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Abstract. Land surface model (LSM) parameters translate vegetation, soil, snow, and hydrological properties into process con-

trols on water, energy, and carbon exchange. Many of these parameters are not directly measurable at the grid scale, and their

effective values depend on model structure, spatial aggregation, and observational constraints. Here we present the Adaptive

Differentiable Ecohydrological Land Model (ADELM) v1.0, a fully differentiable LSM that combines process-based equations

with machine learning, allowing each parameter to be prescribed or learned from observations and making parameterization5

itself a learnable and diagnosable part of the land model. ADELM couples canopy radiative transfer, soil hydraulics, photo-

synthesis, evapotranspiration, and snow and soil hydrology within a single automatic-differentiation graph, so that selected

parameters can be learned directly from observed fluxes or states. Because a learned parameter can be expressed as a func-

tion of gridded environmental attributes, mappings trained at sparse sites can be applied across continuous spatial domains.

We demonstrate ADELM in a European application using evapotranspiration and gross primary productivity constraints from10

eddy covariance sites. Mappings learned at the sites are evaluated across the 0.1◦ European grid, where observation-constrained

learning improves evapotranspiration simulation and produces spatially coherent flux and parameter fields. Greater parameter

flexibility can leave the learned parameters less identifiable, so learned parameterizations need to be judged by the stability and

coherence of their parameter fields. Overall, ADELM provides a differentiable foundation for developing parameterizations

that can be learned from observations, applied across space, and diagnosed for reliability.15

1 Introduction

Land surface models (LSMs) simulate terrestrial exchanges of water, energy, and carbon in response to climate, rising CO2,

and land-use change, and they provide the land component through which Earth system models project the carbon sink and

land-climate feedbacks (Blyth et al., 2021; Fisher and Koven, 2020). The credibility of those projections depends on both the

represented processes and the parameters that control them. Parametric uncertainty is a leading source of spread in projected20

land carbon and water states (Booth et al., 2012; Fisher et al., 2019). Parameters enter an LSM through its parameterizations,

the functions that map vegetation, soil, climate, and topography to the process controls behind simulated exchanges of water,

energy, carbon, and biogeochemical processes (Raoult et al., 2025). In most LSMs, these parameters are assigned before
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simulation through fixed constants, plant-functional-type (PFT) lookup tables, and pedotransfer functions, and are seldom

revised once the model equations are set (Margiotta et al., 2026; Verhoef et al., 2026).25

In practice, however, many of these parameters cannot be measured directly at the model’s scale. For example, vegetation

parameters are typically informed by observations on a limited number of species and locations, and can vary substantially

with local and seasonal conditions (Massoud et al., 2019), and soil hydraulic relationships are similarly derived from cores or

laboratory samples. Once transferred to a grid cell, such values become effective parameters. They absorb local vegetation and

soil properties, sub-grid heterogeneity, nonlinear process aggregation, and structural assumptions in the model, so the grid-30

scale values of these parameters that best reproduce observed fluxes can differ from lab measurements, pedotransfer estimates,

or PFT lookup values (Cranko Page et al., 2023; Weber et al., 2024). Inferring these effective parameters from observations

is itself an established line of work (Keetz et al., 2025; Kumar et al., 2022). Bayesian calibration, gradient-free optimization,

and sequential and variational data assimilation have all been applied to land surface and ecosystem models with considerable

site-level success (Kaminski and Mathieu, 2017; Kuppel et al., 2012; MacBean et al., 2022). Extending them across space is35

harder, since parameters fitted at one location do not in general transfer to another (Bastrikov et al., 2018; Beck et al., 2016),

and exploring the high-dimensional, coupled parameter space of an LSM is computationally costly when repeated across many

grid cells (Keetz et al., 2025; Tang et al., 2025).

Parameter regionalization addresses this problem by transferring parameter information from observed locations to unob-

served locations using relationships between model parameters and environmental descriptors, such as soil texture, topography,40

vegetation cover, groundwater depth, and long-term climate (Merz and Blöschl, 2004; Parajka et al., 2005; Samaniego et al.,

2010; Beck et al., 2020). In traditional implementations, parameter estimation and spatial transfer are often treated as sequential

steps. In particular, parameters are first calibrated at individual sites or gauged basins and then regionalized through transfer

rules based on spatial proximity, physical similarity, regression, or machine-learning methods (Heuvelmans et al., 2006; Feigl

et al., 2022). More recently, hybrid and differentiable modeling frameworks, which embed machine-learning components45

within process-based equations, have offered a way to merge these steps by optimizing the attribute-to-parameter mapping and

the process model jointly against observations (Reichstein et al., 2019; Tsai et al., 2021; Shen et al., 2023). For gradient-based

end-to-end training, the relevant process equations must be implemented in a differentiable form. Automatic differentiation

can then propagate observational loss backward through the same dependencies used in the forward simulation, so updates to

the attribute-to-parameter mapping depend on how its predicted parameters can alter simulated states and fluxes. Importantly,50

observations can then directly constrain the parameterization that generates the simulated response (Jiang et al., 2020; Bao

et al., 2023; Koppa et al., 2022).

Examples of this framework have grown rapidly across hydrology and land modeling (Chen et al., 2023; Gelbrecht et al.,

2023). For example, at the catchment scale, differentiable hydrological models learn a mapping from static catchment attributes

(such as climate, soil, and topography) to the parameters of a process-based hydrological model (Feng et al., 2022; Colleoni55

et al., 2025). Because this mapping is shared across catchments, observations from many basins jointly constrain it, allowing

parameters to be transferred to catchments that were not individually calibrated. Recent land-modeling studies have reimple-

mented process models in differentiable frameworks or embedded neural parameterizations within land components, such as
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JAX-CanVeg (Jiang et al., 2025), NoahPy (Tian et al., 2026), ClimaLand (Deck et al., 2026), and DifferLand (Fang et al., 2026).

These advances show that differentiable modeling can learn parameterizations from observations within models that retain a60

physical backbone. In these frameworks, however, the choice of which parameters to learn, in what form, and under which ob-

servational constraints is typically fixed when the model is built. Subsequent studies therefore evaluate the consequences of this

pre-specified choice (e.g., Fang and Gentine, 2024). Parameterization itself is thus not yet treated as a testable component of

the model: there is no systematic, parameter-by-parameter framework for asking whether a quantity conventionally prescribed

from prior knowledge would be better learned from observations.65

Here we introduce the Adaptive Differentiable Ecohydrological Land Model (ADELM) v1.0, a process-based LSM in which

the assignment of each parameter is treated as an explicit modeling choice within a differentiable architecture. ADELM rep-

resents the coupled water, energy, and carbon exchange of the land surface, with its process equations, parameter mappings,

prognostic state updates, and loss function sharing a single automatic-differentiation graph. Errors in simulated fluxes or states

(compared with observations) therefore constrain selected parameters through the same coupled pathways that generate the70

model outputs. The source of each parameter is itself a choice among a prescribed value, a globally shared learned value, or a

spatially varying value learned as a function of environmental attributes defined across the domain. This spatial function plays

the same role as a conventional attribute-to-parameter relationship (such as a pedotransfer function), but its form is learned

from observations and can be any differentiable function, from a simple parametric form to a neural network. Holding the

process equations fixed while varying only these choices makes ADELM a controlled testbed for parameterization, in which75

whether and how each parameter should be learned becomes an explicit object of investigation. It may thereby open a way to

revisit parameters that LSMs have long prescribed, and to let observations reveal new, more informative expressions for them.

We demonstrate ADELM over Europe using eddy covariance observations of evapotranspiration (ET) and gross primary

productivity (GPP). These observations constrain the attribute-to-parameter mappings at the grid cells that contain flux sites.

Because each learned mapping is a function of environmental attributes that are defined everywhere, it can then be evalu-80

ated across the full domain to produce spatially continuous parameter and flux fields. Within this setup, we compare four

configurations, i.e., a prescribed baseline, a vegetation-focused learned parameterization, a soil- and snow-focused learned pa-

rameterization, and a combined learned parameterization. We evaluate how these choices affect held-out site-level flux skill,

gridded ET and GPP patterns, learned parameter fields, and parameter identifiability. The study aims to answer (1) whether

parameter mappings trained at sparse, clustered flux sites remain reliable when applied across the full gridded domain, and (2)85

how the choice of what to learn shapes both the resulting flux skill and the identifiability of the learned parameters.

The remainder of this paper is organized as follows. Sect. 2 describes ADELM’s overall architecture and implementation,

including the coupled ecohydrological processes, the parameterization system, and the computational infrastructure that ties

these together. Sections 3 and 4 demonstrate ADELM with a European case study, followed by discussions in Sect. 5.
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2 Overall model architecture and implementation90

ADELM is an LSM implemented in a differentiable programming framework, projecting atmospheric forcings and static

environmental attributes onto daily fields of land-surface fluxes and prognostic states. The model contains two connected

but modular components (Fig. 1). The first is a process-based ecohydrological core that advances the coupled water, energy,

and carbon exchange through time; the second is a configurable parameterization system that supplies the parameter values

entering the process equations. The same process core runs unchanged whether a given parameter is prescribed or learned, and95

the source of each parameter can be reconfigured through the model configuration without modifying the model code.

Figure 1. The computational framework of the Adaptive Differentiable Ecohydrological Land Model (ADELM). Static environmental at-

tributes (e.g., climate, land cover, topography, soil) and dynamic drivers (e.g., meteorology, leaf area index, atmospheric CO2) are the model

inputs. The source of each process parameter is declared in the model configuration, and can be prescribed (from preset constants, plant-

functional-type lookup, remote sensing, or pedotransfer functions) or learned. Learned parameters take one of two forms, a globally shared

value (Θi = wi) or a spatially distributed function of static attributes (Θi(x) = fi(a(x); wi)). The three globes in the central column show

schematic example parameter fields produced under each source over a generic global domain: a prescribed parameter (top), a globally

shared learned parameter that takes a single value everywhere (middle), and a spatially distributed learned parameter (bottom); the global

domain is illustrative, as the parameterization is not tied to any particular region or scale. Regardless of source, parameters enter the same

process-based ecohydrological core, which is driven forward to produce simulated fluxes and states. When observations are available, a loss

function compares simulated and observed variables, and gradients are propagated back through the coupled core to the learnable parameters

and mapping weights (∂L/∂w).
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2.1 Forward simulation

Let Ω denote the spatial domain, x ∈ Ω a spatial unit (e.g., a grid cell), and t the daily time index. Given the static environmental

attributes a(x), the dynamic drivers F (x,t) (as listed in Table 1), and a parameter set Θ(x), the forward operator M advances

the prognostic state s(x,t) and produces the simulated diagnostic fluxes ŷ(x,t), as100

s(x,t+1), ŷ(x,t) =M
(
s(x,t), F (x,t);Θ(x)

)
. (1)

The state vector s(x,t) collects soil water storage across multiple layers, snow water storage, and canopy interception

storage. The flux vector ŷ(x,t) contains water, carbon, and energy fluxes, such as ET, GPP, runoff, and snowmelt, at daily

resolution. The static attributes a(x) include long-term climate, land cover, topography, and soil texture, all defined across Ω

from data products (Sect. 3). They enter M through the parameter set Θ(x), which is either prescribed or learned as a function105

of a(x) (Sect. 2.2).

Table 1. Time-varying drivers of the ADELM v1.0 process core.

Variable Units Description

Ta
◦C Near-surface air temperature

Ta,min
◦C Daily minimum air temperature

Ta,max
◦C Daily maximum air temperature

P mmd−1 Daily precipitation (liquid-water equivalent)

R↓
sw Wm−2 Downward shortwave radiation

R↓
lw Wm−2 Downward longwave radiation

u ms−1 Wind speed at reference height

VPD kPa Vapour pressure deficit

LAI m2 m−2 Leaf area index

Ca ppm Atmospheric CO2 concentration

The forward operator M is obtained by composition of five process modules (Fig. 2), written compactly as

M=Mwb ◦Met ◦Mphoto ◦Mhydra ◦Mrad. (2)

where Mrad, Mhydra, Mphoto, Met, Mwb are modules for radiative transfer, soil hydraulics, photosynthesis, evapotranspi-

ration, and snow and soil water balance, respectively. The symbol ◦ denotes sequential application within each daily time step,110

from radiative transfer to snow and soil water balance, which closes the step by updating the prognostic state for the next day

(Fig. 2). Each module is briefly described below, with full equations in Appendix A.

