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Abstract. Atmospheric CO₂ exchanges in agroecosystems are strongly controlled by plant phenology, management and 

microclimatic conditions, yet obtaining finely resolved flux estimates across heterogeneous agricultural landscapes remains 15 

challenging. This study evaluates the ability of a single Eddy Covariance (EC) system combined with wind-sector partitioning 

and Random Forest (RF) modelling to estimate annual carbon budgets of adjacent fields (wheat, mixed-grain, permanent 

grassland) in the Marais Poitevin wetland. Fluxes were measured over the period 2023-01-01-2024-01-31 and attributed to the 

different fields by wind sectors. Two modelling strategies were compared (i) a single global RF trained on all sectors and (ii) 

sector-specific RFs for each adjacent field. RF models globally showed good overall performance (R² ≈ 0.68-0.95 depending 20 

on sector), while the sectoral approach better reproduced phenological dynamics and responses to management events (harvest, 

grazing) than the global model, which tended to smooth site-specific signals. Annual carbon budgets estimated from the 

sectoral models indicate that the permanent grassland and the wheat field acted as net sinks (-259 and -216 g C m⁻² yr⁻¹, 

respectively), whereas the mixed grain and the hybrid field behaved as net sources (+182 and +231 g C m⁻² yr⁻¹). Main 

limitations include spatial attribution uncertainty related to the EC footprint under stable conditions, flux disturbances during 25 

stormy episodes, and the limited one-year observation period. This study highlights the novelty and practical value of coupling 

a single EC system with wind-sector partitioning and machine learning approaches to resolve carbon fluxes at the field scale 

within heterogeneous agricultural landscapes. This integrated approach provides a cost-effective alternative to traditional 

multi-tower setups, offering new opportunities to monitor spatial carbon dynamics and management effects in real agricultural 

mosaics. Beyond methodological innovation, the goal of this work is to establish a comprehensive carbon budget not merely 30 

for a single agroecosystem, but for the terrestrial component of a wetland area, capturing the complexity of its ecological and 

biogeochemical interactions. 
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1 Introduction 

  Agricultural lands cover a vast fraction of the terrestrial biosphere with around 50% of the Earth’s vegetated land surface 35 

(about 5 billion ha) under cultivation, grassland or rangeland (Zomer et al., 2017). This extensive area makes agroecosystems 

as a major component of the global carbon cycle. Indeed, since 1750 corresponding to the start of the industrial era, conversion 

of forests and meadows to cropland and grassland has released large amounts of CO₂ on the order of 214 ± 67 PgC from 

biomass and soils, contributing roughly to a quarter of anthropogenic greenhouse‐gas emissions (Zomer et al., 2017). In the 

last decade, net CO₂ emissions from land-use change (mostly driven by agriculture) averaged about 4.2 ± 2.6 Gt CO₂ yr⁻¹ 40 

(Friedlingstein et al., 2025). At the same time, crops and managed fields also take up significant amount of carbon from the 

atmosphere via photosynthesis, so agricultural ecosystems can act as both carbon sinks and sources for the atmospheric CO2. 

For example, intensive agriculture can store carbon in plant biomass and soils, while conventional cropping and elimination 

of residues can turn fields into net sources of CO₂ due to large soil respiration rates. Globally, agricultural soils hold on the 

order of 8-10% of the world’s soil organic carbon (Wu et al., 2024), so even small changes in land management can have 45 

measurable impacts on the atmospheric CO₂ concentration. At the same time, climate and land-use intensity control the CO₂ 

exchange of agroecosystems in complex and interconnected ways: solar radiation and air temperature are the primary drivers 

of gross primary production (GPP) in many temperate croplands (Moreaux et al., 2020), while water availability, plant 

phenology and vapor pressure deficit (VPD) modulate the growing-season uptake. Crop type and anthropogenic management 

(e.g. fertilization, irrigation, harvest) further alter the balance between photosynthesis and respiration; for instance, deep-rooted 50 

or perennial crops typically achieve higher seasonal uptake than shallow-rooted annuals, and no-harvest practices slow down 

soil CO₂ release. Thus, the net carbon budget of agricultural fields sensitively depends on crop species, phenological stage and 

local environment variables, as well as on socio-economic factors determining land-use intensity (Moreaux et al., 2020; Zomer 

et al., 2017). 

 55 

To quantify land-atmosphere CO₂ exchange over large spatial scales and fine time resolution, the Eddy Covariance (EC) 

technique has become a widely used method in ecosystem science, although it remains costly and technically demanding. EC 

deploys fast anemometers and CO₂/H₂O Infra-Red Gaz Analysers (IRGA) on towers to directly measure the turbulent flux of 

CO₂ between the biosphere and atmosphere (Baldocchi, 2020). Since the late 1990s, global networks of EC towers (e.g. 

FLUXNET, AmeriFlux, AsiaFlux, etc.) have accumulated long time series of carbon and water fluxes from hundreds of sites 60 

representing diverse biomes (Baldocchi, 2020). In Europe, the Integrated Carbon Observation System (ICOS) network 

similarly provides standardized CO₂ flux measurements at dozens of sites. In total, these networks (i.e. about 130 stations 

across all networks, including 19 ecosystem stations in France) have been invaluable for linking ecosystem carbon exchange 

to climate drivers. These networks include sites across continents (North America, Europe, Asia, Africa, etc.) and ecosystem 
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types from boreal and temperate forests to grasslands, croplands, wetlands, and even urban landscapes. For example, Baldocchi 65 

(2020) notes that EC networks now span the main climate and ecological spaces, revealing how GPP and ecosystem respiration 

respond to sunlight, temperature and moisture. These multi-decadal observations have elucidated several key environmental 

controls on ecosystem carbon cycling. Solar radiation emerges as the primary driver of photosynthetic carbon uptake, with 

light response curves showing saturation effects at high irradiance levels and demonstrating how different vegetation types 

exhibit varying light-use efficiencies (Reichstein et al., 2007; Wohlfahrt and Gu, 2015). Temperature controls operate through 70 

multiple pathways: while moderate warming generally enhances both photosynthesis and respiration, the temperature 

sensitivity (Q₁₀) of respiration typically exceeds that of photosynthesis, leading to reduced net carbon uptake at higher 

temperatures (Lloyd and Taylor, 1994; Mahecha et al., 2010). Moisture availability represents another fundamental control, 

with VPD strongly regulating stomatal conductance and thus photosynthetic rates, while soil water content directly affects 

both plant productivity and microbial respiration (Knauer et al., 2018; Novick et al., 2016).  75 

 

EC measurements also have well-known limitations; for instance, raw flux time series typically contain gaps due to instrument 

maintenance, metrological conditions (precipitation), low turbulence or filtering of spurious data. Then, filling these gaps is 

necessary, requiring statistical or machine-learning gap-filling routines, which can at the same time, introduce uncertainty if 

large or systematic gaps occur (Gao et al., 2023). Moreover, an EC tower integrates fluxes over an upwind footprint whose 80 

size and shape change with surface roughness, atmospheric stability and wind direction; in heterogeneous landscapes a single 

tower may sample multiple land covers, complicating attribution of fluxes to specific fields or vegetation types. Such footprint 

heterogeneity can bias estimates when land cover is patchy, a particular concern for small agricultural fields in a mosaic of 

crops and fallows (Kumari et al., 2020a; Bou-Zeid et al., 2020). 

