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Abstract 16 

Terrestrial evapotranspiration (ET) is widely mapped as a flux, but the vegetation–atmosphere 17 

coupling regime that regulates it, commonly summarized by the decoupling coefficient (Ω), is 18 

rarely represented in gridded data products. Existing Ω estimates are largely restricted to flux-tower 19 

studies, leaving a gap in long-term, spatially continuous, observation-constrained Ω data for the 20 

contiguous United States (CONUS). Here, we present a gridded Ω dataset for CONUS from 1982 21 

to 2020 at 0.1° spatial and 8-day temporal resolution. The dataset was generated by combining 22 

tower-derived Ω estimates from 74 AmeriFlux sites with gridded meteorological, vegetation, and 23 

surface predictors in a specific plant-functional-type (PFT) physics-informed machine learning 24 

(PIML) framework. Product reliability was assessed using site-level cross-validation, comparison 25 

with a direct machine learning benchmark, feature extrapolation diagnostics, Monte Carlo 26 

uncertainty propagation, and pixel-level quality-control flags. The PIML model reproduced tower-27 

derived Ω at withheld sites with a pooled coefficient determination (R2) of 0.77 and root mean 28 

square error (RMSE) of 0.13, and showed clearer gains over direct ML under high extrapolation 29 

risk. The gridded product captured expected differences among PFTs, with higher Ω in croplands 30 

and lower Ω in open shrublands and savannas, while retaining substantial within-PFT spatial and 31 

seasonal variability. Each annual NetCDF file includes three main variables: Ω estimates (‘omega’), 32 

associated uncertainty (‘omega_unc’), and quality-control flags (‘QC_flag’). The dataset is 33 

available at https://doi.org/10.5281/zenodo.21670853 (Xiong and Feng, 2026). 34 

  35 
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1 Introduction 36 

Terrestrial evapotranspiration (ET) links the water, energy, and carbon cycles, and plays a central 37 

role in land-atmosphere feedbacks and ecosystem functioning (Good et al., 2015; Yang et al., 2023). 38 

However, maps of ET magnitude alone do not reveal the coupling regime that governs water 39 

exchange between vegetation and the atmosphere. Jarvis and McNaughton (1986) introduced the 40 

vegetation–atmosphere decoupling coefficient (Ω) to quantify this regime. Ω values approaching 0 41 

indicate strong coupling to the atmosphere, under which ET is more sensitive to surface 42 

conductance (gs) and atmospheric demand, whereas Ω values approaching 1 indicate increasing 43 

decoupling and greater control by available energy. By integrating gs and aerodynamic conductance 44 

(ga) within the Penman–Monteith (P–M) framework, Ω provides a concise process-based 45 

diagnostic of vegetation–atmosphere exchange across biomes (Peng et al., 2019). It has therefore 46 

been widely used to diagnose controls on ET and evaluate their representation in land surface 47 

models (Li et al., 2026; Zhang et al., 2022; Di et al., 2024), and to inform water resources 48 

management (Anderson et al., 2011). 49 

Observational studies have provided important insights into the variability and controls of Ω across 50 

ecosystems, but these estimates remain largely limited to flux-tower sites and multisite syntheses 51 

(Alves et al., 2022; Zhang et al., 2022). These studies show that Ω varies substantially across 52 

seasons, years, and ecosystems in response to canopy development, atmospheric demand, and 53 

hydroclimatic conditions. For instance, eddy-covariance (EC) observations have revealed 54 

pronounced seasonal and drought-related variations in Ω in individual ecosystems, including Scots 55 

pine forests and subtropical mangroves (Zha et al., 2013; Barr et al., 2014). At a broader scale, a 56 

synthesis across 21 tropical sites identified systematic differences in Ω along hydroclimatic 57 

gradients (Fisher et al., 2009). However, tower-derived Ω estimates are confined to local, 58 

temporally varying flux footprints and may not adequately represent the larger, heterogeneous grid 59 

cells used in satellite and model products (Chu et al., 2021). Consequently, site observations alone 60 

cannot resolve spatial distribution and temporal variability of Ω across climate zones and plant 61 
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functional types (PFTs) over heterogeneous landscapes. Extending these observations to regional 62 

scales therefore requires integrating tower-derived Ω estimates with spatially continuous 63 

environmental information from remote sensing and reanalysis datasets. Such a gridded product 64 

would enable regional diagnosis of how vegetation–atmosphere coupling varies across 65 

hydroclimatic conditions and evaluation of its representation in land surface models (LSMs; 66 

Novick et al., 2016).  67 

A recent global dataset characterizes land–atmosphere coupling using metrics of soil-moisture 68 

control on surface heat fluxes and soil-moisture memory, but it does not quantify the vegetation–69 

atmosphere coupling regime represented by Ω (Tavakoli and Dirmeyer, 2026). Thus, despite recent 70 

progress in gridded land–atmosphere diagnostics, no long-term, spatially continuous, tower-71 

constrained Ω product is currently available. Recent advances in machine-learning-based flux 72 

upscaling have demonstrated the feasibility of translating eddy-covariance observations into 73 

spatially continuous estimates of ecosystem fluxes, such as ET and gross primary production (GPP), 74 

by integrating tower measurements with gridded datasets (Jung et al., 2010, 2019; Mu et al., 2013; 75 

Beer, 2010; Xiao et al., 2026). However, compared with upscaling ET or GPP, for which the flux 76 

estimate itself can serve as the prediction target, constructing a process-based Ω field requires 77 

explicit representation of both gs and ga, because Ω depends directly on their ratio within the P–M 78 

framework. gs schemes generally require empirical parameterizations of vegetation responses to 79 

atmospheric demand and soil-moisture availability, and alternative formulations can produce 80 

different gs and hence Ω estimates, particularly under water-stressed conditions (Han et al., 2023; 81 

Bonan et al., 2014; De Kauwe et al., 2015). ga is likewise sensitive to roughness length and 82 

displacement height, which vary with canopy height (Peng et al., 2019), leaf area, and structural 83 

heterogeneity but are commonly approximated using static or PFT-level relationships (Maurer et 84 

al., 2015). Beyond these parameterization uncertainties, scale mismatches between dynamic EC 85 

footprints and gridded environmental datasets can introduce additional uncertainty when 86 

transferring tower-derived Ω estimates to regional scales (Chu et al., 2021; Zhang et al., 2022). 87 
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Pure data-driven machine learning (ML) can bypass explicit gridded gs and ga parameterization by 88 

learning directly from tower-derived Ω, but predictive skill estimated within sampled 89 

environmental conditions may not transfer to regions or periods outside the training domain, and 90 

unconstrained models do not automatically preserve physical bounds or known process 91 

relationships (Reichstein et al., 2019; Shen et al., 2023).  92 

These challenges highlight the need for an upscaling framework that combines physical knowledge 93 

with the flexibility of data-driven approaches. Physics-informed ML (PIML) provides such a 94 

framework by combining a physically interpretable prior with data-driven correction (Zhao et al., 95 

2019; Eyring et al., 2024). Previous hybrid approaches have incorporated the P–M equation directly 96 

within ML architectures to infer physiological or aerodynamic parameters (ElGhawi et al., 2023). 97 

