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Abstract.

Agroecosystems regulate carbon, water, and nitrogen cycles, yet robust modeling of water and greenhouse gas (GHG) fluxes

remains limited by incomplete or inaccessible information on field management practices. Although high-resolution remote

sensing (RS) observations can detect management events such as mowing or harvest, their use for representing management

intensity and associated impacts on ecosystem flux dynamics remains limited in existing models. Here, we developed an RS-5

assisted modeling framework to estimate daily latent heat flux (LE), net ecosystem CO2 exchange (NEE), nitrous oxide (N2O)

and methane (CH4) fluxes across six Swiss FluxNet sites (two croplands and four grasslands) between 2016 and 2025. Sentinel-

2 time series were used to derive leaf area index and RS-based field management indices (RS-FMIs), detecting mowing events,

quantifying defoliation intensity, and identifying crop rotation and bare soil periods. These indicators were combined with

meteorological drivers to train XGBoost models for each ecosystem type and target variable separately, and driver contributions10

were evaluated using SHapley Additive exPlanations (SHAP) analysis.

The RS-FMIs effectively captured in situ recorded management events and enabled improved reconstruction of daily flux

variability. Model performances were strong for LE (R2 ≈ 0.89–0.90) and NEE (R2 ≈ 0.59–0.71), whereas N2O and CH4

fluxes were reproduced with moderate accuracy (R2 ≈ 0.37–0.55). Models using RS-FMIs performed similarly to those using

well-compiled in situ management records, supporting the ability of RS-derived vegetation and management indicators to rep-15

resent management effects. LE variability was primarily energy-driven and dominated by meteorological conditions, whereas

vegetation dynamics and RS-FMIs played stronger roles in shaping NEE, N2O, and CH4 variability. These results demonstrate

that RS-FMIs offer new opportunities to reconstruct management information and improve the representation of management

effects in agroecosystem flux modeling.

1 Introduction20

Agroecosystems contribute roughly one-fifth of global anthropogenic greenhouse gas (GHG) emissions and account for ap-

proximately seventy percent of global freshwater withdrawals, underscoring their central role in climate change, water scarcity,

and food security (McDermid et al., 2023; Nabuurs et al., 2023; Tian et al., 2024; United Nations, 2020). Accurate quantifi-
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cation of anthropogenic GHG fluxes—namely carbon dioxide (CO2), nitrous oxide (N2O), and methane (CH4)—along with

evapotranspiration (ET) is therefore essential for characterizing the atmospheric components of carbon, nitrogen, and water,25

as well as understanding agroecosystem responses to climate variability (Yang et al., 2024). In this context, Switzerland rep-

resents a heterogeneous agroecosystem landscape dominated by intensively managed grasslands and croplands (Pazúr et al.,

2022). Common agricultural practices, such as crop rotation, fertilization, harvesting, and mowing in grasslands, exert strong

and nonlinear influences on GHG emissions and water use by altering canopy phenology and performance, soil biogeochem-

istry, and surface energy–water exchange (Heimsch et al., 2024; Henne et al., 2016; Wang et al., 2026). However, land-use30

heterogeneity and limited availability of management information introduce substantial uncertainty in modeling GHG and ET

dynamics (Nelson et al., 2024; Zentgraf et al., 2025).

Field studies have provided valuable insights into the drivers of agroecosystem GHG fluxes, demonstrating that manage-

ment practices, vegetation dynamics, and meteorological forcing regulate GHG exchange (Emmel et al., 2018; Feigenwinter

et al., 2023a; Hörtnagl et al., 2018; Maier et al., 2022; Merbold et al., 2014; Rogger et al., 2022). Vegetation is central to this35

regulation because it couples carbon, nitrogen, water, and energy exchanges through canopy structure, physiological activ-

ity, and surface–atmosphere interactions, while also shaping soil microenvironmental conditions that govern GHG emissions

(Law et al., 2002). Long-term eddy-covariance (EC) observations indicate that mowing-induced disturbances can drive CO2

source–sink shifts through abrupt defoliation and reduced photosynthetic capacity, with effects comparable to meteorolog-

ical forcing (Feigenwinter et al., 2023b), while post-harvest bare soil periods in croplands are associated with strong but40

short-lived N2O emission pulses (Maier et al., 2025; Merbold et al., 2014). However, these insights are largely derived from

site-level observations at locations with detailed management records, limiting their spatial representativeness across heteroge-

neous agricultural landscapes (Rebmann et al., 2018). To move beyond site-level observations, regional studies and modeling

frameworks have been developed to characterize GHG flux dynamics. Process-based models (Smith et al., 2008), such as the

Denitrification-Decomposition model (DNDC) or DayCENT, enable large-scale simulation of carbon and nitrogen fluxes, but45

their performance strongly depends on detailed input data, parameterization schemes, and site-specific calibration, particularly

in agricultural systems where management information is often incomplete or inaccessible (Dietiker et al., 2010; Gaillard et al.,

2018; Guo et al., 2023; Hastings et al., 2010; Mathers et al., 2023; Yue et al., 2019).

High-resolution remote sensing (RS) offers a promising pathway to address this gap by providing spatially explicit informa-

tion on vegetation dynamics, phenology, and management disturbance signals that are closely linked to management activities50

and ecosystem flux responses (Aasen et al., 2018; Dusseux et al., 2014; Jia et al., 2025). Satellite time series have been used

to identify the timing and frequency of mowing, crop harvest, and other defoliation events (e.g., grazing and tillage), yet less

attention has been given to representing disturbance magnitude and post-disturbance recovery dynamics in forms directly rele-

vant to ecosystem flux responses (Andreatta et al., 2022; De Vroey et al., 2022; Reinermann et al., 2020; Schwieder et al., 2022;

Zhou et al., 2021). Beyond detecting management events, RS enables the monitoring of vegetation structural states and frac-55

tional cover that regulate GHG fluxes across scales (Gottschalk et al., 2024). However, this information remains underutilized

in many current flux modeling frameworks (Yang et al., 2023a; Yuan et al., 2009), particularly for non-CO2 fluxes (Ivanova

et al., 2026). In comparison, RS is widely used for regional ET estimation through energy-balance and machine-learning ap-
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proaches, yet management-induced disturbances are rarely explicitly represented in such frameworks (Chen and Liu, 2020; Jia

et al., 2026). Integrating RS-derived indicators of management and vegetation dynamics, therefore, offers new opportunities60

to improve flux modeling and to disentangle the relative contributions of management, vegetation, and meteorological forcing

(Nelson et al., 2024; Yang et al., 2023b).

Consequently, this study examines whether incorporating high-resolution, satellite-derived management and vegetation in-

dicators can enhance the simulation and driver attribution of latent heat flux (LE), NEE, N2O, and CH4 fluxes across Swiss

grassland and cropland agroecosystems. To address this question, we65

(1) derive management indicators by detecting management events and quantifying management intensity from high-resolution

RS observations;

(2) compare RS-derived management indicators with site management records to evaluate their consistency;

(3) test whether RS-based indicators of management and vegetation state provide relevant information complementary to

meteorological forcing for flux modeling; and70

(4) quantify flux sensitivity to management, vegetation structural and functional indicators, and meteorological drivers.

While spatial upscaling to unobserved regions remains outside the scope of this work, this study provides a targeted, site-level

evaluation designed to unlock the complementary value of RS indicators for capturing daily flux dynamics within established

monitoring networks.

2 Data and Methods75

2.1 Data

2.1.1 Swiss FluxNet

The Swiss FluxNet is the national eddy-covariance (EC) network that quantifies ecosystem–atmosphere exchange of CO2,

N2O, and CH4, as well as water vapor fluxes, across major land-use types and climatic gradients (Buchmann et al., 2019).