The radiative transfer module Mrad partitions incoming shortwave and longwave radiation between the vegetation canopy

and the ground surface and computes the net energy absorbed by each. Shortwave radiation is treated with a two-stream

canopy scheme (Sellers, 1985; Dickinson, 1983) that resolves visible and near-infrared bands and their direct-beam and diffuse115
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Figure 2. Coupled ecohydrological process representation in ADELM. The five process modules of M (see Eq. (2)) are shown as dashed

boxes. Solid arrows indicate the main forward coupling pathways between modules, labelled with the principal variable transmitted along

each pathway. The dashed arrow at the bottom indicates the prognostic state update from one time step to the next.

components. Longwave radiation is treated as broadband thermal exchange among atmosphere, canopy, and ground. The net

radiation absorbed by vegetation and ground combines the two contributions,

Rn,v =Rn
sw,v +Rn

lw,v, Rn,g =Rn
sw,g +Rn

lw,g, (3)

where subscripts v and g denote the vegetation canopy and the ground surface, Rn
sw is the net absorbed shortwave radiation

summed over the visible and near-infrared bands, and Rn
lw is the net absorbed longwave radiation. The net radiation terms120

Rn,v and Rn,g are passed to the evapotranspiration module. The visible-band component of canopy net absorption is converted

to absorbed photosynthetically active radiation APARleaf for the photosynthesis module. Full derivations of the two-stream

coefficients and the longwave exchange terms are in Appendix A1.

The hydraulics module Mhydra diagnoses how the current soil moisture state constrains plant water supply. It represents

plant water access with a prescribed vertical root distribution and a minimum leaf water potential ψleaf,min, and returns two125

outputs to downstream modules: layer-wise root water uptake fractions ζi used by the snow and soil hydrology module to

distribute transpiration withdrawals, and a root-zone soil water potential ψroot that enters the stomatal regulation of photosyn-

thesis. For each soil layer, the potential plant water supply combines the root fraction in that layer, a layer-specific hydraulic
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conductivity, and the soil-to-leaf water potential gradient,

Si = froot,iKi max
(
ψsoil,i−ψleaf,min, 0

)
, (4)130

where froot,i is the root fraction in layer i, Ki is the hydraulic conductivity diagnosed from the current soil moisture through a

power-law relationship (Campbell, 1974), and ψsoil,i is the soil water potential diagnosed from a modified Campbell retention

curve with a linear interpolation between field capacity and saturation. The root-zone potential passed to photosynthesis is the

supply-weighted average ψroot =
∑
i ζiψsoil,i, with ζi = Si/

∑
j Sj the normalized layer-wise uptake fractions. Root profile,

retention curve, and conductivity functions are detailed in Appendix A2.135

The photosynthesis module Mphoto estimates daily canopy-scale GPP from absorbed PAR, atmospheric CO2, air tempera-

ture, canopy conductance, and root-zone water status. ADELM v1.0 uses a compact big-leaf formulation (Knauer et al., 2018)

in which GPP follows a smooth co-limitation between a light-limited uptake rate Al and a diffusion-limited uptake rate Ad

(Collatz et al., 1991; Sellers et al., 1992), expressed as the smaller positive root of

θcoGPP2 − (Al +Ad)GPP+AlAd = 0, (5)140

where θco is a curvature parameter, Al = ϵLAPARleaf is light-limited with light-use efficiency ϵL, and Ad = gc,CO2(Ca −
Ci,can) is diffusion-limited. The canopy CO2 conductance gc,CO2 combines stomatal, leaf boundary-layer, and above-canopy

aerodynamic conductances in series, with stomatal regulation given by a Jarvis multiplicative scheme (Jarvis, 1976) driven

by radiation, temperature, vapor pressure deficit, and ψroot. The internal canopy CO2 concentration Ci,can is diagnosed by

equating diffusive CO2 supply with a Farquhar-type capacity (Farquhar et al., 1980). Full forms of the Jarvis factors, the145

Farquhar capacity equation, and the resistance network are given in Appendix A3.

The evapotranspiration module Met estimates daily potential rates of canopy transpiration, soil evaporation, snow sub-

limation, and wet-canopy evaporation through Penman–Monteith-type formulations (Monteith, 1965). Each pathway j ∈
{tr, soil, can-liq, sub, snow} follows the canonical Penman–Monteith form

Ej,pot =
∆jRn,j + ρacp∆ej/ra,j
λj [∆j + γj (1+ rs,j/ra,j)]

, (6)150

where Rn,j is the net radiation at the relevant surface (canopy for j ∈ {tr,can-liq,sub} and ground for j ∈ {soil,snow}),

ra,j is the aerodynamic resistance from the surface to the reference height, rs,j is the surface resistance (canopy stomatal

resistance for transpiration, soil surface resistance for soil evaporation, and zero for wet-canopy and snow pathways), ∆ej

is the surface-to-air vapor pressure deficit, ρa is air density, cp is the specific heat of air, and (∆j ,λj ,γj) are the saturation

vapor pressure slope, latent heat, and psychrometric constant evaluated with liquid-phase quantities for j ∈ {tr,soil,can-liq}155

and with their ice-phase counterparts for j ∈ {sub,snow}. The canopy stomatal resistance entering the transpiration pathway

is derived from gs,can in the photosynthesis module. These demand-driven potential rates are converted to actual fluxes in the

snow and soil hydrology module Mwb, where each is capped by the available water. Full forms of the five sets of resistances,

the surface-to-air vapor pressure gradients, and the ice-phase substitutions are in Appendix A4.

The snow and soil hydrology module Mwb closes the daily water balance for canopy interception, ground snow, and the160

multi-layer soil column. Precipitation is first partitioned into rainfall and snowfall using a temperature-dependent warm-day
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fraction. Liquid canopy interception (Wcan,liq), intercepted snow (Wcan,sol), and ground snow (Wsnow) are tracked as separate

bucket-type stores,

W t+1
can,liq =W t

can,liq + Ican,liq −Dcan,liq −Ecan,liq, (7)

W t+1
can,sol =W t

can,sol + Ican,sol −Dcan,sol −Esub, (8)165

W t+1
snow =W t

snow +Psnow +Dcan,sol −M −Esnow, (9)

where Ican,liq and Ican,sol are the liquid and solid canopy interception inputs,Dcan,liq andDcan,sol are drip from the wet canopy

and snow falloff from the canopy to the ground, Psnow is the snowfall reaching the ground, and M is snowmelt. Soil water in

each layer is updated by mass conservation,

θ t+1
i = θ ti +

∆t

∆zi

(
Qi−1 −Qi− ζiEtr − δi1Esoil

)
, (10)170

where θi is the volumetric water content of layer i, Qi−1 and Qi are the water fluxes at the upper and lower interfaces of layer

i, ζiEtr is transpiration withdrawal using the uptake fractions from the hydraulics module, δi1Esoil restricts soil evaporation

to the top layer, ∆zi is the layer thickness, and ∆t is the daily time step. The module also limits the potential ET demands

from Met to the water available in each store, generates drainage from the bottom soil layer, and produces surface runoff

when infiltration capacity is exceeded. The updated bucket and soil states together form the prognostic state vector s(x,t+1)175

returned to the forward simulation. Full forms of the interception partitioning, drip and falloff rules, snowmelt scheme, and

drainage parameterization are in Appendix A5.

2.2 Parameterization system and learning algorithm

The parameterization system assembles the parameter set Θ(x) from individual parameters, with the source of each parameter

declared separately in the model configuration. Three sources are available, i.e., a prescribed value, a globally shared learned180

value, and a spatially varying learned function of the environmental attributes a(x). Because each parameter declares its source

independently, prescribed and learned parameters can be combined freely within one simulation, and the same model can be

reconfigured between runs by changing only these declarations.

A prescribed parameter is set in advance from a fixed constant, a plant-functional-type (PFT) lookup table, a remote-sensing

product, or a pedotransfer function, which are the conventional sources used in an LSM. A globally shared learned parameter185

takes a single value wi applied at every location,

Θi(x) = wi, (11)

where the subscript i indexes an individual process parameter. A spatially varying learned parameter is a function of the static

attributes,

Θi(x) = fi
(
a(x); wi

)
, (12)190
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where wi are the learnable weights of fi. Because the model is differentiable end to end, fi can be any differentiable mapping

of the attributes, whether an alternative neural architecture or a differentiable parametric or equation-based form; in this work

it is a small multilayer perceptron (MLP) with its own weights per parameter. The MLPs share a common architecture, e.g.,

a fixed set of input attributes and hidden-layer widths, declared once in the configuration. Evaluated at every grid cell, fi

produces a parameter field at the resolution of the simulation grid. The mapping fi serves the same role as a pedotransfer or195

attribute-to-parameter function, with the difference that its form is learned from observations.

Each learned parameter, whether shared or spatially varying, is optimized as a quantity zi and mapped to its physical range

by a smooth bounded transform,

Θi =Θmin
i +

(
Θmax
i −Θmin

i

)
ℓ(zi), (13)

where ℓ(z) = 1/(1+ e−z) is the logistic function and Θmin
i , Θmax

i are physical bounds declared for that parameter. The trans-200

form holds each learned parameter inside its physically meaningful range throughout training. The choice of input attributes,

hidden-layer widths, and physical bounds for the European application is given in Sect. 3.

When observations are available, selected simulated variables are compared with their observed counterparts through a loss

function

L=
∑

k

αkLk
(
ŷk, y

obs
k

)
, (14)205

where k indexes the variables that enter the loss, for example daily ET, GPP, or soil moisture, αk are scalar weights, ŷk and yobs
k

are the collections of simulated and observed values for variable k across the training sites and times, and Lk is a per-variable

loss, such as a Nash–Sutcliffe efficiency (NSE) score (Nash and Sutcliffe, 1970), that aggregates these values in a specified

way. The same form applies to single-site and multi-site learning, and to single-variable and multi-variable constraints.

The optimization problem is to find the learnable parameters w, i.e., the shared values and MLP weights introduced in210

Sect. 2.2, that minimize L for the given observations,

ŵ = argmin
w

L
(
ŷ(w), yobs

)
, (15)

where ŷ(w) =M
(
· ;Θ(w)

)
denotes the simulated output obtained by running the forward model with the parameter set sup-

plied by the parameterization system. Because the entire chain, comprising the process modules, the prognostic state updates,

the parameterization mappings, and the loss, sits within a single automatic-differentiation graph, the gradient ∂L/∂w is ob-215

tained by backpropagation through the same coupled calculations that generated the simulation, using the PyTorch automatic-

differentiation backend (Paszke et al., 2019). The parameters are updated with the Adam optimizer (Kingma and Ba, 2014);

the learning rate schedule and stopping criteria adopted for the European application are described in Sect. 3.

The model configuration specifies which simulated variables enter L and which parameters carry learnable weights, so that

different observations can constrain different parameters within the same simulation. Because a learned mapping fi depends220

only on static attributes that are defined everywhere across Ω, a mapping fitted at locations where observations are available

can be evaluated over the full domain to produce spatially continuous parameter and flux fields.
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2.3 Computational implementation

ADELM v1.0 is implemented as a Python package built on the PyTorch automatic differentiation framework (Paszke et al.,

2019). The package is structured as a configurable framework in which the learnable parameters and the observations used225

to constrain them are specified through a shared configuration file. The file is parsed at startup, so that different experimental

setups can be assembled by changing configuration fields without modifying source code. The package is organized into three

top-level subsystems, i.e., the process system, the parameterization system, and the runtime system (Fig. 3).

Figure 3. Computational architecture of ADELM. The three internal subsystems are shown within the package on the left, and the external

interfaces on the right. Orange arrows mark data flow between the package and these interfaces. Lines connecting internal subsystems mark

runtime invocation.

The process system contains the five process modules corresponding to Mrad, Mhydra, Mphoto, Met, and Mwb of

Sect. 2.1, together with shared physical environment functions such as solar geometry, optical properties, pedotransfer func-230

tions, and surface exchange coefficients that the process modules call. A central variable registry organizes all model quantities

into drivers, states, fluxes, parameters, constants, diagnostics, and balance errors.