In this framework, a prior physical estimate of Ω (Ωphys) is first derived from simplified vegetation–98 

atmosphere exchange theory, and ML models are then trained to estimate the residual between 99 

tower-derived Ω observations (Ωobs) and Ωphys. The final estimate is obtained as Ω = Ωphys + δML 100 

and constrained within the physically meaningful range of 0–1. This design retains an explicit link 101 

to conductance theory while allowing machine learning to capture nonlinear, PFT-specific 102 

deviations arising from parameter uncertainty, environmental variability, and scale mismatch. 103 

Here, we present an observation-constrained gridded dataset of Ω across the contiguous United 104 

States (CONUS) during 1982–2020 at 0.1° spatial resolution and 8-day temporal resolution. 105 

CONUS provides a suitable domain for developing and evaluating such a product because it spans 106 

broad hydroclimatic gradients and diverse PFTs and is supported by a comparatively dense network 107 

of long-term AmeriFlux observations. This combination allows PFT-specific relationships to be 108 

developed across diverse environmental conditions and their transfer to previously unseen 109 

locations to be evaluated through cross validation. Using tower-derived Ω estimates from 74 110 

AmeriFlux sites representing 8 major PFTs, we combined these observations with geospatial 111 

predictors from remote sensing, reanalysis, and ancillary land surface datasets within the PFT-112 

specific PIML upscaling framework. In addition to the primary Ω estimates, we provide Monte 113 
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Carlo-propagated input-uncertainty estimates and pixel-level quality-control (QC) information and 114 

supporting metadata to facilitate transparent downstream use. We describe the derivation and 115 

gridded implementation of Ω, evaluate out-of-site predictive performance and feature-space 116 

transfer, quantify propagated input uncertainty and product completeness, and characterize the 117 

product’s spatial, seasonal, and interannual behavior to guide ecohydrological applications and the 118 

evaluation of land surface models. 119 

2 Data sources 120 

2.1 Eddy-covariance data and site selection 121 

AmeriFlux is a network of eddy-covariance sites providing half-hourly or hourly observations of 122 

ecosystem carbon, water, and energy fluxes across the Americas (Chu et al., 2023). Using this 123 

observation network, we selected eight PFTs: croplands (CRO), grasslands (GRA), evergreen 124 

needleleaf forests (ENF), deciduous broadleaf forests (DBF), open shrublands (OSH), mixed 125 

forests (MF), savannas (SAV), and woody savannas (WSA). Based on the MODIS MCD12Q1 126 

IGBP land-cover classification, these eight PFTs together accounted for more than 95% of the 127 

vegetated within CONUS. To balance temporal coverage against site availability, we applied two 128 

sets of initial screening criteria. For the five more extensively sampled PFTs (CRO, GRA, ENF, 129 

DBF, and OSH), each represented by at least 10 candidate sites, individual sites were required to 130 

be located within CONUS and to have a nominal observational record of at least 10 years. For the 131 

three less extensively sampled PFTs (MF, SAV, and WSA), we required at least three candidate 132 

sites per PFT and a nominal observational record of at least 5 years per site. Other PFTs were 133 

excluded because of their limited areal coverage within the study domain and insufficient numbers 134 

of sites meeting the record-length requirements. This initial screening identified 78 candidate sites. 135 

The 78 candidate sites were then screened for the availability and quality of the variables required 136 

to derive tower-based Ω, calculate the physical prior, and train the ML models. US-SP2, US-SP3, 137 

US-Var, and US-Syv were excluded because extensive data gaps resulted in insufficient valid 138 
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samples after quality control and 8-day aggregation. Consequently, 74 sites were retained for the 139 

subsequent derivation of tower-based Ω, model training, and independent evaluation (Fig. S1, 140 

Table S1). 141 

2.2 Evapotranspiration products and derivation of latent heat flux  142 

To provide the upscaling models with information on realized land-surface water and energy 143 

exchange, we included gridded latent heat flux (LE) as a predictor. Because ET estimates differ 144 

among products, we used two long-term gridded datasets covering 1982–2020, GLEAM 4.3a at 145 

0.1° daily resolution (Miralles et al., 2025) and GLASS-AVHRR v5.0 at 0.05° and 8-day resolution 146 

(Yao et al., 2026) to reduce dependence on any single product. ET from each product was converted 147 

to mean LE (W m−2) using the latent heat of vaporization (λ) and its native temporal unit. The two 148 

LE estimates were averaged at each grid cell, with the available estimate retained when one product 149 

was missing. 150 

2.3 Land cover type, LAI and canopy height 151 

Annual land-cover type was obtained from the ESA Climate Change Initiative and Copernicus 152 

Climate Change Service land-cover series (version 2.1.1; Copernicus Climate Change Service, 153 

2019). It provides annual global land-cover classification at a spatial resolution of 300 m. The 154 

original 300 m land-cover classes were reclassified into the eight PFTs used in this study according 155 

to the crosswalk in Table S2 and were subsequently aggregated to the 0.1° product grid by assigning 156 

the modal PFT within each grid cell. Each 0.1° grid cell was assigned the PFT occupying the largest 157 

fraction of the underlying 300-m land-cover pixels. No minimum dominant-PFT fraction threshold 158 

was imposed. Because temporally consistent land-cover data were unavailable before 1992, the 159 

1992 map was assigned to 1982–1991, thereby assuming unchanged land cover during this pre-160 

1992 interval. 161 

Leaf area index (LAI) was obtained from GIMMS LAI4g V1.2 (Cao et al., 2023). This product 162 

provides half-monthly LAI at 1/12° resolution from 1982 to 2020. Its quality flags, fill values, and 163 
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scale factor were applied before spatial and temporal harmonization. 164 

Forest canopy height was obtained from the global forest canopy height dataset of Potapov et al. 165 

(2021). Annual forest canopy height for 1982–2020 was reconstructed by combining the canopy-166 

height data with forest-age information from the GAMI v2 Forest Age Dataset (Besnard et al., 167 

2024). For each 0.1° forest grid cell, an empirical relationship between forest age and canopy height 168 

was constructed from the corresponding high-resolution subpixels and was used to reconstruct 169 

annual canopy height (Fig. S2). Reconstructed forest height was used to parameterize aerodynamic 170 

conductance in the estimate of Ω. For short vegetation, prescribed default canopy height values 171 

were used instead. 172 

2.4 Meteorological forcing, land-surface variables, and atmospheric CO₂ 173 

Meteorological and land-surface variables other than LAI and LE were obtained from ERA5-Land, 174 

which provides daily fields on a regular 0.1° grid (Hersbach et al., 2020). We extracted surface 175 

downward shortwave radiation (Rg), 2-m air temperature (Ta), 2-m dewpoint temperature (Tdew), 176 

10-m u and v wind (WS), total precipitation (Pr), and soil water content (SWC) in soil layer 1 (0−7 177 

cm). No vertical transformation of 10-m u to a canopy-relative reference height was applied in the 178 

baseline calculation. After unit conversion, these variables were aggregated to the common 8-day 179 

interval and were used as gridded predictors to the estimate of Ω. Horizontal WS was calculated 180 

from the native wind components as √u2+v2 before temporal aggregation. Vapor pressure deficit 181 

(VPD) was calculated from Ta and Tdew.  182 

Daily atmospheric CO2 dry-air mole fractions were obtained from the Mauna Loa record 183 

maintained by the NOAA Global Monitoring Laboratory (Pétron et al., 2026) and were expressed 184 

in parts per million (ppm). Missing daily values were linearly interpolated, and the resulting series 185 

was then averaged within each 8-day period. Because the record was used to represent background 186 