 85 

Recently, Machine Learning (ML) techniques have been increasingly applied to model and gap-fill carbon fluxes, taking 

advantage of large EC datasets and remote-sensing/meteorological inputs. Unlike simple empirical regressions or process-

based models that require detailed parameterization, ML methods can capture complex nonlinear interactions without explicit 

mechanistic assumptions. Typical algorithms include Random Forests (RF), artificial neural networks, support vector 

machines, and ensemble approaches. For example, Zeng et al. (2020) used a RF model to upscale EC-based net ecosystem 90 

exchange (NEE), gross primary production (GPP) and community respiration (CR) from FLUXNET datasets across the globe, 

producing high-resolution carbon flux maps. In agricultural contexts, ML has proven effective for both gap-filling and 

predictive modelling. Gao et al. (2023) demonstrated that an RF‐based gap-filling framework (combined with moving-average 

decomposition) outperformed conventional methods (including linear interpolation, mean diurnal variation, and look-up table 

approaches commonly used in the FLUXNET standardized processing) over extended CO₂ flux gaps. A recent study applied 95 

a knowledge-guided ML framework to agroecosystems in the U.S. Corn Belt and showed it surpassed both pure process models 

and “black-box” ML models in quantifying carbon dynamics (Liu et al., 2024). These studies highlight key advantages of ML, 

i.e., flexibility in assimilating diverse inputs (weather, soil moisture, phenology, management) and the ability to identify subtle 
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patterns in flux variability. In practice, Random Forests are especially popular for flux prediction because they are robust to 

overfitting and provide variable importance metrics. 100 

 

In this context, the La Rochelle Zero Carbon Territory (LRTZC) project (2019-2027) provides a regional framework for carbon 

monitoring and mitigation in the perimeter of La Rochelle Agglomeration. The project has pledged carbon neutrality by 2040 

through combined mitigation and sequestration efforts. Under LRTZC, the Blue Carbon axis and associated research actions 

target carbon fluxes in coastal (“blue carbon”) and retro-littoral ecosystems. As part of these efforts, an Eddy Covariance flux 105 

tower has been established from February 2023 to February 2024 in a rural wetland (freshwater marsh, Marans) to monitor 

retro-littoral atmospheric CO₂ exchanges. This wetland ecosystem is constituted by agricultural parcels (terrestrial 

compartment) separated by ditches (aquatic compartment). Because the EC system cannot fully isolate fluxes from the water 

ditches, this single tower overlooks three adjacent fields with different crops and management histories. By partitioning the 

360° EC data into specific chosen wind-direction sectors, the “wind-sector approach” adopted in the present study allows 110 

analysing separate NEE time series for each parcel of interest depending on wind directions.  

 

The objective of this study was to estimate the carbon budgets of the three individual fields using the sector-specific EC data. 

Random Forest models were built for each wind sector to predict CO₂ flux from meteorological and soil variables measured 

at the tower. Annual NEE was then computed for each parcel. Diurnal flux dynamic was also examined to distinguish 115 

photosynthetic uptake from nighttime respiration and thus quantify the contribution of respiration to each parcel’s carbon 

budget. To test the benefit of this disaggregated approach, a “pooled” model was also trained using all data from all sectors 

(ignoring field boundaries), and its flux predictions and budget were compared to those from the separate specific models. The 

hypothesis was that sector-specific models would more accurately capture each field’s distinct CO₂ exchange (reflecting crop 

and management differences) and thus yield more precise carbon budgets than a single model that pooled all fields. By 120 

evaluating disaggregated versus pooled modelling, the study aimed to demonstrate how wind-sector partitioning could enhance 

carbon monitoring in heterogeneous agricultural landscapes. In this way, complete annual carbon budgets of neighbouring 

fields could be compared under the same climatic conditions without multiple tower needs. 

2 Materials and methods 

2.1 Study site 125 

  The study was conducted in the city of Marans, located in the Charente-Maritime department in southwestern France (46.31° 

N, 0.99° W). Charente-Maritime is characterized by a temperate oceanic climate and a predominantly agricultural landscape, 

with 62% of its surface area spent to agricultural use, amounting to 425,267 ha (Agreste, 2020). The regional land use is 

dominated by cereal crops (63% of the utilised agricultural area, UAA), followed by permanent grasslands (18%), alongside 

viticulture and livestock farming (Agreste, 2020). 130 
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The experimental site comprises three adjacent land parcels representative of the regional land use structure. To the northeast, 

a parcel was cultivated with mixed grain, sown in autumn and harvested on 24 May 2023, after which the field remained as 

bare soil for the remainder of the measurement period. To the south, a second parcel was planted with wheat in February and 

harvested on 10 July 2023. In the northwest, a permanent grassland parcel, continuously grazed by cattle from June to 135 

November, was maintained throughout the study. Each parcel is delineated by hydrological features, including a network of 

drainage ditches typical of the Marais Poitevin wetland system (Butzer, 2002). The Brune Ditch runs between the northern 

parcels and the wheat parcel and is intersected by a smaller secondary ditch bordered by sparse woody vegetation separating 

the mixed grain and grassland fields. 

140 
Figure 1. Agricultural fields located in the Poitevin Marsh (Marans city) seen by the atmospheric Eddy Covariance station (red dot) 

deployed from February 2023 to April 2024. Wheat field in the south, mixed-grain field in the northeast and grassland in the 

northwest sectors (Drone orthomosaic image taken in February 2023). The Brune Ditch (in brown) orientated from west to east, 

separates wheat fields in the south from mixed-grain and grassland fields in the north. 

The Eddy Covariance (EC) tower was installed on the 1st of February 2023 a narrow-grassed strip approx. 5 m wide adjacent 145 

to the Brune Ditch, providing a central location from which flux measurements could be made across the multiple land covers. 

The site configuration allowed for the assessment of atmospheric CO₂ fluxes across contrasting land uses within a complex 

agricultural landscape. 

2.2 Atmospheric CO2 exchanges and associated meteorological data measured at the ecosystem scale by Eddy 

Covariance method 150 

2.2.1 Eddy Covariance data acquisition  

  The atmospheric Eddy Covariance technique is a micrometeorological method that quantifies net CO2 fluxes at the 

ecosystem-atmosphere interface. In the atmosphere, CO2 is transported by numerous homogeneous eddies of varying size and 

frequency. These eddies are in the surface boundary layer. This method relies on capturing, within these eddies, the covariance 

. 
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between vertical wind speed (w), air density (ρ), and the dry mole fraction of the gas of interest (s), which can be expressed 155 

as:  

 

𝐹 =  𝜌𝑤𝑠̅̅ ̅̅ ̅̅  ≈  𝜌𝑤′𝑠′̅̅ ̅̅ ̅̅ ̅ 

 

where the overbar indicates the time averaging and the prime represents fluctuations around this average (Burba, 2013; 160 

Reynolds, 1886). In this study, measured fluxes were averaged every 10 minutes to maximize the number of observations. 

Negative CO2 fluxes indicate the ecosystem acts as a CO2 sink, while positive fluxes indicate ecosystem source behaviour. 

Fluxes are given in µmol m−2 s−1. 