The parameterization subsystem implements the three parameter sources declared in Sect. 2.2. A prescribed value is declared

as a fixed scalar in the configuration, drawn from a PFT-indexed look-up table, read from a spatially varying data product such

as a remote-sensing parameter, or derived from other prescribed quantities through physics routines such as pedotransfer235

functions. A learned value, by contrast, is trainable. A globally shared value is stored as a single trainable scalar, and a spatially

varying value as an independent MLP that maps the static attributes a(x) to the parameter, both kept within their declared

physical bounds by a logistic transform. Because the three sources expose the same interface, the process modules consume a

parameter identically regardless of its source, so switching a parameter between them is a configuration change that leaves the

process code untouched.240
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The runtime system translates a declarative YAML configuration into a running experiment. It is organized into five sub-

systems. (1) Configs are organized as a hierarchy of Python dataclasses specifying the soil column discretization, the source

declaration for each model parameter, the input file paths and variable name mappings, the optimizer and training schedule,

and the cross-validation protocol. (2) Builders are objects that assemble a runnable model instance from a configuration, with

a top-level system builder coordinating three subordinate builders that initialize model containers and prognostic state tensors,245

construct the process chain from the selected process modules, and instantiate the parameterization modules corresponding to

the declared parameter sources. (3) Loaders ingest data for two input geometries. The site loader reads site-indexed NetCDF

files containing time-varying meteorological drivers, static site attributes, parameter fields, PFT cover fractions, and observa-

tion targets. The grid loader reads spatially gridded NetCDF files for large-scale forward simulation. (4) Runners provide three

execution entry points. The site learning runner performs gradient-based parameter optimization over a multi-site observation250

dataset. The site simulation runner performs a forward pass at site scale with fixed or externally supplied parameters. The

grid simulation runner executes the forward model over a spatial domain, stepping through driver files and writing model state

checkpoints at the end of each month. (5) Workflows structure parameter learning around one of three cross-validation proto-

cols. The no-cross-validation protocol trains over the full site dataset. The spatial cross-validation protocol partitions sites into

training and held-out folds with either random or predefined geographic assignment. The temporal cross-validation protocol255

partitions the time axis into training and held-out periods.

Overall, these subsystems support three end-to-end schemes, namely site-level parameter training, site-level forward simula-

tion, and grid-level forward simulation. The simulated variables that enter the loss, the parameters that carry learnable weights,

and the cross-validation protocol are all declared in the configuration. Once a parameterization has been trained, the learned

mapping can be frozen and loaded into a subsequent simulation. Alternatively, when all parameters are declared as prescribed260

sources, the neural components are absent from the forward pass and ADELM operates as a standard LSM at site or grid

scale. ADELM is released as open source, with the source code hosted at https://github.com/hydroshub/adelm and technical

documentation at https://adelm.org/.

The European application in the following sections demonstrates the three schemes under spatial cross-validation, with

experimental variants assembled by composing configuration files through the inheritance mechanism so that each variant265

overrides only the fields that distinguish it from the baseline.

3 Experimental design

3.1 Data and study setup

This section presents a European-scale illustration of the ADELM framework, configured as a process-based LSM with an

observation-constrained parameterization layer. The illustration exercises the three schemes of Sect. 2.3, uses eddy covariance270

ET and GPP as observational constraints, and evaluates the resulting parameterizations under spatial cross-validation. The

European domain is defined as 35–72◦ N and 12◦ W–50◦ E, with forcing data and static attributes prepared on a common 0.1◦

latitude–longitude grid. The soil column is here discretized into six layers with thicknesses of 0.10, 0.20, 0.30, 0.50, 0.80, and
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1.10m, with surface runoff generated over the upper three layers. Model training and held-out evaluation cover 2001–2020 at a

daily time step, with the year 2000 cycled times to spin up the state before each training or evaluation run. During training and275

spatial cross-validation, ADELM is run for the grid cells containing flux sites (Fig. 4), and the learned attribute-to-parameter

mappings are then evaluated over all land grid cells in the domain.

Figure 4. Locations of eddy covariance sites used for model training and evaluation. Point colors indicate plant functional type following the

IGBP classification (CSH: closed shrubland; DBF: deciduous broadleaf forest; EBF: evergreen broadleaf forest; ENF: evergreen needleleaf

forest; GRA: grassland; MF: mixed forest; OSH: open shrubland; SAV: savanna; WSA: woody savanna). Background colors indicate the

biogeographical regions of Europe defined by the European Environment Agency, which are used for regional flux analysis in Sect. 4.2.

Site-level observational constraints are derived from daily eddy covariance records in the PLUMBER2 dataset (Ukkola et al.,

2022), the ICOS Warm Winter 2020 collection (Warm Winter 2020 Team and ICOS Ecosystem Thematic Centre, 2020), and

the ICOS Drought-2018 collection (Drought 2018 Team and ICOS Ecosystem Thematic Centre, 2020). Sites are restricted to280

the European domain and screened to retain natural or semi-natural vegetation classes, and are excluded if post-2000 gridded

forcing or LAI is missing or if the LAI record contains prolonged artificial zero periods. The final natural-site subset contains

63 sites (Fig. 4; listed in Appendix B). Flux data are processed using FluxnetLSM (Ukkola et al., 2017) for quality filtering,

gap filling, unit conversion, and aggregation to daily resolution, and daily flux values are retained only when the quality-control

fraction is at least 0.7. ET is derived from latent heat flux Qle through a standard latent-heat conversion.285

Dynamic model inputs are assembled as continuous daily gridded drivers. Meteorological forcing is derived from ERA5-

Land (Muñoz-Sabater et al., 2021), time-varying LAI from GIMMS (Cao et al., 2023), and atmospheric CO2 from a daily

Mauna Loa record interpolated to the model time axis. For site simulations, the same gridded forcings used in the full-domain

simulations are sampled at the flux-site grid cell, with a mean–standard-deviation bias correction toward site observations.

This preserves a shared gridded data basis between site training and regional simulations while reducing systematic site-to-290

grid forcing differences where site observations are available. The uncertainty raised by the remaining site-to-grid mismatch
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is discussed in Sect. 5.1. Static environmental attributes are prepared on the same 0.1◦ grid and provide the inputs to spatially

varying parameter mappings. These attributes include hydroclimatic, topographic, groundwater, lithological, and land-cover

descriptors rasterized from HydroATLAS fields (Linke et al., 2019), soil properties from SoilGrids aggregated over soil layers

(Poggio et al., 2021), and ESA CCI plant functional type fractions (Harper et al., 2023). Raw static variables are retained for295

diagnosis, and normalized versions are computed using the distribution of valid gridded land pixels over the European domain

before being used by the neural-network parameter mappings. For this illustration, the parameter mappings take 11 normalized

attributes as input, including forest fraction, groundwater depth, long-term mean potential evapotranspiration, long-term mean

precipitation, slope, soil water capacity, long-term mean temperature, sand fraction, bulk density, clay fraction, and soil organic

carbon. The same attribute definitions are sampled at flux-site grid cells during training and evaluated across the full European300

grid for spatial application. The parameter mappings and training objective are described in Sect. 3.2.

3.2 Parameterization experiments

Within the framework’s parameter-source declaration (Sect. 2.2), the illustration assembles four parameterization experiments

as a nested learning design. All four share the same process equations, forcing data, observational targets, cross-validation

splits, and training settings. They differ only in which parameters are learned from environmental attributes and which remain305

prescribed at their default values (Table 2). Comparing these experiments evaluates whether additional learnable parameter

groups improve predictive performance, spatial transferability, and parameter identifiability.

Table 2. Parameterization experiments and learnable parameter assignments.

Experiment Symbol Parameter Unit Bounds

Baseline (prescribed) All parameters prescribed at default specification

Exp. 1 (veg): Vegetation-focused

gs,max Max. stomatal conductance mmolm−2 s−1 [100, 800]

ψsoil,50 Soil water potential at half-max gs MPa [−0.5, −0.05]

ϵL Light-use efficiency gCMJ−1 [0.8, 1.5]

Exp. 2 (hydro): Soil- and snow-focused

kss Soil surface resistance moisture sensitivity – [3.0, 8.0]

binf Infiltration-capacity shape parameter – [0.1, 0.8]

cmelt Degree-day melt coefficient mm ◦C−1 d−1 [1.0, 8.0]

Exp. 3 (comb): Combined All parameters from Exp. 1 (veg) and Exp. 2 (hydro)

All parameters not listed are prescribed at their default specification (Appendix C). All learnable parameters use attribute-based representation. Bounds define the feasible

ranges enforced during optimization and combine reported parameter ranges across European vegetation types (e.g., Niu et al., 2011; Lawrence et al., 2019) with practical

adjustments.

The baseline serves as the reference without observation-driven parameter learning, with each parameter taking its default

specification, which is either a globally uniform value, a plant-functional-type-weighted value, or a value derived from soil

texture through pedotransfer functions; these defaults follow conventions in established LSMs with practical adjustments where310
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needed (Appendix C). Exp. 1 (veg) tests whether learning vegetation controls on canopy conductance, water-stress regulation,

and light-use efficiency improves ET and GPP. Exp. 2 (hydro) tests the effect of learning soil evaporation resistance, infiltration

partitioning, and snowmelt controls. Exp. 3 (comb) learns all six parameters simultaneously. These parameters illustrate the

framework across vegetation, soil, and snow processes; other model parameters can be learned through the same mechanism.

For each learned physical parameter, ADELM uses an independent attribute-to-parameter mapping. Because the model is315

differentiable end to end, this mapping can be any differentiable function of the static attributes; in the experiments presented

here, each mapping is implemented as an MLP with one hidden layer of eight units. The network inputs are the normalized

static environmental attributes described in Sect. 3.1, and the output is transformed to remain within the feasible bounds listed

in Table 2. Given the limited number of training sites, each mapping uses a deliberately small network to limit overfitting;

preliminary tests showed little sensitivity to the number of hidden units within [4, 32] or to the number of hidden layers within320

[1, 2], and a single hidden layer of 8 units per learned parameter was retained for efficiency and robustness with the available

sample size.

Model training minimizes a composite ET and GPP loss across the training sites,

L=
∑

v∈{ET,GPP}
αv

(
Lsample
v +Lsite

v

)
, (16)

where Lsample
v = 1−NSEsample

v pools all finite site-day samples and constrains day-to-day and seasonal variability within325

sites, and Lsite
v = 1−NSEsite

v is computed from one multi-year mean flux per site (using sites with at least 365 valid samples,

and dropped when fewer than 10 such sites are available) and constrains climatological differences across locations, the signal

most relevant to learning attribute-to-parameter mappings that transfer in space. ET and GPP are weighted equally (αv = 0.5);

preliminary tests with 2:1 and 1:2 ET:GPP weight ratios did not qualitatively change the experiment ranking. For observed and

simulated values, NSE is defined as330

NSE = 1−
∑
i

(
yobsi − ysimi

)2
∑
i

(
yobsi − yobs

)2 . (17)

Gradients of the loss with respect to the learnable network weights are computed by automatic differentiation through the

full ADELM forward model. Training and evaluation use random spatial 5-fold cross-validation, with approximately 80% of

sites used for parameter learning and 20% held out in each fold. The networks are trained for up to 100 epochs with a learning

rate of 0.05, weight decay of 10−2, and gradient clipping at 1.0, with early stopping after 5 epochs without improvement and335

learning-rate reduction on plateau. The learning rate, weight decay, and gradient clipping were selected by grid search over a

representative training subset and retained across all experiments.

3.3 Evaluation

This study evaluates ADELM’s performance through held-out site flux skill, gridded spatial behavior, and learned parameter

structure. Site-level skill is assessed using the held-out sites from the spatial cross-validation folds. For each experiment,340

simulated and observed ET and GPP are compared using NSE as defined in Sect. 3.2, computed at two aggregation levels. The

14

https://doi.org/10.5194/egusphere-2026-3294
Preprint. Discussion started: 29 July 2026
c© Author(s) 2026. CC BY 4.0 License.



pooled site-day metric evaluates daily flux variability across all held-out samples, and the site-month metric evaluates monthly

mean flux dynamics after reducing daily noise.

Spatial behavior is assessed by applying the trained parameterization mappings to the full 0.1◦ European domain. The

gridded simulations are summarized in two ways. First, simulated values are sampled from flux-site grid cells and compared345

with site observations and gridded reference products. Second, domain-wide fields are aggregated within the biogeographical

regions of Europe to examine regional annual means and monthly climatologies. Gridded ET is compared with GLEAM v4

(Miralles et al., 2025) and FLUXCOM X-BASE (Nelson et al., 2024), hereafter FLUXCOM, and gridded GPP with GOSIF

(Li and Xiao, 2019) and FLUXCOM.

For experiments with learnable parameters, evaluation also includes the inferred parameter fields. We examine their spatial350

pattern, variability across cross-validation folds, and relationships with environmental attributes such as mean annual tempera-

ture, precipitation, soil texture, and soil organic carbon. For gs,max, inferred values at flux-site grid cells are also compared with

flux-derived reference estimates grouped by plant functional type (Liu et al., 2022). These diagnostics assess whether learned

parameter fields remain physically coherent and identifiable when different parameter groups are opened to learning.

The choices of attribute set, parameter groups, observational constraints, and cross-validation protocol described here repre-355

sent one configuration of the framework. Other setups, including different observational data streams (Sect. 2.3) and temporal

cross-validation, are supported by the same code base via configuration changes.