CO2, the same 8-day value was assigned to all CONUS grid cells. 187 
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2.5 Gridded predictor preprocessing 188 

All gridded inputs (Table S3) were aligned to a common 0.1° regular latitude–longitude grid 189 

covering CONUS. Continuous meteorological and satellite fields were resampled by bilinear 190 

interpolation. High-resolution vegetation-structure data were aggregated by spatial averaging, 191 

whereas annual land cover was aggregated by the modal class. Product-specific quality flags, scale 192 

factors, fill values, units, and physically implausible values were handled before spatial and 193 

temporal harmonization.  194 

Tower-derived Ω estimates and gridded predictors were harmonized to a common 8-day calendar 195 

for model training, validation, and CONUS-wide reconstruction. Each calendar year was 196 

represented by 46 nominal 8-day periods defined using a consistent day-of-year sequence. The two 197 

half-monthly LAI values in each month were first assigned to their source periods and linearly 198 

interpolated to daily values; LAI was then averaged within each 8-day prediction period. Other 199 

variables were aggregated to the same periods using variable-specific temporal operators, with state 200 

and mean-flux variables averaged and precipitation accumulated over each period. Units, scale 201 

factors, fill values, and missing-value codes were standardized before model training and gridded 202 

prediction. The same daily-date definition was used for tower observations and gridded predictors. 203 

The same aggregation windows and time stamps were applied to tower-derived Ω and all gridded 204 

predictors to ensure temporal consistency. 205 

3 Methods 206 

We integrated flux-tower observations, site metadata, meteorological and vegetation predictors, 207 

and a physically based Ω prior to generate an 8-day, 0.1° CONUS Ω product for 1982−2020. Raw 208 

EC records were processed at their native temporal resolution, including nighttime-record 209 

exclusion, energy-balance closure correction, and Ω derivation. All targets, physical estimates, 210 

predictors, and model outputs were then aggregated into common 8-day windows. A site-level 211 

validation framework is then used to compare the direct ML and PIML. After validation, final 212 
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PIML models are trained and applied to gridded predictors to produce Ω estimates, quality-control 213 

layers, uncertainty diagnostics, and summary products for spatial, seasonal, and interannual 214 

analyses. To ensure consistency between model development and regional reconstruction, the same 215 

gridded predictor products, preprocessing procedures, units, and 8-day temporal definitions were 216 

used for both site-level model training and CONUS-wide prediction. The detailed workflow is 217 

illustrated in Fig. 1. 218 

3.1 Derivation of site-level Ω 219 

We first excluded nighttime records before deriving site-level Ω. Given the energy balance closure 220 

problem in EC flux measurements, where the sum of latent heat (LE) and sensible heat (H) does 221 

not match the surface net available energy (Feng et al., 2017; Feng et al., 2019), we applied an 222 

energy-balance correction to LE following the method outlined by Jiang et al. (2023). The residual 223 

energy (εcorr) was defined as the imbalance between net radiation (Rn) and the sum of turbulent and 224 

ground heat fluxes (G). This εcorr was then redistributed proportionally to both the LE and H based 225 

on their measured ratio. The energy stored in biomass and soil as well as the energy used in 226 

photosynthesis were not determined because the energy storage changes are usually small at 8-d 227 

timescales and can be, therefore, neglected (Leuning et al., 2012). For handling timestamps where 228 

the correction could not be calculated due to missing data, we used the high-quality (fqc = 0 or 1), 229 

gap-filled LE flux calculated by the REddyProc tool. For CRO sites, we retained only observations 230 

from the crop growing season, defined as periods when GPP exceeded 15% of the annual maximum 231 

GPP, thereby excluding post-harvest bare-soil periods that do not represent vegetation–atmosphere 232 

coupling of the active crop canopy. 233 

We calculated surface conductance (gs), aerodynamic conductance (ga), and Ωobs at half-hourly 234 

level, which were then aggregated to daily values. The daily Ωobs estimates were subsequently 235 

averaged within fixed 8-day windows aligned with the gridded predictor data. The observed gs 236 

values of each site can be inverted from the P-M equation: 237 
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Where ρ is air density (kg m−3), Cp is the specific heat capacity of air (J kg−1 °C−1), γ is the 239 

psychrometric constant (kPa °C−1), Δ is the slope of the saturation vapor pressure versus air 240 
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obs

ag  (m s−1) is calculated by the Monteith-Unsworth equation 241 

(Monteith and Unsworth, 2013): 242 

1

2/3

2
6.2obs

a

u
g u

u

−

−





 
= +  
 

                             (2) 243 

Where u is the horizontal wind speed (m s−1), and u* is the friction velocity (m s−1). 244 
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Following Jarvis and McNaughton (1986), the P-M equation can be rewritten as the weighted sum 246 

of equilibrium and imposed LE flux: 247 

Ω (1 Ω)eq impLE LE LE= + −                          (4) 248 

where, 249 

( )
Δ

,
Δ

p s

eq n imp

C Dg
LE R G L

VP
E



 
= − =

+
                 (5) 250 

Here, LEeq represents the energy-limited equilibrium component, whereas LEimp represents the 251 

component imposed by atmospheric demand and surface conductance. When Ω values approach 1, 252 

ET is primarily controlled by the available energy (Rn-G). On the contrary, when values approach 253 

0, ET is mainly controlled by atmospheric demand and gs, indicating a strong influence of VPD 254 

and the vegetation in the control of ET. 255 
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3.2 PFT-specific physics-informed machine learning framework 256 

We then incorporated the site-level Ω into a PIML framework. Ωobs was derived from tower 257 

observations, whereas Ωphys was calculated using gridded meteorological, vegetation, and surface-258 

parameter inputs extracted from the corresponding grid cell. Ωphys was first calculated at the daily 259 

scale and then averaged over the same 8-day windows used for Ωobs. The learning target was 260 

defined as the residual (δ) between Ωobs and Ωphys, allowing the model to preserve the physical 261 

dependence of ET on gs and atmospheric forcing while correcting systematic, PFT-specific 262 

deviations from the theoretical estimate. ga is computed from the logarithmic wind profile (Jarvis, 263 

1976): 264 

( ) ( )

2
phys

/ /

z
a

m om oh h

k u
g

ln z d z ln z d z
=

− −      

                    (6) 265 

max(10, 10), max(2, 2)m hz h z h= + = +                      (7) 266 

where zm and zh represent canopy-height-dependent effective reference heights used in the 267 

logarithmic geometry. d is the zero-plane displacement height, zom and zoh are the roughness lengths 268 

that govern the transfer of momentum and heat, k is the von Kármán constant (0.41), and uz is the 269 

wind speed measured at the height zm. Here, d, zom, zoh are estimated as d = 0.67h, zom = 0.123h, zoh 270 

= 0.1zom, where h is the canopy height (Allen et al., 1998). The effective reference heights in Eq. 271 

(7) were introduced to maintain valid logarithmic-profile geometry across vegetation PFTs. Forest 272 

canopy height was derived from the global forest canopy height dataset, whereas prescribed canopy 273 

heights were used for other non-forest vegetation types. gs is modeled following Jarvis-Stewart 274 

model (Jarvis, 1976; Stewart, 1988) as a function of various environmental factors, written as: 275 