Figure 2. (a) Study site spatial partitioning into wind direction sectors for footprint-based attribution of CO₂ flux measurements to 

land cover types. High-resolution drone orthomosaic of the study area showing angular sectors centred on the Eddy Covariance 165 
(EC) tower (red dot). 15° to 70°: hybrid part of the site, 70° to 103°: mixed grain, 133° to 283° (excluding 173° to 213°, see main text 

explanations): wheat and 313° to 15°: grassland. 10% to 90% contour lines in white of the annual footprint. (b) The atmospheric 

EC station set-up with the two main anemometer and CO2 EC sensors (CSAT3A and EC150, Campbell Sci.) linked to EC100 

electronics module connected to the data acquisition central (CR6), with the associated environmental sensors (HMP155A, SKP 215 

and TE525MM). The system is powered by batteries charged by solar panels (see main text for more details).  170 

EC station (Campbellsci), installed and monitored from February, 1st 2023 to April, 3rd 2024 between 3 agricultural parcels 

(Fig. 1), includes several key sensors positioned at the top of a 3m tower mast (Fig. 2b). These sensors include an ultrasonic 

anemometer (CSAT3A) that measures three-dimensional wind speed components, and an open-path IRGA (EC150, connected 

to the EC100 central) that measures CO2 and H2O concentrations in the air both at a frequency of 20 Hz. The tower is also 

composed of additional sensors measuring various environmental parameters every 10 minutes: a photosynthetically active 175 

radiation (PAR) sensor (SKP215), an air temperature and relative humidity sensor (HMP155A), and a rainfall sensor 

(TE525MM, Texas Electronics). Soil temperature and water content were measured by another probe (CS655). The data 

(a) (b) 
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acquisition system was powered by two batteries (12 volts, 260 Ah) charged by monocrystalline solar panels (24 V, 200Wp 

module with MPPT 100 V/30 A controller; Victron Energy). High-frequency data were recorded on an SD micro-card and 

replaced every two weeks along sensor cleaning. Meteorological data were stored in the central acquisition system (CR6 180 

datalogger, Campbellsci) (Fig. 2b).  

2.2.2 EC data processing and filtering  

  Raw EC data were processed using the EddyPro software (EddyPro® v7.0.8, LI-COR Inc.) to ensure accurate CO2 flux 

measurements. Following Vickers and Mahrt (1997) the processing included several key steps: (1) unit conversion to check 

that the units for instantaneous data are appropriate and consistent to avoid any errors in the calculation and correction of CO2 185 

fluxes; (2) despiking to remove outliers in the instantaneous data from the anemometer and gas analyser due to electronic and 

physical noise and replaced the detected spikes with a linear interpolation of the neighbouring values; (3) amplitude resolution 

to identify situations in which the signal variance is too low with respect to the instrumental resolution; (4) double coordinate 

rotation to align the x axis of the anemometer to the current mean streamlines, nullifying the vertical and cross-wind 

components; (5) time delay removal by detecting discontinuities and time shifts in the signal acquisition from the anemometer 190 

and gas analyser; (6) detrending with removal of short-term linear trends to suppress the impact of low-frequency air 

movements; and (7) performing the Webb-Pearman-Leuning (WPL) correction to take into account the effects of temperature 

and water vapor fluctuations on the measured fluctuations in the CO2 and H2O densities (Burba, 2013). CO2 fluxes were 

calculated using the linear detrending method (Gash and Culf, 1996) and averaged over 10-minute intervals. Data with more 

than 10% missing high-frequency data over these 10-minutes were excluded. Then, EddyPro software outputs contains 4% 195 

missing values. Additionally, some extreme values in data were identified and removed using the median absolute deviation 

(MAD) method (Papale et al., 2006). The MAD was calculated over a 2-week window separating daytime and night-time 

periods. Data above 5.2×MAD were removed. Without extreme values, the number of missing values reaches 12% for the 

studied period from 2023-02-01 to 2024-01-31. Finally, data were filtered removing periods where friction velocity (u*) values 

were less than 0.1 m s-1. This parameter quantifies atmospheric turbulence then it allows identifying poorly mixed periods. 200 

The EC method often underestimates fluxes during these stable periods due to insufficient turbulent mixing. During these 

periods, the near-ground air can be decoupled from the air above, leading to an accumulation of CO2 that is not exactly captured 

by measuring instruments  (Barr et al., 2013; Gu et al., 2005). This u* filter optimizes the accuracy of EC measurements 

particularly during night. After this last filtration the data set contains a total of 32% missing values with 23% of filtered data 

corresponding to the night, compared with 9% during the day. For more detail, see for instance Mayen et al. (2024) and (2025). 205 
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2.3 Intermittent EC data modelling 

2.3.1  Landscape-based wind sector classification around the EC tower 

  To spatially constrain the surface sources contributing to the measured CO₂ fluxes, we delineated a set of wind sectors that 

reflect both the surrounding land-cover distribution (Fig. 2a) and the roughness-related flow heterogeneity inferred from 

turbulence measurements (Fig. 3). In addition to the spatial analysis of landscape structure, we used the ratio between friction 210 

velocity (u*) and mean wind speed (U) as a function of wind direction. Because u* responds sensitively to upwind vegetation 

height, discontinuities and surface roughness, directional variations in the u*/U ratio provide an empirical signature of surface-

roughness transitions, making it possible to identify, the position of ditch banks, riparian vegetation or flow disturbances 

induced by the tower infrastructure. This approach was particularly effective after mowing, when all cropped fields were 

essentially bare soil while riparian corridors remained vegetated, thereby amplifying roughness contrasts between parcels and 215 

allowing a precise alignment between directional u*/U features and landscape elements. 

 

Figure 3. Directional variability of the u*/U ratio after wheat harvest (10/07/2023), highlighting roughness transitions and 

disturbances used to define wind-sector boundaries around the EC tower. 

Based on the combined interpretation of land-cover maps and directional u*/U patterns, we redefined the sector boundaries to 220 

isolate homogeneous source areas and exclude directions affected by ditches or wake effects. The hybrid sector was set between 

15° and 70°, covering the transition zone between grassland and mixed-grain parcels together with associated riparian 

vegetation. The mixed-grain sector extended from 70° to 103°, up to the first ditch axis, whose influence became evident in 

the u*/U signal; directions between 103° and 133° were therefore removed to avoid contributions from the riparian corridor 

bordering the ditch. The wheat field formed a broad upwind domain from 133° to 283°, within which a directional interval 225 

(173-213°) was excluded since it corresponds to the sonic-anemometer wake, whose peak is clearly visible at 193° (Fig. 3). 

Although the wake does not bias CO₂ fluxes directly, it alters u* in such a way that the standard u* filter (< 0.1 m s⁻¹) becomes 
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unreliable; removing ±20° around the wake peak ensured the validity of the filtering procedure while preserving a sufficiently 

large wheat-sector dataset. Finally, the second ditch sector (283-313°), centred around the opposite ditch axis (~298°), was 

also excluded using a ±15° margin derived from its roughness signature, for the same reasons as the first ditch interval, namely, 230 

to avoid flux contributions from riparian vegetation lining the ditch. The permanent grassland was assigned to the 313-15° 

sector, covering the pasture area while avoiding adjacent riparian strips. Together, these updated sector boundaries (Figs. 2a 

and 3) provide a spatially coherent partitioning of the landscape surrounding the EC tower that accounts for surface-roughness 

transitions and ensures that each retained sector corresponds to a homogeneous and well-defined source area for CO₂ flux 

interpretation. As a result of this sectorization, only 39% of the available flux data were retained for subsequent analyses. 235 

 

The Brune ditch sector was not considered due to its narrow width, which prevents obtaining sufficiently representative 10-

minute fluxes. The EC technique relies on the averaging of high-frequency turbulent fluxes over discrete time intervals 

(typically 10-30 min). Within such intervals, both wind direction and speed can considerably fluctuate, meaning that the mean 

wind direction does not strictly correspond to a fixed upwind source area. As a result, each 10-minute flux integrates signals 240 

from multiple surfaces whose relative contribution varies with atmospheric stability, turbulence intensity, and surface 

roughness. Previous footprint analyses have shown that a significant fraction of the measured fluxes (>75% of flux 

contributions) are generally confined within upwind distances between 15 and 20 times the measurement height, disputing the 

applicability of the traditional “1:100” fetch-to-height rule under unstable conditions (Kumari et al., 2020). In the present case, 

this implies that even small fluctuations in wind direction can cause the footprint to intermittently include or exclude the ditch 245 

and its riparian margins, preventing any reliable isolation of ditch fluxes within a single directional sector. 