4 Results

4.1 Site-level performance

At held-out eddy covariance sites, ADELM reproduces GPP more consistently than ET under the prescribed baseline, and the360

benefit of observation-constrained parameterization is concentrated in ET (Fig. 5). At the site-daily scale (Fig. 5a), prescribed

GPP has a median per-site NSE of 0.51 (interquartile range [0.36, 0.65]), and the learned parameterizations produce similar

distributions, with median NSE values of 0.57, 0.51, and 0.52 for Exp. 1 (veg), Exp. 2 (hydro), and Exp. 3 (comb). This

weak response suggests that the prescribed model already captures much of the daily GPP variability at these European sites.

Prescribed ET has much lower and more variable daily skill, with a median per-site NSE of 0.09 (interquartile range [−0.41,365

0.51]) and 28 sites with negative NSE. Learning shifts the ET distribution upward to median NSE values of 0.50, 0.29, and

0.46 for the three experiments, with the largest improvement under the vegetation-focused experiment and no additional gain

from combining both parameter groups. The site-daily gain therefore depends more on which process controls are opened to

learning than on the total number of learnable parameters.

Site-month comparisons (Fig. 5b,c) test whether the model captures monthly mean flux magnitudes across held-out sites370

and years. Prescribed GPP already reaches a site-month NSE of 0.63, and the learned experiments change this value only

marginally. Prescribed ET has weaker monthly skill (NSE = 0.27), with a mean positive bias of 0.34mmd−1 and an RMSE

of 0.88mmd−1. However, learning vegetation-related parameters corrects this most strongly. Exp. 1 (veg) raises ET site-

month NSE to 0.65, reduces bias to −0.03mmd−1, and lowers RMSE to 0.61mmd−1. The improvement spans the ET range,

15

https://doi.org/10.5194/egusphere-2026-3294
Preprint. Discussion started: 29 July 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 5. Held-out site-level performance of ADELM across parameterization experiments. (a) Distribution of per-site daily NSE for GPP

and ET for the prescribed baseline and three observation-constrained parameterizations. (b–c) Site-month mean simulated versus observed

GPP and ET. Points indicate monthly mean site observations and simulations pooled across held-out sites and evaluation years in Exp. 3

(comb), fitted lines summarize each experiment, and the dashed gray line indicates the 1:1 relationship. NSE values in panels (b–c) are

computed at the site-month level.

with RMSE falling from 0.45 to 0.35mmd−1 in the low tercile, from 0.95 to 0.61mmd−1 in the middle, and from 1.11 to375

0.78mmd−1 in the high. GPP site-month NSE increases only from 0.63 to 0.64, so the vegetation parameters mainly correct

water flux while leaving carbon flux largely unchanged.

In contrast, learning soil- and snow-related parameters produces a weaker correction. Exp. 2 (hydro) raises ET site-month

NSE from 0.27 to 0.43, reduces mean ET bias from 0.34 to 0.18mmd−1, and lowers RMSE from 0.88 to 0.78mmd−1; the

per-site median monthly NSE increases from 0.29 to 0.49. Soil surface resistance, infiltration partitioning, and snowmelt timing380

therefore affect part of the ET variability but do not correct the dominant overestimation as strongly as the vegetation parame-

ters. GPP site-month NSE remains at 0.63, consistent with the weaker direct connection between these parameters and canopy

carbon uptake. The combined experiment matches the vegetation-focused experiment without exceeding it. Exp. 3 (comb)

reaches site-month ET NSE of 0.65, bias −0.02mmd−1, and RMSE of 0.61mmd−1. Adding soil- and snow-parameter flexi-

bility therefore yields no further gain in held-out flux prediction beyond the vegetation-focused setup, though it may still affect385

the inferred spatial parameter fields (Sect. 4.3).

16

https://doi.org/10.5194/egusphere-2026-3294
Preprint. Discussion started: 29 July 2026
c© Author(s) 2026. CC BY 4.0 License.



4.2 Spatial flux patterns

After evaluating ADELM at held-out flux sites, we apply the same learned parameterizations across the European grid to

examine the spatial flux fields they produce (Figs. 6a and 7a). We first compare full-domain patterns, regional means, and

seasonal cycles with gridded reference products, then use site observations as a site-anchored check at flux-site grid cells, and390

finally use cross-validation variability to assess sensitivity to the training-site subset.

The full-domain GPP simulation from Exp. 3 (comb) shows a coherent large-scale pattern across Europe, with higher annual

GPP in temperate and humid regions and lower values in northern high latitudes, mountain ranges, Mediterranean drylands, and

eastern steppic areas (Fig. 6a). Regional annual means indicate moderate differences among ADELM experiments (Fig. 6b).

Exp. 1 (veg) and Exp. 3 (comb) generally increase annual GPP relative to the prescribed baseline in Atlantic, Boreal, Conti-395

nental, and Pannonian Europe, while changes are small in Alpine regions and more mixed in Anatolian, Mediterranean, and

Steppic regions. Relative to the gridded reference products, ADELM falls below both GOSIF and FLUXCOM in Atlantic

Europe, exceeds both products in Boreal and Continental Europe, and remains closer to the reference range in Alpine, Mediter-

ranean, Pannonian, and Steppic regions. Grid-wise correlations between simulated and reference monthly climatologies are

high in Alpine, Atlantic, Boreal, and Continental regions, with median correlations generally above 0.9 for both GOSIF and400

FLUXCOM (Fig. 6c–d), and lower and more variable in Mediterranean, Pannonian, and Steppic regions. ADELM captures the

timing of the growing-season peak in all regions, while differences among experiments are expressed mainly in peak amplitude

(Fig. 6e–l). In Atlantic Europe, all ADELM experiments underestimate peak-season GPP relative to GOSIF and FLUXCOM.

In Boreal Europe, Exp. 1 (veg) and Exp. 3 (comb) produce higher summer GPP than both reference products. In Continental

Europe, all experiments reproduce the seasonal shape closely, with small differences in peak magnitude. In Mediterranean and405

Steppic regions, the experiments span a broader range of amplitudes, with the prescribed baseline and Exp. 2 (hydro) often

giving the highest seasonal peak.

The full-domain ET simulation shows a spatial pattern related to the GPP field but more strongly affected by parameterization

(Fig. 7a). Annual ET is highest in humid and energy-available regions and lower in northern, mountainous, and water-limited

parts of Europe. Regional annual means show a clearer separation among experiments than for GPP (Fig. 7b). In most regions,410

the prescribed baseline gives the highest ET, indicating that the default parameterization is generally too wet at the regional

scale. Exp. 1 (veg) and Exp. 3 (comb) reduce annual ET across most regions and usually move ADELM closer to GLEAM and

FLUXCOM, whereas Exp. 2 (hydro) typically lies between the prescribed baseline and the vegetation-focused experiments.

This pattern is especially clear in Atlantic, Boreal, Continental, and Mediterranean Europe, where vegetation-parameter learn-

ing substantially reduces ET relative to the baseline. Grid-wise correlations with GLEAM and FLUXCOM are high in Alpine,415

Atlantic, Boreal, and Continental regions, and lower or more variable in Anatolian, Mediterranean, Pannonian, and Steppic

regions (Fig. 7c–d). Differences among experiments are concentrated near the growing-season peak, while winter ET remains

similar across experiments (Fig. 7e–l). In most regions, the prescribed baseline produces the highest summer ET, whereas

Exp. 1 (veg) and Exp. 3 (comb) reduce the peak and often bring it closer to the reference products. Exp. 2 (hydro) usually

gives an intermediate seasonal cycle, consistent with its weaker influence on ET at the site level. In the Pannonian and Steppic420
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Figure 6. Full-domain spatial evaluation of simulated gross primary productivity (GPP) across Europe. (a) Annual GPP from ADELM

Exp. 3 (comb). (b) Regional annual GPP for the prescribed baseline, Exp. 1 (veg), Exp. 2 (hydro), and Exp. 3 (comb), compared with

GOSIF and FLUXCOM across the eight biogeographic regions. (c–d) Distribution of grid-wise Pearson correlation coefficients between

simulated and reference monthly GPP climatologies, shown by region for GOSIF (c) and FLUXCOM (d). The dashed orange line indicates

the pan-European mean correlation across experiments and reference products. (e–l) Regional mean monthly GPP climatology for each

biogeographic region: ALP = Alpine, ANA = Anatolian, ATL = Atlantic, BOR = Boreal, CON = Continental, MED = Mediterranean, PAN

= Pannonian, STE = Steppic.
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Figure 7. Full-domain spatial evaluation of simulated evapotranspiration (ET) across Europe. (a) Annual ET from ADELM Exp. 3 (comb). (b)

Regional annual ET for the prescribed baseline, Exp. 1 (veg), Exp. 2 (hydro), and Exp. 3 (comb), compared with GLEAM and FLUXCOM

across the eight biogeographic regions. (c–d) Distribution of grid-wise Pearson correlation coefficients between simulated and reference

monthly ET climatologies, shown by region for GLEAM (c) and FLUXCOM (d). The dashed orange line indicates the pan-European mean

correlation across experiments and reference products. (e–l) Regional mean monthly ET climatology for each biogeographic region. Region

abbreviations follow Fig. 6.
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regions, Exp. 1 (veg) and Exp. 3 (comb) are closer to the reference seasonal cycles than the prescribed baseline and Exp. 2

(hydro), especially near the summer peak and late-season decline.

Sampling ADELM Exp. 3 (comb) and the reference products at flux-site grid cells provides a site-anchored check (Fig. 8).

For GPP, ADELM preserves the observed cross-site gradient in site means, with an R2 of 0.48, similar to GOSIF and FLUX-

COM (R2 =0.42 and 0.46; Fig. 8a). ADELM also captures the observed seasonal timing in the Alpine, Atlantic, Boreal,425

Continental, and Mediterranean regions (Fig. 8b–g), with peak-season GPP slightly low in the Alpine region, close to observa-

tions in Atlantic and Continental regions, and somewhat high in the Boreal region. The Pannonian comparison is based on one

site only, and all gridded estimates miss its large observed summer peak. For ET, ADELM Exp. 3 (comb) also preserves the

observed cross-site gradient, with an R2 of 0.46, while the corresponding relationships are weaker for GLEAM (R2 = 0.05)

and FLUXCOM (R2 = 0.26; Fig. 8h). Despite the different spatial supports of tower footprints, ADELM grid cells, and ref-430

erence pixels, ADELM retains more of the site-observed cross-site ET contrast at these locations. ADELM reproduces the ET

seasonal timing in most regions with differences mainly in amplitude (Fig. 8i–n), close to the observed summer peak in several

regions, slightly high in the Alpine region, and lower than the single Pannonian site near the summer maximum.

The five cross-validation folds provide a final check on how strongly the gridded flux fields depend on the subset of sites

used for training (Fig. 9). For GPP, fold-to-fold variability is generally low across most of Europe. Exp. 2 (hydro) shows the435

weakest variability, consistent with its small effect on GPP in both the site-level and gridded evaluations. Exp. 1 (veg) and

Exp. 3 (comb) produce higher GPP coefficient of variation (CoV) in mountainous and southern European regions, especially

around the Alps, the Balkans, and parts of the Mediterranean domain. For ET, fold sensitivity is larger and more spatially

extensive. Exp. 1 (veg) increases CoV in parts of northern Europe, mountainous regions, and southern Europe, while Exp. 3

(comb) produces the broadest high-CoV pattern, with elevated variability across Scandinavia, eastern Europe, mountain belts,440

and water-limited southern regions. Exp. 2 (hydro) remains comparatively stable, but also gives smaller ET improvements. The

parameter groups that most improve ET therefore make the gridded ET field more sensitive to which sites are used for training.

4.3 Learned parameter structure

We next examine whether the learned attribute-to-parameter mappings produce physically coherent and identifiable parameter

fields beyond improved flux predictions. We focus on maximum stomatal conductance, gs,max, which is learned in both Exp. 1445

(veg) and Exp. 3 (comb) and has external references for independent comparison. By scaling the stomatal opening through

which leaves both lose water and take up CO2, it regulates both ET and GPP.