The network integrates long-term ecosystem flux measurement sites that quantify turbulent fluxes of CO2 and H2O at 20 Hz80

with the EC method and aggregate fluxes to half-hourly resolution (Baldocchi et al., 1988). In addition, at selected sites, CH4

and N2O fluxes were observed at 10 Hz to capture trace gas dynamics in managed agroecosystems. In this study, six agricul-

tural sites were selected (Table 1), including croplands and grasslands spanning a wide elevation range, from intensively and

moderately managed grasslands in the lowlands to high-elevation grasslands (Figure 1). Each site is equipped with standard-

ized micrometeorological instrumentation to measure ecosystem fluxes and meteorological variables following international85

EC protocols (Eugster and Merbold, 2015). Site management activities are systematically recorded by category together with

their corresponding dates. Data processing includes quality control, coordinate rotation, and frequency response correction,

procedures consistent with community standards that enable cross-site comparability and long-term consistency (Hörtnagl

et al., 2025; Sabbatini et al., 2018). The Swiss FluxNet provides harmonized flux and meteorological datasets to international

research infrastructures, including the Integrated Carbon Observation System (ICOS) (Heiskanen et al., 2022) and FLUXNET90
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(Baldocchi et al., 2001), enabling the integration of Swiss ecosystem observations into continental and global assessments of

GHG and water fluxes.

Figure 1. Map of the Swiss FluxNet sites used in this study, with blue circles indicating grasslands and red squares indicating croplands.

Forel (CH-For), despite being a cropland, was a temporary grassland at the time of the study while the others are either permanent grasslands

or croplands. Basemap sources: Esri, DeLorme, NAVTEQ, TomTom, Intermap, iPC, USGS, FAO, NPS, NRCAN, GeoBase, Kadaster NL,

Ordnance Survey, Esri Japan, METI, Esri China (Hong Kong), and the GIS User Community | Powered by Esri.

Table 1. Metadata of Swiss FluxNet sites used in this study. Forel (CH-For) was a temporary grassland within a crop rotation at the time of

the study while the others are permanent grasslands (CH-Cha, CH-Fru, CH-Aws) or croplands (CH-Oe2, CH-Tnk).

Site ID Site name Latitude Longitude Ecosystem type Elevation (m) Selected period Flux Variables Data Source

CH-Cha Chamau 47.210222 8.410444 Grassland 393 2016–2024 LE, NEE, N2O, CH4 Hörtnagl et al. (2025)

CH-Fru Früebüel 47.115833 8.537778 Grassland 982 2016–2024 LE, NEE Buchmann et al. (2025)

CH-Aws Alp Weissenstein 46.583102 9.790624 Grassland 1978 2016–2024 LE, NEE Buchmann et al. (2026a)

CH-For Forel 46.527194 6.759528 Grassland 752 2024–2025 LE, NEE, N2O, CH4 In preparation

CH-Oe2 Oensingen 47.286417 7.733750 Cropland 452 2016–2024 LE, NEE, N2O, CH4 Buchmann et al. (2026b)

CH-Tnk Tänikon 47.480620 8.911868 Cropland 547 2023–2025 LE, NEE, N2O, CH4 Turco et al. (2025)
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In situ meteorological measurements, EC flux data, and recorded management information were used in this study. LE,

NEE, N2O, and CH4 fluxes were defined as target variables, while meteorological and management variables served as driving

factors. No surface energy balance closure correction was applied to LE flux. Management records were represented as the95

number of days since mowing (TIME_SINCE_MOW), grazing (TIME_SINCE_GRAZ), harvest (TIME_SINCE_HARV), soil

cultivation (TIME_SINCE_SCULT), and fertilization (TIME_SINCE_FERT). Converting discrete management events into

continuous temporal metrics has been shown to be a practical approach for diagnosing variability in GHG fluxes within data-

driven modeling frameworks (Feigenwinter et al., 2023a, b; Gnisia et al., 2025; Wang et al., 2026). Values greater than 30 days

were capped at 30, based on the assumption that management disturbance effects become negligible beyond approximately one100

month and to prevent the model from interpreting these features as a proxy for day of year (Phillips et al., 2009). Fertilization

amount was not included due to its limited availability and associated record uncertainty across sites.

The published half-hourly data were quality-controlled, with gaps filled using Random Forest and accompanied by associated

flags (Feigenwinter et al., 2023a). Air temperature (Ta), precipitation (P), solar radiation (Rg), and vapor pressure deficit (VPD)

were selected as key meteorological factors. All drivers and flux variables were aggregated to daily means, except P, which was105

aggregated to daily sums. Days were excluded when more than 50% of half-hourly records were gap-filled; otherwise, daily

meteorological and flux means were computed using both measured and gap-filled records. Retaining gap-filled records in the

daily aggregation helped mitigate aggregation biases for variables with strong diurnal variability. To identify satellite pixels

contributing to site-level flux variability, the source area of the in situ half-hourly EC measurements was estimated using a flux

footprint model (Kljun et al., 2015), and daily footprints were then derived by averaging the half-hourly footprints weighted110

by the absolute magnitude of the target flux. Pixels covering 90% of the cumulative footprint contribution were considered.

Meteorological temporal features were included to represent short- and long-term lag effects. Daily Ta and P over the

preceding week (e.g., Ta-1d denotes the daily mean Ta on the previous day) were included to capture short-term lag effects,

while rolling means of Ta and cumulative P over the preceding 15 and 30 days were used to represent longer-term memory

effects. This study aims to evaluate potential drivers that could support future regional upscaling of LE and GHG fluxes, while115

the present analysis remains restricted to site-level model evaluation within the Swiss FluxNet network. Due to the limited

availability of gridded soil moisture and soil temperature data, these variables were not included in the analysis. Precipitation-

based temporal features partially capture moisture variability. To ensure consistency with satellite observations, only in situ

data from 2016 onward were included in the analysis.

2.1.2 Sentinel-2 Satellite Products120

Sentinel-2 surface reflectance data were used to characterize vegetation dynamics and surface conditions at high spatial res-

olution. We employed atmospherically corrected Level-2 products from the MultiSpectral Instrument (MSI), which provide

observations in visible, near-infrared, and shortwave infrared bands at 10–20 m spatial resolution with an approximate 5-day

revisit frequency (Liang et al., 2024; Richter et al., 2012). Snow-covered and cloudy pixels were removed based on quality

flags and scene classification layers.125
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Fractional vegetation cover (FVC) was estimated based on spectral mixture analysis, in which the satellite surface reflectance

signal is modeled as a linear combination of photosynthetic vegetation (PV), non-photosynthetic vegetation (NPV), and bare

soil. Machine learning–based spectral unmixing models were trained to predict the fractional covers of these three components.

We followed the methodology proposed by Lobert et al. (2025). Pure green and brown vegetation spectra were sampled from

Sentinel-2 imagery acquired over Swiss croplands and grasslands between 2021 and 2023. Soil spectra were derived from a130

five-year Sentinel-2 bare soil reflectance composite (SoilSuite) developed by the German Aerospace Center (Karlshoefer et al.,

2025). Within Swiss arable land, soil spectra were clustered into five groups using K-means to capture representative variability

across the country. These pure endmember spectra were linearly mixed to generate synthetic training data (Okujeni et al., 2013).

For each cover type (PV, NPV, and soil), an ensemble of five neural network models was trained on the synthetic mixtures to

predict fractional cover. Evaluation on independent synthetic test sets yielded root mean squared errors (RMSEs) of 0.08 for135

PV and NPV fraction predictions and 0.05 for soil fraction prediction. The vegetation products were linearly interpolated over

time.

Leaf area index (LAI) was retrieved from Sentinel-2 imagery using a specifically trained neural network (NN). The approach

follows the development of operational global LAI products (Weiss and Baret, 2016), with adaptations to Swiss vegetation and

soil conditions. Training data were generated using the PROSAIL radiative transfer model (Jacquemoud et al., 2009) to simulate140

Sentinel-2 canopy reflectances as a function of leaf biophysical parameters and canopy structural characteristics, including LAI.

Model parameters were configured to represent typical crop types and grasslands in Switzerland (Atzberger et al., 2015; Graf

et al., 2023). To better characterize canopy background effects, particularly under low LAI conditions when soil contributions

to reflectance are more pronounced, soil spectra derived from Sentinel-2 imagery across Switzerland were incorporated into

the PROSAIL simulations. LAI was subsequently used as a remote sensing–based vegetation performance index (RS-VPI) in145

the flux modeling framework.