( ) ( ) ( ) ( ), max, g

phys

s p p eff ag g LAI f R f T f VPD f =                  (8) 276 

where the subscript p denotes PFT; gmax,p is the maximum surface conductance (m s−1), here refer 277 

to the MERRA-GMAO parameter set from the MOD16 Algorithm Theoretical Basis Document 278 
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(Mu et al., 2013); the functions f(i) are scaling terms that reduce g max in response to changes in 279 

Rg (W m−2), VPD (kPa), Ta (°C) and SWC (θ, %), which was constrained to the interval [0,1] before 280 

being combined with gmax. LAIeff is the effective LAI, and can be calculated from LAI by the 281 

following equation (Bastiaanssen et al., 2012; Mehrez et al., 1992): 282 

0.3 1.2
eff

LAI
LAI

LAI
=

+
                            (9 283 

According to previous studies (Dickinson, 1984; Gentine et al., 2007; Jarvis, 1976; Jarvis and 284 

McNaughton, 1986; Noilhan and Planton, 1989; Sellers et al., 1986; Stewart, 1988), environmental 285 

stress factors f(Rg), f(Ta), f(D), and f(θ) are given by: 286 
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w
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where Topt is the optimal air temperature for plant transpiration depending on vegetation type, here 291 

refers to Xia et al. (2026). kRg and kD0 are coefficients and were here set at 500 W m−2 and 0.238 292 

(kPa−1), respectively (Cui et al., 2021); θc and θw are field capacity (cm3 cm−3) and wilting point 293 

(cm3 cm−3), derived from Gupta et al. (2023). 294 

The physical calculation does not explicitly represent all effects of vegetation structure, parameter 295 

variability, input-product bias, and spatial-scale mismatch. We therefore used tower-derived 296 

observations to estimate the remaining discrepancy through residual learning. For observation i 297 
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belonging to PFT p, the residual target was defined as: 298 

, , obs, , , ,= Ω Ωi p i p phy i p −Ω                             (14) 299 

A PFT-specific ML, Mp, was trained to estimate this residual: 300 

, , ,( )i p p i pM x =                                 (15) 301 

Where xi,p represents the predictor vector. The unconstrained corrected estimate was calculated as 302 

the sum of the Ωphys and the predicted δ. The final estimate was clipped to the physically admissible 303 

range: 304 

( ), , , Ω, ,Ω min 1 maˆ x 0, Ω ˆ
i p phys i p i p = +

 
，                         (16) 305 

The training, validation, and gridded implementation of the PFT-specific residual models are 306 

described in Methods 3.3. 307 

3.3 Model training, validation, and gridded prediction 308 

Model training was conducted separately for each PFT using the XGBoost algorithm, a gradient-309 

boosting approach widely applied in ecological and environmental modelling (Chen and Guestrin, 310 

2016; Lin et al., 2026). XGBoost hyperparameters were fixed across PFTs and were not tuned 311 

separately for individual types. Before training, each 8-day sample was paired with gridded 312 

meteorological, vegetation, and surface predictors extracted from the corresponding 0.1° grid cell. 313 

This tower-to-grid pairing means that the learned residual includes both physical-formulation bias 314 

and representativeness differences between EC footprints and 0.1° grid cells. Samples with missing 315 

target values or physically implausible predictor values were excluded before training. 316 

We trained two model configurations to benchmark the physics-informed formulation against a 317 

direct ML approach. Both models used the same base set of gridded environmental predictors (X), 318 

tower samples, site-blocked cross-validation splits, and parameterization. Direct ML predicted Ωobs 319 
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directly from X. In contrast, PIML model learned the δ = Ωobs – Ωphys using X together with Ωphys 320 

as predictors, and reconstructed the final estimate as Ω = Ωphys + δML. Thus, the comparison was 321 

intended to evaluate the complete PIML formulation relative to Direct ML, rather than to isolate 322 

the individual contributions of residual learning and the additional Ωphys predictor. This paired 323 

design therefore provides a benchmark of the complete PIML framework against a direct ML 324 

formulation under otherwise consistent training and validation conditions. 325 

Model performance was evaluated using site-blocked cross-validation. For each PFT, sites were 326 

randomly divided into five folds, with four folds used for training and the remaining fold used for 327 

validation. Each flux site was assigned entirely to one fold so that predictions were evaluated at 328 

sites excluded from model fitting. For WSA and MF, which were represented by fewer than five 329 

sites, the number of folds was set to the maximum feasible number of site groups. Sites located 330 

within 0.1° of each other were assigned to the same fold to reduce information leakage between 331 

nearby, potentially non-independent observations. Model performance against tower-derived Ωobs 332 

was quantified using coefficient of determination (R2), root mean square error (RMSE), mean 333 

absolute error (MAE) and bias based on the pooled out-of-fold predictions. 334 

We further examined model performance in relation to feature-space extrapolation risk. For each 335 

PFT and cross-validation split, the well-sampled range of each predictor was defined by the 5th–336 

95th percentile interval of the training samples. A held-out sample was marked as out of range for 337 

a predictor if its value fell outside this interval. The extrapolation-risk score was then calculated as 338 

the fraction of predictors outside the training range. Low-, medium-, and high-risk cases were 339 

defined by tertiles of this score across the cross-validation samples. Because tower observations 340 

were not available for the full 1982–2020 reconstruction period, this site-level validation mainly 341 

evaluates spatial transfer to unseen sites rather than temporal extrapolation to the early 342 

reconstruction period. 343 

After validation, final PFT-specific models were trained using all available tower samples and 344 
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applied to the 8-day, 0.1° gridded predictor fields across CONUS for 1982–2020. The final outputs 345 

included gridded Ω estimates, quality-control flags, and uncertainty diagnostics for subsequent 346 

spatial, seasonal, and interannual analyses. 347 

3.4 Uncertainty propagation and quality control 348 

Uncertainty in the gridded Ω product was estimated using a Monte Carlo (MC) propagation 349 

framework. The procedure was applied to the same 8-day predictor, CONUS vegetation mask, Ωphys 350 

calculation, and final δ correction models across PFTs used for the gridded prediction. For each 351 

grid cell and 8-day period, meteorological, vegetation, flux-related, and surface-parameter inputs 352 

were randomly perturbed according to prescribed uncertainty distributions. The perturbation 353 

scheme and one-standard-deviation magnitudes are summarized in Fig. S3a, b. 354 

For each MC realization, Ωphys was recomputed from the perturbed physical variables and 355 

parameters. The trained δ model was then applied to the predictor set, and the corrected Ω estimate 356 

was calculated using the same prediction workflow as the final product. This step ensured that 357 

uncertainty was propagated through both the physical Ω calculation and the ML δ correction. In 358 

the released product, the MC ensemble consisted of 100 realizations for each prediction step. The 359 

variable Ωunc represents the width of the MC uncertainty interval. It was calculated as the difference 360 

between the 95th and 5th percentiles of the ensemble Ω estimates for each grid cell and 8-day 361 

period. 362 

Pixel-level quality control was implemented during gridded prediction and stored as the variable 363 

‘QC_flag’ in the annual NetCDF files. Required predictors were checked before prediction, and 364 

pixels with missing or physically implausible input values were flagged. The unconstrained Ω 365 

estimates were also checked against the theoretical range of 0–1 before clipping. The released 366 