The inferred gs,max fields show coherent spatial structure in both Exp. 1 (veg) and Exp. 3 (comb) (Fig. 10a, c). Higher

values occur mainly in northern, humid, and temperate parts of the domain, while lower values occur in southern Europe and

other drier regions. The mapping generates this pattern directly from environmental attributes, without plant-functional-type450

categorization. The two experiments differ more clearly in stability than in broad spatial pattern. Exp. 1 (veg) produces a

smoother field with relatively low fold-to-fold variability, whereas Exp. 3 (comb) shows much higher coefficient of variation

across large parts of the domain, especially in northern Europe, mountain belts, and water-limited southern regions (Fig. 10b,

d). Adding soil and snow parameters therefore increases fold-to-fold variability in the inferred gs,max field.
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Figure 8. Site-anchored evaluation of ADELM Exp. 3 (comb) at flux-site grid cells. ADELM and reference-product values are sampled

at the grid cells or pixels containing eddy covariance towers and averaged over the matched evaluation period before comparison with site

observations. (a, h) Site-mean simulated versus observed GPP and ET, compared with GOSIF for GPP, GLEAM for ET, and FLUXCOM

for both variables. Points are grouped by biogeographical region, and fitted lines summarize the cross-site climatological gradient for each

product. (b–g, i–n) Regional monthly climatologies of observed and simulated GPP and ET at flux-site grid cells. Shaded ranges indicate

variability among sites within each region. Numbers in parentheses indicate the number of sites.

The reference values from Liu et al. (2022), which represent ecosystem-scale unstressed stomatal conductance inferred from455

FLUXNET observations, give an external check on the learned gs,max field (Fig. 10e, f). Exp. 1 (veg) produces gs,max values

broadly comparable to this benchmark in both magnitude and plant functional type ordering, with grassland sites occupying

the higher-gs,max part of the distribution and group means following the reference ordering relatively well. Exp. 3 (comb)

shows a weaker relationship, with larger scatter and less distinct separation among plant functional types. Learning vegetation

parameters alone therefore yields a more identifiable gs,max field, whereas the additional soil and snow parameters in Exp. 3460

(comb) allow part of the flux constraint to be absorbed by other process controls.

Relationships with environmental attributes show how the learned mappings organize gs,max variation (Fig. 10g–n). In Exp. 1

(veg), inferred gs,max decreases with mean annual temperature and clay fraction, and increases with mean annual precipitation

and soil organic carbon, consistent with higher conductance in wetter and more productive environments. In Exp. 3 (comb),
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Figure 9. Cross-validation variability of gridded flux simulations. Panels show the coefficient of variation (CoV) across the five fold-trained

parameterization mappings after each mapping is evaluated over the full European domain. (a–c) CoV of annual GPP for Exp. 1 (veg), Exp. 2

(hydro), and Exp. 3 (comb). (d–f) CoV of annual ET for Exp. 1 (veg), Exp. 2 (hydro), and Exp. 3 (comb). Higher values indicate grid cells

where the simulated flux is more sensitive to the subset of flux sites used to train the parameter mapping.

these relationships weaken for mean annual temperature, precipitation, and clay fraction, while the positive relationship with465

soil organic carbon remains visible. The weakening suggests that opening soil and snow parameters allows the optimization to

redistribute flux corrections among multiple process controls.

Similar held-out flux skill can therefore correspond to different parameter structures. Exp. 1 (veg) and Exp. 3 (comb) pro-

duce comparable GPP and ET performance, but Exp. 1 (veg) gives a more stable conductance field, clearer environmental

relationships, and closer agreement with the external conductance benchmark. Increasing the number of learnable parame-470

ters can introduce compensation among process controls, limiting the identifiability of individual parameter fields even when

predictive skill remains comparable. We discuss this further in Sect. 5.1.
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Figure 10. Learned structure and stability of maximum stomatal conductance gs,max. (a, c) Inferred gs,max fields for Exp. 1 (veg) and

Exp. 3 (comb) evaluated over the European grid. (b, d) Coefficient of variation of inferred gs,max across the five fold-trained mappings. (e,

f) Comparison between ADELM-inferred gs,max and the flux-derived reference values of Liu et al. (2022) at flux-site grid cells, grouped by

plant functional type. Small points indicate individual sites and diamonds indicate group means. (g–j) Relationships between Exp. 1 (veg)

inferred gs,max and mean annual temperature (MAT), mean annual precipitation (MAP), clay fraction, and soil organic carbon (SOC) at

flux-site grid cells. (k–n) Corresponding relationships for Exp. 3 (comb). Blue lines and shaded bands indicate fitted trends and associated

uncertainty.
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5 Discussion

5.1 Parameter learning and identifiability

Hybrid frameworks that combine machine learning with process-based models are typically motivated by complementary475

strengths. Machine learning provides flexibility where process structure is uncertain, while the process structure regularizes the

learned components where observations are sparse. The expectation is that learned parameter fields, anchored to identifiable

process parameters with physical meaning, will remain interpretable and transferable to new conditions. Equifinality is a long-

standing concern in process-based modeling, where different parameter sets can produce nearly the same flux response when

the observational constraint is weaker than the parametric flexibility (Beven, 2006). The added flexibility of a machine-learned480

attribute-to-parameter mapping may even worsen the situation (Fang and Gentine, 2024; ElGhawi et al., 2023; Baghirov et al.,

2025). The mapping itself can take many functional forms that all fit the fluxes equally well, and these flexible mappings can

absorb process-model structural errors at the parameter level, because the model exploits attribute-output correlations without

resolving the underlying mechanism (Jiang et al., 2024).

In the present illustration, the learned mappings are constrained by only two integrated fluxes, ET and GPP, at 63 European485

flux sites used for spatial cross-validation. These fluxes constrain the integrated carbon and water response without separat-

ing canopy conductance, soil water supply, snowmelt timing, and energy partitioning. Whether opening additional parameter

groups to learning under this constraint helps or hurts the identifiability of individual parameter fields is therefore an empirical

question that depends on the specific configuration.

ADELM’s parameter-source declaration (Sect. 2.2) makes this kind of test directly possible. By holding the forward model490

fixed and varying only which parameters are learned, the framework allows side-by-side comparison of parameter-learning

configurations and direct inspection of the resulting parameter fields. The contrast between Exp. 1 (veg) and Exp. 3 (comb)

shows what such a comparison reveals (Sect. 4.3). With similar held-out flux skill, Exp. 3 (comb) produces a less stable gs,max

field and weaker agreement with the flux-derived benchmark than Exp. 1 (veg) (Figs. 10, 5). In Exp. 3 (comb), each additional

learnable parameter opens an alternative pathway for the optimizer to lower the loss, leaving each individual parameter less495

constrained than in Exp. 1 (veg). The model’s effective degrees of freedom expand faster than two integrated fluxes can resolve

them.

5.2 Multi-source and multi-scale observational constraints

The data constraint in the present illustration is concentrated at flux-site locations. The 63 European flux sites occupy only part

of the continental attribute space, clustered within a narrow region of the gridded attribute cloud (Fig. 11a–h), and parameter500

estimates outside this region are only loosely tied to flux observations, consistent with the higher cross-validation variability

seen in some mountainous, northern, and water-limited regions. Within the trained domain, the six learned parameters separate

into qualitatively different patterns (Fig. 11i–n). gs,max, ϵL, and kss retain broad spatial distributions across the European

grid, while ψsoil,50, binf , and cmelt collapse to near-constant values, indicating that their attribute-to-parameter mappings have

not acquired substantive spatial dependence from the flux observations and have effectively reduced to shared formulations.505
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These near-constant distributions can arise from two distinct sources. For cmelt, the realistic range of degree-day melt rates

in European snow conditions is itself narrow relative to the prior bounds, and a tightly concentrated learned value is possibly

plausible. For ψsoil,50 and binf , however, the collapse more likely reflects that GPP and ET do not carry information sufficient

to recover this variation.

These patterns of differential identifiability mainly follow from constraining ADELM with two integrated fluxes alone. GPP510

and ET are integrated outputs of the full process chain; they constrain net canopy and water exchange but cannot resolve which

sub-process generates each component of the response, leaving parameters with overlapping pathways weakly distinguished.

Because ADELM is differentiable, any observation that can be aggregated to a simulated state or flux can enter the training

objective, and the most useful additions are those that resolve the limitations identified above. Surface or root-zone soil moisture

from missions such as SMAP and SMOS (Entekhabi et al., 2010; Kerr et al., 2010) would help separate soil water supply from515

stomatal regulation, the compensation most visible in the gs,max fields. Extending ADELM’s process representation would

open additional observations to assimilation. For example, remote sensed land surface temperature (Fisher et al., 2020) would

inform energy partitioning between sensible and latent heat, distinguishing water stress from differences in surface resistance or

aerodynamic exchange. Vegetation optical depth could similarly constrain canopy water status (Felton et al., 2025), providing

information not captured by the prescribed leaf area index. Moreover, adding leaf or stem water potential as state variables520

would allow assimilation of microwave-based vegetation water potential estimates (Konings et al., 2021; Anderegg et al.,

2018; Holtzman et al., 2021), directly constraining plant hydraulic parameters that flux-only training cannot resolve.

Site fluxes are also limited in scale. Eddy covariance towers measure turbulent fluxes over sub-kilometre footprints, while

ADELM parameters and fluxes live on the 0.1◦ grid. The forcing correction (Sect. 3.1) removes systematic meteorological

differences, but vegetation, soil, disturbance, and sub-grid heterogeneity differences remain, and the learned parameters likely525

absorb these aggregation effects. Adding scale-integrated observations from catchments or satellite pixels constrains the water

balance independently of site fluxes and reduces the parameter ambiguity that comes from observing the system at only one

scale. For example, catchment streamflow can be compared with ADELM after aggregating grid-cell runoff to basin polygons.

Blougouras et al. (2025) recently showed that combining streamflow with ET, snow water equivalent, and terrestrial water stor-

age anomalies stabilizes parameter learning and improves water-balance consistency in a related differentiable ecohydrological530

framework, an approach directly transferable to ADELM through aggregation to catchments, satellite pixels, or flux-footprint

regions. A later implementation could add differentiable routing, so that downstream discharge constrains upstream grid-cell

parameters through the channel network (Wang et al., 2024). These constraints would also make the scale dependence of the

learned parameters directly testable. For instance, running ADELM at multiple spatial resolutions and comparing the result-

ing parameter fields with pedotransfer- or trait-based estimates would show whether grid-scale parameters diverge from local535

relationships in an attribute-dependent way (Van Looy et al., 2017; Anderegg et al., 2022; Paschalis et al., 2022).

5.3 Implications for land model development

Beyond observational under-constraint, the identifiability of learned parameters also depends on the fidelity of the underlying

process representation. Where the process structure is simplified, learned parameters can absorb the resulting structural error.
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Figure 11. Attribute-space coverage and learned parameter distributions. (a–g) Domain-wide distributions of selected environmental at-

tributes used by the learned parameter mappings, with rug marks indicating flux-site values. Attributes include forest cover, groundwater

(GW) depth, potential evapotranspiration (PET), mean annual precipitation (MAP), slope, soil water capacity (SWC), and mean annual tem-

perature (MAT). (h) Principal component analysis (PCA) of the normalized environmental attributes, showing gridded cells in gray and flux

sites in black. Percentages indicate the variance explained by each principal component. (i–n) Spatial distributions of the six learned Exp. 3

(comb) parameters across the European grid. Dashed red lines indicate the feasible parameter bounds used during training (Table 2). Rug

marks indicate parameter values at flux-site grid cells.
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For example, ADELM v1.0 collapses soil–plant hydraulic transport into a single root-weighted soil water potential, with540

no explicit representation of stem or leaf water potential, hydraulic conductances, or capacitance. Under this representation,

hydraulic complexity that would otherwise be carried by additional state variables can be absorbed by the empirical parameters

ψsoil,50 and gs,max, contributing to the compensation observed in Exp. 3 (comb). Extending ADELM to an explicit soil–plant

hydraulics scheme (Torres-Ruiz et al., 2023; Verhoef et al., 2026) would give these parameters a stronger mechanistic anchor.

The same end-to-end differentiability that supports parameter learning in ADELM v1.0 also enables learning process func-545

tions. Replacing selected empirical functions with neural functions while keeping them inside the process graph requires

gradients to flow through both the learned function and the surrounding physics, which is precisely what automatic differenti-

ation through the coupled ADELM forward model provides (Shen et al., 2023). Related differentiable hybrid work has applied

this strategy to inferring stomatal and aerodynamic resistances within a Penman–Monteith constraint (ElGhawi et al., 2023),

to global terrestrial evaporation (Koppa et al., 2022), and to hydrological partitioning under water-balance constraints (Kraft550

et al., 2022). In ADELM, the current Jarvis formulation represents stomatal regulation through separable responses to ambient

environmental factors, while these controls interact in reality with atmospheric CO2, plant hydraulic status, vegetation state,

and antecedent stress. A learned conductance function could represent these interactions while remaining embedded in the

differentiable land model, with its behavior constrained jointly by ET, GPP, soil moisture, land surface temperature, and other

observations through the same differentiable graph. For example, ElGhawi et al. (2025) trained neural parameterizations of555

coupled photosynthesis and transpiration in JSBACH, embedding learned gs, Vcmax, and Jmax representations dynamically

within the ESM land component. ADELM provides a similar differentiable substrate for testing, diagnosing, and scaling such

process formulations across coupled water, energy, and carbon processes.

