176 

part of the anthropogenic signal. 1177 

The inferred Fff showed temporal and source-area patterns consistent with 1178 

footprint-scale anthropogenic activity, including diurnal agreement with combustion-1179 

related tracers and high morning-peak values in sectors with stronger urban activity or 1180 

traffic-related source contributions. Footprint-weighted inventory comparisons 1181 

provided an order-of-magnitude context, but should not be interpreted as strict 1182 

inventory validation. The large inventory–Fff difference at PY further suggests that 1183 

proxy-based spatial allocation can be problematic in special-function urban zones, 1184 

where population density, night-time lights, and road density do not necessarily scale 1185 

with local fossil-fuel combustion intensity. 1186 

The uncertainty analysis showed that Fff was most sensitive to GPP light-response 1187 
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structure, whereas other input, screening, parameterization, storage, and human-1188 

respiration choices had smaller effects. Scenario differences mainly affected the 1189 

absolute magnitude of Fff, especially during daytime and the warm season, but did not 1190 

change its positive sign across seasons or its morning–evening peak structure. Fff should 1191 

therefore be interpreted as an ecologically constrained, footprint-scale anthropogenic 1192 

CO2 flux estimate, not as a model-independent direct emission observation. 1193 

Several limitations remain. The uncertainty framework is based on controlled 1194 

sensitivity scenarios rather than a complete probability distribution of all error sources. 1195 

The CH-to-PY migration depends on ecological similarity, EVIfp-based scaling, 1196 

footprint and remote-sensing representativeness, CH-side radiation input, and site-level 1197 

microclimatic contrasts. These factors define the main boundary for extending the 1198 

framework to other urban sites. Fff should be used as a tower-footprint-scale 1199 

observational constraint and relative-change indicator, rather than as a direct 1200 

replacement for city-total inventories. Future work combining multi-site EC networks 1201 

with traffic, energy-use, mobile, isotopic, or auxiliary tracer observations would help 1202 

further test and extend this framework. 1203 

This study demonstrates the feasibility of an EC-based CO2 flux-partitioning 1204 

approach for urban areas where green spaces and anthropogenic sources are highly 1205 

mixed. By combining standard EC CO2 fluxes with dynamic footprints, high-resolution 1206 

land cover, and open satellite vegetation-index products, the framework lowers the 1207 

observational barrier for source–sink partitioning in data-scarce and rapidly urbanizing 1208 

regions, including many cities in the Global South. Beyond flux partitioning, it helps 1209 

reveal anthropogenic CO2 emission signals masked by biogenic processes, while 1210 

providing footprint-scale constraints for diagnosing potential spatial-proxy mismatch 1211 

in gridded inventories and informing urban carbon-monitoring network design. 1212 

Code and data availability. The source code for the two-dimensional flux-footprint 1213 
model used in this study is available at https://footprint.kljun.net (Kljun et al., 2015). 1214 
The global 10 m land-cover product GLC_FCS10 used in this study has been published 1215 
on Zenodo and can be accessed at https://doi.org/10.5281/zenodo.14729665 (last access: 1216 
25 May 2026) (Zhang et al., 2025). The global 10 m canopy-height product used in this 1217 
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study is publicly available and can be downloaded from 1218 
https://langnico.github.io/globalcanopyheight/assets/tile_index.html (Lang et al., 2023). 1219 
The Harmonized Landsat Sentinel-2 (HLS) 30 m vegetation-index products used in this 1220 
study are publicly available at https://doi.org/10.5067/HLS/HLSL30_VI.002 and 1221 
https://doi.org/10.5067/HLS/HLSS30.002 (last access: 25 May 2026) (Neigh, 2021; 1222 
Neigh, 2025). The road-traffic congestion and vector building-height data around the 1223 
PY site used in this study are available from https://lbs.amap.com (last access: 25 May 1224 
2026). The national hourly population-density spatial-distribution dataset used in this 1225 
study can be accessed at https://doi.org/10.12078/2022091601 (Xu, 2022). Additional 1226 
data and information used in this study are available from the corresponding author 1227 
upon request. 1228 
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