Crop type maps were produced following Turkoglu et al. (2025, 2021) from Sentinel-2 time series imagery using a U-

Net Temporal Attention Encoder (U-TAE; Sainte Fare Garnot and Landrieu, 2022), a deep learning architecture designed for

multi-temporal satellite image segmentation. The model leverages temporal self-attention to dynamically weight observations

across the growing season, enabling it to capture vegetation performance trajectories characteristic of different crop types.150

Because climate variability can shift the timing of growth stages substantially across years, observations were re-indexed by

thermal time, warping the time axis so that equivalent vegetation stages are more consistently aligned across seasons (Turkoglu

et al., 2025). In short, training was performed on parcel-level reference data from the Swiss agricultural compensation database

provided by the Swiss Federal Office for Agriculture (Bundesamt für Landwirtschaft (BLW), 2024), which provides annually

updated crop declarations across Switzerland. The model was evaluated on a held-out year and achieved an overall accuracy155

of 75%, an intersection over union (IoU) of 61%, and a mean IoU (mIoU) of 42%. Overall accuracy reflects the fraction of

pixels correctly classified; IoU measures the overlap between predicted and ground-truth areas relative to their union; and

mIoU averages this metric across all crop classes, giving equal weight to rare and common classes alike. Crop type data were

used for two applications, first to identify neighboring pixels with the same vegetation types for the calculation of defoliation

intensity (Section 2.2.3) and second to represent crop rotations, with both being treated as RS-based field management indices160
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(RS-FMIs). Crop type was first assigned to each day based on the nearest classification result and then converted into numerical

model inputs using one-hot encoding, where each crop class was represented by a separate 0/1 variable indicating whether that

crop type occurred on that day.

2.2 Methods

2.2.1 Overall Framework165

RS–based field management indicators (RS-FMIs) and LAI were integrated with meteorological drivers (METEO) to construct

multiple modeling scenarios (Figure 2). We included two benchmark scenarios: a METEO-only baseline (Scenario 1) and an

in situ management-informed configuration combining METEO with site management (MGMT) records (Scenario 4).

Figure 2. Overall methodological framework of this study, combining satellite products and in situ measurements. The target variables mod-

eled at the daily scale include latent heat (LE), net ecosystem CO2 exchange (NEE), nitrous oxide (N2O), and methane (CH4) fluxes. The

driving variables were grouped into four categories: remote sensing–based field management indices (RS-FMIs), remote sensing–based veg-

etation performance indicator (RS-VPI), meteorological variables (METEO; including precipitation (P), air temperature (Ta), vapor pressure

deficit (VPD), and solar radiation (Rg)), and site management records (MGMT). Grasslands and croplands were modeled separately.

The framework was designed not only to evaluate model performance but also to attribute flux variability to specific driver

groups. Model comparison quantified the incremental contribution of management information beyond meteorological forcing,170
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while SHapley Additive exPlanations (SHAP) analysis (Lundberg and Lee, 2017) was used to assess the relative importance

of individual drivers. This dual approach enabled both performance-based evaluation and interpretation of driver effects across

agroecosystems.

2.2.2 Remotely-Sensed Defoliation Event Detection

Discrete management-related defoliation events (i.e., mowing, grazing, and harvest) were identified for each site from Sentinel-175

2 Enhanced Vegetation Index (EVI) time series using the rule-based phenology residual framework of Schwieder et al. (2022),

applied pixel-wise for each year. The procedure consisted of three main steps: (1) construction of an undisturbed vegetation

performance baseline by identifying up to five local EVI maxima within the growing season and linearly interpolating an upper-

envelope curve between these vertices; (2) candidate event detection by jointly evaluating (i) the negative residual between

observed EVI and the envelope, and (ii) the abrupt drop between two consecutive valid observations (∆Y), for which both180

criteria were assessed with pixel-wise adaptive thresholds; and (3) ecological and temporal consistency filtering by enforcing a

minimum separation of >15 days between events, and excluding cloud-contamination artifacts characterized by unrealistically

rapid recovery (∆Y > 0.15 within 5 days). This framework has been successfully applied in Switzerland (Weber et al., 2024),

and we adopted the same parameter settings. At CH-Cha, the EVI-based defoliation detection showed good consistency with

recorded mowing events while remaining less sensitive to subtle mowing/grazing signals (Appendix A). Based on remotely-185

sensed defoliation detection, discrete events were converted into the number of days since the last defoliation event (Days since

Defoliation) and used as an RS-FMI driving factor for modeling.

2.2.3 Remotely-Sensed Defoliation Intensity Estimation

Management records at flux sites typically report the timing of discrete events (e.g., mowing or harvest) but rarely quantify the

magnitude of biomass removal or the subsequent vegetation recovery trajectory, with the Swiss FluxNet being an exception.190

Although high-resolution RS time series have proven effective for detecting the timing of such management-related distur-

bances, their potential to characterize disturbance intensity remains less explored. To address this limitation, we developed a

Defoliation Intensity Index (DII) that quantifies the magnitude of vegetation disturbance relative to the surrounding vegetation

performance background.

The DII is based on two assumptions. First, the temporal dynamics of site-level EVI reflect the combined influence of natural195

phenology and management disturbances. Second, because management activities are spatially localized within the tower

footprint, the median EVI computed over a surrounding window of the same land cover type primarily captures background

vegetation performance dynamics under the same meteorological conditions and is less affected by individual field operations.

Deviations of the site-level EVI from this background signal therefore provide a proxy for disturbance intensity associated with

defoliation events at any given site. Accordingly, DII (Eq. 1) is defined as200

DII(d) =
EVIwin(d)−EVIs(d)

σwin(d)
(1)
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where EVIwin(d) denotes the median EVI on day d within the spatial window surrounding any given site, EVIs(d) represents

the EVI at the flux site on day d, and σwin(d) is the corresponding spatial standard deviation.

To reduce the influence of concurrent disturbances in surrounding pixels, EVIwin(d) and σwin(d) were computed using only

the upper 50% of EVI values within the spatial window. This filtering step was intended to reduce the influence of recently205

defoliated surrounding fields and to provide a more reasonable estimate of background vegetation performance, rather than to

guarantee that the reference pixels were entirely undisturbed. Positive DII values indicate that the site EVI is substantially lower

than the surrounding background vegetation state, suggesting recent biomass removal or strong disturbance, whereas values

near zero indicate vegetation conditions comparable to the surrounding landscape. Following a defoliation event, vegetation

regrowth gradually reduces the difference between site-level EVI and the surrounding background, leading to a progressive210

decline in DII over time. To account for differences in field size and spatial extent of management practices between agroe-

cosystem types, the spatial window used to compute background EVI was determined separately for grasslands and croplands.

Sensitivity analysis indicated that a 1 km window best captured management-related disturbance signals in grasslands, whereas

a 2 km window was more appropriate for croplands (Appendix B). These window sizes were therefore adopted to derive the

final DII time series used in subsequent modeling analyses. The rate at which DII declines after a disturbance may also partly215

reflect fertilization conditions, because nutrient inputs can accelerate post-disturbance vegetation regrowth. This is particularly

relevant for grassland sites, where fertilization often follows mowing. Importantly, DII does not represent a direct measure-

ment of harvested biomass. Instead, it serves as a relative RS-derived proxy that characterizes the magnitude of vegetation

deviations from the local vegetation performance background. By normalizing the EVI anomaly using the spatial variability

within the spatial window, the index reduces sensitivity to absolute vegetation performance levels and allows more consistent220

identification of disturbance intensity across sites and seasons.

2.2.4 Remotely-Sensed Bare Soil Period

Bare soil periods were identified from Sentinel-2 fractional vegetation model predictions to represent management-driven

phases of canopy absence. In cropland systems, the presence and duration of bare soil are largely determined by post-harvest

management decisions, such as whether cover crops are established, residues are retained, or soils are tilled (Poeplau and Don,225

2015). Therefore, bare soil periods serve as an indicator of management strategy rather than merely a surface condition. A field

was classified as bare when the bare soil fraction exceeded 0.5. Consecutive days meeting this criterion were grouped into a

continuous bare soil period. The duration of bare conditions was quantified as the number of days since the onset of the bare

soil period.