6 Conclusions

This study introduces ADELM v1.0, a differentiable LSM in which the assignment of each parameter is a configurable design560

choice within the framework. Process equations, parameter mappings, prognostic updates, and loss share a single automatic-

differentiation graph, so observations constrain selected parameters through the same pathways that generate the model outputs.

Each parameter can be held prescribed, learned as a globally shared quantity, or learned as a spatial function of environmental

attributes. The European case study shows that this design works in practice. Attribute-to-parameter mappings constrained at 63

flux sites transfer to the full 0.1◦ grid, producing spatially continuous parameter and flux fields, with the clearest improvements565

in ET where vegetation controls on canopy conductance are learned. Holding the process core fixed also let us compare pa-

rameterization choices directly. Across the learning configurations, predictive skill was comparable while parameter structures

differed, with the combined experiment producing a less identifiable conductance field than the vegetation-focused one. This

kind of contrast, normally hidden when only flux skill is reported, is what ADELM’s framework brings into view, supporting

more deliberate choices about which parameters to expose to learning.570

More broadly, as a differentiable LSM, ADELM v1.0 offers a way to revisit how land models assign their parameters,

which still rely largely on prescribed mappings, plant-functional-type tables for vegetation and pedotransfer functions for soil.
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Learning these mappings end-to-end from observations identifies which parameters carry environmental dependence that a

prescribed mapping does not capture, and such learned parameterizations could in principle replace the prescribed mappings

in standard LSMs. This could open the way to achieving parameterizations that can be transferred across diverse climates and575

ecosystems, and which can be tested systematically.

Code and data availability. The ADELM v1.0 source code used in this study is archived on Zenodo at https://doi.org/10.5281/zenodo.

20574230 (Jiang, 2026) and is released under the European Union Public License v. 1.2 (EUPL-1.2). Model documentation, including

installation instructions, configuration files, and example workflows, is available at https://adelm.org/ (last access: 12 June 2026).

All input and evaluation data are publicly available from their original data providers. ERA5-Land meteorological forcing is available580

from the Copernicus Climate Data Store (Muñoz-Sabater et al., 2021). Eddy covariance observations used for training and site evaluation

were derived from PLUMBER2, the ICOS Warm Winter 2020 collection, and the ICOS Drought-2018 collection (Ukkola et al., 2022;

Warm Winter 2020 Team and ICOS Ecosystem Thematic Centre, 2020; Drought 2018 Team and ICOS Ecosystem Thematic Centre, 2020);

flux processing used FluxnetLSM (Ukkola et al., 2017). GIMMS LAI data are available from the GIMMS LAI archive (Cao et al., 2023).

Atmospheric CO2 data are available from the NOAA Global Monitoring Laboratory Mauna Loa record (https://gml.noaa.gov/ccgg/trends/585

data.html). Static environmental attributes are available from HydroATLAS/BasinATLAS via HydroSHEDS (Linke et al., 2019), ISRIC

SoilGrids (Poggio et al., 2021), and ESA CCI land-cover data (Harper et al., 2023). Gridded evaluation products are available from their

original providers, including GLEAM v4 (Miralles et al., 2025), FLUXCOM X-BASE (Nelson et al., 2024), and GOSIF (Li and Xiao, 2019).

Appendix A: Supplementary process formulations

A1 Radiative transfer module Mrad590

This appendix details the shortwave and longwave components Rn
sw,v, Rn

sw,g, Rn
lw,v, and Rn

lw,g that combine into the net

radiation in Eq. (3). The shortwave treatment follows a two-stream canopy scheme (Sellers, 1985; Dickinson, 1983), and the

longwave treatment is a broadband thermal exchange among atmosphere, canopy, and ground. The fluxes are summarized

schematically in Fig. A1.

Incoming shortwave radiation R↓
sw is partitioned into a visible band (VIS, 400–700 nm) and a near-infrared band (NIR),595

denoted by Λ ∈ {vis,nir}. Within each band, the downward flux is split into direct-beam and diffuse components,

Rµsw,Λ = fΛ fdirR
↓
sw, (A1)

Rd
sw,Λ = fΛ (1− fdir)R

↓
sw, (A2)

where fvis is the prescribed visible fraction, fnir = 1− fvis, and fdir is the fraction of incoming shortwave radiation treated as

direct beam.600

The ground absorbs the in-band downward shortwave that reaches it and is not reflected by the surface,

Rn
sw,g,Λ = (1−αg,Λ)

[
Rµsw,Λftdd,Λ +Rµsw,Λftid,Λ +Rd

sw,Λftii,Λ

]
, (A3)
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Figure A1. Schematic of the radiative-transfer fluxes used in ADELM v1.0. Red arrows denote shortwave radiation in spectral band

Λ ∈ {vis,nir}, and blue arrows denote broadband longwave radiation. Incoming shortwave radiation in each band satisfies R↓
sw,Λ =

Rµsw,Λ+R
d
sw,Λ, where superscripts µ and d denote direct-beam and diffuse components, respectively. The canopy shortwave solution is sum-

marized by direct-beam and diffuse reflectance coefficients, αµΛ and αd
Λ, and transmittance coefficients, ftdd,Λ, ftid,Λ, and ftii,Λ. Transmitted

shortwave radiation reaches the ground surface, where the band-specific ground albedo αg,Λ determines reflected and absorbed fractions.

Longwave radiation is exchanged between the atmosphere, canopy, and ground through thermal emission and reflection, with emissivities εv

and εg.

where αg,Λ is the band-specific ground albedo and ftdd,Λ, ftid,Λ, ftii,Λ are transmittance coefficients. The coefficient ftdd,Λ

gives the fraction of incident direct-beam radiation transmitted through the canopy as direct beam, ftid,Λ gives the fraction

of incident direct-beam radiation scattered into downward diffuse radiation, and ftii,Λ gives the fraction of incident diffuse605

radiation transmitted through the canopy. The ground albedo is represented as a snow-cover-weighted mixture,

αg,Λ = fsnowαsnow,Λ +(1− fsnow)αsoil,Λ, (A4)

where fsnow is the snow cover fraction diagnosed from snow water storage (Sect. A5), and αsnow,Λ and αsoil,Λ are band-specific

snow and soil albedos. The same blended albedo applies to direct-beam and diffuse radiation at the lower boundary.

The canopy shortwave absorption in each band follows by energy balance,610

Rn
sw,v,Λ =Rµsw,Λ +Rd

sw,Λ −
(
αµΛR

µ
sw,Λ +αd

ΛR
d
sw,Λ

)
−Rn

sw,g,Λ, (A5)

where αµΛ and αd
Λ are the effective top-of-canopy reflectance coefficients for direct-beam and diffuse radiation. The net short-

wave components Rn
sw,v and Rn

sw,g used in Eq. (3) are the sums of these band-specific terms over Λ.

The reflectance coefficients αµΛ,α
d
Λ and the transmittance coefficients ftdd,Λ,ftid,Λ,ftii,Λ are obtained from the analyti-

cal two-stream solution and depend on the canopy single-scattering albedo, the upscatter parameters, the optical depth, the615

leaf-angle distribution, the vegetation amount, the solar geometry, and the ground albedo. For snow-free canopy elements the
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single-scattering albedo is ωΛ,veg = ρΛ,veg + τΛ,veg, where ρΛ,veg and τΛ,veg are the area-weighted reflectance and transmit-

tance of leaf and stem elements. The upscatter parameters and optical depth follow the Sellers two-stream formulation (Sellers,

1985), with the leaf-angle projection G(µs) and the diffuse optical-depth term based on the polynomial leaf-angle parame-

terization of Campbell (1990). When snow is present on the canopy, the single-scattering albedo and upscatter parameters620

are blended between snow-free vegetation and snow values in proportion to the canopy snow fraction, with snow assumed to

scatter isotropically.

The longwave intermediate fluxes are defined as follows. The downward longwave flux below the canopy combines atmo-

spheric longwave transmitted through the canopy and canopy thermal emission,

R↓
lw,v = (1− εv)R

↓
lw +Ev. (A6)625

The upward longwave flux from the ground combines reflected downward longwave and ground thermal emission,

R↑
lw,g = (1− εg)R

↓
lw,v +Eg. (A7)

The upward longwave flux leaving the canopy top combines ground-origin longwave transmitted through the canopy and

canopy thermal emission,

R↑
lw,vg = (1− εv)R

↑
lw,g +Ev. (A8)630

The emission terms are Ev = εv σT
4
v and Eg = εg σT

4
g , where σ is the Stefan–Boltzmann constant. In ADELM v1.0, the sur-

face temperatures (Tv and Tg) are approximated by air temperature (Ta), consistent with the daily time step and the absence of

an explicit surface energy balance. The canopy emissivity is diagnosed from the vegetation area index as εv = 1−exp(−VAI)

with VAI = LAI+SAI, where LAI and SAI denote leaf area index and stem area index, respectively. The ground emissivity

εg is prescribed separately for soil and snow surfaces.635

The net longwave components entering Eq. (3) follow from these intermediate fluxes, with the sign convention that net

values are positive when absorbed by the target surface,

Rn
lw,g =R↓

lw,v −R↑
lw,g, (A9)

Rn
lw,v =R↓

lw +R↑
lw,g −R↓

lw,v −R↑
lw,vg. (A10)

The absorbed photosynthetically active radiation APARleaf passed to Mphoto (Sect. A3) is obtained by multiplying the net640

canopy visible-band absorption Rn
sw,v,vis by LAI/VAI.

A2 Soil hydraulics module Mhydra

This appendix details the root fraction froot,i, the hydraulic conductivity Ki, and the soil water potential ψsoil,i that enter the

layer-wise plant water supply in Eq. (4), together with the fallback used when the total supply across the column is zero.

The root fraction follows an exponential vertical profile (Jackson et al., 1996),645

froot,i =
ri∑
j rj

, ri = βztop,i −βzbot,i , (A11)
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where ztop,i and zbot,i are the upper and lower depths of layer i in centimetres, and β is a root distribution shape parameter.

Smaller β places a larger fraction of roots near the surface, and values closer to one give a deeper profile.

The hydraulic conductivity Ki available for plant water supply is diagnosed from the current liquid soil moisture through a

power-law relationship (Campbell, 1974),650

Ki = ffreezeKsat,i

(
θi
θsat,i

)3+2Bi

, (A12)

where Ksat,i is the saturated hydraulic conductivity, θi is the volumetric moisture content of layer i, θsat,i is the saturated

volumetric moisture content,Bi is the retention-curve slope parameter defined below, and ffreeze is a smooth factor that reduces

plant-supply conductivity as temperature falls toward freezing. The freeze reduction applies only to plant-supply conductivity;

gravitational drainage suppression instead uses a temperature threshold in Sect. A5. The saturated parameters Ksat,i and θsat,i655

are obtained from soil texture through the Saxton–Rawls pedotransfer relationships (Saxton and Rawls, 2006), with Ksat,i

converted to mmd−1 for use at the daily time step.

The soil water potential ψsoil,i is diagnosed from a piecewise retention curve. Below field capacity the curve follows the

Campbell power-law form (Campbell, 1974), and above field capacity it is interpolated linearly toward near-saturation for

numerical continuity,660

ψsoil,i =





Ai θ
−Bi
i , θi ≤ θfc,i,

ψfc +
(θi− θfc,i)(ψe,i−ψfc)

θsat,i− θfc,i
, θi > θfc,i,

(A13)

where θfc,i is the field-capacity water content, ψfc =−0.033 MPa is the fixed field-capacity water potential, and ψe,i is the air-

entry water potential. The coefficients Ai and Bi of the dry branch are determined by requiring that the curve pass through the

field-capacity and wilting-point (θwp,i) reference points. The dry branch represents the nonlinear decrease in water potential as

the soil dries, and the wet branch provides a smooth transition between field capacity and near-saturation conditions.665

When the total supply across the column is zero, the normalized uptake fractions ζi = Si/
∑
j Sj entering Eq. (4) are unde-

fined. In that case the fractions fall back to a unit weight on the top soil layer so that ψroot remains defined for the stomatal

regulation in Mphoto (Sect. A3). Transpiration withdrawals are independently limited to zero by the water available in each

layer in Mwb (Sect. A5).