 

Given its narrow width of approximately 12 m, the Brune ditch represents only a minute fraction of this footprint and cannot 

generate a dominant or isolable signal within the turbulent flow. Moreover, the ditch is not aligned with the main axis of the 

EC tower, making it geometrically impossible to define a wind sector that would exclusively sample fluxes from its surface. 250 

Any such sector would inevitably include contributions from adjacent vegetation and soil surfaces, especially from the riparian 

strip bordering the ditch.  

 

This targeted sector classification enables a more precise attribution of measured CO₂ fluxes to discrete land cover types, while 

acknowledging the heterogeneity of real-world agricultural mosaics. By isolating homogeneous land parcels and minimizing 255 

contamination from unmanaged or mixed areas, this approach improves the interpretability of flux measurements in the context 

of landscape-scale carbon dynamics. 

2.3.2 Modelling Scenarios and Sector-Specific Approach 

  To complete and fully characterize the spatio-temporal dynamics of the Net Ecosystem Exchange (NEE) measured by EC 

over the February 2023 - February 2024 period across the study site, Random Forest (RF) models were implemented according 260 
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to two distinct strategies. In the first strategy, Scenario 1, involved training a single global RF model using pooled data from 

all sectors. This global model was intended to serve as a baseline for comparison, assessing whether joint modelling could 

match or outperform sector-specific models. 

 

In parallel, an alternative approach (Scenario 2) separate RF models were trained for each landscape-based wind sector 265 

classification area and key temporal subdivision, accounting for phenological shifts such as crop harvest for instance that 

influence flux dynamics over the wheat and mixed-grained areas. Specifically, for each crop parcel, pre- and post-harvest 

periods were modelled independently to better capture ecosystem transitions, resulting in seven sector-specific models overall 

(Table 1). Both strategies used the same explanatory variables described in Section 2.3.3 to ensure comparability and 

comparison. 270 

Table 1. Number of observations recorded each 10 minutes from 01/02/2023 to 31/01/2024 for each selected land cover type (see Fig. 

2 and main text for details) and percentage of observations relative to the total number of measurements over the entire year in 

parentheses. Before and after representing pre- and post- harvest measurements. Harvesting occurred on May 24 for mixed grain 

and on July 7 for wheat.  

Hybrid Mixed grain Wheat 
Grassland 

Before After Before After Before After 

2380 (4%) 2101 (4%) 832 (2%) 1533 (3%) 4685 (9%) 6666 (13%) 2192 (4%) 

2.3.3 Selection variables for Random Forest modelling 275 

  Although variable selection procedures such as Variable Selection Using Random Forest (VSURF) (Genuer et al., 2010) are 

commonly used to reduce dimensionality prior to Random Forest modelling, we did not apply automated selection in this 

study. Instead, we opted for a targeted set of explanatory variables a priori chosen based on their established mechanistic links 

with CO₂ fluxes and their relevance in surface-atmosphere exchange studies. All models were therefore trained using the same 

set of predictors: photosynthetically active radiation (PAR), day of year (DOY), a qualitative day-night indicator, relative air 280 

humidity, soil moisture, soil temperature, wind direction, and air temperature. PAR directly regulates photosynthetic activity 

and light-driven variations in ecosystem CO₂ uptake; DOY captures seasonal changes in vegetation state and radiation regime; 

the day-night indicator separates radiative and non-radiative control periods, which exhibit contrasting drivers of respiration 

and assimilation. Relative humidity and air temperature influence stomatal conductance and microbial respiration, while soil 

moisture and soil temperature jointly modulate below-ground respiration and substrate availability. Wind direction was 285 

included to account for directional heterogeneity in source areas. Importances of these variables for each model are provided 

in the Appendix A. This expert-driven approach ensured that all major biophysical drivers of CO₂ exchange were represented 

while maintaining comparability across sectors and modelling exercises. 
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2.3.4 Model evaluation and hyperparameter optimization 

  To ensure rigorous model optimization and performance evaluation, a systematic approach was implemented. The Random 290 

Forest hyperparameter optimization specifically focused on tuning the number of predictors sampled for splitting at each node 

(mtry), while the number of trees (ntree) was fixed at 400 based on preliminary analyses showing performance stabilization 

beyond this threshold (Breiman, 2001). The mtry parameter was optimized using a sequential grid search approach, testing 

values from 1 to the total number of selected predictors. For each mtry value, a Random Forest model was trained on the 

selected variables, and the out-of-bag (OOB) error from the final tree (ntree = 400) was recorded as the performance metric. 295 

The optimal mtry value was selected as the one yielding the lowest OOB error. 

 

Once optimized, model performance was robustly evaluated for both modelling scenarios. In Scenario 1, the global model was 

trained using the optimal mtry value and evaluated independently for each sector by computing Bias, RMSE, and R² metrics 

on sector-specific subsets of the data. In Scenario 2, separate sector-specific models underwent their own mtry optimization 300 

following the same protocol, with each sector's optimal mtry determined independently based on minimizing OOB error. 

 

This streamlined optimization approach leveraged the inherent cross-validation properties of Random Forest's OOB error 

estimation, eliminating the need for additional train/test splitting while ensuring robust hyperparameter selection. Finally, each 

model (global or sector-specific) was trained on the full corresponding dataset using the optimal mtry and ntree = 400 before 305 

being used for final CO₂ flux predictions. This evaluation framework-maintained consistency while allowing direct comparison 

between sector-specific and global modelling strategies. 

2.4 Cumulative Net Ecosystem Exchange estimations 

  Annual carbon budgets were estimated for each parcel using the predicted CO₂ fluxes from both the global and crop-specific 

models. Predictions were made at 10-minute intervals and expressed in μmol CO₂ m⁻² s⁻¹. Cumulative annual fluxes were 310 

obtained by summing all predicted values for each parcel and converting the total to grams of carbon per square meter per year 

(gC m⁻² yr⁻¹) using a factor of 0.0072. 

 

To distinguish carbon balance components, fluxes were separated into daytime and nighttime subsets. Daytime period (NEEday) 

EC data were assumed to reflect gross primary production (GPP) though no Kowalski et al. (2003) partition was attempted 315 

due to wind direction change with different corresponding habitats seen by the EC tower during each day; nighttime fluxes 

(NEEnight) were attributed to ecosystem respiration (Reco). Separate cumulative sums were computed for each period, enabling 

quantification of both photosynthetic uptake (NEEday) and respiratory release (NEEnight). 
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These partitioning estimates provided a more detailed understanding of metabolic fluxes and processes, allowing for the 320 

decomposition of net annual balances into their physiological components. The outputs also enabled a direct comparison 

between the two modelling strategies, assessing the consistency of carbon budget estimations across different levels of model 

complexity. 

3 Results 

3.1 Performance of the global and sector-specific Random Forest models 325 

  To assess the predictive accuracy of the Random Forest (RF) approach for the different agricultural land covers monitored at 

the studied site, two modelling strategies were evaluated, a global model trained on the entire dataset, taking vegetation type 

into account only through a qualitative variable (Scenario 1), and crop-specific models trained independently for each land 

cover type (Scenario 2).  

 330 

For all land cover types, performance differences between the global and crop-specific models were minimal (Fig. 5 and 6). 

For most crops, R² values were almost identical between both scenarios and consistently high, indicating robust predictive 

performance whatever the modelling strategy. For example, for permanent grassland, both models achieved an R² of 0.86. 