2.2.5 Modeling Configuration230

To estimate daily fluxes of LE, NEE, N2O, and CH4, we developed a tree-ensemble regression framework based on XGBoost

(Chen and Guestrin, 2016). For each target variable, models were trained using daily samples pooled across all sites within

a given agroecosystem category (cropland or grassland). To reduce overfitting while retaining samples from all sites, samples

were randomly split into training (80%) and validation (20%) subsets for cross-scenario performance evaluation. In addition,
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data from 2021 were excluded from model training and reserved as an independent time-series evaluation set. This evaluation235

design assessed the informational value of RS-derived drivers within the Swiss FluxNet site network and did not constitute an

evaluation of spatial generalization to unmonitored locations.

Driving factors used as model predictors included (i) in situ meteorological (METEO) variables (Rg, VPD, Ta, and P),

incorporating short-term daily lags within one week and monthly aggregates to represent memory effects (Section 2.1.1); (ii)

management (MGMT) reported by farmers expressed as continuous time-since-disturbance metrics (i.e., days since harvest,240

fertilization, and soil cultivation); (iii) remotely-sensed vegetation performance indicator (RS-VPI); and (iv) remotely-sensed

field management indicators (RS-FMIs). Model performance was evaluated on the independent prediction subsets using R2,

RMSE, and bias. Bias is defined as the mean difference between modeled and reference measurements.

To systematically assess the relative contribution of information streams, we constructed four modeling scenarios (Figure 2):

(1) METEO only; (2) METEO + RS-VPI; (3) METEO + RS-VPI + RS-FMIs; and (4) METEO + MGMT. This scenario245

design allowed quantification of the incremental contribution of management and remote sensing information beyond baseline

meteorological forcing (Zhu et al., 2023). Each scenario was trained separately for every target variable, allowing flux-specific

driver sensitivity analysis. By comparing predictive skill and error structures across scenarios and flux types, we quantified how

RS-derived management signals and vegetation state modulate GHG and water exchange processes. Grassland and cropland

systems were modeled separately to enable a comparison of their sensitivities to environmental and management drivers within250

a unified modeling framework. Previous work (Jung et al., 2020; Nelson et al., 2024; Tramontana et al., 2015) suggested that,

in similar environmental prediction settings, differences in model performance were driven more by driver selection than by

choice of tree-based algorithms. Accordingly, we prioritized a systematic evaluation of different driver information streams

within a single ensemble modeling framework to isolate the contribution of each driver group.

Hyperparameter tuning was conducted independently for each target variable and modeling scenario within the training pool.255

Instead of exhaustive or randomized search strategies, we employed a predefined set of 10 parameter configurations designed

to span a structured range from strongly regularized (shallow trees, high penalization, low flexibility) to highly flexible settings

(deeper trees, weaker regularization). This design was intended to capture the dominant model behavior regimes while main-

taining computational efficiency. This strict-to-loose grid was designed to systematically explore the bias–variance spectrum

and balance model complexity against generalization performance. Each configuration was evaluated using repeated cross-260

validation (10 folds × 5 repeats), resulting in 50 validation folds per configuration. Within each repeat, 10% of the training pool

was used for testing in each fold. Repeating the cross-validation procedure with different random splits ensures that hyperpa-

rameter selection was not sensitive to a single data partition and yielded a more stable estimate of generalization performance.

The optimal configuration was selected by maximizing the difference between the mean and half standard deviation of cross-

validated R2, thereby favoring models with strong average performance and stable behavior across folds (Ying et al., 2025).265

Final models were retrained on the full training pool using the selected configuration and evaluated on the 20% independent

validation subset. This strategy ensured that all reported results reflect optimally tuned, flux-specific models with controlled

bias–variance trade-offs across scenarios. Exploratory tests with expanded search ranges did not yield consistent performance

improvements. The final parameter configurations for each target variable are summarized in Appendix C.
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2.2.6 Driver Analysis270

To quantify the relative contribution of individual variables to flux variability, a driver analysis was conducted using SHAP

values derived from the optimized XGBoost models (Lundberg and Lee, 2017). Conditional SHAP provides a mathemati-

cally consistent attribution framework that decomposes model predictions into additive driver contributions. Unlike traditional

importance metrics, this conditional SHAP approach accounts for the complex, non-linear interactions and multi-collinearity

inherent in tree-ensemble models, offering a more robust interpretation of driver influence.275

The analysis was performed for each target variable (LE, NEE, N2O, CH4) under the METEO + RS-VPI + RS-FMIs scenario

to quantify the role of RS-derived indicators in explaining variations in LE and GHG fluxes. For each flux, SHAP values

were computed using the TreeExplainer implementation, applied to the final tuned model trained on the full training pool.

A positive SHAP value represents a positive effect on the predicted response variable (here: fluxes) compared to the overall

mean (here: fluxes of one agroecosystem type), and vice versa for negative SHAP values. To ensure computational efficiency280

while preserving representativeness, SHAP evaluation was conducted on a random subsample (3000 samples) drawn from

the training dataset. Feature (i.e., driver) importance was quantified using the mean absolute SHAP value for each driving

variable, representing its average marginal contribution to model output magnitude across samples. Drivers were subsequently

ranked according to their mean absolute SHAP values. This ranking reflects the relative explanatory importance of individual

drivers drawn from METEO, RS-VPI, and RS-FMIs. Differences in driving factor ranking between grassland and cropland285

systems were used to characterize how dominant controls on water and GHG fluxes vary between the two agroecosystems.

To further quantify the relative contribution of different driver categories, individual predictors were grouped based on their

classes: METEO, RS-VPI, and RS-FMIs. For each category, absolute SHAP values were aggregated by summing the mean

absolute SHAP values of all variables within the group. The resulting category-level contributions were then normalized by the

total SHAP magnitude across all drivers, yielding relative contributions that sum to one for each flux and agroecosystem. This290

aggregation enabled a direct comparison of the relative importance of meteorological, vegetation, and management-related

drivers across fluxes and between grassland and cropland systems.

3 Results

3.1 Evaluation of Remotely-sensed Defoliation Intensity Index

The remotely-sensed DII was evaluated against recorded management events at representative long-term grassland and crop-295

land sites before being used as an RS-FMI in the flux modeling framework. At the CH-Cha grassland site, DII peaks generally

coincided with recorded defoliation-related management events, including mowing, grazing, soil cultivation, and the grassland

renewal event in 2021 (Figure 3a). The renewal event produced the strongest DII response, consistent with the severe vegetation

disturbance caused by sward destruction and reseeding. Mowing and grazing events showed more variable DII amplitudes, in-

dicating that DII captured differences in relative disturbance magnitude rather than merely recording event occurrence. Follow-300
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ing defoliation, DII generally declined over time, reflecting vegetation recovery toward the surrounding background vegetation

state.

At the CH-Oe2 cropland site, DII also responded to harvest and soil cultivation events, with pronounced peaks during

periods of abrupt canopy removal or surface disturbance (Figure 3b). Compared with grasslands, cropland DII dynamics were

more strongly shaped by crop-specific phenological development and post-harvest bare soil phases. Nevertheless, the temporal305

correspondence between DII peaks and recorded management events indicates that the index captured major defoliation and

disturbance signals across both agroecosystem types.

Figure 3. Evaluation of the remotely-sensed Defoliation Intensity Index (DII) at representative (a) grassland (CH-Cha) and (b) cropland

(CH-Oe2) sites. Vertical lines indicate recorded management events, including mowing, grazing, renewal, and soil cultivation at the grassland

site, and harvest and soil cultivation at the cropland site. DII peaks indicate periods when site-level EVI was substantially lower than the

surrounding same-land-cover background, reflecting relative vegetation disturbance intensity.