‘QC_flag’ variable uses four integer classes: 0 for valid estimates, 1 for missing or invalid predictor 367 

information, 2 for estimates outside the physical bounds before clipping, and 4 for pixels outside 368 

the target CONUS vegetation domain. This flag layer allows users to apply analysis-specific 369 
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screening criteria. For conservative applications, we recommend using only pixels with ‘QC_flag’ 370 

= 0; for applications requiring greater spatial or temporal coverage, flagged pixels can be retained 371 

with explicit consideration of their diagnostic meaning. 372 

4 Results 373 

4.1 Site observations and representativeness 374 

The 74 EC sites covered 8 PFTs across CONUS, but their distribution was uneven (Fig. 2a and 375 

Table S1). GRA (n = 16) and CRO (n = 13) had the largest number of sites, whereas MF and WSA 376 

were represented by only 3 and 4 sites, respectively. The network extended across western, central, 377 

and eastern CONUS, although several areas contained few or no sites (Fig. S1). At tower-level, 378 

observed Ω differed strongly among sites and vegetation types. Site-mean values ranged from 0.05 379 

to 0.86, with a median of 0.30. CRO had the highest PFT mean (0.64 ± 0.12), while OSH and WSA 380 

had the lowest means (0.13 ± 0.05 and 0.14 ± 0.03, respectively; Fig. 2a). DBF and GRA had 381 

similar PFT means, but GRA showed a much wider spread among sites. Clear within-PFT 382 

differences were also present for ENF and CRO (Fig. S4). The substantial within-PFT variability 383 

suggests that environmental conditions beyond vegetation classification are required to explain 384 

spatial variations in Ω. Thus, PFT categories were associated with broad contrasts in observed Ω, 385 

while substantial within-PFT variability remained.  386 

The available tower observations did not indicate a consistent directional change across the 387 

sampled sites (Fig. 2b). Positive and negative trends, quantified using Sen’s slope estimator and 388 

tested using the Mann–Kendall test, occurred at 37 and 37 sites, respectively, and the median slope 389 

was close to 0. Only 15 sites had significant trends (p < 0.05), including 7 positive and 8 negative 390 

trends. Most were found in ENF, DBF, and GRA, while no significant trend was detected for OSH, 391 

SAV, or WSA. However, the number of sites differed among PFTs, so these counts are not directly 392 

comparable and do not indicate differences in trend prevalence among PFTs. Opposite trends also 393 

occurred within the same PFT. The observed changes were therefore local rather than a consistent 394 
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shift across CONUS. 395 

4.2 Site-independent validation and extrapolation robustness 396 

The site-level test showed that PIML captured much of the 8-day variation in Ω at sites excluded 397 

from model training. Pre-clipping boundary violations were uncommon for both models. Among 398 

out-of-fold predictions, 0.90% of pooled PIML out-of-fold predictions and 1.15% of Direct ML 399 

predictions fell outside the physical range of [0,1]. Across the 74 sites, the pooled R2 was 0.77 and 400 

the RMSE was 0.13. Predictive performance was positive for all PFTs (Fig. S5), with variation 401 

among vegetation types: R2 exceeded 0.75 for ENF, OSH, and GRA, whereas lower values were 402 

found for DBF and WSA (Fig. 3b). The lower performance for some PFTs may partly reflect limited 403 

observational constraints, particularly for sparsely sampled ecosystems such as WSA and MF. Sites 404 

with longer records generally had higher skill (Spearman’s ρ = 0.56), while skill tended to decline 405 

as the observed mean Ω increased (ρ = −0.40; Fig. 3c). 406 

PIML and Direct ML had similar performance under the test (Fig. S6). Direct ML gave a slightly 407 

higher pooled R² than PIML (0.79 and 0.77, respectively), with a small difference in RMSE (0.12 408 

and 0.13). Both data-driven models substantially outperformed the simplified physical baseline, 409 

for which R2 was 0.34. The relative performance of the two data-driven models varied among PFTs. 410 

PIML performed better for ENF and MF, while the largest loss relative to Direct ML occurred for 411 

WSA. However, the relative advantage of PIML became more apparent as feature-space 412 

extrapolation risk increased (Fig. 4). Their performance was close in the low-risk class, where the 413 

mean difference in R² was 0.015 ± 0.004. The difference increased to 0.17 ± 0.04 in the high-risk 414 

tertile (extrapolation risk > 0.15). Median risk was higher for MF, GRA, and SAV, although the 415 

response varied among individual model runs (Fig. 4a–c). These PFTs generally have fewer flux 416 

sites or broader environmental distributions, increasing the likelihood that gridded predictors fall 417 

outside the conditions sampled by tower observations, with CO2, LAI, LE, and SWC being the 418 

main sources of risk (Fig. 4d).  419 
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The leading predictors also differed among PFTs (Fig. 3d). LE had the largest contribution for five 420 

of the 8 PFTs. Because Ω is derived from ecosystem water and energy exchange, this ranking 421 

represents predictive contribution within the model rather than an independent causal effect. 422 

Precipitation was most important for ENF, while DOY and Rg ranked first for WSA and SAV, 423 

respectively. The physical information (Ωphys) remained among the five leading predictors for DBF, 424 

OSH, SAV, and GRA. Predictor importance was therefore PFT-specific rather than common across 425 

vegetation types. As an additional product-consistency check, we further evaluated whether the 426 

reconstructed gridded Ω product reproduced tower-derived site characteristics. At the product scale, 427 

gridded and observed site means were correlated (R = 0.79; Fig. S7a), but the gridded values were 428 

lower on average (bias = −0.08; Fig. S7b). The negative bias was strongest for CRO and DBF. Site-429 

level trend agreement was more sensitive to record length: when all sites with at least five paired 430 

years were included, annual trends showed weak agreement, whereas restricting the comparison to 431 

long-record sites with at least 15 paired years improved the trend correlation (R = 0.66, Fig. S7c, 432 

d). 433 

4.3 Spatiotemporal patterns of the gridded Ω product 434 

The gridded product resolved clear spatial variation in long-term mean Ω across CONUS (Fig. 5a). 435 

Higher values occurred across the central cropland belt, the northern Great Plains, and parts of the 436 

eastern CONUS. Lower values were more common across the arid and mountainous West. The 437 

PFT means also differed. CRO had the highest mean Ω (0.53 ± 0.04, here only spatial SD). OSH 438 

and SAV had the lowest means (0.23 ± 0.08 and 0.24 ± 0.04, respectively). Considerable spatial 439 

variation remained within each PFT. The product therefore retained spatial information beyond the 440 

categorical PFT map. The main PFT differences remained through the 1982−2020 record (Fig. 5b, 441 

Figs. S8, S9). CRO stayed highest in all years, and WSA, DBF, ENF, MF, and GRA occupied a 442 

narrower middle range, while OSH and SAV were lower. Annual mean Ω changed little for most 443 

PFTs, but the long-term trends differed among groups (Fig. 5c, d). SAV increased by 0.006 decade−1 444 

(p < 0.01), and ENF increased by 0.0014 decade−1 (p < 0.001). WSA decreased by 0.004 decade−1 445 
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(p < 0.001). Trends in DBF, MF, OSH, GRA, and CRO were small and not significant. Pixel-level 446 

trends were more mixed than the PFT means, with positive values in 58% of valid grid cells and 447 

negative values in 42%. Areas of increase and decrease occurred within the same PFTs, especially 448 

across the western and central CONUS. Thus, the product represented local trend differences that 449 

were not apparent from PFT-level averages alone. 450 

Seasonal range varied across CONUS, with a median of 0.21 across valid grid cells (Fig. 6a). 451 