Similarly, in pre-harvest hybrid crop plots, R² values were 0.92. RMSE and bias measurements followed the same trend, with 

only marginal differences between both approaches. However, a notable exception was observed for post-harvest wheat plots. 335 

In both modelling scenarios, predictive performance dropped, with R² values at 0.44 for both scenarios. This reduced accuracy 

may reflect greater complexity or noise in the post-harvest flux signals, potentially due to signal disruption from the November 

storm which introduced a strong rainfall event (visible in Figure 4e) and field inundation during several days as observed at 

this period; in turn it likely generated artificial flux variations not linked to actual plant or soil activity. Another consistent 

observation in both scenarios was a greater dispersion of prediction errors for wheat plots, both pre- and post-harvest. In the 340 

scatter plots, these plots showed greater variance and a tendency to deviate from the 1:1 line, particularly under low flux 

conditions. This suggests either a higher degree of temporal variability, or unmodeled management practices or events affecting 

flux behaviour in wheat systems (Fig. 5 and 6). 

 

These limitations are particularly important in the context of sparse measurement periods. For instance, during the spring 345 

drought observed in May 2023 (Figure 4c, low humidity, figure 4d, high temperature and figure 4e, low rainfall) which 

coincided with the mowing period, the lack of available data made it challenging to constrain the model. However, the crop-

specific models reproduced the water limitation effect more accurately for wheat and grassland than the global RF model (see 

Section 3.2), even though these parcels were not harvested during that period.  
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 350 

Figure 4. Atmospheric Eddy Covariance measured time series from 01 February 2023 to 31 January 2024 of (a.) atmospheric CO2 

exchanges, (b.) Photosynthetically Active Radiation (PAR), (c.) relative humidity, (d.) air temperature, (e.) rain, (f.) soil humidity, 

(g.) soil temperature and (h) wind direction. For CO2 fluxes, PAR, relative humidity, air temperature, soil humidity and soil 

temperature, the continuous line represents the daily average obtained from the 10 min values. Box in red November’s storm. 

 355 
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3.2 Flux dynamics across land cover types 

  While overall predictive metrics (R², RMSE, bias) appeared similar between the global and sector-specific models (Section 

3.1), a detailed analysis of the temporal dynamics of CO₂ fluxes reveals a clear advantage of the crop-specific approach 

(Scenario 2).  

 360 
Figure 5. Comparison between measured and predicted CO₂ fluxes for each specific land cover type on the test datasets using the 

global Random Forest model (Scenario 1). Predictions were made using a single model trained on the full dataset. Mean performance 

metrics (Bias, RMSE, R²) are reported for each panel. Colour scale represents the point density, warmer colours indicating higher 

concentration of data points. Before and after referring, respectively, to the pre- and post- harvest periods. See Table 1 for land 

cover type description. 365 

Under Scenario 1 (Figure 7), the global model reproduced the broad seasonal trends in carbon fluxes but failed to capture finer-

scale temporal variations and parcel-specific dynamics. Predictions exhibited similar patterns across all land cover types, 
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indicating an overgeneralization of flux behaviour. For instance, during the productive phase preceding the harvest in the wheat 

parcel, the model clearly underestimated carbon uptake, with a maximum measured productivity of -74.78 μmol m-² s-1 

compared to a maximum predicted productivity of only -34.89 μmol m-² s-1, representing a 46% underestimation. This 370 

homogenization contrasts sharply with observed fluxes, which showed that wheat had the highest productivity during that 

period. A second limitation emerged around the mowing date (24 May 2023). The global model predicted a sharp drop in net 

carbon uptake simultaneously across all parcels. However, this abrupt decline was only observed in the hybrid and mixed grain 

parcels, where management events took place. In the wheat parcel, a decrease in productivity was observed as well, but was 

more gradual and not linked to mowing but to a drought event clearly visible in the environmental time series (Figure 4e, low 375 

rainfall and 4f, reduced soil moisture), as well as to the natural wheat cycle and its senescence phase, during which the crop 

becomes less productive. In consequence, the global model failed to distinguish these drivers and instead introduced a 

synchronized shift across all systems. Additionally, a small respiration peak appeared around November in all parcels under 

Scenario 1, despite it being caused by storm-related noise observed only in the wheat parcel, coinciding with a strong rainfall 

spike and a sudden increase in soil moisture (Figure 4e and 4f). This artifact, replicated across systems, highlights the model’s 380 

inability to specifically catch disturbances. 

 

In contrast, Scenario 2 (Figure 8), which relied on crop-specific models, provided a much more accurate and differentiated 

representation of carbon flux dynamics according to each parcel. In the wheat parcel, the model successfully captured both the 

intensity of the pre-harvest uptake and the smoother post-harvest decline, closely matching measured values. The sector-385 

specific approach correctly distinguished the less abrupt drop in wheat productivity observed in late May contrarily to the 

global model trend that produced sharper responses, as those seen in the hybrid and mixed grain systems during their respective 

harvests on 24th May. For these systems, hybrid and mixed grain flux trends were accurately modelled as rapid declines in 

uptake following mowing, consistent with field operations. Moreover, the spurious respiration peak observed in Scenario 1 

was no longer present in hybrid and mixed grain parcels, confirming that the sector-specific models did not propagate noise 390 

originating from unrelated systems. For grassland fluxes, the model reproduced the regrowth phases and moderate seasonal 

variability typical of unmanaged vegetative cover, improving both the shape and amplitude of predicted fluxes. In grassland, 

it also successfully reproduced the photosynthetic slowdown during the May drought period (Figure 4), despite of sparse 

measurements, further highlighting its sensitivity to climatic forcing. 

 395 

Overall, Scenario 2 outperformed the global model by better capturing observed flux patterns, reducing homogenization 

effects, and providing more realistic responses to crop-specific phenology and management. However, this improvement was 

not consistent across all land cover types. In areas with fewer measurements, such as permanent grasslands, model uncertainty 

remained higher. Moreover, the greater sensitivity of the crop-specific models may also increase the risk of capturing noise or 

local anomalies. While Scenario 2 marks a clear improvement, it does not fully resolve the challenges of modelling complex 400 

agroecosystem fluxes within a wetland terrestrial system and should be further evaluated with independent data. 
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Figure 6. Comparison between measured and predicted CO₂ fluxes on the test datasets using crop-specific Random Forest models 

(Scenario 2). Each panel presents results from a model trained and tested exclusively on data from the corresponding land cover 

type. Mean performance metrics (Bias, RMSE, R²) are reported for each panel. Colour scale represents the point density, warmer 405 
colours indicating higher concentration of data points. Before and after referring, respectively, to the pre- and post- harvest periods. 

See Table 1 for land cover type description. 

3.3 Day-night flux partitioning 

  To further investigate mechanisms underlying net carbon exchange processes and fluxes, total CO₂ fluxes were separated in 

daytime and nighttime fluxes according to PAR values (Figure 9).  410 

Under Scenario 1 (global model), the cumulative NEEdaytime and NEEnightime curves exhibited remarkably similar trends across 

parcels. NEEdaytime curves were nearly indistinguishable throughout the year, with only a slight deviation from the grassland 
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parcel, which ended with the highest NEEdaytime value of -813 gC m⁻², compared to -641, -667 and -697 gC m⁻² for mixed 

grain, wheat and hybrid respectively (Figure 9a). This uniformity mirrors the homogenized flux patterns observed in the time 

series (Figure 7). NEEnightime curves showed the same convergence, with cumulative values between 595 gC m⁻² (wheat) and 415 

667 gC m⁻² (grassland), except for the hybrid parcel, which showed a slightly higher respiration total of 765 gC m⁻² (Figure 

9c).  