Event-level comparisons with recorded yield further supported the interpretation of DII as a proxy for relative defoliation

intensity (Figure 4). At the CH-Cha grassland site, the maximum DII around recorded defoliation events increased with har-

vested biomass (r = 0.41, p= 0.003), indicating that larger biomass removal generally produced stronger negative deviations310

of site-level EVI from the surrounding same-land-cover background. At the CH-Oe2 cropland site, DII showed a similar pos-

itive tendency with recorded yield, but the relationship was not statistically significant (r = 0.36, p= 0.161). This weaker
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correspondence is consistent with the stronger influence of crop rotation, where the same recorded yield amount may produce

different EVI responses depending on crop type, harvested component, and post-harvest surface conditions.

Figure 4. Relationship between recorded harvested dry matter (DM) and the maximum remotely-sensed Defoliation Intensity Index (DII)

around recorded defoliation or harvest events at (a) CH-Cha grassland and (b) CH-Oe2 cropland. Points distinguish management or crop-

specific harvest categories. The black line and shaded area show the linear fit and 95% confidence interval. Correlation statistics are shown

for the event-level comparison.

Overall, these results showed that DII provided a continuous, remotely-sensed proxy for relative vegetation disturbance315

intensity and post-disturbance recovery dynamics. Unlike binary event indicators, DII preserved information on the magnitude

and persistence of management-related canopy deviation from the local vegetation background, supporting its use as an RS-

FMI in subsequent flux modeling analyses.

3.2 Model Evaluation

Model performance was evaluated using an independent validation sample group for four flux variables (LE, NEE, N2O, and320

CH4) under four scenarios (Figure 5).

In grasslands, LE was reproduced well across all scenarios, with consistently high performance (R2 = 0.87–0.89; RMSE

= 14.36–15.25 W m−2; Figure 5a–d). Adding RS-derived vegetation performance indicators (RS-VPI) and management in-

dices (RS-FMIs) resulted in only marginal changes relative to the METEO-only scenario. A slight saturation pattern was

evident at high LE values, indicating a tendency to underestimate peak fluxes. NEE model performance was more sensitive325

to predictor choice than for LE (Figure 5e–h). The METEO-only scenario yielded the lowest skill (R2 = 0.45; RMSE = 1.94

µmol CO2 m
−2 s−1), whereas the METEO + MGMT benchmark scenario increased R2 to 0.58. Adding RS-derived vege-

tation performance indicators (RS-VPI) improved model performance relative to the METEO-only scenario (R2 = 0.55 vs.

0.45). The additional inclusion of RS-derived management indices (RS-FMIs) resulted in a further but smaller improvement

13

https://doi.org/10.5194/egusphere-2026-3522
Preprint. Discussion started: 26 June 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 5. Modeled versus observed daily fluxes for four grassland sites under four scenarios. Panels show latent heat flux (LE; a–d), net

ecosystem exchange of CO2 (NEE; e–h), nitrous oxide flux (N2O; i–l), and methane flux (CH4; m–p). The four scenarios are: meteorological

variables only (METEO), meteorological variables with remotely-sensed vegetation performance indicator (METEO + RS-VPI), meteoro-

logical variables with both remotely-sensed vegetation and field-management indices (METEO + RS-VPI + RS-FMIs), and meteorological

variables with in situ management records (METEO + MGMT). Goodness of fit (R2), root mean square error (RMSE) and bias are given.

The grey line denotes the 1:1 relationship.
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(R2 = 0.59), bringing performance close to the METEO + MGMT scenario. Scatterplots further showed compressed variability330

at both ends of the NEE range, with underestimation of both strong negative and high positive fluxes.

Modeling of N2O and CH4 fluxes in grasslands was more challenging than for LE and NEE, with overall lower model per-

formance in grasslands (maximum R2 ≈ 0.56 for N2O flux and 0.52 for CH4 flux; Figure 5i–p). In the METEO-only scenario,

performance was limited (R2 = 0.40 for N2O and 0.20 for CH4). Adding RS-VPI led to only modest improvements, whereas

the inclusion of RS-FMIs resulted in substantially higher performance. For N2O flux, R2 increased to 0.54 with RS-VPI +335

RS-FMIs, approaching the METEO + MGMT benchmark scenario (R2 = 0.56). A similar pattern was observed for CH4 flux,

with performance improving from R2 = 0.20 (METEO) to 0.50 with RS-VPI + RS-FMIs, close to the benchmark scenario

(R2 = 0.52). Scatterplots further showed pronounced compression at the upper range of fluxes, with systematic underestima-

tion of high-emission events for both N2O and CH4 fluxes.

Overall model performance for cropland sites was comparable to that of grasslands, with LE remaining the most accurately340

reproduced flux across all scenarios (Figure 6a–d). LE performance was consistently high (R2 = 0.86–0.90), with RMSE

decreasing from 15.97 W m−2 in the METEO-only scenario to 13.26 W m−2 when RS-VPI and RS-FMIs were included.

For NEE, model performance showed clear sensitivity to the inclusion of RS-derived predictors (Figure 6e–h). The METEO-

only scenario yielded moderate performance (R2 = 0.48; RMSE = 2.39 µmol CO2 m
−2 s−1), while the inclusion of RS-

VPI substantially improved performance (R2 = 0.69; RMSE = 1.84 µmol CO2 m
−2 s−1). The addition of RS-FMIs further345

increased performance to R2 = 0.71 with RMSE = 1.76 µmol CO2 m
−2 s−1, exceeding that of the METEO + MGMT scenario

(R2 = 0.60; RMSE = 2.10 µmol CO2 m
−2 s−1).

Modeling of N2O fluxes was highly scenario-dependent (Figure 6i–l). Both the METEO-only and METEO + RS-VPI sce-

narios showed negligible performance (R2 < 0.1; RMSE > 1.05 nmol N2O m−2 s−1), whereas the inclusion of management

information resulted in substantial improvements. The METEO + MGMT benchmark scenario achieved R2 = 0.57 with RMSE350

= 0.71 nmol N2O m−2 s−1, and the METEO + RS-VPI + RS-FMIs scenario reached a comparable value (R2 = 0.55; RMSE

= 0.72 nmol N2O m−2 s−1), indicating that RS-derived management indices captured a large fraction of the explanatory infor-

mation provided by site-recorded management data. For CH4, performance remained modest across all scenarios (R2 = 0.26–

0.37; Figure 6m–p), with RMSE decreasing slightly from 2.92 to 2.68 nmol CH4 m
−2 s−1 when RS-derived predictors were

included. The highest performance was obtained when RS-VPI and RS-FMIs were combined (R2 = 0.37; RMSE = 2.68355

nmol CH4 m
−2 s−1).
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Figure 6. Same as Figure 5, but for the daily fluxes at two cropland sites.

Using CH-Cha and the year 2021 as an illustrative grassland example for the model with both remotely-sensed vegetation and

field-management indices (METEO + RS-VPI + RS-FMIs), the time series evaluation showed that the model reproduced the

seasonal trajectory and much of the intra-seasonal variability of LE and NEE, with phase agreement throughout the growing

season (Figure 7). For NEE, both periods of strong CO2 uptake (negative values) and net emission (positive values) were360
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reproduced in timing, although the magnitude of these extremes was underestimated. For N2O and CH4 fluxes (Figure 7b–d),

the model partially captures the timing of major management-related pulse events, indicating that RS-derived management

indicators provide meaningful information on disturbance occurrence. However, the magnitude of these peaks is consistently

underestimated, particularly for high-emission events. The pronounced N2O flux peak in August 2021 during a grassland

renewal (here with vegetation destruction, shallow tillage, and reseeding) at the site is partially captured, further demonstrating365

that management-related disturbance signals are represented, albeit with reduced amplitude.

Figure 7. Time series at CH-Cha in 2021 comparing observed and modeled daily fluxes for (a) LE, (b) NEE, (c) N2O, and (d) CH4 under the

METEO + RS-VPI + RS-FMIs scenario. Vertical lines indicate management events from site records (mowing, grazing, fertilization, and soil

cultivation). The year 2021 with the renewal of the entire grassland in August was not included in model development as shown in Figure 5.