Larger ranges occurred in the western mountains, Great Plains, and cropland regions, whereas 452 

smaller ranges occurred in the Southwest and eastern forests. PFT seasonal cycles differed in 453 

magnitude and timing (Fig. 6b and c). CRO remained highest, SAV had the largest range with a 454 

mid-year maximum, WSA peaked early, and OSH and GRA peaked late. Seasonal trends also 455 

differed among PFTs (Fig. 6d). SAV increased and WSA decreased during most periods, while the 456 

other PFTs showed mixed or season-specific trends. Together, these results show that the product 457 

resolves spatial, annual, and seasonal variations in Ω rather than representing only long-term PFT 458 

means. 459 

4.4 Product uncertainty, completeness, and quality-control diagnostics 460 

The Monte Carlo (MC) represents uncertainty associated with the sampled inputs and parameters 461 

rather than total product uncertainty (Fig. S3c). The DBF and GRA examples had compact Ω 462 

distributions, whereas the CRO showed greater sensitivity to perturbations due to human 463 

interference possibly. The convergence test showed that the uncertainty estimate stabilized as the 464 

number of realizations increased (Fig. S3d). The median and mean ratios of uncertainty to the 100-465 

realization estimate approached 1.0 by about 40 realizations. The interquartile range across pixels 466 

also narrowed as the number of realizations increased. 467 

At the product scale, missing rate and MC uncertainty showed different spatial patterns (Fig. 7a 468 

and b). Most target grid cells had no missing 8-day estimates over 1982−2020. The median and 469 

95th percentile of the missing rate were both 0, although local maxima reached 1.0 in small western 470 
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patches. MC uncertainty was more spatially continuous. Its median was 0.15, with 90% of grid-471 

cell means between 0.09 and 0.18. The correlation between missing rate and MC uncertainty was 472 

weak (r = −0.02). Across the 8-day spatial means from 1982 to 2020, uncertainty was lowest for 473 

MF (0.08 ± 0.01, Fig. S10) and highest for CRO (0.17 ± 0.01) and DBF (0.16 ± 0.02). Mean 474 

uncertainty was 0.12 ± 0.02 for GRA, 0.13 ± 0.01 for OSH, 0.14 ± 0.02 for ENF and WSA, and 475 

0.14 ± 0.04 for SAV. Seasonal changes were larger than interannual variation, while annual PFT 476 

means showed no common long-term change. 477 

To retain information on physically implausible predictions masked by the final [0,1] constraint, 478 

we quantified the pre-clipping outside rate (Fig. 7c). The Low issue class accounted for 95.4% of 479 

the target domain, while High missing and Clipped issue cells accounted for 3.2% and 1.5%, 480 

respectively. Product completeness was highest for ENF (98.3%), followed by SAV and GRA (97.3% 481 

and 97.2%, Fig. 7d), and WSA had the lowest value (84.0%). These contrasts were mostly stable 482 

through the record (Fig. S11). WSA was the main exception, increasing from 0.72 in 1982 to 0.94 483 

in 2020, due to changes in the pixels classified as WSA in the annual land-cover data. Across the 484 

full domain, the annual low-issue fraction averaged 95.7% and ranged from 94.9% to 96.4%. 485 

Sensitivity to very low-LAI periods was small (Fig. S12). Masking periods with missing LAI or 486 

LAI ≤ 0.1 (Lian et al., 2022) removed 1.6% of otherwise valid estimates. The mean change in the 487 

CONUS annual mean Ω was −0.001. The largest absolute change in the CONUS annual mean was 488 

0.004. The largest absolute PFT-year change was 0.009 and occurred for GRA in 2010. The 489 

CONUS trend changed by −0.0003 decade−1, and the signs of all PFT trends remained unchanged. 490 

5 Discussion 491 

5.1 Reducing uncertainties in Ω upscaling 492 

Upscaling Ω differs from GPP or ET. Ω is a derived diagnostic, so uncertainty can enter through 493 

the EC towers, gridded predictors, physical conductance assumptions, and model transfer. Similar 494 

uncertainty pathways have been discussed for FLUXCOM, CEDAR-GPP, ET fusion products, and 495 
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process-based flux datasets (Tramontana et al., 2016; Jung et al., 2019; Leng et al., 2024; Kang et 496 

al., 2025; Wu et al., 2025), but here they are separated into components that are quantified, 497 

diagnosed, or left as limitations (Table 1). 498 

The first source of uncertainty is the EC-derived Ω target. EC observations are affected by 499 

measurement error, data gaps, filtering choices, and energy-balance closure (Baldocchi, 2008; 500 

Papale et al., 2006; Pastorello et al., 2020). Physical-range screening, energy-balance checks, and 501 

8-day aggregation reduced random noise and removed unrealistic values, but they cannot remove 502 

systematic EC errors. For example, different energy-balance correction assumptions may also 503 

affect LE and H differently (Stoy et al., 2013; Jung et al., 2019). Tower representativeness is likely 504 

a larger limit. Flux towers are unevenly distributed across climate space, vegetation types, and 505 

terrain (Tramontana et al., 2016; Jung et al., 2019). WSA illustrates this limitation: despite 506 

reasonable agreement between tower and matched-grid means (Fig. S7b), its all-grid mean is less 507 

certain because it includes conditions poorly represented by the available towers. However, it 508 

accounts for only ~0.1% of the mapped vegetated area. Estimates for sparsely sampled PFTs, 509 

particularly MF and WSA, should be therefore interpreted together with the site-level validation 510 

and extrapolation diagnostics. 511 

The second uncertainty source is the set of gridded predictors. Remote sensing and reanalysis 512 

products contain retrieval error, missing data, scale mismatch, and temporal changes in data quality. 513 

For example, LAI products still differ because of retrieval algorithms, angular effects, cloud and 514 

aerosol screening, background soil effects, sensor degradation in long-term records and validation 515 

limits (Fang et al., 2019). Soil moisture and meteorological forcing add further uncertainty, 516 

especially in drylands and transition zones where water supply and atmospheric demand both 517 

matter (Dirmeyer, 2011; Novick et al., 2016; Quets et al., 2019; Chen et al., 2019). The choice of 518 

controlling factors also affects the product. Because canopy height, roughness, leaf area, root access, 519 

and maximum conductance vary strongly across forests, grasslands, shrublands, and crops 520 

(Grossiord et al., 2020). PFTs group vegetation into broad classes, but locations within the same 521 
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PFT still differ in canopy structure and environmental conditions. The spatial variation in Ω within 522 

each PFT therefore contains information beyond land-cover type and cannot be represented by PFT 523 

means alone. 524 

Scale mismatch is closely linked to predictor uncertainty. The product grid is coarser than many 525 

EC footprints, and the gridded predictors may smooth local variation in vegetation, soil, and terrain. 526 

Similar scale issues have been discussed for flux-tower representativeness and satellite validation 527 

(Chu et al., 2021). Land-cover and PFT assignment can also affect PFT means and valid fractions, 528 

especially where mixed land covers are common. Recent ET data products have treated land-cover 529 

stability and forcing consistency as key robustness checks (Feng et al., 2025; Wu et al., 2025). In 530 

the present product, PFT-consistent matching and checks for invalid predictor values reduced some 531 

scale mismatch, but PFT means should still be interpreted with the QC flags and extrapolation 532 

diagnostics. Temporal consistency is another source of uncertainty for the 1982–2020 533 

reconstruction. The model was trained mainly with EC observations from recent decades, but it 534 

was applied across a longer period. Long records depend on stable relationships among predictors, 535 

canopy function, and Ω. They also depend on consistent input data across sensor eras and reanalysis 536 

periods. CEDAR-GPP and P-LSHv2 both highlight this issue for long-term GPP and ET products 537 