A3 Photosynthesis module Mphoto670

This appendix details the canopy stomatal conductance gs,can, the canopy CO2 conductance gc,CO2
, and the internal canopy

CO2 concentration Ci,can that enter the diffusion-limited uptake rate Ad in Eq. (5).

The leaf stomatal conductance follows a Jarvis multiplicative scheme (Jarvis, 1976),

gs,leaf = gs,min +(gs,max − gs,min)fgs, fgs = frad ftemp fvpd fψ, (A14)

where gs,min and gs,max are the prescribed minimum and maximum stomatal conductances, and the four response factors675

describe the response of stomatal conductance to incident radiation, air temperature, vapor pressure deficit, and root-zone soil
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water potential, respectively. The radiation response is

frad =
PARin

PARin +PAR1/2
, (A15)

where PARin is the visible-band downwelling flux at the canopy top before interception and PAR1/2 is the half-saturation

parameter. The temperature response is680

ftemp = 1− aT (Topt,gs −Ta)
2, (A16)

where Topt,gs is the stomatal optimum temperature and aT is a curvature parameter. The vapor pressure deficit response is

fvpd =
1

1+ kvpdVPD
, (A17)

where kvpd controls stomatal sensitivity to vapor pressure deficit. The water-stress response is

fψ =
1

1+exp[−kψ(ψroot −ψsoil,50)]
, (A18)685

where ψroot is supplied by Mhydra (Sect. A2), ψsoil,50 is the soil water potential at half-maximum conductance, and kψ

controls the steepness of the response.

The canopy stomatal conductance scales the leaf value by an effective leaf area index (Zhang et al., 2008),

gs,can = LAIeff gs,leaf , (A19)

where LAIeff accounts for the diminishing contribution of deeply shaded leaves to bulk canopy conductance. It equals the690

actual LAI for LAI≤ 2, equals 0.5LAI for LAI≥ 4, and is fixed at 2 for intermediate values.

The canopy CO2 conductance gc,CO2
combines the canopy stomatal conductance with the leaf boundary-layer conductance

gb = 1/rb and the above-canopy aerodynamic conductance ga = 1/ra in series, converted to a CO2 molar basis by accounting

for the molecular diffusivity ratio of water vapor and CO2. The resistance forms rb and ra are common to the transpiration

pathway of Met and are given in Sect. A4.695

The internal canopy CO2 concentration Ci,can is diagnosed by equating the diffusive CO2 supply with a Farquhar-type

capacity response,

C2
i,can +

(
Acan

gc,CO2

−Ca +Km

)
Ci,can −CaKm − Acan

gc,CO2

Γ∗ = 0, (A20)

taking the positive root, where Γ∗ is the photorespiratory CO2 compensation point and Km is the apparent CO2 half-saturation

constant accounting for competitive O2 inhibition. The canopy photosynthetic capacity entering this quadratic is700

Acan = LAIAcap fT,cap(Ta), (A21)

where Acap is a photosynthetic capacity coefficient and fT,cap is a peaked temperature response with optimum tempera-

ture Topt,cap and upper-limit temperature Tmax,cap. The temperature dependencies of Γ∗, Kc, Ko, and hence of Km, follow

Arrhenius-type functions with reference values and activation parameters from Bernacchi et al. (2001).
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A4 Evapotranspiration module Met705

This appendix details the pathway-specific values of Rn,j , ra,j , rs,j , ∆ej , ∆j , λj , γj that specialize the general Penman–

Monteith form (see Eq. (6)) to the five pathways, together with the resistance and vapor pressure forms underlying them.

For the transpiration pathway (j = tr), the net radiation is the canopy net radiation Rn,v, the aerodynamic resistance is

the above-canopy resistance ra, the surface resistance is the sum of the canopy stomatal resistance rc and the leaf boundary-

layer resistance rb, and the vapor pressure gradient is the atmospheric vapor pressure deficit, ∆etr =VPD. The molar canopy710

conductance gs,can supplied by Mphoto (Sect. A3) is converted to the resistance entering Eq. (6) through rc = ρmol/gs,can,

where ρmol = pa/(RTK) is the molar density of air.

For the wet-canopy evaporation pathway (j = can-liq), the canopy net radiation Rn,v and above-canopy resistance ra apply

as for transpiration, the surface resistance reduces to the leaf boundary-layer resistance alone, rs,can-liq = rb, since there is no

stomatal regulation of evaporation from wet leaf surfaces, and the vapor pressure gradient is ∆ecan-liq =VPD.715

For the soil evaporation pathway (j = soil), the net radiation is the ground net radiation Rn,g, the aerodynamic resistance is

the soil aerodynamic resistance ra,soil, the surface resistance is the soil surface resistance rss, and the vapor pressure gradient

is the soil-to-air vapor pressure gradient ∆esoil defined below.

For the ground-snow sublimation pathway (j = snow), the net radiation is Rn,g and the aerodynamic resistance is ra,soil,

with zero surface resistance and an ice-phase vapor pressure gradient ∆eice = esat,ice(Ta)− ea, where esat,ice is the saturation720

vapor pressure over ice. The slope and latent heat in Eq. (6) are replaced by their ice-phase counterparts ∆ice and λs, and the

psychrometric constant is rescaled as γs = γ λv/λs.

For the canopy-snow sublimation pathway (j = sub), ADELM v1.0 adopts a simplified treatment in which only the latent

heat is taken in its ice-phase form, and the wet-canopy evaporation demand is rescaled by the latent heat ratio,

Esub,pot = Ecan-liq,pot
λv
λs
. (A22)725

The above-canopy aerodynamic resistance ra governs vapor exchange between the canopy and the atmosphere. The dis-

placement height d and roughness length z0 are diagnosed from canopy height hc and leaf area index following standard

canopy aerodynamic relationships (Choudhury and Monteith, 1988; Sellers et al., 1996), and the friction velocity is u∗ = Cuu,

where u is the wind speed and Cu is a dimensionless wind-to-friction-velocity factor that increases with leaf area index. Two

regimes apply depending on canopy height. For tall canopies (hc > 3 m), the wind speed is extrapolated to a reference height730

of 50 m through an open-field logarithmic profile, and ra integrates an exponential wind-decay region within the canopy, a

mixing-layer transition, and a logarithmic outer layer,

ra =

ln

(
zref − d

z0

)

k2uref

[
hc

aw(Zw − d)

(
eaw(1−

d+z0
hc

)− 1
)
+
Zw −hc
Zw − d

+ ln

(
zref − d

Zw − d

)]
, (A23)

where k is the von Kármán constant, aw is the within-canopy wind attenuation coefficient, Zw is the mixing-layer transition

height, zref is the reference height, and uref is the wind speed extrapolated to zref . For short canopies (hc ≤ 3 m), ra follows a735

double-logarithm form referenced to an effective height set by the displacement height.
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The soil aerodynamic resistance ra,soil governs vapor transport between the soil surface and the canopy air space. It is

obtained by integrating an exponential within-canopy wind profile characterized by a decay coefficient that increases with leaf

area index,

η =

√
cf hcLAI

lm
, (A24)740

where cf is a foliage drag coefficient and lm is a within-canopy mixing length that scales with canopy height and leaf area

index. Integrating the eddy diffusivity profile between the soil and the base of the above-canopy layer gives

ra,soil =
hc
ηKh

[
exp

(
η

(
1− z0,soil

hc

))
− exp

(
η

(
1− z0 + d

hc

))]
, (A25)

where Kh is the eddy diffusivity at the canopy top and z0,soil is the soil roughness length.

The leaf boundary-layer resistance rb = 1/gb governs exchange between leaf surfaces and the canopy air space. The con-745

ductance follows a Sherwood-number relationship for forced convection at the leaf surface,

gb = cbLAI
Dleaf

dleaf
Re1/2, Re =

uc dleaf
ν

, (A26)

where Dleaf is the molecular diffusivity of water vapor, dleaf is the characteristic leaf dimension, ν is the kinematic viscosity

of air, uc is a representative within-canopy wind speed, Re is the leaf-scale Reynolds number, and cb collects the empirical

constants of the Sherwood relationship.750

The soil surface resistance rss increases as the surface dries through a Sellers-type form (Sellers et al., 1992),

rss = fsnow rsnow,min +(1− fsnow) exp

(
8.25− kss

θ1
θsat,1

)
, (A27)

where θ1 and θsat,1 are the volumetric and saturated moisture contents of the top soil layer (Sect. A2), fsnow is the snow

cover fraction (Sect. A5), rsnow,min is a low resistance assigned to the snow-covered fraction, and kss is a moisture sensitivity

parameter. The snow-covered fraction is assigned a low resistance because its vapor flux is represented separately by the755

ground-snow sublimation pathway, so soil evaporation is evaluated only after accounting for ground-snow sublimation.

The vapor pressure at the soil surface is reduced below saturation through the Kelvin relation,

es,soil = esat(TK) exp

(
Vwψsoil,1

RTK

)
, (A28)

where Vw is the molar volume of liquid water, R is the universal gas constant, ψsoil,1 is the top-layer soil water potential

(Sect. A2) expressed in pascals, and TK is air temperature in kelvin. The soil-to-air vapor pressure gradient is ∆esoil =760

max(es,soil − ea, 0).

A5 Snow and soil hydrology module Mwb

This appendix details the forcing and loss terms entering the bucket updates Eqs. (7)–(9) and the layer-wise mass conservation

Eq. (10), together with the snow cover fraction fsnow used by other modules. All fluxes in this section are water depths

integrated over the daily time step.765
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Precipitation phase is determined from the fraction of the day during which air temperature exceeds the freeze threshold

Tfreeze, assuming a linear diurnal temperature variation between the daily minimum Ta,min and maximum Ta,max,

fwarm =





0, Ta,max ≤ Tfreeze,

1, Ta,min ≥ Tfreeze,

Ta,max −Tfreeze
Ta,max −Ta,min

, otherwise.

(A29)

Rainfall and atmospheric snowfall are then Prain = fwarmP and Psnow,atm = (1−fwarm)P , where P is the total daily precip-

itation.770

The liquid canopy interception input is the rainfall, Ican,liq = Prain, and the liquid interception capacity scales with LAI

as Wcan,liq,max = cliqLAI, where cliq is the liquid interception capacity coefficient. The drip flux in Eq. (7) is the rainfall in

excess of the remaining capacity,

Dcan,liq =max(Wcan,liq + Ican,liq −Wcan,liq,max, 0) , (A30)

and the actual wet-canopy evaporation is limited by the available storage,775

Ecan,liq =min(Ecan,liq,pot, Wcan,liq) , (A31)

with Ecan,liq,pot supplied by Met (Sect. A4).

The solid canopy interception input is the intercepted fraction of atmospheric snowfall, Ican,sol = fintPsnow,atm, where

fint = 1− exp(−kintVAI) is the Beer-law interception fraction and kint is an interception coefficient. The solid interception

capacity scales with VAI as Wcan,sol,max = csnowVAI, where csnow is the solid interception capacity coefficient. Canopy snow780

sublimation is limited by the available storage,

Esub =min(Esub,pot, Wcan,sol) , (A32)

and the unloading flux in Eq. (8) carries any excess over capacity to the ground after accounting for sublimation,

Dcan,sol =max(Wcan,sol + Ican,sol −Esub −Wcan,sol,max, 0) . (A33)

The snowfall reaching the ground in Eq. (9) is the non-intercepted fraction of atmospheric snowfall,Psnow = (1−fint)Psnow,atm,785

so that the total snow input to the ground store is Psnow +Dcan,sol. The snow cover fraction is diagnosed from ground snow

water storage as

fsnow =
Wsnow

Wsnow +Wscale
, (A34)

where Wscale controls how rapidly fractional snow cover approaches unity with increasing snow water storage. Actual ground-

snow sublimation is scaled by the snow cover fraction and bounded by the available snow water,790

Esnow =min(fsnowEsnow,pot, Wsnow) , (A35)
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and snowmelt follows a degree-day formulation bounded by the available snow water,

M =min(cmelt max(Ta −Tfreeze, 0), Wsnow) , (A36)

where cmelt is the degree-day melt coefficient.

Liquid water reaching the soil surface combines canopy drip and snowmelt, Pliq,surf =Dcan,liq+M . This input is partitioned795

into infiltration and surface runoff through a sub-grid soil capacity curve over the runoff-generation layers, following the

variable-infiltration concept of Liang et al. (1994). The maximum infiltration capacity is Icap,max = (1+binf)Wrun,max, where

Wrun,max is the total pore space of the runoff-generation layers and binf is a shape parameter controlling sub-grid heterogeneity.