Overall, the time series highlighted that, while the machine learning models reproduced general temporal variability and

event timing, they tended to underestimate the magnitude of extreme GHG flux responses, partly because the grassland renewal

event was not represented in the model training. The comparison with non-interpolated Sentinel-2 predictors further indicated

17

https://doi.org/10.5194/egusphere-2026-3522
Preprint. Discussion started: 26 June 2026
c© Author(s) 2026. CC BY 4.0 License.



a trade-off: temporal interpolation increased the number of usable daily samples and reduced clear-sky sampling bias, but it370

could smooth rapid management-induced vegetation changes between observations (Appendix D).

3.3 Driving Factor Analysis

To quantify the relative importance of different driver categories, we analyzed driver contributions using SHAP values (Fig-

ure 8) and their normalized relative contributions (Figure 9).

Across both grasslands and croplands, LE flux was consistently dominated by meteorological variables under the METEO375

+ RS-VPI + RS-FMIs scenario (Figures 8a, b). Solar radiation had the largest SHAP values, followed by air temperature for

grasslands and VPD for croplands. In contrast, vegetation- and management-related variables showed comparatively smaller

contributions. This pattern was further confirmed by the grouped SHAP analysis, where meteorological drivers accounted

for more than 90% of the total contribution of LE in grasslands and remained dominant in croplands (Figure 9). For NEE,

the relative importance of drivers differed between agroecosystems (Figures 8c, d). In grasslands, solar radiation remained380

the dominant driver, whereas in croplands, LAI and bare soil period emerged as the most influential variables. The grouped

SHAP results showed increased contributions from RS-derived vegetation and management indicators in croplands compared

to grasslands (Figure 9), indicating a stronger role of vegetation structural dynamics.

For N2O and CH4 fluxes, the SHAP patterns indicated a more complex control structure than for LE (Figures 8e–h). At

the individual-variable level, both fluxes were influenced by a combination of temporally aggregated meteorological variables385

and RS-FMIs, such as defoliation intensity and days since defoliation. However, these effects varied between agroecosystems.

For CH4 fluxes, RS-FMIs and LAI played a stronger role in grasslands, whereas in croplands, the contributions remained

more strongly associated with meteorological variables (Figures 8g–h). The grouped SHAP analysis further revealed how the

relative explanatory contributions differed not only among fluxes but also between agroecosystems (Figure 9). While LE was

consistently dominated by meteorological drivers in both systems, the contribution of RS-derived vegetation and management390

information increased substantially for NEE, N2O, and CH4 fluxes. This increase was particularly pronounced for N2O fluxes in

croplands, where RS-FMIs provided the largest share of explanatory contribution. In contrast, for CH4 fluxes, the contribution

of RS-derived information was slightly higher in grasslands than in croplands.
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Figure 8. SHAP summary plots for (a, b) LE flux, (c, d) NEE, (e, f) N2O flux, and (g, h) CH4 flux in grasslands (left) and croplands (right).

SHAP values indicate driver contributions to model output for the METEO + RS-VPI + RS-FMIs scenario, with positive SHAP values

representing positive effects on the predicted fluxes compared to the overall mean, and vice versa for negative SHAP values. Points are

colored by driver value. 19
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Figure 9. Normalized relative contributions of driver groups—meteorological variables (METEO), remotely-sensed vegetation performance

index (RS-VPI), and remotely-sensed field management indices (RS-FMIs)—to LE, NEE, N2O, and CH4 in grasslands and croplands.

Contributions are derived from absolute SHAP values aggregated by driver category for the METEO + RS-VPI + RS-FMIs scenario.

4 Discussion

4.1 Scope and Scalability of the RS-Assisted Modeling Framework395

This study demonstrated that satellite-derived management and vegetation indicators can approximate part of the information

contained in site management records, but its interpretation depends on several constraints related to event representation,

quantitative management inputs, and environmental state variables.

LE and NEE were reproduced well (R2 up to 0.90 and 0.71), addressing our third objective that RS-derived indicators

add value beyond meteorology. For N2O and CH4 fluxes, RS-FMIs improved performance considerably over configurations400

without RS information (e.g., N2O R2 from below 0.1 to 0.55 in croplands), approaching the in situ benchmark and capturing

much of the management-related variability in non-CO2 fluxes (Butterbach-Bahl et al., 2013; Knox et al., 2019; Lognoul

et al., 2019). The models nevertheless still underestimated high-emission events. This was consistent with the episodic nature

of these fluxes, the limited representation of rare pulse events in the training data (Zhang et al., 2024), and the tendency of

tree-based models to regress toward the mean (Chen and Guestrin, 2016). Similar underestimation of high-emission pulses has405

been reported in previous ML-based studies (Gnisia et al., 2025; Payrosangari et al., 2025; Sharma et al., 2026), reflecting a

broader challenge in data-driven modeling of non-CO2 fluxes. A LOSO evaluation was not implemented, because excluding

an entire site would disproportionately remove specific management regimes and rare emission pulses from the training pool,

making the resulting performance differences difficult to interpret.
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The comparison with the in situ management benchmark showed the main advantage of RS-FMIs: they provided an approx-410

imation of management information that is available at the Swiss FluxNet sites but remains limited for regional applications

(Coello et al., 2025). At the same time, both the in situ management metrics and RS-FMIs mainly encoded event timing and

disturbance occurrence, whereas some quantitative inputs such as fertilization amount, manure composition, or livestock den-

sity were not explicitly represented in the modeling scenarios. This likely contributed to the remaining gap between correctly

identifying pulse timing and reproducing pulse magnitude. The absence of high-resolution soil moisture information likely415

added further uncertainty, because lagged precipitation could only provide an indirect proxy for antecedent wetness rather

than the soil moisture states that regulate N2O and CH4 production and transport (Saha et al., 2021). Integrating RS-derived

management information with process-based representations of nitrogen availability and soil biogeochemical states might help

reduce this gap (Hénault et al., 2012; Sharma et al., 2026). Spatial transferability of the trained models to unobserved locations

is not assessed and represents a distinct, future research objective.420

4.2 Defoliation Intensity Index as a Proxy for Management Intensity

Previous RS-based studies have primarily focused on detecting the timing or frequency of mowing and grazing disturbances

(Andreatta et al., 2022; De Vroey et al., 2022; Reinermann et al., 2020; Schwieder et al., 2022; Zhou et al., 2021). Addressing

our first two objectives, the DII extended this event-based perspective by characterizing transient disturbance states from

deviations between site-scale EVI dynamics and the surrounding same-land-cover vegetation background. The surrounding425

pixels were not assumed to be perfectly undisturbed controls; rather, they provided a local vegetation and meteorological

reference against which relative defoliation disturbance and recovery could be characterized.

This background-relative formulation helped separate management-related vegetation anomalies from broader local veg-

etation dynamics. Unlike a binary event label, DII provided a continuous disturbance proxy that complemented Days since

Defoliation by representing both the relative magnitude of canopy reduction and subsequent recovery. This made it useful for430

flux modeling, particularly because management effects on agroecosystem fluxes are not only controlled by event occurrence,

but also by disturbance strength, recovery trajectory, and antecedent environmental conditions. Practically, DII is simple to

compute, does not require a fixed event-detection threshold, and is not tied to a specific optical sensor. The normalization

by local spatial variability further reduced sensitivity to absolute vegetation-performance differences across sites and seasons,

improving the comparability of management-related signals within a given local context.435

The event-level evaluation nevertheless indicated that DII should be interpreted as a relative spectral disturbance proxy, not

as a direct estimate of harvested biomass or grazing pressure. The positive relationship between harvested biomass and DII

was weaker at CH-Oe2, where crop rotation, crop-specific phenology, harvested material, and post-harvest surface conditions

introduced additional spectral variability (Figure 4). In particular, grain, straw, and grass harvests are not expected to produce

identical EVI responses because they differ in the fraction of photosynthetically active canopy removed and in the exposed440

surface conditions after harvest. Therefore, DII time series captured relative disturbance magnitude more consistently in man-

aged grasslands, whereas cropland applications require interpretation in the context of crop identity, harvested component,

and growth stage. Because recorded yields referred to management-defined harvest areas whereas DII was derived from the
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tower-footprint-based RS sampling area, the scatterplot evaluation should be interpreted as a quantitative consistency check

rather than an absolute accuracy assessment.445

Several limitations follow from the formulation of DII. First, because DII is standardized by the local same-land-cover

variability, its absolute magnitude should not be interpreted as a fully transferable disturbance intensity across regions with

different landscape heterogeneity, crop composition, or background vegetation variability. Second, negative DII values can

occur when the target field has higher EVI than the surrounding background. In this study, such negative values were mainly

associated with non-harvest periods or weakly disturbed conditions, and their magnitude was generally small, often within the450

range of local natural variability. After restricting the event-level analysis to recorded harvest or defoliation events, negative

DII values were uncommon, especially when clear, non-interpolated Sentinel-2 observations were available near the event date.