(Kang et al., 2025; Feng et al., 2025). A further limitation applies to 1982–1991, for which the 1992 538 

land-cover map was used because temporally consistent annual land-cover information was 539 

unavailable. This assumption may introduce local uncertainty in areas that experienced substantial 540 

land-cover change before 1992, and early-period PFT-specific estimates should therefore be 541 

interpreted with additional caution. The annual QC analysis and low-LAI sensitivity test provide 542 

useful checks, but they cannot prove that all early-period or local trends are free from input-driven 543 

artifacts. 544 

The final uncertainty source is model transfer. PIML showed a larger improvement over Direct ML 545 

in high-risk cases than in low-risk cases. Furthermore, feature-space diagnostics indicated where 546 

the remaining risk arose. The main out-of-range predictors differed among PFTs, and CO2, LAI, 547 

https://doi.org/10.5194/essd-2026-732
Preprint. Discussion started: 2 November 2026
c© Author(s) 2026. CC BY 4.0 License.



 

24 

 

LE, and SWC were frequent sources of risk. This pattern shows why extrapolation should be 548 

assessed in predictor space rather than by geographic distance alone (Booker and Whitehead, 2018). 549 

It also suggests that future versions would benefit from more EC sites in weakly sampled PFTs, 550 

improved vegetation structure and soil-water inputs, and predictor ensembles that represent 551 

alternative source products. Uncertainty quantification remains difficult for upscaling products. 552 

Cross-validation mainly estimates predictive error within the sampled domain, whereas MC spread 553 

represents only the uncertainty sources included in the perturbation design (Jung et al., 2019; 554 

Haynes et al., 2023; Kang et al., 2025), not as a total error bound. It does not account for all 555 

uncertainties in tower-derived Ω, model structure, or extrapolation beyond the sampled predictor 556 

space.  557 

In summary, the current uncertainty treatment is most useful for comparing relative reliability 558 

across space, PFTs, and seasons. It is less suited for assigning a full probabilistic error bound to 559 

each Ω estimate. More complete uncertainty quantification would require additional EC sites, 560 

perturbation of more source products, site-bootstrap ensembles, independent evaluation data, and 561 

tests of structural assumptions in the Ωphys. 562 

5.2 Product strengths and user guidance 563 

The main contribution of this product is the extension of a tower-based coupling diagnostic to a 564 

gridded 0.1° record for CONUS. Eddy-covariance observations allow Ω to be estimated at 565 

individual sites, but they do not provide continuous spatial regional coverage. Existing tower-566 

upscaling products mainly describe carbon, water, and energy fluxes (Tramontana et al., 2016; Jung 567 

et al., 2019). The Ω product complements these datasets by describing the coupling regime under 568 

which vegetation–atmosphere exchange occurs, rather than providing another estimate of flux 569 

magnitude. The temporal coverage is another strength. The 1982–2020 record allows analysis of 570 

seasonal cycles, interannual variability, and long-term changes under rising CO2, warming, and 571 

increasing atmospheric demand. The 8-day temporal resolution is suited to seasonal and event-572 
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scale studies. It is not as fine as hourly EC data, but it is closer to vegetation and 573 

hydrometeorological dynamics than annual products. Other products with high temporal resolution 574 

have shown value for studying diurnal, daily, or event-scale ecosystem and hydrological responses 575 

(Leng et al., 2024; Huang et al., 2024).  576 

Ω has a clear process meaning, which represents the relative weighting of equilibrium evaporation 577 

and imposed evaporation, and therefore the sensitivity of ET to surface and atmospheric control 578 

(Jarvis and McNaughton, 1986; McNaughton and Jarvis, 1991; Knauer et al., 2018). Low Ω (ga → 579 

∞) indicates stronger coupling and greater sensitivity to gs. High Ω (gs → ∞) indicates greater 580 

decoupling and a stronger influence of available energy. Site-based studies have shown marked 581 

differences among vegetation types and have proposed Ω as a benchmark for canopy coupling (De 582 

Kauwe et al., 2017). The gridded record allows these differences to be compared across PFTs, 583 

regions, seasons, decades using one consistent metric. 584 

LSMs evaluation is one of the clearest uses of the product. First, site-scale comparisons have shown 585 

substantial differences in the magnitude of Ω derived from EC observations, LSMs, and reanalysis 586 

datasets, with the size of these differences varying among PFTs (Peng et al., 2019; Zhang et al., 587 

2022). This gridded product can extend these comparisons from individual sites to regional spatial 588 

patterns and seasonal amplitude and timing. In addition, when combined with modeled 589 

transpiration (T), soil evaporation, interception, gs and ga, VPD, SWC and LAI, the magnitude and 590 

seasonal amplitude of Ω provide a process-level test (Medlyn et al., 2011; Novick et al., 2016; 591 

Zhang et al., 2022). For example, the Ω value obtained from tower observations is to some extent 592 

proportional to T/ET, while models yield the opposite conclusion because they do not consider soil 593 

evaporation from vegetated areas (Peng et al., 2019). This contrast indicates that ET partitioning 594 

can contribute to disagreement in model-derived Ω. Comparing the modeled Ω–T/ET relationship 595 

with the EC-derived relationship can help determine whether ET partitioning is a likely source of 596 

that disagreement. 597 
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The product can also support analyses of hydroclimatic variation in coupling. Atmospheric demand 598 

and soil moisture exert distinct controls on stomatal behavior and ecosystem fluxes (Novick et al., 599 

2016; Grossiord et al., 2020; Kannenberg et al., 2024). Ω anomalies can be compared across 600 

drought and wet periods, or within the same PFT across climate zones, to test whether coupling 601 

responds differently under contrasting water availability. These patterns can also serve as 602 

evaluation targets for models that use fixed parameters within a PFT.  603 

The released Ω estimates should be screened with the accompanying MC uncertainty, QC flags, 604 

annual PFT maps, and valid-fraction information. Ωunc represents the spread propagated from the 605 

perturbations included in the MC design and is not a total error bound. The QC flags identify 606 

missing estimates and pre-clipping range violations, while the valid fraction summarizes temporal 607 

completeness. Comparisons are therefore more robust for spatial, seasonal, or PFT contrasts than 608 

for assigning an exact Ω value to one grid cell. 609 

5. Conclusion 610 

We developed a long-term, observation-constrained Ω dataset for CONUS from 1982 to 2020 at 611 

0.1° spatial resolution and 8-day temporal resolution. The product links tower-derived Ω estimates 612 

with gridded meteorological, vegetation, and surface predictors through a PFT-specific PIML 613 

framework. By correcting a physically based Ω prior with tower-observed residuals, the dataset 614 

keeps a direct connection to vegetation-atmosphere exchange theory while allowing systematic, 615 