 

Figure 7. Time series of measured (blue) and predicted (red) CO₂ fluxes using the global Random Forest model (Scenario 1) across 

land parcels. Dotted lines represent harvests. 420 

In contrast, Scenario 2 (sector-specific models) produced more fine and biogeochemically consistent cumulative flux trends. 

NEEdaytime curves revealed four distinct patterns across the parcels. Notably, the wheat system reached a peak NEEdaytime of -

844 gC m⁻² at 8th June, reflecting its intense pre-harvest productivity as previously illustrated in the time series (Figure 8). 

However, following harvest, NEEdaytime accumulation slowed down, resulting in a final cumulative value of -764 gC m⁻². 
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Grassland, which was not harvested, maintained modest but continuous photosynthetic activity throughout the year. Despite a 425 

lower peak productivity compared to wheat, its persistent growth enabled it to surpass wheat in final NEEdaytime, reaching -882 

gC m⁻², the highest NEEdaytime value of all parcels. Hybrid and mixed grain systems followed nearly identical NEEdaytime trends 

until harvest date (24th May), after which their curves diverged. The mixed grain parcel reached -431 gC m⁻², while the hybrid 

system continued to accumulate carbon at a reduced rate, ending at -609 gC m⁻² (Figure 9b). This reflects the model's ability 

to capture the different post-harvest dynamics of two different systems, contrasts that were not considered under scenario 1. 430 

Cumulative NEEnightime under Scenario 2 also revealed more pronounced differences. The hybrid system displayed the highest 

cumulative respiration (840 gC m⁻²). The wheat parcel, by contrast, had the lowest NEEnightime (549 gC m⁻²). Interestingly, the 

grassland and mixed grain parcels exhibited very similar NEEnightime totals (623 gC m⁻² and 613 gC m⁻², respectively), despite 

of very different NEEdaytime dynamics.  

 435 

3.4 Annual Carbon Budgets Across Parcels 

The net annual carbon budgets, derived from the cumulative sum of predicted daytime (NEEdaytime) and nighttime 

(NEEnightime) fluxes, provide an integrated view of each parcel’s role as a carbon source or sink. These results offer a synthetic 

outcome of the dynamics presented in previous sections and allow for a direct comparison between the two modelling 

strategies. 440 

 

Under Scenario 1 (global model), annual net ecosystem exchange (NEE) cumulative values remained relatively close across 

all land covers, reflecting the model’s tendency to smooth out flux differences due to its pooled training approach. Despite this 

homogenization, the model still correctly captured the broad source-sink roles of the different systems, consistent with what 

was given by crop-specific models, but with less contrast. Two groups of parcels emerged: the hybrid and mixed grain systems, 445 

which exhibited positive annual NEE cumulative values and thus functioned as net carbon sources, with cumulative totals of 

+68 gC m⁻² yr⁻¹ and +2 gC m⁻² yr⁻¹, respectively; and the grassland and wheat systems, which displayed negative NEE values, 

indicating carbon sink behaviours, with NEE cumulative values of -145 gC m⁻² yr⁻¹ and -72 gC m⁻² yr⁻¹.  

 

By contrast, Scenario 2 (sector-specific models) produced more contrasted and ecologically coherent annual carbon budgets. 450 

The same two functional groups reappeared, but with greater differentiation. The hybrid and mixed grain parcels still acted as 

carbon sources, with final NEE values rising to +231 gC m⁻² yr⁻¹ and +182 gC m⁻² yr⁻¹, respectively. The grassland and wheat 

systems, on the other hand, were both confirmed as net carbon sinks, with highly similar final budgets of -259 gC m⁻² yr⁻¹ and 

-216 gC m⁻² yr⁻¹, respectively 

 455 
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Figure 8. Time series of measured (blue) and predicted (red) CO₂ fluxes using the crop-specific models (Scenario 2). Dotted lines 

represent harvests. 

4 Discussion 

4.1 Methodological considerations: single-tower sector partitioning and modelling 460 

  Deploying a single Eddy Covariance (EC) tower with wind-sector partitioning enabled the continuous monitoring of multiple 

adjacent agricultural land covers, representing a cost-effective alternative to multi-tower setups. This approach reduces 

instrumentation and maintenance costs but inevitably introduces spatial uncertainties in heterogeneous landscapes. The EC 

flux footprint may encompass several vegetation types depending on wind direction, measurement height, surface roughness, 

and the stability of atmospheric conditions. Under unstable conditions, the footprint remains narrow and is typically dominated 465 
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by a single surface type; however, because turbulent exchange is strongest near the tower under such conditions, the relative 

contribution of nearby elements, such as ditches and riparian vegetation, becomes more pronounced. Conversely, under stable 

conditions, the footprint expands and integrates fluxes over a larger upwind area, which may include multiple fields and dilute 

the ditch’s influence within the aggregated signal. As demonstrated by Hernandez Rodriguez et al. (2023), such organized 

heterogeneity can modify observed fluxes by more than 10% compared with a homogeneous land-cover assumption. 470 

In this study, three monitored sectors (grassland, mixed-grain, and hybrid) are directly adjacent to a drainage ditch, whereas 

the wheat field lies farther away and is unaffected by aquatic surfaces. The ditch and its riparian vegetation contribute 

additional CO₂ fluxes that cannot be spatially discriminated within the EC footprint. Consequently, fluxes attributed to the 

grassland, mixed-grain, and hybrid sectors may partly integrate emissions or uptake from the ditch, while the wheat sector 

provides a purely terrestrial reference. The sector-based strategy therefore associates each flux measurement with the 475 

predominant upwind vegetation type (e.g., wheat versus grassland), but this attribution remains imperfect due to the variable 

footprint geometry. Multi-tower configurations would offer more precise parcel-level discrimination but involve substantial 

financial and logistical constraints. Hence, the single-tower, wind-sector approach adopted here represents a pragmatic 

compromise: it enables continuous, multi-cover flux monitoring within a mosaic of agricultural fields and wetland interfaces 

while accepting a controlled level of footprint mixing and the associated uncertainty. 480 

 

EC measurements complemented by Random Forest (RF) modelling allowed upscaling and gap-filling of flux data across the 

different systems, incorporating vegetation-specific and management information. The RF models were robust across land 

covers, with high performance. However, while global and crop-specific models achieved similar accuracy metrics, their 

ecological behaviour differed markedly. The global model tended to average flux behaviour across systems, obscuring specific 485 

phenological and management-driven variability. For example, it failed to capture the specific productivity phases of each crop 

and showed muted responses to events such as harvest. In contrast, sector-specific models revealed meaningful ecological 

patterns and management effects. These models distinguished between gradual, drought-induced NEE declines and the abrupt 

flux reversals after harvest. They also identified crop-specific daytime (NEEdaytime) and nighttime (NEEnighttime) flux 

partitioning, accurately reflecting physiological processes. Distinct NEEdaytime profiles emerged: wheat showed intense spring 490 

uptake that ended abruptly at harvest, grassland showed modest but continuous uptake throughout the season, and the mixed-

grain and hybrid systems diverged after May’s harvest (the mixed-grain parcel became essentially bare, whereas the hybrid 

parcel, containing riparian vegetation by the ditch, maintained some photosynthetic activity). These differences mirror results 

from other studies: for example, Bajgain et al. (2018) found that winter wheat had much higher peak daytime uptake than 

tallgrass prairie, and that the wheat site became a net carbon source annually whereas the prairie remained a sink. Such nuanced 495 

dynamics are essential to understand carbon cycling and management impacts across diverse agroecosystems. 
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Figure 9. Cumulative CO₂ fluxes by vegetation type and modelling approach, with panels (a), (c), and (e) corresponding to Scenario 

1 (global model) and panels (b), (d), and (f) to Scenario 2 (crop-specific models). Panels (a) and (b) represent daytime CO₂ 

assimilation (NEEdaytime), panels (c) and (d) nighttime CO₂ emission (NEEnightime), and panels (e) and (f) the net cumulative CO₂ 500 
exchange. Each curve reflects a specific land cover. Final cumulative values indicate the carbon balance (gC m⁻² y⁻¹) and the 

respective contributions of NEEdaytime and NEEnightime (gC m⁻²). 