The position on the capacity curve at the start of the time step, Wcap,0, is obtained by inverting this curve from the current

relative wetness Wrun/Wrun,max. The incremental infiltration is800

Winf =Wrun,max

[
1−

(
1− Wcap,0 +Pliq,surf

Icap,max

)1+binf
]
−Wrun, (A37)

and surface runoff is the residual, Qsurf = Pliq,surf −Winf . When Wcap,0 +Pliq,surf ≥ Icap,max, the runoff-generation layers

fill to capacity and all remaining liquid water becomes surface runoff.

Soil evaporation and ground-snow sublimation draw on the same ground vapor flux. The realized soil evaporation reduces

the potential demand by the already-realized snow sublimation and is limited by available top-layer water,805

Esoil =min
(
max(Esoil,pot −Esnow, 0), W

avail
soil,1

)
, (A38)

where W avail
soil,1 is the top-layer storage available for evaporation. Transpiration is distributed across layers using the uptake

fractions ζi from Mhydra (Sect. A2), and each layer withdrawal is limited by available water,

Etr,i =min
(
ζiEtr,pot, W

avail
soil,i

)
, Etr =

∑

i

Etr,i, (A39)

where W avail
soil,i is the layer-i storage available for transpiration.810

The interfacial flux Qi in Eq. (10) represents gravity-driven drainage from layer i to layer i+1, with Q0 =Winf the surface

infiltration. Drainage is gravity-driven under a unit-hydraulic-gradient assumption, so the Darcy flux equals the unsaturated

conductivity K(θi) (Sect. A2). It acts only on moisture held above field capacity θfc,i and is inactive under freezing conditions

(taken here as Ta < Tfreeze),

Qi =min
(
K(θi)∆t, (θi− θfc,i)

+∆zi
)
, (A40)815

where (·)+ denotes the positive part. The flux Qn from the bottom layer constitutes the subsurface outflow. Capillary rise and

lateral redistribution are not represented in ADELM v1.0.

Appendix B: Eddy covariance sites

The 63 eddy covariance sites used for model training and evaluation are listed in Table B1. The flux data products follow the

source product recorded in PLUMBER2 (Ukkola et al., 2022), ICOS Warm Winter 2020 (Warm Winter 2020 Team and ICOS820
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Ecosystem Thematic Centre, 2020), and ICOS Drought-2018 (Drought 2018 Team and ICOS Ecosystem Thematic Centre,

2020). All sites are retained as natural or semi-natural vegetation classes and screened for gridded forcing and LAI availability

as described in Sect. 3.1.

Appendix C: Parameter sources and prescribed baseline values

Model parameters fall into three baseline specification types. Scalar prescribed parameters (Table C1) use default values applied825

uniformly across all locations unless they are opened to learning in a parameterization experiment. PFT-based parameters

(Table C2) are computed as plant-functional-type-fraction-weighted averages from lookup tables and vary with vegetation

composition. Derived soil hydraulic parameters (Table C3) are computed layer-wise from soil texture, organic matter, and bulk

density using pedotransfer functions (Saxton and Rawls, 2006).
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Table B1. Eddy covariance sites used for model training and evaluation. IGBP land-cover classes are defined as in Fig. 4.

Site ID Site name Data product Latitude Longitude IGBP Years

AT-Neu Neustift PLUMBER2 47.12 11.32 GRA 2002–2012

BE-Bra Brasschaat ICOS-WW2020 51.31 4.52 MF 1996–2020

BE-Dor Dorinne ICOS-WW2020 50.31 4.97 GRA 2011–2020

BE-Lcr Lochristi ICOS-WW2020 51.10 3.85 DBF 2019–2020

BE-Maa Maasmechelen ICOS-WW2020 50.98 5.63 CSH 2016–2020

BE-Vie Vielsalm ICOS-WW2020 50.30 6.00 MF 1996–2020

CH-Aws Alp Weissenstein ICOS-WW2020 46.58 9.79 GRA 2006–2020

CH-Cha Chamau ICOS-WW2020 47.21 8.41 GRA 2005–2020

CH-Dav Davos ICOS-WW2020 46.82 9.86 ENF 1997–2020

CH-Fru Früebüel ICOS-WW2020 47.12 8.54 GRA 2005–2020

CH-Lae Laegern ICOS-WW2020 47.48 8.37 MF 2004–2020

CH-Oe1 Oensingen grassland PLUMBER2 47.29 7.73 GRA 2002–2008

CZ-BK1 Bily Kriz forest ICOS-WW2020 49.50 18.54 ENF 2004–2020

CZ-Lnz Lanzhot ICOS-WW2020 48.68 16.95 MF 2015–2020

CZ-RAJ Rajec ICOS-WW2020 49.44 16.70 ENF 2012–2020

CZ-Stn Stitna ICOS-WW2020 49.04 17.97 DBF 2010–2020

DE-Gri Grillenburg ICOS-WW2020 50.95 13.51 GRA 2004–2020

DE-Hai Hainich ICOS-WW2020 51.08 10.45 DBF 2000–2020

DE-HoH Hohes Holz ICOS-WW2020 52.09 11.22 DBF 2015–2020

DE-Hzd Hetzdorf ICOS-WW2020 50.96 13.49 DBF 2010–2020

DE-Obe Oberbärenburg ICOS-WW2020 50.79 13.72 ENF 2008–2020

DE-RuR Rollesbroich ICOS-WW2020 50.62 6.30 GRA 2011–2020

DE-RuW Wustebach ICOS-WW2020 50.50 6.33 ENF 2012–2020

DE-Tha Tharandt ICOS-WW2020 50.96 13.57 ENF 1996–2020

DK-Gds Gludsted Plantage ICOS-WW2020 56.07 9.33 ENF 2020

DK-Sor Soroe ICOS-WW2020 55.49 11.64 DBF 1996–2020

ES-Abr Albuera ICOS-WW2020 38.70 -6.79 SAV 2015–2020

ES-Agu Aguamarga ICOS-WW2020 36.94 -2.03 OSH 2006–2020

ES-Cnd Conde ICOS-WW2020 37.91 -3.23 WSA 2014–2020

ES-LJu Llano de los Juanes ICOS-WW2020 36.93 -2.75 OSH 2004–2020

ES-LM1 Majadas del Tietar North ICOS-WW2020 39.94 -5.78 SAV 2014–2020

ES-LM2 Majadas del Tietar South ICOS-WW2020 39.94 -5.78 SAV 2014–2020

ES-LgS Laguna Seca PLUMBER2 37.10 -2.97 OSH 2007
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Table B1. Eddy covariance sites used for model training and evaluation. Continued.

Site ID Site name Data product Latitude Longitude IGBP Years

FI-Hyy Hyytiälä ICOS-WW2020 61.85 24.29 ENF 1996–2020

FI-Ken Kenttarova ICOS-WW2020 67.99 24.24 ENF 2018–2020

FI-Let Lettosuo ICOS-WW2020 60.64 23.96 ENF 2009–2020

FI-Sod Sodankyla PLUMBER2 67.36 26.64 ENF 2008–2014

FI-Var Varrio ICOS-WW2020 67.75 29.61 ENF 2016–2020

FR-Bil Bilos ICOS-WW2020 44.49 -0.96 ENF 2014–2020

FR-Fon Fontainebleau-Barbeau ICOS-WW2020 48.48 2.78 DBF 2005–2020

FR-Hes Hesse PLUMBER2 48.67 7.07 DBF 1997–2006

FR-LBr Le Bray PLUMBER2 44.72 -0.77 ENF 2003–2008

FR-Pue Puechabon PLUMBER2 43.74 3.60 EBF 2000–2014

FR-Tou Toulouse ICOS-WW2020 43.57 1.37 GRA 2018–2020

IT-BFt Bosco Fontana ICOS-WW2020 45.20 10.74 DBF 2019–2020

IT-CA1 Castel d’Asso1 PLUMBER2 42.38 12.03 DBF 2012–2013

IT-CA3 Castel d’Asso 3 PLUMBER2 42.38 12.02 DBF 2012–2013

IT-Col Collelongo PLUMBER2 41.85 13.59 DBF 2007–2014

IT-Isp Ispra ABC-IS PLUMBER2 45.81 8.63 DBF 2013–2014

IT-Lav Lavarone ICOS-WW2020 45.96 11.28 ENF 2003–2020

IT-Lsn Lison ICOS-WW2020 45.74 12.75 OSH 2016–2020

IT-MBo Monte Bondone ICOS-WW2020 46.01 11.05 GRA 2003–2020

IT-PT1 Parco Ticino forest PLUMBER2 45.20 9.06 DBF 2003–2004

IT-Ren Renon ICOS-WW2020 46.59 11.43 ENF 1999–2020

IT-Ro1 Roccarespampani 1 PLUMBER2 42.41 11.93 DBF 2002–2006

IT-Ro2 Roccarespampani 2 PLUMBER2 42.39 11.92 DBF 2002–2008

IT-Tor Torgnon ICOS-WW2020 45.84 7.58 GRA 2008–2020

NL-Hor Horstermeer PLUMBER2 52.24 5.07 GRA 2008–2011

NL-Loo Loobos ICOS-Drought2018 52.17 5.74 ENF 1996–2018

SE-Htm Hyltemossa ICOS-WW2020 56.10 13.42 ENF 2015–2020

SE-Nor Norunda ICOS-WW2020 60.09 17.48 ENF 2014–2020

SE-Ros Rosinedal-3 ICOS-WW2020 64.17 19.74 ENF 2014–2020

SE-Svb Svartberget ICOS-WW2020 64.26 19.77 ENF 2014–2020
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Table C1. Scalar prescribed baseline parameters of ADELM v1.0.

Module Symbol Parameter Unit Value

Radiative transfer

fvis VIS fraction of shortwave radiation – 0.5

fdir Direct-beam fraction – 0.5

αsoil,vis Soil VIS albedo – 0.15

αsoil,nir Soil NIR albedo – 0.29

αsnow,vis Snow VIS albedo – 0.95

αsnow,nir Snow NIR albedo – 0.65

εg Soil/snow emissivity – 0.96

Photosynthesis

gs,max Maximum stomatal conductance mmolm−2 s−1 500.0

gs,min Minimum stomatal conductance mmolm−2 s−1 10.0

Topt,gs Stomatal temperature optimum ◦C 25.0

aT Temperature curvature ◦C−2 0.0016

ψsoil,50 Soil water potential at half-max gs MPa −0.3

kψ Water stress steepness MPa−1 3.0

ϵL Light-use efficiency gCMJ−1 1.2

Acap Photosynthetic capacity coefficient gCm−2 leaf d−1 25.0

Topt,cap Photosynthetic capacity optimum temperature ◦C 30.0

Tmax,cap Photosynthetic capacity upper-limit temperature ◦C 56.0

θco Photosynthesis co-limitation curvature – 0.95

Evapotranspiration
kss Soil surface resistance moisture sensitivity – 4.225

z0,soil Soil aerodynamic roughness length m 0.01

Snow and soil

hydrology

cliq Liquid interception capacity coefficient mm 0.2

csnow Solid interception capacity coefficient mm 1.0

cmelt Degree-day melt coefficient mm ◦C−1 d−1 3.0

Wscale Snow cover scale mm 25.0

binf Infiltration-capacity shape parameter – 0.2

Each parameter takes a single default value applied uniformly across all grid cells; these defaults follow conventions in established LSMs (e.g., Niu

et al., 2011; Lawrence et al., 2019), adjusted for the daily, grid-scale configuration used here.
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Table C2. PFT-based prescribed parameters.

Module Symbol Parameter

Radiative transfer
SAI Stem area index

ρΛ,veg, τΛ,veg Leaf and stem reflectance and transmittance (VIS, NIR)

Evapotranspiration
hc Canopy height

dleaf Characteristic leaf dimension

Photosynthesis
PAR1/2 Radiation half-saturation

kvpd VPD sensitivity

Soil hydraulics
β Root distribution shape parameter

ψleaf,min Minimum leaf water potential

Each parameter is obtained as a plant-functional-type-fraction-weighted average of per-PFT values from lookup tables, so that

it varies with the vegetation composition of each grid cell.

Table C3. Derived soil hydraulic parameters

Symbol Parameter Unit

θsat,i Saturated volumetric moisture content m3 m−3

θfc,i Field-capacity volumetric moisture content m3 m−3

θwp,i Wilting-point volumetric moisture content m3 m−3

Ksat,i Saturated hydraulic conductivity mmd−1

Ai Soil water retention coefficient MPa

Bi Soil water retention exponent –

ψe,i Air-entry water potential MPa

These parameters are computed layer-wise from sand fraction, clay fraction, organic

matter, and bulk density using the Saxton–Rawls pedotransfer functions (Saxton and

Rawls, 2006).
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