PFT-specific departures from the simplified physical calculation. 616 

The validation and diagnostic analyses show that the product captures much of the observed site-617 

level variation in Ω. The validation gave a pooled R² of 0.77 and RMSE of 0.13, and the physics-618 

informed model gave clearer benefits under high feature-space extrapolation risk. The gridded 619 

product also showed coherent spatial and seasonal patterns across CONUS, with higher Ω in 620 

cropland-dominated regions and lower Ω in more strongly coupled dryland and shrubland regions. 621 

These patterns indicate that the dataset contains information beyond static land-cover classes and 622 
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can support regional analysis of vegetation-atmosphere coupling. 623 

The released dataset includes Ω estimates, MC uncertainty, and pixel-level QC flags. These layers 624 

allow users to screen the product according to their own tolerance for missing data, clipping, and 625 

propagated uncertainty. The uncertainty estimate does not include all possible errors, especially 626 

tower representativeness error, structural model uncertainty, and all source-product biases. With 627 

these limits in mind, the dataset provides a new benchmark for studying hydroclimatic variation in 628 

vegetation-atmosphere coupling and for evaluating land surface models. 629 

Data availability 630 

The gridded vegetation–atmosphere decoupling coefficient dataset described in this paper is freely 631 

available at https://doi.org/10.5281/zenodo.21670853 (Xiong and Feng, 2026). The dataset covers 632 
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Table 1. Major uncertainty sources and their treatment in the CONUS gridded Ω product. 947 

Quantified components are partly represented by Monte Carlo or ensemble spread, whereas 948 

diagnosed components are characterized by validation statistics or quality-control indicators. The 949 

reported uncertainty does not represent the total uncertainty of the product.  950 

Uncertainty source Main cause Treatment  

EC-derived Ω 
Measurement, processing, and gap-filling 

errors 

Energy closure balance, Physical-range 

filtering 

Input predictors and 

scale mismatch 

Source-data errors and mismatch between 

EC footprints and 0.1° grids 

Data harmonization, range checks, PFT-

consistent matching, and Monte Carlo 

perturbation 

Model uncertainty 
Limited training data and model structural 

assumptions 

Site-level cross-validation, model 

comparison, and Monte Carlo perturbation 

Feature 

extrapolation 

Predictor combinations outside the tower-

observed domain 

Out-of-range metrics, extrapolation-risk 

assessment, and physical constraints 

Temporal 

reconstruction 

Limited temporal overlap between EC 

observations and the 1982–2020 

reconstruction 

Annual QC assessment and temporal-

consistency analysis 

Missingness and 

clipping 
Missing predictors and range enforcement 

Missing-value records, clipping flags, and 

valid-fraction statistics 
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Figure 1. Workflow for generating the CONUS Ω data product. 952 
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Figure 2. Spatial distribution, site-level mean Ω, and temporal trends across flux-tower sites. 954 

(a) Spatial distribution of the flux-tower sites used to derive and evaluate site-level Ω across 955 

CONUS. Each vertical bar represents the mean Ω at an individual site, with bar color indicating 956 

PFT: deciduous broadleaf forest (DBF), evergreen needleleaf forest (ENF), mixed forest (MF), 957 

open shrubland (OSH), savanna (SAV), woody savanna (WSA), grassland (GRA), and cropland 958 

(CRO). Error bars indicate site-level variability in Ω. The inset summarizes mean Ω by PFT, with 959 

bars showing the PFT mean and error bars showing among-site variability. (b) Site-level linear 960 

trends in Ω, sorted by PFT group. Bars show the slope of Ω over time for each site. The dashed 961 

horizontal line indicates zero trend. Red “*” denote statistically significant trends (p < 0.05). Site 962 

labels are abbreviated by removing the “US-” prefix. 963 
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Figure 3. Site-independent validation of the PIML framework. 965 

(a) PFT-specific site-level validation skill for Direct ML and PIML under site-blocked cross-966 

validation, where entire sites were withheld during testing. Boxes summarize the distribution of 967 

site-level R2 across held-out sites; the white line indicates the median. (b) Observed versus 968 

predicted Ω for PIML across the eight PFTs. Each point represents 8-day site observation, and the 969 

dashed line indicates the 1:1 relationship. Reported R² and RMSE values were calculated from 970 

pooled out-of-fold predictions within each PFT. (c) Relationship between site-level R² and 971 

observed mean Ω, with point color denoting PFT and point size proportional to the number of valid 972 

observations. The inset shows site-level mean prediction bias as a function of observed mean Ω. 973 

(d) Top predictor contributions for each PFT-specific PIML model. Bars show the five most 974 

influential predictors within each PFT, with labels placed inside bars. 975 
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Figure 4. Feature-space extrapolation risk and PIML improvement relative to Direct ML. 977 

(a) Distribution of held-out feature-space extrapolation risk by PFT. Extrapolation risk was defined 978 

as the fraction of predictor values in held-out test sites that fell outside the 5th-95th percentile range 979 

(departure from the well-sampled part of the training distribution) of the corresponding training 980 

sites within the same PFT and split. (b) Mean R2 improvement of PIML relative to Direct ML 981 

across low-, medium-, and high-risk validation cases. Low-, medium-, and high-risk groups were 982 

defined by tertiles of extrapolation risk across all PFT-split-model combinations. Error bars indicate 983 

the standard error across PFT-split-model combinations. (c) Relationship between feature-space 984 

extrapolation risk and R² improvement, where each point represents a PFT-split-model combination 985 

and colors denote PFTs. (d) Predictor-level out-of-range fraction by PFT, indicating which 986 

environmental or biophysical covariates contributed most strongly to extrapolation risk. 987 
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Figure 5. Spatial patterns and temporal changes. 989 

(a) Mean annual Ω across the CONUS gridded product. The lower-right insets show the 990 

distributions of valid grid-cell values within the displayed color ranges. (b) Annual Ω time series 991 

across PFTs. Lines indicate annual means for each PFT. (c) Pixel-level linear trend in Ω. Stippling 992 

denotes trends significant at p < 0.05 based on Mann–Kendall test; points are displayed every fifth 993 

grid cell for clarity. (d) PFT-level Ω trends. Bars show the trend slopes, and error bars show one 994 

standard error of the slope. 995 
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Figure 6. Seasonality variation and period-specific long-term trends in Ω. 997 

(a) Spatial pattern of Ω seasonal range, calculated as the difference between the maximum and 998 

minimum means across all 46 8-day periods of the year. (b) PFT-level mean seasonal cycles of Ω 999 

across 8-day periods. (c) PFT-by-season heatmap of Ω seasonal anomalies, showing deviations 1000 

from each PFT mean seasonal state. (d) PFT-by-season heatmap of long-term Ω trends from 1982 1001 

to 2020 for each 8-day period. 1002 
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Figure 7. Product quality, uncertainty, and quality-control diagnostics. 1004 

(a) Spatial distribution of the missing rate, calculated for each target grid cell as the fraction of 1005 

missing or invalid estimates among all 8-day layers from 1982 to 2020. (b) Mean Monte Carlo 1006 

uncertainty of Ω across CONUS, derived from the uncertainty ensemble. (c) Spatial distribution of 1007 

quality-control classes. “Low issue” indicates target grid cells with missing rate < 0.30 and pre-1008 

clipping outside-rate < 0.01; “High missing” indicates missing rate ≥ 0.30; “Clipped issue” 1009 

indicates pre-clipping outside-rate ≥ 0.01; and “Mixed” indicates grid cells satisfying both missing-1010 

prone and clipped-prone criteria. (d) PFT-level summary of valid and missing product fractions. 1011 
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