 

Despite the RF models’ overall robustness, performance declined for the wheat sector after harvest. This lower performance 

does not reflect a fundamental modelling issue, but rather the specific conditions under which the EC measurements were 505 

collected during that period.  During a series of storms in November, intense rainfall, strong atmospheric turbulence, and 

rapidly shifting wind directions occurred. During these storm events, the prevailing wind directions caused the EC system to 
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predominantly sample fluxes originating from the wheat sector, even though the disturbance was not specific to that land cover. 

The combination of precipitation and wind-driven turbulence generated large spikes in the CO₂ signal, leading to spurious flux 

values that did not represent actual ecosystem exchange.  These anomalies were not linked to environmental variability or 510 

management practices but instead resulted from temporary disturbances of the measurement system during the storm events. 

Although part of this noise was removed during preprocessing, some anomalous values could not be fully filtered and therefore 

remained in the dataset. Consequently, the RF models (both global and sector-specific), which rely on environmental drivers 

to explain flux variability, were unable to relate these erratic values to any meaningful explanatory variables and failed to 

reproduce them. In this context, the reduced model performance is not problematic. On the contrary, it indicates that the models 515 

do not assimilate or reproduce physically unrealistic fluxes. Importantly, these distorted values were not included in the final 

predicted time series used for carbon budget calculations. By effectively replacing these anomalies with fluxes consistent with 

ecologically plausible responses to environmental drivers, the model prevents the propagation of erroneous data and reinforces 

the reliability of the model-based flux estimates. 

 520 

To validate the EC-based flux measurements and Random Forest (RF) modelling, static and automated chamber measurements 

are highly informative. Wang et al. (2013) reported near-identical NEE values using EC and automated chambers in winter 

wheat, with seasonal EC estimates of -251 gC m⁻² and chamber-derived values of -205 gC m⁻². Similarly, Drewer et al. (2017) 

found consistent patterns between chamber and EC fluxes in intensively managed grasslands. These studies indicate that 

chamber measurements can reliably reflect EC fluxes at plot scale and can also capture temporal dynamics (e.g. drought 525 

responses or post-harvest changes). Although chamber data have limited spatial coverage, they offer crucial plot-scale insight 

and could help verify RF model accuracy, especially under flux footprint conditions that are highly localized. 

 

Given the consistently superior performance and ecological coherence of the sector-specific models, all subsequent discussion 

will focus exclusively on their results. 530 

4.2 Seasonal NEE dynamics: phenological, environmental controls and management 

  Seasonal patterns of NEEdaytime and NEEnighttime varied markedly between land covers and were primarily shaped by 

phenology, management practices, and environmental constraints. In spring, wheat exhibited the highest rates of daytime CO₂ 

uptake, with peak productivity in mid-May. This strong early-season sink surpassed that of the grassland, which maintained a 

more stable but lower carbon uptake throughout the season. These patterns are consistent with findings by Gilmanov et al. 535 

(2003), who reported higher gross primary productivity (GPP) in winter cereals compared to temperate grasslands during early 

phenological stages, due to faster canopy development and higher photosynthetic capacity before senescence or management 

interventions. For reference, the ditch runs along the mixed-grain, hybrid, and grassland parcels but does not border the wheat 

parcel, which may partly explain the observed differences. 

 540 
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In contrast, the mixed-grain and hybrid sectors initially displayed nearly identical NEEdaytime patterns. Prior to the May 24th 

harvest, both sectors showed similar CO₂ uptake levels, indicating that the hybrid fluxes were dominated by the adjacent 

mixed-grain plot. After the harvest, however, their dynamics diverged. The mixed-grain sector became essentially bare soil 

and its daytime sink collapsed, whereas the hybrid sector maintained some photosynthetic activity thanks to the ditch and its 

riparian vegetation (a strip of grasses and shrubs). This riparian vegetation likely explains why the hybrid sector showed 545 

consistently higher NEEnighttime emissions than the pure grassland or mixed-grain sectors, since moist riparian zones are known 

to sustain elevated respiration due to their higher soil moisture and organic content (Reichstein et al., 2005). 

 

Wheat, on the other hand, transitioned from a carbon sink to a source between mid-May and mid-June as rapid senescence set 

in. This senescence was likely accelerated by rising temperatures and the onset of drought, making it difficult to distinguish 550 

natural maturation from stress responses. At the same time, the grassland experienced gradual reductions in NEEdaytime, but it 

never fully ceased assimilation. As a perennial system with only partial grazing (biomass removal by cattle rather than complete 

mowing), the grassland continued to photosynthesize at a low level even during the driest period. In short, agricultural 

management drove different flux shifts: the cereal harvest in the mixed-grain parcel caused an abrupt flux reversal, whereas 

grazing in the grassland produced more moderate, progressive changes. These observations align with Heimsch et al. (2021) 555 

and others, who have reported sharper CO₂ flux reversals following harvest compared to grazing in temperate agricultural 

systems. 

 

The mid-May drought had distinct, asynchronous effects across the systems. In wheat, any drought impact on NEEdaytime was 

largely masked by the overlapping senescence. In the mixed-grain sector, the drought coincided with the interval immediately 560 

before harvest; any reduction in uptake was ultimately hard to separate from the imminent harvest removal. By contrast, the 

grassland showed a clear and sustained reduction in NEEdaytime during and after the dry spell, likely due to stomatal closure in 

response to elevated vapor pressure deficit (VPD). This is consistent with results reported by Flanagan and Adkinson (2011) 

for temperate grasslands, where water-limiting conditions led to significantly reduced CO₂ uptake. 

 565 

Across all land covers, the primary environmental drivers of NEEdaytime were light (photosynthetically active radiation, PAR), 

air temperature (Tₐ) and VPD. Peak CO₂ uptake occurred on sunny, mild days: for example, maximum assimilation occurred 

at PAR ≈ 1700 µmol m⁻² s⁻¹, Tₐ ≈ 22°C and VPD ≈ 1.2-1.3 kPa (values similar to optimal conditions reported for winter wheat 

by Wagle et al. (2018). Conversely, hot and dry conditions (high VPD) strongly suppressed photosynthesis and enhanced 

respiration. Nighttime fluxes remained relatively stable, but NEEnighttime rose modestly with higher temperature and following 570 

disturbance events, especially in the hybrid and grassland sectors where plant residues and living vegetation persisted. In 

particular, the hybrid sector’s riparian vegetation and the grassland’s residual biomass fuelled elevated microbial and plant 

respiration at night. These temporal dynamics underscore the tight coupling between phenological development, disturbance 

regimes and microclimatic conditions in shaping seasonal carbon fluxes in these agroecosystems. 
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4.3 Annual Carbon Budgets of the studied parcels and implications for carbon accounting and limitations 575 

  Annual NEE estimates revealed clear contrasts among land uses. The permanently grazed grassland and winter wheat plots 

acted as strong net carbon sinks (-259 and -216 gC m⁻² yr⁻¹, respectively), whereas the mixed-grain and hybrid systems were 

net carbon sources (+182 and +231 gC m⁻² yr⁻¹). These values are broadly consistent with the literature (Table 2). For example, 

managed humid grasslands have been reported with annual NEE in the range of roughly -200 to -260 gC m⁻² yr (Jaksic et al., 

2006), and mowed or grazed grasslands often show high seasonal uptake, e.g. Senapati et al. (2014) reported -476 gC m⁻² yr⁻¹ 580 

for a mowed grassland and -231 gC m⁻² yr⁻¹ for a grazed grassland. Winter wheat sink strength is also in line with other 

reported values; for instance, Schmidt et al. (2012) found ∼−270 gC m⁻² yr⁻¹ for winter wheat, through two years of EC 

measurements. 