These cases indicate that DII is sensitive to relative vegetation performance as well as management disturbance, and therefore

event screening and observation-quality information remain important for interpretation.

The importance of RS-FMIs in the SHAP analyses (Figure 8) further suggested that management-related disturbance dy-455

namics contributed substantially to short-term variability in non-CO2 fluxes. This link is mechanistically plausible because

defoliation can alter plant nitrogen uptake, labile carbon and nitrogen inputs, soil microclimate, and aeration, thereby affecting

substrate availability and redox conditions relevant to N2O and CH4 fluxes (Feigenwinter et al., 2023a; Maier et al., 2025). No-

tably, in managed agroecosystems, defoliation events are also often temporally associated with fertilization, slurry application,

grazing, harvest, or soil disturbance, which can further amplify short-term emission responses. Thus, DII should be interpreted460

as a vegetation-derived proxy for broader disturbance states associated with management-driven biogeochemical responses,

rather than as evidence that canopy reduction directly regulates N2O or CH4 production.

4.3 Mechanistic Interpretation and Scaling Implications

The flux-dependent contribution of RS-derived information reflected distinct regulatory mechanisms across water, carbon, and

non-CO2 fluxes. For LE, the dominance of meteorological variables indicated that daily LE fluxes in Swiss agroecosystems op-465

erated largely within an energy-driven regime under humid temperate conditions (Jung et al., 2010; Nelson et al., 2018, 2024;

Williams et al., 2012). In croplands (Figure 9), LE showed comparatively stronger sensitivity to LAI because crop emergence,

canopy development, harvest, and bare soil periods produced pronounced seasonal variation in canopy structure. Such transi-

tions strongly regulate the partitioning between soil evaporation and plant transpiration (Kelliher et al., 1995). Increasing LAI

suppresses soil evaporation through shading while enhancing transpiration via increased canopy conductance, thereby altering470

LE partitioning even under similar atmospheric forcing (Jia et al., 2026). In contrast, grasslands maintained relatively contin-

uous canopy cover and recovered rapidly following defoliation, resulting in weaker effective variation in canopy structure and

consequently lower sensitivity of LE to LAI. Notably, irrigation is negligible in Switzerland and was therefore not considered.

In arid and semi-arid regions where irrigation is a major management component, water inputs can substantially alter soil

moisture, plant functioning, and associated GHG fluxes. Extending this framework to such systems would therefore require475

explicit representation of irrigation, for example through high-resolution LE or soil moisture products (Mwangi et al., 2026).
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For NEE, RS-derived vegetation information reflected canopy development and vegetation transitions that regulate the bal-

ance between photosynthesis and respiration (Yin et al., 2020). In croplands, these variables tracked systematic changes in

canopy structure associated with pronounced crop growth cycles, interrupted by bare soil periods after harvest and before

sowing (Figure 9), which strongly constrained carbon uptake and release (Gottschalk et al., 2024). In grasslands, however,480

carbon exchange was less tightly linked to seasonal vegetation dynamics because canopy cover persisted throughout much of

the growing season. Although canopy structure was frequently modified by management, such as mowing and grazing, it was

rapidly restored, resulting in relatively small effective variation in vegetation state over time (Wang et al., 2026). As a result,

vegetation information provided a stronger constraint on NEE in croplands than in grasslands.

For N2O and CH4, the analyses suggested an additional layer of regulation associated with the interaction between discrete485

management events and antecedent environmental conditions (Figure 8). Emission peaks were frequently linked to fertil-

ization, grazing, vegetation removal, and rainfall pulses (Feigenwinter et al., 2023a; Maier et al., 2025; Rivera and Chará,

2021; Wu et al., 2017; Zhang et al., 2021). The importance of temporally aggregated meteorological variables therefore likely

reflected environmental memory rather than instantaneous forcing alone (Zhu et al., 2026). Multi-day air temperature repre-

sented antecedent thermal conditions that regulate microbial activity (Dennis et al., 2019), whereas aggregated precipitation490

partly reflected antecedent wetness conditions controlling gas diffusion and anaerobic microsite persistence for denitrification.

Together, these results suggested that non-CO2 fluxes were governed not only by meteorological variability, but by the temporal

alignment between favorable environmental states and discrete management disturbances.

More broadly, this driver attribution addressed our fourth objective, showing that RS-derived vegetation and management

information can provide proxies for ecosystem states and disturbance dynamics relevant to agroecosystem flux variability,495

thereby supporting monitoring approaches beyond sites with detailed field management records.

5 Conclusions

Understanding how agricultural management interacts with meteorological forcing to regulate water and greenhouse gas fluxes

remains a central challenge in ecosystem modeling, particularly because incomplete management records limit accurate bud-

get estimation. This study showed that the value of integrating remotely-sensed vegetation and management indicators was500

fundamentally flux-dependent, revealing a clear hierarchy of controls across Swiss grassland and cropland systems. While

daily evapotranspiration was primarily constrained by atmospheric demand and energy availability, carbon dioxide, nitrous

oxide, and methane fluxes were additionally shaped by antecedent meteorological conditions, vegetation state, and the timing

and intensity of management events. By explicitly incorporating satellite-derived vegetation dynamics and disturbance sig-

nals, the proposed framework disentangled the relative roles of climate forcing and management-driven ecosystem states in505

regulating flux variability. Beyond improving predictive performance, these results highlight the broader potential of remote-

sensing-informed management representations for monitoring agricultural greenhouse gas fluxes. Satellite observations provide

a pathway for regional monitoring of agroecosystem fluxes and the reconstruction of historical management regimes. Future

advances integrating high-resolution remote sensing with hybrid process–data approaches, improved soil moisture constraints,
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and multi-sensor observations will further strengthen the attribution of management effects on ecosystem fluxes. Such advances510

are critical for building next-generation monitoring frameworks capable of supporting climate mitigation strategies, sustainable

agricultural management, and transparent reporting of agricultural emissions under accelerating environmental change.

Code and data availability. In situ measurements are available from the ICOS Data Portal and the ETH Research Collection. Sentinel-2

Level-2 surface reflectance products are publicly available from the Copernicus Data Space Ecosystem. The Sentinel-2–based mowing de-

tection algorithm used in this study is implemented within the FORCE framework and is available at https://github.com/davidfrantz/force-udf/515

tree/main/python/ts/mowingDetection (last access: 15 June 2026). The in situ flux data processing is documented in a representative pipeline

at https://holukas.github.io/dataset_ch-cha_flux_product/intro.html (last access: 15 June 2026). The additional analysis scripts developed for

this study are available from the corresponding author upon reasonable request.

Appendix A: Evaluation of Remotely-Sensed Defoliation Event Detection

The EVI-based defoliation detection method showed low commission error, with most detected events matching recorded520

mowing activities (Figure A1a). However, the algorithm appeared relatively conservative and failed to detect some mowing

or grazing events. Therefore, the development of an index to quantify mowing intensity remains necessary. Moreover, due to

the lack of Sentinel-2 observations during prolonged cloudy periods in winter, multi-day winter grazing events are typically

missed.
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Figure A1. Evaluation of the RS-based defoliation detection at the CH-Cha site. (a) EVI time series from 2016 to 2024, with RS-detected

defoliation events matched to site records shown in blue, site-recorded defoliation events not detected by RS shown in grey, and the detected

renewal event highlighted in red; site-recorded events without valid EVI observations within ±10 days were not annotated. (b) EVI recovery

following site-recorded defoliation events. (c) EVI recovery following RS-detected events. In (b) and (c), grey points show individual EVI

observations, the solid blue line shows the daily median, and the shaded area shows the interquartile range; a ±3-day temporal mismatch

tolerance was allowed when comparing RS-detected and site-recorded events. Red points indicate EVI observations after the August 2021

renewal event.

The EVI recovery following site-recorded mowing or grazing showed a clear swoosh-shaped pattern (Figure A1b). EVI525

continued to decline during the first few days after the recorded management event, likely because harvested grass was often

left on the ground to dry before removal, producing a delayed minimum in the vegetation signal. A consistent recovery phase

started after approximately 3–5 days. The recovery trajectory based on RS-detected events showed a similar overall pattern, but

was shifted slightly later by about 3 days (Figure A1c). This shift was expected because the RS detection relied on a sufficiently

strong post-defoliation spectral signal, which may become most apparent only after the cut biomass had dried or after the next530

valid satellite observation. The red recovery trace in Figure A1b–c corresponds to the August 2021 renewal event, which was

a significant defoliation event; thus, the related EVI values are scattered.
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Appendix B: Sensitivity of DII to Spatial Window Size

Because the Defoliation Intensity Index (DII) is derived from spatial aggregation of EVI within a defined neighborhood, its

behavior depends on the selected spatial window size. A window that is too small may not adequately represent the local back-535

ground vegetation state, whereas an overly large window may reduce comparability with site-level conditions and introduce

confounding effects from terrain heterogeneity, mixed land cover, or management regimes unrelated to the flux footprint. To

evaluate the sensitivity of DII to spatial window size, we varied the diameter of the spatial window from 200 m to 5000 m (Fig-

ure B1). For each diameter, DII was recalculated and incorporated into the modeling framework, and predictive performance

was assessed using R2 for each flux type across grassland and cropland systems.540

Figure B1. Sensitivity of model performance (R2) to the spatial window diameter used in the Defoliation Intensity Index (DII) calculation

for grassland (GRA) and cropland (CRO) systems.

The sensitivity analysis showed that the influence of spatial window size varied across flux variables and ecosystem types.

LE, NEE, and CH4 showed limited sensitivity to the selected window size, whereas N2O showed the strongest response. For

LE, model performance remained nearly constant across all tested diameters, reflecting the dominant role of meteorological
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forcing in controlling latent heat flux. NEE and CH4 also showed relatively stable R2 values once the window diameter

exceeded several hundred meters, indicating that the vegetation and management signals captured within these spatial scales545

were sufficient to represent much of their variability.

In contrast, N2O flux exhibited stronger sensitivity to the spatial window size. Model performance increased with increasing

diameter up to a certain scale, beyond which it stabilized or slightly declined. The optimal spatial scale differed between

ecosystem types: for grasslands, model performance was highest and most stable at approximately 1 km diameter, whereas for

croplands the optimum shifted toward approximately 2 km. This difference likely reflected contrasting landscape structure and550

management scales between the two systems. Grassland sites are often embedded in more heterogeneous terrain, where smaller

windows better preserve local representativeness. Cropland sites are generally located in flatter lowland landscapes with larger

management units, where broader windows better capture the relevant background vegetation state.

Based on this analysis, a 1 km diameter was adopted for grassland sites and a 2 km diameter for cropland sites. This window-

size selection should be interpreted as site-specific to the Swiss FluxNet sites used here; the optimal spatial scale may differ in555

other regions with different field sizes, terrain conditions, crop types, and management regimes.

Appendix C: Selected XGBoost parameter schemes

Final XGBoost parameter schemes were selected separately for each target variable and for grassland and cropland models

(Table C1). Parameter selection was conducted independently. Although tuning was initially conducted for each scenario, the

selected parameter sets were similar across scenarios; therefore, for final reporting, we adopted one parameter scheme per560

target variable and ecosystem type to avoid introducing additional variability and to enable a straightforward comparison of

model performance. The optimal scheme was identified based on repeated site-stratified cross-validation (10-fold, 5 repeats),

using R2 summarized by the criterion of mean minus half standard deviation.

Table C1. Selected XGBoost parameter schemes for grassland and cropland models.

Grassland Cropland

Parameter LE NEE N2O CH4 LE NEE N2O CH4

n_estimators 200 200 400 400 200 400 400 400

learning_rate 0.03 0.03 0.02 0.02 0.03 0.02 0.02 0.02

max_depth 3 3 7 7 4 8 8 8

min_child_weight 10 10 4 4 6 3 3 3

subsample 0.55 0.55 0.75 0.75 0.65 0.80 0.80 0.80

colsample 0.55 0.55 0.75 0.75 0.65 0.80 0.80 0.80

gamma 10 10 2 2 5 1 1 1

λ 20.0 20.0 5.0 5.0 10.0 3.0 3.0 3.0

α 8.0 8.0 1.0 1.0 4.0 0.5 0.5 0.5
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The selected hyperparameter regimes showed broadly consistent grouping across flux types. LE and NEE generally favored

relatively constrained configurations, whereas N2O and CH4 fluxes required more flexible regimes with deeper trees, weaker565

regularization, and longer boosting. For LE and NEE, the optimal configuration was characterized by shallow trees (max

depth = 3), strong regularization (high γ, λ, and α), and moderate boosting length. This combination indicated that model

performance was maximized under a constrained representation, suggesting that the dominant relationships can be captured by

relatively smooth and low-complexity functions.

In contrast, for both N2O and CH4 fluxes, a more flexible configuration was selected, including deeper trees (max depth570

= 7), reduced regularization, and longer boosting with a smaller learning rate. This regime allowed the model to capture

stronger nonlinearity and interaction effects, which are required to reproduce the variability in these fluxes. Lower values of

min_child_weight in the N2O and CH4 models allowed splits based on smaller subsets of samples, which facilitated the

representation of rare but high-magnitude events. In contrast, higher values selected for LE and NEE enforced splits supported

by larger sample sizes, leading to smoother predictions and improved generalization.575

The contrast in selected hyperparameter regimes between LE/NEE and N2O/CH4 was consistent with differences in their

statistical characteristics. LE and NEE typically exhibited smoother temporal dynamics and comparatively stable distributions,

which could be effectively captured using strongly regularized, low-complexity models. In contrast, N2O and CH4 fluxes were

characterized by higher variability, pronounced skewness, and intermittent high-magnitude events. Capturing such behavior

required more flexible model configurations, including deeper trees, reduced regularization, and longer boosting, allowing the580

model to represent nonlinear interactions and extreme responses.

Appendix D: Evaluation of Sentinel-2 Temporal Interpolation

Temporal discontinuity of RS drivers introduces two related limitations. First, optical RS acquisitions are irregular and pref-

erentially occur under clear-sky conditions, which can over-represent high-radiation periods and under-sample cloudy or tran-

sitional conditions (Jia et al., 2024). Because incoming radiation strongly controls both LE and NEE, this sampling structure585

can bias the representation of continuous flux dynamics. Second, the temporal gaps between acquisitions limit the ability to

resolve rapid vegetation and management-induced changes. To obtain daily coverage and reduce this sampling bias, RS prod-

ucts were temporally interpolated. Although this step enabled continuous flux modeling, its influence on model performance

and uncertainty required further evaluation.

The sensitivity analysis illustrated why interpolation cannot simply be omitted (Figure D1). Under the same training and590

evaluation protocol, the model retained some seasonal correspondence at available RS acquisition dates, but predictive skill

deteriorated and large temporal gaps remained at CH-Cha. However, restricting the analysis to actual RS acquisition dates

reduced the number of valid prediction days and left large temporal gaps. Thus, omitting interpolation replaced interpolation-

related smoothing with sparse and biased sampling, rather than removing uncertainty. Improved high-resolution RS time-series

reconstruction, including multi-sensor fusion and advanced gap-filling approaches (e.g., temperature response curve–based595
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reconstruction (Tschurr et al., 2025)), will therefore be needed to better capture short-lived flux responses associated with

management disturbances.

Figure D1. Same as Figure 7, but using non-interpolated RS records for model training and prediction.
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