 

A key factor underlying these site differences is land-use history. The grassland and wheat plots have been under their 585 

respective management for many years, whereas the mixed grain was grassland before measurements year and reverted to 

grassland afterward (Guignard and Pouponnot, personal communication). Indeed, the mixed-grain system was a one-off cereal 

rotation rather than an established crop. Crop-rotation studies indicate that continuous annual cropping tends to reduce 

productivity (and thus carbon uptake) relative to long-term rotations or perennial cover, due to changes in soil structure, 

nutrient cycling and microbial communities (Liebman and Dyck, 1993). Similarly, biodiversity and rotation experiments have 590 

shown that systems with longer-lived, diverse plant communities achieve greater and more stable productivity than single-year 

crops (Tilman et al., 2006). Then, the modest uptake in the mixed-grain sector likely reflects its transient status: the recent 

conversion from grassland meant lower soil organic matter quality and microbial efficiency, reducing photosynthetic carbon 

uptake, while still allowing substantial post-harvest soil respiration. 

 595 

By contrast, the established winter wheat field behaved almost neutrally in full carbon accounting. Once grain removal (~250 

gC m⁻² via harvest) is considered, our high measured sink would be largely offset. This agrees with other studies of long-term 

cereal monocultures (e.g. Schmidt et al. 2011), which find that harvest removals can balance the high productivity of wheat. 

The hybrid system (cereal crop plus adjacent grazed grassland) produced the largest net source. Its amplified emissions arose 

from both the large respiration pulse of the mixed-grain crop after harvest and the continued nighttime respiration of the 600 

perennial grassland component. 

 

The budgets presented here focus solely on atmospheric NEE and harvested biomass, without incorporating all carbon 

pathways, in particular, changes in soil organic carbon and lateral hydrological fluxes. Simultaneous water pCO2 measurements 

conducted in November 2023 within the LRTZC project indicated mean water CO₂ emissions of 12.42 ± 14.54 mmol m⁻² h⁻¹ 605 

(equivalent to approximately 3.45 ± 4.04 µmol m⁻² s⁻¹, data not shown) from the ditch surface that contrast in comparison with 

cumulated NEE values obtained in the present study; from previous bimonthly water carbon and discharge measurements 
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carried out in 2017 and 2018 in the different watercourses of the Marais poitevin watershed flowing to the Aiguillon bay, an 

annual terrestrial carbon export of 15 gC m⁻² yr⁻¹ was estimated (Coignot et al., 2020). These carbon fluxes (i.e. water-air CO2 

flux and carbon export values) highlight the importance of lateral aquatic fluxes that need to be taken into account to draw the 610 

whole regional carbon budget of the land-sea continuum formed by the Marais poitevin wetland and the Aiguillon tidal bay 

(Polsenaere, 2025; Polsenaere et al., in prep.). 

 

Table 2. Annual net ecosystem exchange (NEE, in gC m⁻² yr⁻¹) values found from this study and comparable literature. Site 

information and methodology are specified. Negative values indicate net uptake (sink). See text for details of site conditions. 615 

Reference 

(Location) 
Vegetation/Crop Method 

Annual NEE 

(gC m⁻² yr⁻¹) 
Notes 

Jaksic et al. 2006 

(Ireland) 

Managed humid 

grassland 
EC (2 years) 

-193 (wet year); -

258 (dry) 
No moisture stress (soil > wilting point) 

Senapati et al. 2014 

(France) 

Sown grassland 

(mowed) 
EC (1 yr) -476 

“Mowing” management; net C storage 

~+23 gC (after harvest) 

Senapati et al. 2014 

(France) 

Sown grassland 

(grazed) 
EC (1 yr) -231 

“Grazing” management; net C storage 

~+141 gC 

Wang et al., 2013 

(China) 

Winter wheat (crop 

season) 

EC & auto-

chamber 
-251 (EC, seasonal) 

Chamber EC comparison; EC flux 

matched AC flux within 7% 

Schmidt et al. 2012 

(Germany) 
Winter wheat (annual) EC (2 yrs) 

-270 (Yr1); -270 

(Yr2) 

High uptake: field was a net source if 

harvest C removed 

This study (France) Temperate grassland 
EC + RF 

model 
-259 Permanent grass; measured 2023 

This study (France) Winter wheat 
EC + RF 

model 
-216 

Residues removed post-harvest; 

measured 2023 

This study (France) Mixed grain 
EC + RF 

model 
+182 

Similar management to wheat, lower 

growth 

This study (France) 
Hybrid cereal/grass 

mix 

EC + RF 

model 
+231 Intercropped cereals in riparian buffer 

 

The combined EC-RF framework demonstrates that a single-tower, sector-partitioned approach can yield robust field-scale 

NEE estimates suitable for integration into regional or national greenhouse gas inventories, particularly in heterogeneous 

wetland-agricultural environments. By attributing fluxes to discrete land covers, this method bridges the gap between plot-
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level process studies and coarser ecosystem models or remote-sensing products. Nonetheless, direct application at larger scales 620 

requires caution: the flux footprint can expand under stable conditions or complex terrain, and one-year dataset may not capture 

interannual variability in crop rotations or extreme weather. Moreover, by focusing on atmospheric NEE, other carbon budget 

components (soil carbon changes, dissolved carbon losses, biomass exports) are omitted. Without coordinated soil sampling, 

stream water monitoring and harvest accounting, full budget closure is not achieved. The reliability of the RF gap-filling also 

depends on high-quality, representative training data; noisy measurement periods (e.g. storm-induced artifacts) degrade model 625 

performance, and models trained under one regime may not generalize without retraining. 

 

Future efforts should address these limitations by integrating dynamic footprint modelling, extending monitoring across crop 

rotations and climate gradients, and including complementary soil and aquatic measurements. Such efforts would enable truly 

field-resolved carbon budgets that capture all relevant pathways and inform both scientific understanding and policy decisions. 630 

5 Conclusions 

This study illustrates that a cost-effective, single-tower EC system, when paired with sector-specific Random Forest modelling, 

can robustly capture the seasonal dynamics and annual carbon budgets of diverse agroecosystems. Sector-specific models 

revealed detailed phenological uptake peaks, management-driven flux reversals, and distinct responses to drought, while 

minimizing the propagation of anomalous data in final budget estimates. Although footprint uncertainties, dataset duration, 635 

and incomplete carbon-pool accounting present challenges, our approach offers a scalable template for integrating 

high-resolution flux observations into larger-scale carbon inventories. By broadening spatial coverage, extending temporal 

observation, and integrating soil and hydrological fluxes, future implementations can enhance the precision and 

comprehensiveness of agricultural carbon accounting, supporting both adaptive management and climate-mitigation policies. 

 640 

Appendix A 
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Figure A1. Variable importance of the global model (Scenario 1), expressed as percentage increase in mean squared error 

(%IncMSE) 

 645 

Figure A2. Variable importance across individual models in Scenario 2, expressed as percentage increase in mean squared error 

(%IncMSE) 
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